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Sources: Royal college of Cardiologists; King’s Fund

The problem: healthcare under a perfect storm

Ageing population
Increasing costs

Shortage of experts

Better care for less
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Multimodal data: information explosion

Unstructured

Thousands of 
images in one exam
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Opportunity: market view
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Opportunity: patient view

• Patients say it is … “a necessary development” 
Source: page 29, Ipsos MORI report on behalf of The Royal Society: https://royalsociety.org/~/media/policy/projects/machine-
learning/publications/public-views-of-machine-learning-ipsos-mori.pdf

https://royalsociety.org/~/media/policy/projects/machine-learning/publications/public-views-of-machine-learning-ipsos-mori.pdf
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Medical Image Analysis

• Lots of images in 2D, 2D+time, 3D, 3D+time
• Various intensity profiles è multiple image modalities
• Mix of quantitative vs qualitative imaging
• Goal extract biomarkers:

– Segment anatomy
– Segment pathology
– Register anatomy/pathology across images 

in time or across image type (modality)
• Be robust …
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Broad goal: algorithms that work well…

• Across different 
– tasks?
– hospitals/scanners?
– populations?

• Despite not having enough and 
perfect training data?
– Collecting data not easy [privacy, 

cost]
– Annotations are costly (experts)
– Carry bias

Valve detection vs
myocardial 

segmentation
1T vs 3T
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Deep learning

• a

http://fortune.com/ai-artificial-intelligence-deep-
machine-learning/

• Where is the representation 
space?

• What makes a good space?
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What is a disentangled space?

Consider a mapping from digit pictures into a space

e.g. similar digits to be close together

Feature 1 

Fe
at

ur
e 

2

Source: Y. Bengio, A. Courville and P. Vincent, "Representation Learning: A Review and New Perspectives," in IEEE Transactions on Pattern 
Analysis & Machine Intelligence, vol. 35, no. 8, pp. 1798-1828, 2013.
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What is a disentangled space?

Walking along 1 feature dimension 

this is what is captured

Feature 1 
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What is a disentangled space?

Variables unrelated from each other that best explain input data 
and its structure

Feature 1 

Fe
at

ur
e 

2



31

SA Tsaftaris

An example in our context
31

Different
patient

Different
scanner

medical image

Appearance Anatomy

representation
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May 2019, Scientifi cAmerican.com 59Illustration by Gabriel Silveira

I N  B R I E F

Several emerging methods  en   -
doĀ artifi cial-intelligence systems, 
such as neural netĀorks, Āith 
features that Āere once consid-

 ered to be quintessentially human. 
Meta-learning primes a network  to 
adapt quickly so that it can pick up neĀ 
tasks Āithout requiring reams of data.

So-called generative adversarial 
networks  proÿide a form of imagina-
tion, letting machines reproduce 
the statistical features of data sets.

Disentanglement sensitizes  neural 
netĀorks to the underlying structure 
of data, making their inner Āorkings 
more understandable in human terms. 

ARTIFICIAL IMAGINATION
How machines could learn creativity and 

common sense, among other human qualities

By George Musser

IF YOU EVER FEEL CYNICAL ABOUT HUMAN BEINGS, A GOOD ANTIDOTE IS TO TALK 
to artifi cial-intelligence researchers. You might expect them to be triumphalist 
now that AI systems match or beat humans at recognizing faces, translating 
languages, playing board and arcade games, and remembering to use the turn 
signal. To the contrary, they’re always talking about how marvelous the human brain 
is, how adaptable, how effi  cient, how infi nite in faculty. Machines still lack these 
qualities. They’re infl exible, they’re opaque and they’re slow learners, requiring 
extensive training. Even their well-publicized successes are very narrow. 

C O M P U T E R  S C I E N C E

sad0519Muss3p.indd   59 3/18/19   3:52 PM



33

SA Tsaftaris

Increasing popularity

Source: Google Scholar 2019
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…and in our community

IMPROVING CNN TRAINING USING DISENTANGLEMENT
FOR LIVER LESION CLASSIFICATION IN CT

Avi Ben-Cohen
?

Roey Mechrez
†

Noa Yedidia
?

Hayit Greenspan
?

? Tel Aviv University, Faculty of Engineering, Department of Biomedical Engineering
†Technion - Israel Institute of Technology

ABSTRACT

Training data is the key component in designing algo-
rithms for medical image analysis and in many cases it is the
main bottleneck in achieving good results. Recent progress
in image generation has enabled the training of neural net-
work based solutions using synthetic data. A key factor in
the generation of new samples is controlling the important
appearance features and potentially being able to generate a
new sample of a specific class with different variants. In this
work we suggest the synthesis of new data by mixing the class
specified and unspecified representation of different factors in
the training data. Our experiments on liver lesion classifica-
tion in CT show an average improvement of 7.4% in accuracy
over the baseline training scheme.

Index Terms— Disentanglement, Medical, Synthesis,
Liver lesions.

1. INTRODUCTION

A neural network trained for image classification is consid-
ered to be a black-box model to the user, as one can not iden-
tify what are the factors that contribute to a specific classifica-
tion. Access to such information can reveal new insights and
assists in classical medical practice of observing images.

The concept of disentangling in the context of deep rep-
resentation refers to separation of factors in the representa-
tions [1]. The key idea is to separate the representation into
complementary code which is associated with distinctiveness,
i.e. distinguish the specified factors and the unspecified fac-
tors of the data. For example, if we would like to distinguish
between different faces, the shape might be an unspecified
factor where the appearance would be a specified factor. The
main goal of disentanglement is to allow the learning pro-
cess to represent the information as two complementary vec-
tors without constraining the latent space. As a result, the
specified and unspecified factors definition is not accessible.
Mathieu et al. [1] suggested to solve it by adversarial training,
where label information is removed from the unspecified part
of the encoding. In Hadad et al. [2] a simpler two-step disen-
tanglement method was suggested: an encoder is first trained

Fig. 1. The proposed generation-by-factor-mixture: We
combine the specified representation (blue) of sample A with
the unspecified representation (red) of sample B. The new
representation is fed into the generator to result with a new
sample. The disentangling training of the two encoders is the
key factor which enables the mixture.

to satisfy a classifier, then this encoder is used in order to syn-
thesize a new image with the same classification features but
with different unspecified factors.

In this paper we follow [2] and use it as a pipeline for dis-
entangling factors in the image representation of liver lesions.
The separation is based on the relevance of a specific fea-
ture to the classification process of the image. For example,
the contrast and texture can be significant factors for classi-
fication while the discriminative power of the general shape
can be less important. We next use it in the training process
by adding synthesized examples that include a mixture of the
specified factors taken from different liver lesion types. Fig-
ure 1 shows an example of this concept by combining the un-
specified representation of a cyst and mixing it with the speci-
fied representation of an hemangioma to create a new sample.

We focus our experiments on liver lesions classification
in Computed tomography (CT) images. The liver can include
multiple lesions from several types which makes it a complex
task. Several steps in automating the liver analysis can be
found in recent literature: including liver segmentation, lesion
detection, lesion categorization and follow-up. Among these,
the lesion segmentation task has attracted the greatest deal of
attention in recent years, being the focus of a couple of chal-
lenges. In practice, it is also important to separate between
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Ben-Cohen et al Arxiv 2018

Meng et al MICCAI 2019

10 papers in MICCAI 2019 alone
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DISENTANGLEMENT IS 
EVERYWHERE
Few recent examples from our work
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Image translation

• A mapping of one image (modality) to another
– a segmentation map
– the same image (reconstruction)
– another image (e.g. from T1 to T2) 

Self-
supervision

Example taken from Zhu et al, CycleGAN 2017
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Disentangling the modality [Brain]
• A robust multi input fully convolutional 

neural network:
a) multiple input modalities when

they are available
b) not requiring any 

specific input modalities
c) overcomes small 

registration errors between 
inputs

d) learns from a variety of 
sources

• We achieve this by learning a modality 
invariant latent representation

Chartsias et al IEEE TMI 2017;   Joyce et al MICCAI 2017 
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1. 2. 3. 4.
During inference, we process the inputs in four stages:

1. Encode inputs to latent representations (16-channel “images”)
2. Spatially align latent representations è robust to misregistrations
3. Fuse latent representations into a fused representation 
è combines information and makes robust to missing inputs

4. Decodes fused latent representation to target output modality
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A visual example

• A multi-input model synthesizing FLAIR
IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL.?, NO.?, JANUARY 2017 9

Fig. 6. Example multimodal synthesis from our model, using all three
inputs to synthesise FLAIR. The first row shows the T1, T2 and DWI inputs
respectively. In the second row, the images below each input show the synthesis
result from that input’s latent representation alone (i.e. single input results), the
fourth image shows the synthesis result from the fused latent representation,
and the final image is the FLAIR ground-truth.

Fig. 7. Visualisation of the max-fusion behaviour, showing from which inputs
the values in the latent representation originate. As can be seen, there is no
simple relationship between the input selected and the underlying anatomy.
The first row shows T1, T2 and DWI inputs. The first three images in the
second row show, for a single channel, the pixels of the individual latent
representations that are selected from the max-fusion operator. The fourth
image shows the three results simultaneously, with pixels coming from T1, T2
and DWI shown in red, green and blue respectively. The final row is the same
as the second row, but rather than showing the results for a single channel, it
shows the result averaged over all 16. Note that this figure shows only which
inputs are chosen, not the values of the latent representations themselves.

fused latent representations. We also visualise the behaviour
of our max-fusion operator ↵ in the three input case, (Figure
7). As can be seen, all inputs contribute to the final fused latent
representation, and the contributions of the different modalities
are not related to tissue classes in a simple way.

D. Influence of each cost component
Here we demonstrate that the robustness seen previously

stems from the composition of our cost function. To show
this, we evaluate the effect of each of the three components

TABLE IV. SYNTHESIS OF FLAIR IMAGES WHEN TRAINING IN THE
Experiment A AND Experiment B SETUPS.

Combinations of Input MSE (FLAIR modality)

T1 T2 DWI REPLICA Proposed: Exp. A Proposed: Exp. B

� — — 0.301 (0.11) 0.268 (0.10) 0.249 (0.09)
— � — 0.374 (0.16) 0.328 (0.14) 0.321 (0.12)
— — � 0.278 (0.09) 0.303 (0.13) 0.285 (0.13)
— � � 0.235 (0.08) 0.215 (0.09) 0.214 (0.09)
� — � 0.225 (0.08) 0.208 (0.09) 0.198 (0.02)
� � — 0.271 (0.12) 0.218 (0.08) 0.214 (0.08)
� � � 0.210 (0.08) 0.171 (0.06) 0.171 (0.06)

Average: 0.271 0.244 0.236

TABLE V. SYNTHESIS OF FLAIR IMAGES WHEN TRAINING WITH
DIFFERENT COST FUNCTIONS

Inputs MSE (FLAIR)

T1 T2 DWI all costs no c1 no c2 no c3

� — — 0.249 (0.09) 0.546 (0.19) 0.261 (0.10) 0.250 (0.10)
— � — 0.321 (0.12) 0.903 (0.47) 0.331 (0.14) 0.316 (0.13)
— — � 0.285 (0.13) 0.497 (0.19) 0.293 (0.14) 0.286 (0.13)
— � � 0.214 (0.09) 0.324 (0.16) 0.262 (0.12) 0.276 (0.11)
� — � 0.198 (0.02) 0.252 (0.10) 0.240 (0.09) 0.228 (0.09)
� � — 0.214 (0.08) 0.329 (0.12) 0.345 (0.17) 0.277 (0.10)
� � � 0.171 (0.06) 0.185 (0.08) 0.176 (0.07) 0.278 (0.11)

Average: 0.236 0.434 0.273 0.273

described in Section IV-D by assessing model performance
when each component is individually removed. We train three
models for synthesising FLAIR from T1, T2, DWI using the
ISLES dataset, each with one of the cost components removed.
These results, along with the results for training with the
full cost function are shown in Table V. The best result is
achieved when all cost components are employed. Specifically,
without c1 the synthesis result is very good when the model
has all inputs, but considerably worse when inputs are missing.
Without c2, the results for single inputs are good, but results
with multiple inputs are worse. Finally, when component c3

is excluded from the cost, there is a slight degradation in the
results with a single missing input, and when all three inputs
are given the model is significantly worse. Thus, it can be seen
that our multi-component cost enables the model to achieve
high accuracy whilst retaining robustness to missing data.

The influence of the cost components can also be seen
visually in the latent representations learnt by our model, see
Figure 8. Observe the similarity of all latent representations
achieved by minimising their variance through cost function
component eq. (3). At the same time the fusion operation
↵, preserves unique information across the latent components
corresponding to bright pixels of the individual latent represen-
tations. Note that these bright pixels represent strong features,
and do not necessarily correspond to bright pixels in the output.

E. Adding new decoders
One aim of our latent representations is to introduce modal-

ity invariance. This should allow adding inputs and outputs to
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What uses from where?

IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL.?, NO.?, JANUARY 2017 9

Fig. 6. Example multimodal synthesis from our model, using all three
inputs to synthesise FLAIR. The first row shows the T1, T2 and DWI inputs
respectively. In the second row, the images below each input show the synthesis
result from that input’s latent representation alone (i.e. single input results), the
fourth image shows the synthesis result from the fused latent representation,
and the final image is the FLAIR ground-truth.

Fig. 7. Visualisation of the max-fusion behaviour, showing from which inputs
the values in the latent representation originate. As can be seen, there is no
simple relationship between the input selected and the underlying anatomy.
The first row shows T1, T2 and DWI inputs. The first three images in the
second row show, for a single channel, the pixels of the individual latent
representations that are selected from the max-fusion operator. The fourth
image shows the three results simultaneously, with pixels coming from T1, T2
and DWI shown in red, green and blue respectively. The final row is the same
as the second row, but rather than showing the results for a single channel, it
shows the result averaged over all 16. Note that this figure shows only which
inputs are chosen, not the values of the latent representations themselves.

fused latent representations. We also visualise the behaviour
of our max-fusion operator ↵ in the three input case, (Figure
7). As can be seen, all inputs contribute to the final fused latent
representation, and the contributions of the different modalities
are not related to tissue classes in a simple way.

D. Influence of each cost component
Here we demonstrate that the robustness seen previously

stems from the composition of our cost function. To show
this, we evaluate the effect of each of the three components

TABLE IV. SYNTHESIS OF FLAIR IMAGES WHEN TRAINING IN THE
Experiment A AND Experiment B SETUPS.

Combinations of Input MSE (FLAIR modality)

T1 T2 DWI REPLICA Proposed: Exp. A Proposed: Exp. B

� — — 0.301 (0.11) 0.268 (0.10) 0.249 (0.09)
— � — 0.374 (0.16) 0.328 (0.14) 0.321 (0.12)
— — � 0.278 (0.09) 0.303 (0.13) 0.285 (0.13)
— � � 0.235 (0.08) 0.215 (0.09) 0.214 (0.09)
� — � 0.225 (0.08) 0.208 (0.09) 0.198 (0.02)
� � — 0.271 (0.12) 0.218 (0.08) 0.214 (0.08)
� � � 0.210 (0.08) 0.171 (0.06) 0.171 (0.06)

Average: 0.271 0.244 0.236

TABLE V. SYNTHESIS OF FLAIR IMAGES WHEN TRAINING WITH
DIFFERENT COST FUNCTIONS

Inputs MSE (FLAIR)

T1 T2 DWI all costs no c1 no c2 no c3

� — — 0.249 (0.09) 0.546 (0.19) 0.261 (0.10) 0.250 (0.10)
— � — 0.321 (0.12) 0.903 (0.47) 0.331 (0.14) 0.316 (0.13)
— — � 0.285 (0.13) 0.497 (0.19) 0.293 (0.14) 0.286 (0.13)
— � � 0.214 (0.09) 0.324 (0.16) 0.262 (0.12) 0.276 (0.11)
� — � 0.198 (0.02) 0.252 (0.10) 0.240 (0.09) 0.228 (0.09)
� � — 0.214 (0.08) 0.329 (0.12) 0.345 (0.17) 0.277 (0.10)
� � � 0.171 (0.06) 0.185 (0.08) 0.176 (0.07) 0.278 (0.11)

Average: 0.236 0.434 0.273 0.273

described in Section IV-D by assessing model performance
when each component is individually removed. We train three
models for synthesising FLAIR from T1, T2, DWI using the
ISLES dataset, each with one of the cost components removed.
These results, along with the results for training with the
full cost function are shown in Table V. The best result is
achieved when all cost components are employed. Specifically,
without c1 the synthesis result is very good when the model
has all inputs, but considerably worse when inputs are missing.
Without c2, the results for single inputs are good, but results
with multiple inputs are worse. Finally, when component c3

is excluded from the cost, there is a slight degradation in the
results with a single missing input, and when all three inputs
are given the model is significantly worse. Thus, it can be seen
that our multi-component cost enables the model to achieve
high accuracy whilst retaining robustness to missing data.

The influence of the cost components can also be seen
visually in the latent representations learnt by our model, see
Figure 8. Observe the similarity of all latent representations
achieved by minimising their variance through cost function
component eq. (3). At the same time the fusion operation
↵, preserves unique information across the latent components
corresponding to bright pixels of the individual latent represen-
tations. Note that these bright pixels represent strong features,
and do not necessarily correspond to bright pixels in the output.

E. Adding new decoders
One aim of our latent representations is to introduce modal-

ity invariance. This should allow adding inputs and outputs to
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Representing images

• Representations could be a multiclass image of anatomy:
– semantically meaningful
– can be decoded into segmentation masks

• reconstruction è use of non-annotated data (semi-supervised)

anatomical features
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Start of a problem

But…
many images may have the same anatomical 
representation

anatomical features
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Solving the problem…

Add something that describes the image stats

imaging features

anatomical features

Chartsias et al MICCAI 2018; concurrent work with Almahairi et al ICML 2018; Huang et al ECCV 2018   
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In CV: content vs style disentanglement

• Concurrently with Agis [MICCAI 2018]

• Since then, an explosion of 
approaches 

• However, in our domain 
(medical) content must 
– have semantic meaning
– serve quantitative purpose

Almahairi et al ICML 2018                             Huang et al ECCV 2018 

Lorenz et al CVPR 2019
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Disentangling the learning of anatomy 

Images are decomposed into spatial and vector representations.
– Spatial representation is a segmentation mask of the myocardium.
– Vector representation contains intensity (appearance) information, and 

residual anatomical information.
which are then combined

73

2 Agisilaos Chartsias et al. /Medical Image Analysis (2018)

“disentangled” representations, for example in Higgins et al.
(2017) and Chen et al. (2016). A disentangled representation is
one in which all information is retained, but is represented as a
number of (independent) factors, with each factor correspond-
ing to some meaningful aspect of the data (Bengio et al., 2013a).
Factorised representations o↵er many benefits: for example,
they ensure the preservation of information not directly related
to the primary task, which would otherwise be discarded, whilst
they also facilitate the use of only the relevant aspects of the
data as input to later tasks. Furthermore, and importantly, they
improve the interpretability of the learned features, since each
factor captures a distinct attribute of the data, while also varying
independently from the other factors.

1.1. Motivation
Disentangled representations have considerable potential in

the analysis of medical data. In this paper we combine recent
developments in factorised representation learning with strong
prior knowledge about medical image data: that it necessarily
decomposes into a spatial “anatomy factor” and a non-spatial
“modality factor”.

The use of an anatomy factor that is explicitly spatial (rep-
resented as a multi-class semantic map) enables maintaining
pixel-level correspondences with the input, and directly sup-
ports spatially equivariant tasks such as segmentation and regis-
tration. Most importantly, it also allows a meaningful represen-
tation of the anatomy that can be generalised to any modality.
As we demonstrate below, a spatial anatomical representation
is useful for various modality independent tasks, for example in
extracting segmentations as well as in calculating cardiac func-
tional indices. It also provides a suitable format for pooling
information from various imaging modalities, since the factori-
sation process ensures a modality-invariant representation.

The non-spatial modality factor captures global image
modality information, specifying how the anatomy is rendered
in the final image. Maintaining a representation of the modality
characteristics allows, among other things, cross-modal synthe-
sis of images between modalities (i.e. image transfer).

Finally, the ability to learn this factorisation using a very lim-
ited number of labels is of considerable significance in medical
image analysis, as labelling data is tedious and costly. Thus, it
will be demonstrated that the proposed factorisation, in addition
to being intuitive and interpretable, leads also to considerable
performance improvements in segmentation tasks when using a
very limited number of labelled images.

1.2. Overview of the proposed approach
Learning a decomposition of data into a spatial content fac-

tor and a non-spatial appearance (or style) factor has been a
focus of recent research in computer vision (Huang et al., 2018;
Lee et al., 2018) with the aim being to achieve diversity in im-
age translation between domains. However, no consideration
has been taken regarding the semantics and the precision of the
spatial factor. This is crucial in medical analysis tasks in or-
der to be able to extract quantifiable information directly from
the spatial factor. Concurrently with these approaches, Chart-
sias et al. (2018) aimed to precisely address the need for in-
terpretable semantics by explicitly enforcing the spatial factor

Fig. 1. A schematic overview of the proposed model. An input image is
first encoded to a multi-channel spatial representation, the anatomical fac-
tor s, using an anatomy encoder fanatomy. Then s can be used as an input
to a segmentation network h to produce a multi-class segmentation mask,
(or some other task specific network). The factor s along with the input
image are used by a modality encoder fmodality to produce a latent vector
z representing the imaging modality. The two representations s and z are
combined to reconstruct the input image through the decoder network g.

to be a binary myocardial segmentation. However, since the
spatial factor is a segmentation mask of only the myocardium,
remaining anatomies must be encoded in the non-spatial factor,
which violates the concept of explicit factorisation into spatial
anatomical and non-spatial imaging factors.

In this paper instead we propose the Spatial Decomposition
Network (SDNet) that learns a factorised representation of med-
ical images consisting of a spatial map that semantically repre-
sents the anatomy, and a non-spatial latent vector containing
image modality information. The model’s schematic is shown
in Figure 1.

The anatomy is modelled as a multi-channel feature map,
where each channel represents di↵erent anatomical substruc-
tures (e.g. myocardium, left and right ventricles). This spa-
tial representation is categorical with each pixel necessarily be-
longing to exactly one channel. This strong restriction prevents
the binary maps from encoding modality information, result-
ing in the anatomy factors being modality-agnostic (invariant),
and further promotes factorisation of the subject’s anatomy into
meaningful topological regions.

On the other hand, the non-spatial factor contains modality-
specific information, in particular the distribution of intensities
of the spatial regions. We encode the image intensities into a
smooth latent space, using a Variational Autoencoder (VAE)
loss, such that nearby values in this space correspond to neigh-
bouring values in the intensity space.

Finally, since the representation should retain all information
about the input (albeit in two factors), image reconstructions are
possible by combining both factors.

In the literature the term “factor” usually refers to either a
single dimension of a latent representation, or a meaningful as-
pect of the data (i.e. a group of dimensions) that can vary in-
dependently from other aspects. Here we use factor in the sec-
ond sense, and we thus learn a representation that consists of a
(multi-dimensional) anatomy factor, and a (multi-dimensional)
modality factor. Although the individual dimensions of the fac-
tors could be seen as (sub-)factors themselves, for clarity we
will refer to them as dimensions throughout the paper.

Chartsias et al MICCAI 2018 & Chartsias et al MedIA 2019
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Training

Unsupervised costs:
• Self-supervised image reconstruction
• Adversarial for mask discriminator
• Self-supervised z reconstruction
• z smoothness cost with KL divergence

Supervised costs:
• Supervised cost between output mask 

and ground truth mask
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A visual result

Source code: https://github.com/agis85/anatomy_modality_decomposition
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Quantitative analysis (Dice, test set, N=400)

0
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100.0% 50.0% 25.0% 12.5% 6.0% 3.0% 1.0%

D
ic

e

Proportion of annotated images

SDNet Adv U-Net Self-Training

• labelled (% varies) ; 1200 unlabeled images.
• Good performance and low variance with a fraction of labelled images.
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Doing more with less: benefit of using EHR

• Using 6% of annotated data: 0.756 (Dice)

Annotated images 
and masks

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.
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vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
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multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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ages are not considered here as part of the training process, and
the models are trained with full supervision only.
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CT test sets, obtained when training a model with di↵ering
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age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
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iliary tasks, such as LVV prediction, which are related to the
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a multi-task setting and leverage supervision present in typical
clinical settings.
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vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
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5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
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correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
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ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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ages are not considered here as part of the training process, and
the models are trained with full supervision only.
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CT test sets, obtained when training a model with di↵ering
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neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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respondtoimagesobtainedfromonesubject.Trainingwith
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.
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volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

AgisilaosChartsiasetal./MedicalImageAnalysis(2018)9

Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
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neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
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clinicalsettings.
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
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5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
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ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
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tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
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clinicalsettings.
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
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provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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PredictingtheLVVasanotheroutputofSDNetfollowsa
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values.Wedesignasmallneuralnetworkconsistingoftwo
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aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.
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theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
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tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
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ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
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clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
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ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
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Whilethisisforasinglesplit,observethatusingLVVasan
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ing50%annotatedmasks(secondrowinTable2).Thus,aux-
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clinicalsettings.
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT
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frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.
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theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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PredictingtheLVVasanotheroutputofSDNetfollowsa
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values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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toonesubject(lastrowinTable2with6%labels),wefine-
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transformation(Section5.3.2).
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andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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performance(increasingfrom0.23to0.56).
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
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Usingapre-trainedmodeloflabelledimagescorresponding
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tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
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Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
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clinicalsettings.
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0.819to0.899.
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theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
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frombothMRandCTsegmentationmasks.Infact,weshow
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provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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thickness to get the volume occupied by each slice. The final
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
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tunethewholemodelwhilsttrainingthearearegressorusing
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objectiveusedtofine-tunethewholemodelalsobenefitstest
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0.819to0.899.
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anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
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transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
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provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
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agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
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andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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belowthatwhenmixingdatafromMRandCTimages,weim-
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
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agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
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andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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performance(increasingfrom0.23to0.56).
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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groundtruthvaluesfrom17subjects.Wefindthattheaver-
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normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
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auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
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clinicalsettings.
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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neurons respectively, both followed by a ReLU activation. This
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can then be used to calculate the LVV o✏ine.
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
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toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
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intensityinformationuniquetoeachimage’sparticularmodal-
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
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themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
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andCTperformances.Thisisthecaseevenwhenweadd12.5%
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performance(increasingfrom0.23to0.56).
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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a ReLU activation), and two fully connected layers of 16 and 1
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tune the whole model whilst training the area regressor using
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

AgisilaosChartsiasetal./MedicalImageAnalysis(2018)9

Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
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normalrangeasreportedin(Baietal.,2018a).Themulti-task
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
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5.3.1.Multimodalsegmentation
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provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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multimodal data as input. Only the image modality factor z

AgisilaosChartsiasetal./MedicalImageAnalysis(2018)9

Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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PredictingtheLVVasanotheroutputofSDNetfollowsa
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values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
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clinicalsettings.
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vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
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5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
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provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
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neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
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We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
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taking as input the spatial representation. The predicted sum
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Using a pre-trained model of labelled images corresponding
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
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iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.
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anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
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CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
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Using a pre-trained model of labelled images corresponding
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
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iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.
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vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
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anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
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5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
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can then be used to calculate the LVV o✏ine.
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
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cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.
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to one subject (last row in Table 2 with 6% labels), we fine-
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ground truth values from 17 subjects. We find that the aver-
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
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ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
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3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
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iliarytasks,suchasLVVprediction,whicharerelatedtothe
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
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multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Although our method is not specifically designed for modal-
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neurons respectively, both followed by a ReLU activation. This
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can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
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can then be used to calculate the LVV o✏ine.
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is 59.37mL with a standard deviation of 3.7, which is in the
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objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
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clinical settings.
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0.819 to 0.899.
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Although our method is not specifically designed for modal-
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neurons respectively, both followed by a ReLU activation. This
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can then be used to calculate the LVV o✏ine.
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
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tune the whole model whilst training the area regressor using
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is 59.37mL with a standard deviation of 3.7, which is in the
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iliary tasks, such as LVV prediction, which are related to the
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a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
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tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
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normalrangeasreportedin(Baietal.,2018a).Themulti-task
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Whilethisisforasinglesplit,observethatusingLVVasan
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0.819to0.899.
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intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
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tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
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normalrangeasreportedin(Baietal.,2018a).Themulti-task
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
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5.3.1.Multimodalsegmentation
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frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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intensityinformationuniquetoeachimage’sparticularmodal-
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datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
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ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Althoughourmethodisnotspecificallydesignedformodal-
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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PredictingtheLVVasanotheroutputofSDNetfollowsa
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values.Wedesignasmallneuralnetworkconsistingoftwo
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aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
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ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
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clinicalsettings.
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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values. We design a small neural network consisting of two
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neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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tunethewholemodelwhilsttrainingthearearegressorusing
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intensityinformationuniquetoeachimage’sparticularmodal-
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5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
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respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
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0.819to0.899.
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5.3.1.Multimodalsegmentation
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

AgisilaosChartsiasetal./MedicalImageAnalysis(2018)9

Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
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convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
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0.819to0.899.
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ity.HereweevaluateourmodelusingamultimodalMRand
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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similarprocesstotheoneusedtocalculatethegroundtruth
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convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
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ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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a ReLU activation), and two fully connected layers of 16 and 1
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can then be used to calculate the LVV o✏ine.
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
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iliary tasks, such as LVV prediction, which are related to the
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a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Although our method is not specifically designed for modal-
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).
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frombothMRandCTsegmentationmasks.Infact,weshow
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
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agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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ity.HereweevaluateourmodelusingamultimodalMRand
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
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themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
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andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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CTinputtoachievesegmentation(Section5.3.1)andmodality
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themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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intensityinformationuniquetoeachimage’sparticularmodal-
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
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respondtoimagesobtainedfromonesubject.Trainingwith
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

AgisilaosChartsiasetal./MedicalImageAnalysis(2018)9

Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
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tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
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Whilethisisforasinglesplit,observethatusingLVVasan
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ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
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clinicalsettings.
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0.819to0.899.
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theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
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themodelsaretrainedwithfullsupervisiononly.
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Althoughourmethodisnotspecificallydesignedformodal-
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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PredictingtheLVVasanotheroutputofSDNetfollowsa
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values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
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WetrainSDNetusingamultimodalinputofMRandCT
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provesegmentationcomparedtowhenusingeachmodalitysep-
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ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Althoughourmethodisnotspecificallydesignedformodal-
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.
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convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
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neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
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5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
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neurons respectively, both followed by a ReLU activation. This
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can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
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3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
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5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
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CT test sets, obtained when training a model with di↵ering
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of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

AgisilaosChartsiasetal./MedicalImageAnalysis(2018)9

Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.
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5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
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provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Although our method is not specifically designed for modal-
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neurons respectively, both followed by a ReLU activation. This
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can then be used to calculate the LVV o✏ine.
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to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
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normal range as reported in (Bai et al., 2018a). The multi-task
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clinical settings.
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Although our method is not specifically designed for modal-
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Although our method is not specifically designed for modal-
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.
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vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
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ageLVVoverthetestvolumes(overbothEDandESframes)
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transformation(Section5.3.2).
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
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respondtoimagesobtainedfromonesubject.Trainingwith
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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networkregressesthesumofthepixelsoftheleftventricle,
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themodelsaretrainedwithfullsupervisiononly.
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
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WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
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provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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PredictingtheLVVasanotheroutputofSDNetfollowsa
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values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
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ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
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WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

AgisilaosChartsiasetal./MedicalImageAnalysis(2018)9

Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
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tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
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normalrangeasreportedin(Baietal.,2018a).Themulti-task
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iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
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5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT
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frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Although our method is not specifically designed for modal-
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
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cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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Predicting the LVV as another output of SDNet follows a
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
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tunethewholemodelwhilsttrainingthearearegressorusing
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3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
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CTinputtoachievesegmentation(Section5.3.1)andmodality
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frombothMRandCTsegmentationmasks.Infact,weshow
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provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
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agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
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respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
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tunethewholemodelwhilsttrainingthearearegressorusing
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ageLVVoverthetestvolumes(overbothEDandESframes)
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clinicalsettings.
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0.819to0.899.
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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multimodal data as input. Only the image modality factor z

AgisilaosChartsiasetal./MedicalImageAnalysis(2018)9

Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
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andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
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5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
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iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
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transformation(Section5.3.2).
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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Although our method is not specifically designed for modal-
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
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multimodaldataleadstoimprovementsinbothindividualMR
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ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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takingasinputthespatialrepresentation.Thepredictedsum
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Usingapre-trainedmodeloflabelledimagescorresponding
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intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
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5.3.1.Multimodalsegmentation
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frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
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ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
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We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
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values. We design a small neural network consisting of two
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neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.
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data with the aim to improve learning of the anatomical factor
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below that when mixing data from MR and CT images, we im-
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arately. Since the aim is to specifically evaluate the e↵ect of
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ages are not considered here as part of the training process, and
the models are trained with full supervision only.
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CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
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can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
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multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
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5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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tunethewholemodelwhilsttrainingthearearegressorusing
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
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neuronsrespectively,bothfollowedbyaReLUactivation.This
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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themodelsaretrainedwithfullsupervisiononly.
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
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respondtoimagesobtainedfromonesubject.Trainingwith
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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similar process to the one used to calculate the ground truth
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
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iliary tasks, such as LVV prediction, which are related to the
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CT input to achieve segmentation (Section 5.3.1) and modality
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data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
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taking as input the spatial representation. The predicted sum
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Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
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We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
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Using a pre-trained model of labelled images corresponding
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
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multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
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5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
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cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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neurons respectively, both followed by a ReLU activation. This
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can then be used to calculate the LVV o✏ine.
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tune the whole model whilst training the area regressor using
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
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iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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PredictingtheLVVasanotheroutputofSDNetfollowsa
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values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
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multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
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frombothMRandCTsegmentationmasks.Infact,weshow
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arately.Sincetheaimistospecificallyevaluatethee↵ectof
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CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
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andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
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iliary tasks, such as LVV prediction, which are related to the
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clinical settings.
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vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
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multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
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correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
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taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Agisilaos Chartsias et al. /Medical Image Analysis (2018) 9

Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.
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convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.
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multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
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thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
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corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
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segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
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ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.
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0.819 to 0.899.
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multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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can then be used to calculate the LVV o✏ine.
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to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
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normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
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ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
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ages are not considered here as part of the training process, and
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CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
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objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
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iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.
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vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
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the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
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data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
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Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz

AgisilaosChartsiasetal./MedicalImageAnalysis(2018)9

Fig.5.Segmentationexamplefordi↵erentnumbersoflabelledimagesfromtheACDCdataset.Blue,greenandredshowthemodelspredictionforMYO,
LVandRVrespectively.

cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z
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is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.
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anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
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CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
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data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
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similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
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iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-
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Predicting the LVV as another output of SDNet follows a
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a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
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iliary tasks, such as LVV prediction, which are related to the
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anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
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5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).
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iliary tasks, such as LVV prediction, which are related to the
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a multi-task setting and leverage supervision present in typical
clinical settings.
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5.3. Multimodal learning
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anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
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5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
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cavity,thenmultiplythissumwiththepixelresolutiontogetthe
correspondingareaandthenmultiplytheresultwiththeslice
thicknesstogetthevolumeoccupiedbyeachslice.Thefinal
volumeisthesumofallindividualslicevolumes.

PredictingtheLVVasanotheroutputofSDNetfollowsa
similarprocesstotheoneusedtocalculatethegroundtruth
values.Wedesignasmallneuralnetworkconsistingoftwo
convolutionallayers(eachhavinga3⇥3⇥16kernelfollowedby
aReLUactivation),andtwofullyconnectedlayersof16and1
neuronsrespectively,bothfollowedbyaReLUactivation.This
networkregressesthesumofthepixelsoftheleftventricle,
takingasinputthespatialrepresentation.Thepredictedsum
canthenbeusedtocalculatetheLVVo✏ine.

Usingapre-trainedmodeloflabelledimagescorresponding
toonesubject(lastrowinTable2with6%labels),wefine-
tunethewholemodelwhilsttrainingthearearegressorusing
groundtruthvaluesfrom17subjects.Wefindthattheaver-
ageLVVoverthetestvolumes(overbothEDandESframes)
is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
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arately. Since the aim is to specifically evaluate the e↵ect of
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ages are not considered here as part of the training process, and
the models are trained with full supervision only.
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CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
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is59.37mLwithastandarddeviationof3.7,whichisinthe
normalrangeasreportedin(Baietal.,2018a).Themulti-task
objectiveusedtofine-tunethewholemodelalsobenefitstest
segmentationaccuracy,whichisraisedfrom0.756to0.832.3
Whilethisisforasinglesplit,observethatusingLVVasan
auxiliarytaske↵ectivelybroughtusclosertotherangeofhav-
ing50%annotatedmasks(secondrowinTable2).Thus,aux-
iliarytasks,suchasLVVprediction,whicharerelatedtothe
endocardialbordersegmentationcanbeusedtotrainmodelsin
amulti-tasksettingandleveragesupervisionpresentintypical
clinicalsettings.

3Themulti-taskobjectiveinfactbenefitstheDicescoreforbothlabelsindi-
vidually:MYOaccuracyrisesfrom0.633to0.706andLVaccuracyrisesfrom
0.819to0.899.

5.3.Multimodallearning
Bydesign,ourmodelseparatestheanatomicalfactorfrom

theimagemodalityfactor.Asaresult,itcanbetrainedusing
multimodaldata,withthespatialfactorcapturingthecommon
anatomicalinformationandthenon-spatialfactorcapturingthe
intensityinformationuniquetoeachimage’sparticularmodal-
ity.HereweevaluateourmodelusingamultimodalMRand
CTinputtoachievesegmentation(Section5.3.1)andmodality
transformation(Section5.3.2).

5.3.1.Multimodalsegmentation
WetrainSDNetusingamultimodalinputofMRandCT

datawiththeaimtoimprovelearningoftheanatomicalfactor
frombothMRandCTsegmentationmasks.Infact,weshow
belowthatwhenmixingdatafromMRandCTimages,weim-
provesegmentationcomparedtowhenusingeachmodalitysep-
arately.Sincetheaimistospecificallyevaluatethee↵ectof
multimodaltraininginsegmentationaccuracy,unlabelledim-
agesarenotconsideredhereaspartofthetrainingprocess,and
themodelsaretrainedwithfullsupervisiononly.

InTable3wepresenttheDicescore,overheldoutMRand
CTtestsets,obtainedwhentrainingamodelwithdi↵ering
amountsofMRandCTdata.Resultsfor12.5%ofdatacor-
respondtoimagesobtainedfromonesubject.Trainingwith
multimodaldataleadstoimprovementsinbothindividualMR
andCTperformances.Thisisthecaseevenwhenweadd12.5%
ofCTtothefullMRdataset,andviceversa;thisdoesnotonly
improvetheMR(increasingfrom0.74to0.76),butalsotheCT
performance(increasingfrom0.23to0.56).

5.3.2.Modalitytransformation
Althoughourmethodisnotspecificallydesignedformodal-

itytransformations,itcanbeusedassuch,whentrainedwith
multimodaldataasinput.Onlytheimagemodalityfactorz
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Cine-MR FPPCT
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Fig. 5. Segmentation example for di↵erent numbers of labelled images from the ACDC dataset. Blue, green and red show the models prediction for MYO,
LV and RV respectively.

cavity, then multiply this sum with the pixel resolution to get the
corresponding area and then multiply the result with the slice
thickness to get the volume occupied by each slice. The final
volume is the sum of all individual slice volumes.

Predicting the LVV as another output of SDNet follows a
similar process to the one used to calculate the ground truth
values. We design a small neural network consisting of two
convolutional layers (each having a 3⇥3⇥16 kernel followed by
a ReLU activation), and two fully connected layers of 16 and 1
neurons respectively, both followed by a ReLU activation. This
network regresses the sum of the pixels of the left ventricle,
taking as input the spatial representation. The predicted sum
can then be used to calculate the LVV o✏ine.

Using a pre-trained model of labelled images corresponding
to one subject (last row in Table 2 with 6% labels), we fine-
tune the whole model whilst training the area regressor using
ground truth values from 17 subjects. We find that the aver-
age LVV over the test volumes (over both ED and ES frames)
is 59.37mL with a standard deviation of 3.7, which is in the
normal range as reported in (Bai et al., 2018a). The multi-task
objective used to fine-tune the whole model also benefits test
segmentation accuracy, which is raised from 0.756 to 0.832.3
While this is for a single split, observe that using LVV as an
auxiliary task e↵ectively brought us closer to the range of hav-
ing 50% annotated masks (second row in Table 2). Thus, aux-
iliary tasks, such as LVV prediction, which are related to the
endocardial border segmentation can be used to train models in
a multi-task setting and leverage supervision present in typical
clinical settings.

3The multi-task objective in fact benefits the Dice score for both labels indi-
vidually: MYO accuracy rises from 0.633 to 0.706 and LV accuracy rises from
0.819 to 0.899.

5.3. Multimodal learning
By design, our model separates the anatomical factor from

the image modality factor. As a result, it can be trained using
multimodal data, with the spatial factor capturing the common
anatomical information and the non-spatial factor capturing the
intensity information unique to each image’s particular modal-
ity. Here we evaluate our model using a multimodal MR and
CT input to achieve segmentation (Section 5.3.1) and modality
transformation (Section 5.3.2).

5.3.1. Multimodal segmentation
We train SDNet using a multimodal input of MR and CT

data with the aim to improve learning of the anatomical factor
from both MR and CT segmentation masks. In fact, we show
below that when mixing data from MR and CT images, we im-
prove segmentation compared to when using each modality sep-
arately. Since the aim is to specifically evaluate the e↵ect of
multimodal training in segmentation accuracy, unlabelled im-
ages are not considered here as part of the training process, and
the models are trained with full supervision only.

In Table 3 we present the Dice score, over held out MR and
CT test sets, obtained when training a model with di↵ering
amounts of MR and CT data. Results for 12.5% of data cor-
respond to images obtained from one subject. Training with
multimodal data leads to improvements in both individual MR
and CT performances. This is the case even when we add 12.5%
of CT to the full MR dataset, and vice versa; this does not only
improve the MR (increasing from 0.74 to 0.76), but also the CT
performance (increasing from 0.23 to 0.56).

5.3.2. Modality transformation
Although our method is not specifically designed for modal-

ity transformations, it can be used as such, when trained with
multimodal data as input. Only the image modality factor z

Cine-MR FPPCTCine-MR FPPCT



82

SA Tsaftaris

What we learn?

MR / CT: global intensity 
changes 
è single z dimension 
captures most differences

Factor dimensions used Accuracy
All z vector 92%
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“disentangled” representations, for example in Higgins et al.
(2017) and Chen et al. (2016). A disentangled representation is
one in which all information is retained, but is represented as a
number of (independent) factors, with each factor correspond-
ing to some meaningful aspect of the data (Bengio et al., 2013a).
Factorised representations o↵er many benefits: for example,
they ensure the preservation of information not directly related
to the primary task, which would otherwise be discarded, whilst
they also facilitate the use of only the relevant aspects of the
data as input to later tasks. Furthermore, and importantly, they
improve the interpretability of the learned features, since each
factor captures a distinct attribute of the data, while also varying
independently from the other factors.

1.1. Motivation
Disentangled representations have considerable potential in

the analysis of medical data. In this paper we combine recent
developments in factorised representation learning with strong
prior knowledge about medical image data: that it necessarily
decomposes into a spatial “anatomy factor” and a non-spatial
“modality factor”.

The use of an anatomy factor that is explicitly spatial (rep-
resented as a multi-class semantic map) enables maintaining
pixel-level correspondences with the input, and directly sup-
ports spatially equivariant tasks such as segmentation and regis-
tration. Most importantly, it also allows a meaningful represen-
tation of the anatomy that can be generalised to any modality.
As we demonstrate below, a spatial anatomical representation
is useful for various modality independent tasks, for example in
extracting segmentations as well as in calculating cardiac func-
tional indices. It also provides a suitable format for pooling
information from various imaging modalities, since the factori-
sation process ensures a modality-invariant representation.

The non-spatial modality factor captures global image
modality information, specifying how the anatomy is rendered
in the final image. Maintaining a representation of the modality
characteristics allows, among other things, cross-modal synthe-
sis of images between modalities (i.e. image transfer).

Finally, the ability to learn this factorisation using a very lim-
ited number of labels is of considerable significance in medical
image analysis, as labelling data is tedious and costly. Thus, it
will be demonstrated that the proposed factorisation, in addition
to being intuitive and interpretable, leads also to considerable
performance improvements in segmentation tasks when using a
very limited number of labelled images.

1.2. Overview of the proposed approach
Learning a decomposition of data into a spatial content fac-

tor and a non-spatial appearance (or style) factor has been a
focus of recent research in computer vision (Huang et al., 2018;
Lee et al., 2018) with the aim being to achieve diversity in im-
age translation between domains. However, no consideration
has been taken regarding the semantics and the precision of the
spatial factor. This is crucial in medical analysis tasks in or-
der to be able to extract quantifiable information directly from
the spatial factor. Concurrently with these approaches, Chart-
sias et al. (2018) aimed to precisely address the need for in-
terpretable semantics by explicitly enforcing the spatial factor

Fig. 1. A schematic overview of the proposed model. An input image is
first encoded to a multi-channel spatial representation, the anatomical fac-
tor s, using an anatomy encoder fanatomy. Then s can be used as an input
to a segmentation network h to produce a multi-class segmentation mask,
(or some other task specific network). The factor s along with the input
image are used by a modality encoder fmodality to produce a latent vector
z representing the imaging modality. The two representations s and z are
combined to reconstruct the input image through the decoder network g.

to be a binary myocardial segmentation. However, since the
spatial factor is a segmentation mask of only the myocardium,
remaining anatomies must be encoded in the non-spatial factor,
which violates the concept of explicit factorisation into spatial
anatomical and non-spatial imaging factors.

In this paper instead we propose the Spatial Decomposition
Network (SDNet) that learns a factorised representation of med-
ical images consisting of a spatial map that semantically repre-
sents the anatomy, and a non-spatial latent vector containing
image modality information. The model’s schematic is shown
in Figure 1.

The anatomy is modelled as a multi-channel feature map,
where each channel represents di↵erent anatomical substruc-
tures (e.g. myocardium, left and right ventricles). This spa-
tial representation is categorical with each pixel necessarily be-
longing to exactly one channel. This strong restriction prevents
the binary maps from encoding modality information, result-
ing in the anatomy factors being modality-agnostic (invariant),
and further promotes factorisation of the subject’s anatomy into
meaningful topological regions.

On the other hand, the non-spatial factor contains modality-
specific information, in particular the distribution of intensities
of the spatial regions. We encode the image intensities into a
smooth latent space, using a Variational Autoencoder (VAE)
loss, such that nearby values in this space correspond to neigh-
bouring values in the intensity space.

Finally, since the representation should retain all information
about the input (albeit in two factors), image reconstructions are
possible by combining both factors.

In the literature the term “factor” usually refers to either a
single dimension of a latent representation, or a meaningful as-
pect of the data (i.e. a group of dimensions) that can vary in-
dependently from other aspects. Here we use factor in the sec-
ond sense, and we thus learn a representation that consists of a
(multi-dimensional) anatomy factor, and a (multi-dimensional)
modality factor. Although the individual dimensions of the fac-
tors could be seen as (sub-)factors themselves, for clarity we
will refer to them as dimensions throughout the paper.

• Completely free è no annotations needed
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“disentangled” representations, for example in Higgins et al.
(2017) and Chen et al. (2016). A disentangled representation is
one in which all information is retained, but is represented as a
number of (independent) factors, with each factor correspond-
ing to some meaningful aspect of the data (Bengio et al., 2013a).
Factorised representations o↵er many benefits: for example,
they ensure the preservation of information not directly related
to the primary task, which would otherwise be discarded, whilst
they also facilitate the use of only the relevant aspects of the
data as input to later tasks. Furthermore, and importantly, they
improve the interpretability of the learned features, since each
factor captures a distinct attribute of the data, while also varying
independently from the other factors.

1.1. Motivation
Disentangled representations have considerable potential in

the analysis of medical data. In this paper we combine recent
developments in factorised representation learning with strong
prior knowledge about medical image data: that it necessarily
decomposes into a spatial “anatomy factor” and a non-spatial
“modality factor”.

The use of an anatomy factor that is explicitly spatial (rep-
resented as a multi-class semantic map) enables maintaining
pixel-level correspondences with the input, and directly sup-
ports spatially equivariant tasks such as segmentation and regis-
tration. Most importantly, it also allows a meaningful represen-
tation of the anatomy that can be generalised to any modality.
As we demonstrate below, a spatial anatomical representation
is useful for various modality independent tasks, for example in
extracting segmentations as well as in calculating cardiac func-
tional indices. It also provides a suitable format for pooling
information from various imaging modalities, since the factori-
sation process ensures a modality-invariant representation.

The non-spatial modality factor captures global image
modality information, specifying how the anatomy is rendered
in the final image. Maintaining a representation of the modality
characteristics allows, among other things, cross-modal synthe-
sis of images between modalities (i.e. image transfer).

Finally, the ability to learn this factorisation using a very lim-
ited number of labels is of considerable significance in medical
image analysis, as labelling data is tedious and costly. Thus, it
will be demonstrated that the proposed factorisation, in addition
to being intuitive and interpretable, leads also to considerable
performance improvements in segmentation tasks when using a
very limited number of labelled images.

1.2. Overview of the proposed approach
Learning a decomposition of data into a spatial content fac-

tor and a non-spatial appearance (or style) factor has been a
focus of recent research in computer vision (Huang et al., 2018;
Lee et al., 2018) with the aim being to achieve diversity in im-
age translation between domains. However, no consideration
has been taken regarding the semantics and the precision of the
spatial factor. This is crucial in medical analysis tasks in or-
der to be able to extract quantifiable information directly from
the spatial factor. Concurrently with these approaches, Chart-
sias et al. (2018) aimed to precisely address the need for in-
terpretable semantics by explicitly enforcing the spatial factor

Fig. 1. A schematic overview of the proposed model. An input image is
first encoded to a multi-channel spatial representation, the anatomical fac-
tor s, using an anatomy encoder fanatomy. Then s can be used as an input
to a segmentation network h to produce a multi-class segmentation mask,
(or some other task specific network). The factor s along with the input
image are used by a modality encoder fmodality to produce a latent vector
z representing the imaging modality. The two representations s and z are
combined to reconstruct the input image through the decoder network g.

to be a binary myocardial segmentation. However, since the
spatial factor is a segmentation mask of only the myocardium,
remaining anatomies must be encoded in the non-spatial factor,
which violates the concept of explicit factorisation into spatial
anatomical and non-spatial imaging factors.

In this paper instead we propose the Spatial Decomposition
Network (SDNet) that learns a factorised representation of med-
ical images consisting of a spatial map that semantically repre-
sents the anatomy, and a non-spatial latent vector containing
image modality information. The model’s schematic is shown
in Figure 1.

The anatomy is modelled as a multi-channel feature map,
where each channel represents di↵erent anatomical substruc-
tures (e.g. myocardium, left and right ventricles). This spa-
tial representation is categorical with each pixel necessarily be-
longing to exactly one channel. This strong restriction prevents
the binary maps from encoding modality information, result-
ing in the anatomy factors being modality-agnostic (invariant),
and further promotes factorisation of the subject’s anatomy into
meaningful topological regions.

On the other hand, the non-spatial factor contains modality-
specific information, in particular the distribution of intensities
of the spatial regions. We encode the image intensities into a
smooth latent space, using a Variational Autoencoder (VAE)
loss, such that nearby values in this space correspond to neigh-
bouring values in the intensity space.

Finally, since the representation should retain all information
about the input (albeit in two factors), image reconstructions are
possible by combining both factors.

In the literature the term “factor” usually refers to either a
single dimension of a latent representation, or a meaningful as-
pect of the data (i.e. a group of dimensions) that can vary in-
dependently from other aspects. Here we use factor in the sec-
ond sense, and we thus learn a representation that consists of a
(multi-dimensional) anatomy factor, and a (multi-dimensional)
modality factor. Although the individual dimensions of the fac-
tors could be seen as (sub-)factors themselves, for clarity we
will refer to them as dimensions throughout the paper.
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“disentangled” representations, for example in Higgins et al.
(2017) and Chen et al. (2016). A disentangled representation is
one in which all information is retained, but is represented as a
number of (independent) factors, with each factor correspond-
ing to some meaningful aspect of the data (Bengio et al., 2013a).
Factorised representations o↵er many benefits: for example,
they ensure the preservation of information not directly related
to the primary task, which would otherwise be discarded, whilst
they also facilitate the use of only the relevant aspects of the
data as input to later tasks. Furthermore, and importantly, they
improve the interpretability of the learned features, since each
factor captures a distinct attribute of the data, while also varying
independently from the other factors.

1.1. Motivation
Disentangled representations have considerable potential in

the analysis of medical data. In this paper we combine recent
developments in factorised representation learning with strong
prior knowledge about medical image data: that it necessarily
decomposes into a spatial “anatomy factor” and a non-spatial
“modality factor”.

The use of an anatomy factor that is explicitly spatial (rep-
resented as a multi-class semantic map) enables maintaining
pixel-level correspondences with the input, and directly sup-
ports spatially equivariant tasks such as segmentation and regis-
tration. Most importantly, it also allows a meaningful represen-
tation of the anatomy that can be generalised to any modality.
As we demonstrate below, a spatial anatomical representation
is useful for various modality independent tasks, for example in
extracting segmentations as well as in calculating cardiac func-
tional indices. It also provides a suitable format for pooling
information from various imaging modalities, since the factori-
sation process ensures a modality-invariant representation.

The non-spatial modality factor captures global image
modality information, specifying how the anatomy is rendered
in the final image. Maintaining a representation of the modality
characteristics allows, among other things, cross-modal synthe-
sis of images between modalities (i.e. image transfer).

Finally, the ability to learn this factorisation using a very lim-
ited number of labels is of considerable significance in medical
image analysis, as labelling data is tedious and costly. Thus, it
will be demonstrated that the proposed factorisation, in addition
to being intuitive and interpretable, leads also to considerable
performance improvements in segmentation tasks when using a
very limited number of labelled images.

1.2. Overview of the proposed approach
Learning a decomposition of data into a spatial content fac-

tor and a non-spatial appearance (or style) factor has been a
focus of recent research in computer vision (Huang et al., 2018;
Lee et al., 2018) with the aim being to achieve diversity in im-
age translation between domains. However, no consideration
has been taken regarding the semantics and the precision of the
spatial factor. This is crucial in medical analysis tasks in or-
der to be able to extract quantifiable information directly from
the spatial factor. Concurrently with these approaches, Chart-
sias et al. (2018) aimed to precisely address the need for in-
terpretable semantics by explicitly enforcing the spatial factor

Fig. 1. A schematic overview of the proposed model. An input image is
first encoded to a multi-channel spatial representation, the anatomical fac-
tor s, using an anatomy encoder fanatomy. Then s can be used as an input
to a segmentation network h to produce a multi-class segmentation mask,
(or some other task specific network). The factor s along with the input
image are used by a modality encoder fmodality to produce a latent vector
z representing the imaging modality. The two representations s and z are
combined to reconstruct the input image through the decoder network g.

to be a binary myocardial segmentation. However, since the
spatial factor is a segmentation mask of only the myocardium,
remaining anatomies must be encoded in the non-spatial factor,
which violates the concept of explicit factorisation into spatial
anatomical and non-spatial imaging factors.

In this paper instead we propose the Spatial Decomposition
Network (SDNet) that learns a factorised representation of med-
ical images consisting of a spatial map that semantically repre-
sents the anatomy, and a non-spatial latent vector containing
image modality information. The model’s schematic is shown
in Figure 1.

The anatomy is modelled as a multi-channel feature map,
where each channel represents di↵erent anatomical substruc-
tures (e.g. myocardium, left and right ventricles). This spa-
tial representation is categorical with each pixel necessarily be-
longing to exactly one channel. This strong restriction prevents
the binary maps from encoding modality information, result-
ing in the anatomy factors being modality-agnostic (invariant),
and further promotes factorisation of the subject’s anatomy into
meaningful topological regions.

On the other hand, the non-spatial factor contains modality-
specific information, in particular the distribution of intensities
of the spatial regions. We encode the image intensities into a
smooth latent space, using a Variational Autoencoder (VAE)
loss, such that nearby values in this space correspond to neigh-
bouring values in the intensity space.

Finally, since the representation should retain all information
about the input (albeit in two factors), image reconstructions are
possible by combining both factors.

In the literature the term “factor” usually refers to either a
single dimension of a latent representation, or a meaningful as-
pect of the data (i.e. a group of dimensions) that can vary in-
dependently from other aspects. Here we use factor in the sec-
ond sense, and we thus learn a representation that consists of a
(multi-dimensional) anatomy factor, and a (multi-dimensional)
modality factor. Although the individual dimensions of the fac-
tors could be seen as (sub-)factors themselves, for clarity we
will refer to them as dimensions throughout the paper.
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Xia et al MIDL 2019 (Best paper runner up); Xia et al MedIA submitted. 
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Disentangle pathology

• Can we learn to separate pathology?

Xia et al MIDL 2019 (Best paper runner up); Xia et al MedIA submitted. 
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Preserve identity and make it look healthy

• iD: Identity is the “pseudo-healthy” image of the same subject?
– A masked SSIM loss

• h: Healthiness how healthy is the pseudo-healthy?
– An off-the shelf disease segmentor

• DeC: does it correct deformations from pathology?
• Beats baselines even without input-mask (paired) annotations!

Tian Xia et al. /Medical Image Analysis (2019) 11

Pathological 
images

AAE vaGAN Conditional
GAN

CycleGAN Ours
(unpaired)

Ours
(paired)

Fig. 7. Experimental results of three samples, each in every row, for BraTS data. The columns from left to right are the original pathological images, and

the synthetic healthy images by AAE, vaGAN, Conditional GAN, CycleGAN, and the proposed method in the unpaired and paired setting, respectively.

Table 2. Results of our methods on BraTS dataset. Here we evaluate three metrics, defined in Section 4.4 on T1 and T2 modalities. For each metric, 1 is

the best and 0 is the worst. We show also results (last three columns) of a human evaluation on the T2 modality based on criteria as described in Section

4.4. The best mean values are shown in bold. Statistical significant results (5 % level) of our methods compared to the best baseline are marked with an

asterisk (*). ‘def. corr.’ is a shorthand for ‘deformation correction’ assessment score from the raters.

Method T1 T2 T2 (human evaluation)
iD h DeC iD h DeC ‘identity’ ‘healthiness’ ‘def. corr.’

AAE 0.650.12 0.790.12 0.730.05 0.630.12 0.810.11 0.780.04 0.540.12 0.430.13 0.380.11
vaGAN 0.720.11 0.880.07 0.860.06 0.740.10 0.880.09 0.840.05 0.570.12 0.650.14 0.610.12

conditional GAN 0.700.14 0.810.11 0.850.04 0.690.09 0.840.10 0.860.04 0.440.12 0.550.11 0.580.10
CycleGAN 0.820.08 0.880.08 0.750.09 0.810.07 0.860.07 0.770.06 0.580.11 0.490.13 0.400.09

Ours (unpaired) 0.840.08 0.900.07 0.93
⇤

0.04 0.830.06 0.96⇤0.03 0.90⇤0.05 0.68⇤0.14 0.79⇤0.12 0.70⇤0.11
Ours (paired) 0.830.06 0.95

⇤

0.06 0.92⇤0.05 0.85
⇤

0.04 0.97
⇤

0.04 0.91
⇤

0.04 0.72
⇤

0.13 0.80
⇤

0.14 0.72
⇤

0.13

and Hinkley, 1997) to test the null hypothesis described in Sec-
tion 5.1.

The results of this analysis are shown in Table 2. We observe
that our methods still outperform baselines and other methods,
with a significant improvement for all metrics. In addition,
we observe that the methods ranking order is mostly preserved
compared to the ranking obtained by the quantitative metrics.
Intriguingly, CycleGAN can ‘fool’ the pre-trained Segmentor
which measures healthiness in the ‘h’ metric but not expert ob-
servers in how they assess healthiness. These observations sug-
gest that while numerical evaluation is generally consistent with
expert evaluation, there can be room for improvement.

5.4. Ablation studies
5.4.1. Unsupervised segmentation and importance of cycle-

consistency loss
A pre-requisite for an accurate pseudo healthy synthesis that

does not contain traces of pathological information, is for the
Segmentor S to be able to accurately extract masks, such that
they can be used for the reconstruction of the input pathological

images. This should be possible in the unpaired setting as well,
where the Segmentor is not trained with any supervision cost. In
this setting, the Segmentor is trained using the adversarial loss
of the mask discriminator (Equation 6), as well as the cycle-
consistency loss (Equation 3) of the input images.

We evaluate the accuracy of S in the unpaired and paired set-
ting on FLAIR images from ISLES: we obtain respectively an
average Dice score of 0.87 (0.15) and 0.79 (0.17) in the test-
ing sets. The results show that even in the unpaired setting,
our method can still achieve good segmentation. Results ap-
pear to be on par with the numbers provided in Andermatt et al.
(2018). To demonstrate the importance of the cycle-consistency
loss (Equation 3), we perform an ablation study where we train
S only with the adversarial loss of the mask discriminator (i.e.
only with Equation 6). We found that this achieves a Dice
of 0.66 (0.19) which is much lower than before. This high-
lights that just matching the adversary is not enough and that
the cycle-consistency loss, by backpropagating additional gra-
dients to the segmentor originating from this cost, encourages
further the segmented mask to be correct (in place and size) to
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Predicting future health status

• Given my state now and some knowledge

… How will I be in the future?

The now
The future
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• How would I look in 30 years?

• A much harder task is how would my brain look?

(a)	Trajectories	of	ageing	progression	of	two	subjects (b)	Ablation	study	on	identity	loss		8#(
(a)	Trajectories	of	ageing	progression	of	two	subjects (b)	Ablation	study	on	identity	loss		8#(

(a)	Trajectories	of	ageing	progression	of	two	subjects (b)	Ablation	study	on	identity	loss		8#(

A simpler proxy: Learning to age



115

SA Tsaftaris

What we need to solve…

Learn auto-regressive functions x(t+te) = f(x(t), te) but …

Age

Ag
ei

ng
 p

ro
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ss

x(t) x(t+te)
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What we need to solve…

Learn auto-regressive functions x(t+te) = f(x(t), te) but … 
we don’t have longitudinal observations

Age

A
ge

in
g 

pr
oc

es
s

Can we 
disentangle
“the ageing 
process” from 
individual 
characteristics?

Xia et al MICCAI 2019 Monday 1-2pm M-2-M-183 

Come to my poster MON 
1pm [M-2-M-183]
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The model

• Key ingredients:
– conditional GANs learn joint distribution of brain appearance and age
– ordinal encoding for conditioning
– age-modulated identity regularization

• Output and input differ more if age difference is larger
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Visual results
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CHALLENGES
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We may never have enough data

Sun et al ICCV 2017                                                          Mahajan et al ECCV 2018

Supervised learning has limits
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The curse of compositionality

Yuille & Yu 2019

Disentanglement will help address this
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Where is disentanglement going…

• Universal unsupervised disentanglement 
è does not exist

• Needs ”restrictions”: 
– annotated data or 
– inductive biases

• Usually involves many costs

• Models on VAE are popular

• Style-content disentanglement is harder

Challenging Common Assumptions in the Unsupervised Learning of
Disentangled Representations

Francesco Locatello 1 2 Stefan Bauer 2 Mario Lucic 3 Gunnar Rätsch 1 Sylvain Gelly 3 Bernhard Schölkopf 2

Olivier Bachem 3

Abstract
The key idea behind the unsupervised learning
of disentangled representations is that real-world
data is generated by a few explanatory factors of
variation which can be recovered by unsupervised
learning algorithms. In this paper, we provide
a sober look on recent progress in the field
and challenge some common assumptions. We
first theoretically show that the unsupervised
learning of disentangled representations is
fundamentally impossible without inductive
biases on both the models and the data. Then,
we train more than 12 000 models covering most
prominent methods and evaluation metrics in a
reproducible large-scale experimental study on
seven different data sets. We observe that while
the different methods successfully enforce prop-
erties “encouraged” by the corresponding losses,
well-disentangled models seemingly cannot be
identified without supervision. Furthermore,
increased disentanglement does not seem to lead
to a decreased sample complexity of learning
for downstream tasks. Our results suggest that
future work on disentanglement learning should
be explicit about the role of inductive biases and
(implicit) supervision, investigate concrete ben-
efits of enforcing disentanglement of the learned
representations, and consider a reproducible
experimental setup covering several data sets.

1. Introduction
In representation learning it is often assumed that real-world
observations x (e.g., images or videos) are generated by
a two-step generative process. First, a multivariate latent
random variable z is sampled from a distribution P (z). In-

1ETH Zurich, Department for Computer Science 2Max-Planck
Institute for Intelligent Systems 3Google Brain. Correspondence
to: Francesco Locatello <francesco.locatello@tuebingen.mpg.de>,
Olivier Bachem <bachem@google.com>.

tuitively, z corresponds to semantically meaningful factors
of variation of the observations (e.g., content + position of
objects in an image). Then, in a second step, the observation
x is sampled from the conditional distribution P (x|z). The
key idea behind this model is that the high-dimensional data
x can be explained by the substantially lower dimensional
and semantically meaningful latent variable z which is
mapped to the higher-dimensional space of observations
x. Informally, the goal of representation learning is to find
useful transformations r(x) of x that “make it easier to
extract useful information when building classifiers or other
predictors” (Bengio et al., 2013).

A recent line of work has argued that representations that
are disentangled are an important step towards a better
representation learning (Bengio et al., 2013; Peters et al.,
2017; LeCun et al., 2015; Bengio et al., 2007; Schmidhuber,
1992; Lake et al., 2017; Tschannen et al., 2018). They
should contain all the information present in x in a compact
and interpretable structure (Bengio et al., 2013; Kulkarni
et al., 2015; Chen et al., 2016) while being independent
from the task at hand (Goodfellow et al., 2009; Lenc &
Vedaldi, 2015). They should be useful for (semi-)supervised
learning of downstream tasks, transfer and few shot
learning (Bengio et al., 2013; Schölkopf et al., 2012; Peters
et al., 2017). They should enable to integrate out nuisance
factors (Kumar et al., 2017), to perform interventions, and
to answer counterfactual questions (Pearl, 2009; Spirtes
et al., 1993; Peters et al., 2017).

While there is no single formalized notion of disentangle-
ment (yet) which is widely accepted, the key intuition is that
a disentangled representation should separate the distinct,
informative factors of variations in the data (Bengio et al.,
2013). A change in a single underlying factor of variation
zi should lead to a change in a single factor in the learned
representation r(x). This assumption can be extended to
groups of factors as, for instance, in Bouchacourt et al.
(2018) or Suter et al. (2018). Based on this idea, a variety of
disentanglement evaluation protocols have been proposed
leveraging the statistical relations between the learned
representation and the ground-truth factor of variations.
Disentanglement is then measured as a particular structural
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In summary

• Medicine is full of multimodal information
– Could provide useful training signal
– Complementary information

• But we still treat decision making as a narrow task
• Representation learning is key to:

– Combining and disentangling information
– Reducing supervision
– Embedding knowledge
– Interpretable and explainable decisions

• Still several challenges lie ahead



130

SA Tsaftaris

Acknowledgements
UK
Lab:

– A. Dobrescu
– A. Chartsias
– T. Xia
– V. Giuffrida
– N. Dionelis
– G. Jacenkow
– G. Valvano
– X. Liu 

Collaborators:
– D. Newby
– S. Semple
– A. Smout
– A. O’Neil
– G. Papanastasiou
– M. Williams

USA-EU
– R Dharmakumar
– A. Frangi
– J. Prince
– X. Papademetris
– N. Merchant
– H. Scharr
– P. Perata



131

SA Tsaftaris

Acknowledgements

Funding:
NIH 4R01HL091989
NIH 1R01HL136578

EP/N510129/1 

EP/P022928/1
BB/N02334X/1
BB/P023487/1

Sotirios A. Tsaftaris, PhD

Email: S.Tsaftaris@ed.ac.uk
URL: http://tsaftaris.com

mailto:S.Tsaftaris@ed.ac.uk

