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ABSTRACT

Deep learning-based computer-aided diagnosis (CAD) of medical images requires large datasets.
However, the lack of large publicly available labelled datasets limits the development of deep learning-
based CAD systems. Generative Adversarial Networks (GANs), in particular, CycleGAN, can be used to
generate new cross-domain images without paired training data. However, most CycleGAN-based
synthesis methods lack the potential to overcome alignment and asymmetry between the input and
generated data. We propose a two-stage technique for the synthesis of abdominal MRI using cross-
modality translation of abdominal CT. We show that the synthetic data can help improve the perfor-
mance of the liver segmentation network. We increase the number of abdominal MRI images through
cross-modality image transformation of unpaired CT images using a CycleGAN inspired deformation
invariant network called EssNet. Subsequently, we combine the synthetic MRI images with the original
MRI images and use them to improve the accuracy of the U-Net on a liver sesgmentation task. We train the
U-Net on real MRl images and then on real and synthetic MRI images. Consequently, by comparing both
scenarios, we achieve an improvement in the performance of U-Net. In summary, the improvement
achieved in the Intersection over Union (loU) is 1.17%. The results show the potential to address the data
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scarcity challenge in medical imaging.

1. Introduction

Deep learning models have advanced the current state of
artificial intelligence (Al) in medical imaging. In general, we
require a significant number of labelled images to train
a deep learning model. However, acquiring medical image
data with ground-truth labels is costly and time-consuming,
as one must rely on manual annotation by trained radiologists.
In addition, privacy concerns also limit the public sharing of
medical data. On the other hand, training a deep learning
model on a small number of images limits the generalisation
of the model. For small medical datasets, synthesising newer
images using the available cross-modality data may help to
improve the model’s training. Furthermore, certain features of
human tissues may be better visualised using only certain
modalities. For example, compared to computed tomography
(CT) scans, magnetic resonance imaging (MRI) can provide
better insights into soft tissues (Stallard 2019). However, an
MRI scanner is a complex device that is costly to operate and
only available at specialised centres (BetterHealth 2012). On the
other hand, CT is comparatively less expensive than MRl and is,
therefore, more accessible (Eurostat 2021). One possible
approach to increasing the number of MRI images is to trans-
form CT into MRI. This domain-to-domain translation can aid in
gaining additional MRI data and, hence, reveal features in
human tissues that would otherwise be not available.
Consequently, this increase in data can improve the perfor-
mance of a deep learning model. It is important to note that

increasing images by this domain-to-domain image synthesis is
different from data augmentation; in data augmentation, the
changes are in the geometric and photometric transformations
of the same image, while in image synthesis, new images are
generated from original images to increase the number of
images in a dataset.

Recently, Generative adversarial networks (GANs) have
demonstrated good potential to generate synthetic image
data (e.g (Yi et al. 2019; Gui et al. 2021; Ali et al. 2022; Ali and
Shah 2022)). GAN consists of a generative network G and
a discriminative network D. The generative network G takes
the noise data and produces synthetic data, and the discrimi-
native network D takes input both from the generator G and
from the training dataset and outputs the probability of
whether the input has come from the real data (Goodfellow
et al. 2020). In each iteration of the training, the discriminator is
updated to make it better at discriminating between synthetic
and real samples, and accordingly, the generator is updated
based on its performance in fooling the discriminator. In other
words, the two models are trained together in a two-player
minimax game. The training of GAN (Goodfellow et al. 2020) is
prone to instability. DCGAN (Radford et al. 2015) introduced
a set of constraints to address the instability problem. The GAN
also has the problem of generating images unconditionally, i.e.
with no control over the output. The CGAN model provided
control over the data synthesis process by conditioning the
GAN based on supplementary information (Mirza and
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Osindero 2014). This conditional supplementary information
may be a class label or data from another modality. ACGAN
(Odena et al. 2017) takes both the class label and the noise as
input and generates output images. The above conditional
GANs are application-specific. To generalise CGAN, image-to-
image translation GAN (pix2pix GAN) maps an input image
from one domain to an output image in a different domain.
The pix2pix GAN has demonstrated effectiveness on a wide
variety of problems (Isola et al. 2017). The pix2pix-GAN was
recently used by (Yang et al. 2018) to improve the registration
and segmentation of MRI images. Pix2pix-GAN can be utilised
to convert a T1-weighted MRI image into a T2-weighted MRI
image, as demonstrated by (Dar et al. 2019). Similarly, Liu et al.
(2020) synthesised brain MRl image types, including T1, T2, DWI
and Flair, using paired images based on a pix2pix-GAN-inspired
architecture. Other architectures inspired by pix2pix-GAN
include MI-GAN (Igbal and Ali 2018), which generates retinal
vessel images using paired training data to improve the per-
formance of the vessel segmentation, while CovidGAN
(Waheed et al. 2020) generates chest X-ray (CXR) images
using paired data to improve the CNN performance for
COVID-19 detection. Furthermore, in (Lei et al. 2020) and (Fu
et al. 2020), paired CT and MRI images are used to improve the
performance of multiorgan pelvic segmentation. However,
pix2pix-GAN requires paired samples of data from the source
and target domains, which are not commonly available in the
medical imaging field.

The CycleGAN model extracts features from the input
domain image and learns to translate these features to the
target domain image without any paired training samples
(Zhu et al. 2017). Shen et al. (20202020), used CycleGAN as
the baseline framework for MRI image-to-image translation
(T1 to T2 and vice versa). Zhang et al. (2022), used a large set
of publicly available paediatric structural brain MRI images to
construct a switchable CycleGAN model for image synthesis
between multi-contrast brain MRI (T1Tw and T2w) images. SLA-
StyleGAN (Wang et al. 2018) used unpaired data to synthesise
skin lesion images of high quality, which in turn improved the
classification accuracy of skin lesions. Park et al. (2020) pro-
posed an improved variant of CycleGAN based on contrastive
learning. Guo et al. (2025) used the model from Park et al.
(2020), for data augmentation to improve the accuracy of
kidney segmentation. They generated more kidney ultrasound
images using unpaired CT images to improve segmentation
accuracy on U-Net using both real and synthesised ultrasound
images. Hong et al. (2022) developed a specialised domain
adaptation framework based on adversarial learning between
unpaired CT and MRI. They synthesised MRI images from CT
and segmented the liver in abdominal MRI using only CT labels,
without any MRI labels.

In short, for synthesising cross-domain medical images (e.g.
CT to MRI, MRI to CT, CT to PET, etc.), CycleGAN and its variants
mentioned above have proven to be effective for domain-to-
domain translation tasks on unpaired data. However, most
CycleGAN-based synthesis methods lack the potential to over-
come alignment and asymmetry between the input and gen-
erated data. It has been noted that CycleGAN may replicate the
data’s ‘domain-specific deformations’ (Chartsias et al. 2017;
Zhao et al. 2021), which means that there are geometric

changes (scaling, rotation, translation and shear) between the
source and target domains. DicycleGAN (Chartsias et al. 2017)
addressed the problem of domain-specific deformation. It used
deformable convolutional (DC) layers along with new cycle-
consistency losses. This model has the capacity to synthesise
output data that is aligned with input data. In this model,
‘deformation’ and ‘image translation’ parameters were com-
bined into a single network. However, the DC layers of
DicycleGAN only learn relatively unchanged and specific defor-
mations. The improved version of DicycleGAN was named
TPSDicyc (Wang et al. 2019), formed on a thin-plate-spline
(TPS). To learn the relative distortion between the input and
output data, TPSDicyc used a segregated spatial transformation
network (STN). The authors of the TPSDicyc technique used
publicly available multi-sequence brain MR data and multi-
modality abdominal data to evaluate their method, which
gave good results for generating synthetic images that are
aligned with the source data. The alignment issue was also
tackled by (Zhao et al. 2021) using the alignment step, convert-
ing the source data in such a way that the position, scale and
viewing angle are identical to the output data before synthesis-
ing MR images from CT images. An improved end-to-end net-
work, which is also based on CycleGAN, named EssNet, was
introduced in (Huo et al. 2018). EssNet synthesised unpaired
MRI to CT images and CT splenomegaly segmentation concur-
rently in the absence of ground truth labels in CT. EssNet had
a segmentation network part in addition to the CycleGAN net-
work part. In EssNet, the alignment and domain-specific defor-
mation issues were resolved through simultaneous training of
the CycleGAN and segmentation networks. The model was
trained on unpaired CT and MRI data and used ground truth
only from MRI data. It generated synthetic CT images as well as
the corresponding labels by leveraging the ground truth label-
ling of MRI images. Zhang et al. (2018) proposed a variant of
EssNet where they used two segmentors instead of one, utilis-
ing both source and target labels for cross-modality domain
adaptation between heart MRI and CT. Similarly, Liu et al. (2024)
also proposed a variant of EssNet where they used two seg-
mentors instead of one, utilising source labels only for cross-
modality domain adaptation between brain and abdomen MRI
and CT. More related efforts on GANs for the synthesis of
medical image data for different organs are reviewed in (Ali
et al. 2022; Ali and Shah 2022).

The recent state-of-the-art techniques discussed above use
unpaired image-to-image domain adaptation to achieve
image synthesis, where synthetic images from one modality
with sufficient labelled data aid segmentation tasks for
another modality. Our aim in this work is to use cross-
modality synthesis for MRI data augmentation. MRI image
synthesis through the domain-to-domain translation of CT
scans can increase the size of the dataset and thus improve
the generalisation of the Al models. In this work, we use
a CycleGAN-based EssNet architecture for cross-modality
translation of abdominal CT to abdominal MRI that can help
improve the performance of a segmentation network. We
train the EssNet using unpaired CT and MRI images and use
manual labels for the CT images only. The simultaneous
training of the CycleGAN and segmentation network parts
of EssNet solves the alignment and domain-specific
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deformation issues. To evaluate the improvements resulting
from cross-modality translation, we use the U-Net biomedical
segmentation model for liver segmentation using the original
and the generated MRI images. Through segmentation per-
formance in terms of dice coefficient and Intersection over
Union (loU), we demonstrate the improvements that occur as
a result of using the generated data. To the best of our
knowledge, this is the first method that performs cross-
modality abdominal (CT to MRI) image synthesis to improve
the segmentation accuracy of a model. The main contribu-
tions of this work are:

e We present a new two-stage EssNet+U-Net architecture
that can synthesise abdominal MRI using image transfor-
mation of unpaired CT images and perform liver
segmentation.

e We perform a cross-modality image transformation to
generate synthetic MRl images that are free from align-
ment and domain-specific deformation issues.

e Through empirical evaluation, we demonstrate the poten-
tial of synthetic MRI images and their effectiveness in
improving the performance of U-Net for liver
segmentation.

The remainder of the paper is organised as follows: Section 2
presents the proposed methodology in detail, followed by
a discussion on datasets in Section 3. Section 4 presents the
results obtained with the proposed method and also presents
the results for ablation studies on the proposed method.
Finally, Section 4 concludes the paper.

2. Methods

Huo et al. (2018) proposed an end-to-end synthesis and seg-
mentation network, which performs unpaired MRI to CT image
synthesis and does CT splenomegaly segmentation concur-
rently in the absence of ground truth labels in CT. Inspired by
EssNet, we propose a two-stage (EssNet+U-Net) architecture, as
shown in Figure 1. In the proposed approach, we use EssNet to
transform unpaired abdominal CT images into MRI images and
perform MRI liver segmentation concurrently in the absence of
ground truth labels for the MRI. The purpose of MRI liver
segmentation is to help the generator network generate high-
quality MRI images without alignment and domain-specific
deformation issues. The images generated by EssNet, along
with the real MRI images, are fed into the U-Net model to
improve the segmentation accuracy. Unlike EssNet, which per-
formed unpaired MRI to CT image synthesis and segmented CT
splenomegaly, our aim is to use EssNet to achieve unpaired
abdominal CT to MRI aligned image synthesis only and then
use these newly generated images to improve the performance
of U-Net segmentation. In the following text, we first describe
the EssNet network details, followed by the U-Net.

2.1. EssNet

Figure 2 shows the EssNet architecture. The EssNet model con-
sists of a CycleGAN part, which has two generators and two
discriminators and a segmentation network part. Part 1 of
Figure 2 is basically CycleGAN which generates synthetic
images, while Part 2 of Figure 2 segments the synthetic images,
which also helps to overcome the alignment problem of

Generated MRI

Ty
»  EssNet
Generated MRI |
Stage 2
Real MRI » U-Net

Segmented Image

Figure 1. Our proposed two-stage (EssNet+U-Net) approach. Stage 1: the approach uses CycleGAN-based EssNet architecture to generate abdominal MRI. Stage 2: the

generated MRI is combined with real MRI to improve the U-Net segmentation.



4 M. RAFIQ ET AL.

CT Label  F---mmmmmmm e oo > Lseg
SR A
Real CT —: Gen(e;rlator _)Dlscn];nllnator _____ >/ £GAN
" Generated MRI
£ " Label
cycle
e A
v Y s
Generated CT ‘ ‘ Generated MRI I > egrréentor
A A
v
Leycle
< A
Generator (€ :
v E < Real MRI
Discriminator e
D2 T PART 1 PART 2

Inference

Generator

Real CT > Gl

Data: Real Data
Network: \:l Generator Network
Path: —> Training Path A

Loss

}I Generated MRI

:| Generated Data

CI Discriminator Network

—» Training Path B

Figure 2. Overall workflow of the EssNet architecture. Part 1 of the training module is the synthesis part, which is basically CycleGAN. G; and G, are the two generators,
while Dy and D, are the two discriminators. The segmentation part for end-to-end training is in part 2. In the testing module, real CT is fed to generate additional MRI

images. (adapted from Huo et al. (2018)).

generated images by CycleGAN. Two generators (G; and G;) are
used to generate CT to MRI images and vice versa. The two
adversarial discriminators (D; and D,) are used for checking the
probability of the input image being fake (generated) or real. D,
assesses whether the MRI image is real or fake, whereas D,
determines the status of the CT image. Two training routes
(Path A and Path B) are presented in forward cycles when this
framework is applied to unpaired CT and MRI. In the testing
phase, we feed real CT images to the trained network to gen-
erate additional MRI images. The complete architecture of
EssNet is discussed below, where we first discuss the genera-
tor/segmentor, followed by the discriminator and then the loss
functions.

2.1.1. Architecture of generator

The two generators (G; and G,) are constructed with the
9-block ResNet (defined in (Johnson et al. 2016; Zhu et al.
2017)), and have an encoder-decoder architecture, as shown
in Figure 3. G; transforms CT images to MRI, whereas G, trans-
forms MRI images to CT. The segmentation network S is

concatenated with G; as an additional forward branch. The
9-block ResNet (Johnson et al. 2016; Zhu et al. 2017) is
employed as S, and its network structure is identical to that of
G, and G;. The segmentation is then performed on the gener-
ated MRI. ResNet employs the idea of residual blocks, which
incorporate shortcut skip connections. By redefining the layers
as residual functions that learn about the inputs to the layer,
the authors of ResNet (He et al. 2016) demonstrate that residual
networks are simpler to optimise and can gain more accuracy at
a noticeably higher depth.

2.1.2. Architecture of discriminator

The architecture of the two adversarial discriminators (D; and
D,) is patch-based, as introduced in (Isola et al. 2017) and
shown in Figure 4. D, assesses whether the MRI image is real
or fake, whereas D, determines the nature of the CT image. In
the patch discriminator, after feeding one input image to the
network, it provides us with the probabilities of two outcomes:
real or fake. However, it does not utilize a scalar output; instead,
it uses an NxN output matrix. The output of the discriminator is
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Figure 3. The generator architecture includes an encoder block, a 9-block ResNet

an NxN matrix corresponding to the NxN patches of the input
image. Each patch is 70x70 pixels, and this size is fixed. Here,
NxN can vary based on the dimension of the input image.

2.2. Loss function

A combination of five loss functions is used to accomplish the
training. The losses include two adversarial loss functions, two
cycle-consistency loss functions and one segmentation loss
function, as discussed below.

2.2.1. Adversarial loss function
The two adversarial loss functions, referred to as Lean(-), are
defined as follows:

and a decoder block.

Lean(G1, D1, A, B) = Ey~llog D1 (y)] + Ex~allog(1 — D1(G1(x)))]
M

Lan(G2,D2,B,A) = Ex-a[log Dy (x)] + Ey~[log(1 — D2(Gz(y)))]
2

Equations 1 and 2 are standard adversarial cross-entropy loss
GAN equations. In Equation 1, G; the input image x of modality
A and attempts to generate images G;(x) that resembles
images y of modality B, while D; attempts to differentiate
between generated samples G;(x) and real images y from
modality B. Equation 2 does the same thing with the roles of
modality A and B reversed. The probabilities that the data
instances y of modality B and x of modality A, in our case an
MRI image and a CT image, are real, are estimated by the two
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Figure 4. Architecture of a patch-based discriminator. The discriminator has five convolution blocks.

discriminators D1 (y) and D, (x). For input instances x and y, the
two generators’ outputs are Gy (x) and Gy(y). 1 — D1(G;(x)) and
1 — Dy(G,(y)) estimate the probability that the input instances
are synthetic. Both £, and E,—4 represent the values that
should be expected across all real data instances. The generator
tries to reduce the given loss function, whereas the discrimina-
tor tries to maximise it, similar to a min-max game.

2.2.2. Cycle consistency loss function

Adversarial loss alone is insufficient for producing high-quality
images, but the cycle consistency loss solves this problem.
Cycle consistency loss is used for unpaired image-to-image
translation in generative adversarial networks. Two cycle-
consistency loss functions, referred to as L(-), are utilised
to compare the real images with the reconstructed images.

£cycle(G1aGZaA) = x~AH| GZ(G1 (X) - X)H1] (3)

=Yl )

From Equations (3) and (4): we wish to learn a mapping
between G;(x) and G,(y) for two domains x and y. We wish
to reinforce the idea that these translations should be inverses
of each other and bijections. Therefore, the inclusion of both
the cycle consistency losses for G,(Gi(x))=x and
G1(Gy(y)) =y are encouraged. In other words, if we pass
synthesised image G;(x) (input modality A, output modality
B) to G, (input modality B, output modality A), the original
image x should be reconstructed and vice versa. By requiring
forwards and backward consistency, the loss narrows the range
of potential mapping functions.

['cycle (G27 G1 ) B) = y~B[|| G1 (GZ (Y)

2.2.3. Segmentation loss function
A segmentation loss function, referred to as Lsg(-), is
defined as:

Liseg(S,G1,A) ZN log(S(Gi(x))) (5)

The equation is the cross-entropy segmentation loss, where
S(G1(x;) shows the segmented output of segmentor S, which
segments the modality B image generated by generator Gy, N is
the pixel-wise ground truth of modality A for image x, and i is
the pixel index. The total loss function is subsequently defined
below where the lambdas are hyper parameters set empirically:

/v‘total = )\1 '

AN G],D1 A,B) + A, - Loan(G2, Do, B,A)+
)\3 cycle G1,Gz, C>

cycle(627 G1 ) B) + )‘5 ‘Cseg(sla 1 ,A)
(6)

2.3. U-Net architecture

We used the U-Net (Ronneberger et al. 2015) architecture to test
improvements in segmentation accuracy using artificially gen-
erated images. U-Net consists of an expanding path and
a contracting path. The contracting route follows the convolu-
tional network architectural conventions. On the contracting
path repeatedly, two 3 x 3 convolutions followed by a rectified
linear unit (ReLU) are used for feature extraction, and a 2x2
max pooling operation with stride 2 is used for downsampling.
With each downsampling step, we increase the number of
feature channels by a factor of two. At each stage of the
expanding path, the process begins with upsampling the fea-
ture map, followed by a 2 x 2 up-convolution. This is then con-
catenated with the feature map from the contracting path,
which has been cropped to match in size. Afterwards, two 3 x
3 convolutional layers are applied sequentially, each followed by
a ReLU activation function. Throughout the expanding path, the
number of feature channels is progressively halved at each step,
which contrasts with the contracting path, where the number of
channels is increased. Finally, in the last layer, each of the 64-
component feature vectors is mapped to the desired number of
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output classes using a 1 x 1 convolution. The overall architecture
of the network consists of 23 convolutional layers in total.

3. Datasets

This study uses two datasets: abdominal MRI (T1 and T2
weighted) and abdominal CT. The two datasets are included
in the Combined (CT-MR) Healthy Abdominal Organ
Segmentation (CHAOS) dataset (Kavur et al. 2021). Both data-
sets include the MRI/CT of multiple healthy persons. The data-
sets were retrospectively and arbitrarily gathered from Dokuz
Eylul University (DEU) Hospital’s picture archiving and commu-
nication system (PACS). The CT and MR datasets are unrelated
to one another since they were gathered from unregistered
individuals who are distinct from one another (Kavur et al.
2021).

3.1. Abdominal CT dataset

There are 40 different persons’ CT images in this dataset. The
images in the datasets are acquired from healthy individuals, so
the liver is free of lesions or other disorders. The CT images
were taken from the person’s upper abdomen. Each person’s
3D CT DICOM file includes a collection of 2D DICOM images
representing different CT cross-sections. Each DICOM image is
16-bit with a resolution of 512x512. A few samples from this
dataset are shown in Figure 5. The data of 20 persons is kept for
the training set, and the data of the remaining 20 persons is
kept for the test set. In our work, we used only the training set
for both training and testing because of the availability of
ground truth CT images in this training set. The total number
of images in this training set is 2874. We used those 2050
images in which the liver can be seen, as we want to do liver
segmentation.

3.2. Abdominal MR dataset

In this dataset, 120 3D DICOM files from two distinct MRI
sequences are included. The MRI sequences are T1-DUAL in
phase (40 3D DICOM files), out phase (40 3D DICOM files) and
T2-SPIR (40 3D DICOM files). Each person’s 3D DICOM file
includes a collection of 2D DICOM images representing differ-
ent MRI cross-sections. These MRl images were also taken from
the person’s abdomen. Each image in this dataset is 12-bit with
a resolution of 256x56. A few samples from this dataset are
shown in Figure 6. From this dataset, we use T2-SPIR, which has
20 files for training and 20 files for testing. However, the ground
truth is available for the training set images only, so we use
samples from the training set only. The total number of images
in this training set is 623. Of these, the number of images
suitable for our tasks is 408, as the liver is visible in these
images.

4. Results

The experiments were performed on an NVIDIA GeForce RTX
2060 with 6GB GDDR6 memory. For EssNet, the authors’ online
implementation based on PyTorch was adapted, where the loss
function lambdas were set to A; = 1,A, = 1,A3 = 10,A;, = 10
based on the CycleGAN implementation whereas As was simply
set to 1. The optimiser used was Adam with a learning rate of
0.0001 for Gy, G, and S, and 0.0002 for D; and D,. The number
of input and output channels for all networks was one, except
for the Segmentor S. For S, we used two output channels: one
for the background and one for the liver. The model was
trained for 100 epochs with a batch size of 1 to remain within
the GPU’s memory limits. For the U-Net, the Keras-TensorFlow
implementation was employed. The Adam optimiser was used
with a learning rate of 0.0001. The model was trained for 300

Figure 5. Samples of abdominal CT images. These are the original CT images from the abdominal CT dataset and show different organs of the abdomen.

Figure 6. Samples of abdominal MRI images from the T2-SPIR sequence. These are the original MRI images from the abdominal MR dataset and show different organs

of the abdomen.
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epochs with a batch size of 2, and the steps per epoch were
equal to the number of images divided by the batch size.

In the first stage, we trained the EssNet network on the
original 350 MRI and 350 CT images. We generated 2050 syn-
thetic MRI images from the original CT images. The EssNet
network was used only for generating new images from the
original images. The arrangement of training and testing
images for EssNet is shown in Table 1. Figure 7 shows the
original input CT images along with their ground truth and
the generated output MRI images of EssNet. It can be seen
that there are no alignment or domain-specific deformation
issues in the generation. However, as Figure 8 shows, there
are some minor defects in the synthesised images. In each
row, the first image shows the original CT image, the second

Table 1. Number of training and test images as input to EssNet, and the number
of output images by EssNet.

Train/Test MRI T Generated MRI Images
Train 350 350 -
Test - 2050 2050

Figure 7. Sample results for CT to MRI translation using EssNet on CHAOS dataset.
Column (a) has the real CT images, whereas column (b) has the generated MRI
images.

(a) (b) (c)
Real CT

CT Liver
Ground Truth

Synthetic
MRI

Figure 8. Defects in CT to MRI translation as pointed to by arrows. Column (a) has
the real CT images, column (b) has the generated MRl images, whereas column (c)
has the CT liver ground truth segmentation mask.

image shows the synthesised MRI image and the third shows
the segmentation ground truth for the liver in the CT image. As
indicated in the image by the arrow, a minor part of the liver in
the synthesised image is missing, which can affect segmenta-
tion accuracy when these images are used. Therefore, in the
future, more accurate synthesis of images is required, which will
improve the accuracy of deep learning tasks on medical
images, especially in cases where data is scarce. In the second
stage, we used the U-Net architecture for liver segmentation.
First, we trained the U-Net on 350 real MRI images. Then, we
tested the U-Net on 58 real MRl images and calculated the dice
coefficient and loU. After this, we trained the U-Net again on
real and synthetic MRI images while gradually increasing the
number of synthetic images in the training data, as shown in
Table 2. Finally, we tested the segmentation performance of
the U-Net on 58 real MRI images. For performance evaluation,
we computed the dice coefficient and loU. The results reported
in Table 3 show that the dice coefficient and loU are improving

Table 2. Arrangements for training and testing images for U-Net.

Real MRI Generated MRl Combined MRI Images (Real +

Train/Test Images Images Generated)
6*Training 350 - 350

350 354 704

350 714 1064

350 1034 1384

350 1487 1837

350 2050 2400
Testing 58 - 58
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Table 3. Results of segmentation with U-Net using varying sizes of training sets of
MRI data. The size of the test set remains the same.

Number of training images (MRI) Dice loU

Real only (350) 0.9459 0.8974
Combined (704) 0.9467 0.8989
Combined (1064) 0.9524 0.9091
Combined (1384) 0.9485 0.9020
Combined (1837) 0.9475 0.9002
Combined (2400) 0.9505 0.9058

until the combined 1064 scenario. After this, the dice coeffi-
cient and loU decrease. Therefore, it can be concluded that
performance is saturated for U-Net when we used combined
1064 images. From Figure 9, we can see that when U-Net

(@) (b)

Real images Real +
only Synthetic
images

segmentation models are trained using both real and synthetic
data, the segmentation results show a close resemblance to the
ground truth, as compared to when the U-Net is only trained on
real images. The AUC-ROC curve is presented in Figure 10,
which shows the separability between the two classes. From
Figure 10, we can see that the AUC is very high, which means
that the prediction capability of the model is very good.

The number of parameters for the EssNet model in our
setting is 28,256,644 (28 million). The training time for 100
epochs is 6 h and 23 min, i.e. 230 seconds per epoch. The test
time for generating 714 images, as synthesised 714 plus real
350 gives us 1064 training images, is 352 s, i.e. 2.02 frames
per second (FPS). The number of parameters for the U-Net

(c)
Ground truth
segmentation

mask

d)
MRI

s
. @

Figure 9. Liver segmentation results using real and synthetic MRI. Column (a) has the segmentation results of U-Net trained only on real images; column (b) has the
segmentation results of U-Net trained on both real and synthetic images; column (c) has the original ground truth, whereas column (d) has the input MRI images.
A close resemblance with the ground truth can be seen for segmentation when the model is trained using real as well as synthetic data.



10 M. RAFIQ ET AL.

10

ROC

0.8 1

(=]
(=]

AUC

=]
-

Tue Positive Rate

0.2 1

0003 0004 0005 0006

False Positive Rate

0.0 T T
0.000 0.001 0.002

Figure 10. The AUC-ROC curve. The high AUC shows that the separability
between the two classes is very high.

Table 4. Computational cost of the models.

Trainable Train Time (seconds per Inference (frames

Parameters epoch) per second)
EssNet 28 M 230 2.02
U-Net 31 M 80 21

model in our implementation is 31,031,685 (31 million). With
1064 training images, the training time for 300 epochs is
6 h and 39 min, i.e. 80 seconds per epoch. The test time for
segmenting 58 images is 2.76 s i.e. 21 FPS, so the end result is
a model that can segment images relatively quickly at test time.
The parameters and times are summarised in Table 4. It should
be noted that these training times are for an older GeForce RTX
2060 GPU, and the models are expected to train much faster on
modern GPUs.

4.1. Ablation studies

To illustrate the viability of the proposed model, we performed
an ablation study on the synthesised MRI images from CT
images. We made changes to the EssNet model by removing
the segmentation network (part 2 in Figure 2), i.e. we used the
CylceGAN only. We generated MRI images from CT images
through CycleGAN and kept the training and testing images
the same as EssNet, as discussed in the results section.
Figure 11 shows the results of CycleGAN for CT to MR synthesis.
There are some alignment and domain-specific deformations in
the generated images. To see the effect of this deformation, we
trained U-Net using both real and synthetic MRI images and
calculated the dice coefficient and loU. The results reported in
Table 5 show that using real and synthetic MRI images did not
bring any improvements in dice coefficient and loU compared
to the results for real images only. Figure 12 also shows that
there is little or no difference in the output segmentation

Table 5. The output segmentation results of U-Net, trained on only real images
and trained on both real and generated images by CycleGAN.

Number of training images (MRI) Dice loU
Real images only (350) 0.9459 0.8974
Combined (1064) Real+Synthetic 0.9460 0.8976

Figure 11. Synthesis results for ablation studies after removing the segmentation
part of the EssNet. Column (a) has the real CT images. Column (b) has the MRI
images generated by CycleGAN without the segmentation part. Column (c) has
the synthetic MRl images generated by EssNet architecture.

results of U-Net, trained on only real images and trained on
both real and synthetic images, and that the segmentation
results do not show a close resemblance to the ground truth.
From this ablation study, we can say that EssNet based method
is better at synthesising cross-modality images, as these images
have no alignment or deformation issues.

4.2. Limitations

The results presented in this study are derived from a dataset
originating from a single hospital, and their generalisability to
other datasets/hospitals remains unverified. While the frame-
work demonstrates promising performance within this dataset,
caution is advised when extrapolating these findings. The seg-
mentation performance presented in this work is limited to the
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@ (b)

(©

G (e)

Real images Real + Real + Ground truth MRI
only (CycleGAN) (EssNet) segmentation
Synthetic Synthetic mask
images images

Figure 12. Segmentation results for ablation studies on MRI dataset. Column (a) has the output segmentation results of U-Net only trained on real images; column (b)
has the output segmentation results of U-Net trained on both real and generated images (CycleGAN), column (c) has the output segmentation results of U-Net trained
on both real and generated images (EssNet), column (d) has the original ground truth, whereas column (e) has the original input MRl images. Results in (b) do not show
a close resemblance to the ground truth for segmentation when the model is trained using real as well as synthesis data (CycleGAN).

use of the U-Net model only and does not explore other
advanced methods for segmentation. We believe it is justified
as the focus of this work has been to show the effectiveness of
the synthetic data, and the use of more advanced segmentation
techniques has been left out for future experiments.

5. Conclusion

Medical image synthesis using GANs is an exciting and rapidly
evolving field that holds great potential for improving medical
image analysis and computer-aided diagnosis. In this work, we
proposed a two-stage (EssNet+U-Net) architecture for improv-
ing the accuracy of liver segmentation through cross-modality
medical image synthesis. We use the EssNet model to transform
unpaired abdominal CT images to MRI images in such a way
that there are no alignment issues or domain-specific deforma-
tion issues. The images generated by EssNet are fed into the
U-Net model along with the real images to improve segmenta-
tion. We evaluated the performance of U-Net in both cases, i.e.

only trained on real images and trained on both real and
synthetic images. Experimental results showed the effective-
ness of our proposed method, where the segmentation accu-
racy results improved when we trained U-Net on real plus
synthetic images. In summary, the improvement achieved is
1.17% in loU and 0.65% in the dice coefficient. We believe that
these results can serve as motivation for future research into
generating cross-modality images in order to increase the
number of images in a dataset, particularly, in clinical applica-
tions, without the need to acquire additional data where train-
ing data is scarce and acquiring additional data is costly. The
improvements of the order 1.17% and 0.65% in the loU and the
dice coefficient are relatively smaller; however, it is not uncom-
mon to report such marginal improvements for segmentation
tasks. Since the focus of the work has been to demonstrate the
effectiveness of synthetic image data, only U-Net was used for
the segmentation task. It is expected that more advanced
segmentation methods would bring further improvements;
however, their use is left out for future work.
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