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Abstract. Segmentation is an important step in medical imaging. In
particular, machine learning, especially deep learning, has been widely
used to efficiently im prove and sp eed up the segmentation process in clin-
ical practice. Despite the acceptable segmentation results of multi-stage
models, little attention was paid to the use of deep learning algorithms for
brain image segmentation, which could be due to the lack of training data.
Therefore, in this paper, we propose a Generative Adversarial Network
(GAN) model that performs transfer learning to segment M RI brain
images.Our model enables the generation of more labeled brain images
from existing labeled and unlabeled images. Our segmentation targets
brain tissue images, including white matter (W M), gray matter (GM),
and cerebrospinal fluid (CSF'). We evaluate the performance of our GAN
model using a commonly used evaluation metric, which is Dice Coeffi-
cient (DC). Our experimental results reveal that our proposed model
significantly i mproves s egmentation r esults c ompared t o t he standard
G AN model. We observe that our model is 2.1-10.83 minutes faster than
stat-of-the-art-models.

Keywords: Transfer Learning; Generative Adversarial Networks; MRI
Brain Images

1 Introduction

The great growth of medical imaging applications in the last decade has witnessed
a matching increase in image segmentation and classification. Such growth has
encouraged researchers in clinical fields to develop models that make segmentation
work similar to the human process in clinical practice [1,2]. To this end, machine
learning-based brain segmentation, in which brain images are divided into multiple
tissues, has emerged as it makes brain image segmentation more accurate [3,4].

Many brain image segmentation models have been proposed in the literature.
A common technique was to use two-stage models, by fusing global information
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with local information generated in two subsequent stages, to achieve acceptable
segmentation results. The design of multi-stage models, in general, allows to
achieve better results, since it helps solve the information loss problem [5,6,7,8].

There have been many studies [10,11,12,15] proposing techniques to improve
the accuracy of brain image segmentation to reach results that are close enough
to manual reference. Unlike conventional machine learning models, the use of
deep learning algorithms for brain image segmentation received little attention,
which is due to the lack of training data. To address such an issue, adversarial
learning and few-shot learning techniques have been developed to perform well in
cases where only a few labeled images are available [9,13]. For example, Mondal
et al. [9] proposed a few-shot 3D multi-modal image segmentation using a GAN
model, which consists of U-net, a generator, and an encoder [9]. Fake images
were first generated using generator, then used along with labeled and unlabeled
data to train the discriminator, which in turn distinguishes between generated
and true data. The encoder was used to compute the predicted noise mean and
log-variance. Despite the merits of such a model, it did not achieve promising
results compared to previous state-of-the-art models.

While previous techniques enabled neural networks to produce acceptable
segmentation output, there were very limited models that address the segmen-
tation of infant brain images to White Matter (W M), Grey Matter (GM), and
CerebroSpinal Fluid (CSF). As an example, Dolz et al. [14] proposed a model
to segment infant brain images, which was evaluated using the iSEG Grand
MICCAI challenge dataset. The model utilized the direct connections between
layers from same and different paths, which were used to improve the learning
process. However, that model did not take into consideration deeper networks
with fewer filters per layer. Moreover, individual weights from dense connections
were not investigated.

Therefore, in this paper, we propose a novel Generative Adversarial Network
(GAN) model that performs transfer learning to improve the segmentation of
M RI brain images, particularly (W M), (GM), and (CSF'). Our model enables
generating more labeled data from existing labeled and unlabeled data. To do
this, we employ an M RI encoder with a ground truth encoder to compress the
features and convert them into low-dimensional M RI and tissues vectors. Each
encoder is capable of compressing one or more inputs. We design the layers of
our model to pass image information to the decoder, which in turn transfers
tissues information into M RI images using a GT layer where GT layer stands
for ground truth.

The remainder of this paper is organized as follows. Section 2 reviews related
work. Section 3 presents our GAN model. Section 4 presents our setup materials
and methods. Section 5 presents and discusses our experimental results. Finally,
Section 6 concludes the paper and suggests possible future work.

2 Related Work

This section reviews the work related to our study.
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2.1 Generative Adversarial Network (GAN) for brain segmentation

GANSs have shown promising results in both medical image diagnostics [20] and
brain image segmentation [19,23]. Fig. 1 shows GAN has two parts: The generator
is to generate the data, whereas the discriminator is to distinguish between the
generated data and real data. Much research on brain image segmentation has
been conducted using GANs.

For example, Cirillo et al. [21] proposed a 3D volume-to-volume (GAN) to
segment the images of brain tumors. Their model achieved 94% result when
the generator loss was weighted five times higher than the discriminator loss.
The proposed model was evaluated on the BraT§ 2018 dataset. Their model
outperformed previous models with an overall accuracy of 66%.

Delannoy et al. [22] proposed a super-resolution and segmentation framework
using GAN to neonatal brain M RI images. Their framework composed of two
networks (a) a generating network trained to estimate the corresponding high
resolution (H R) image for a given input image, and (b) a discriminator network
D to distinguish real HR and segmentation images. Their model outperformed
previous models with an overall accuracy of 83%.

Yuan et al. proposed an end-to-end GAN, called Seg AN [28] by employing a
fully convolutional neural network, as the segmentor, along with an adversarial
critic network with a multi-scale L1 loss function. Using these two networks
enables to learn both global and local features.

Ding et al. [29] utilized a coarse-to-fine to improve brain segmentation using
a two-stage GAN, where, in the first stage the model generates a coarse outline
for global information, and in the second stage the model generates an outline
for specific information. An improved segmentation result was obtained by fusing
the coarse and refined outlines.

Kamran et al. [30] proposed a multi-scale GAN for retinal vessel segmen-
tation, called RV — GAN, which employed two generators and two multi-scale
discriminators and used a weighted feature matching loss from the discriminator’s
decoder over the encoder. Two metrics (i.e., the mean intersection-over-union
(Mean — IOU) and the structural similarity measure (SSIM)) were used to
evaluate the effectiveness of their proposed model.

Wu et al. proposed an unsupervised brain tumor segmentation, called D —
GAN|31], which learns a non-linear mapping between the left and right brain
images and then learns to reconstruct normal brains and to segment brain tumors.
Their model was evaluated on the (BRAT'S) dataset (2012 and 2018) and showed
an improvement in segmentation results.

Khaled et al. proposed two brain tissues segmentation models, one using
FCN+MIL+G+K [15] and another using a multi-stage GAN model [24]. They
evaluated their models on two infants and adults brain images and obtained
improved segmentation results, expressed by dice coefficients of up to 94% for
segmenting GM and WM.
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Fig. 1: Illustration of Generative Adversarial Networks (GAN)

2.2 Transfer Learning

Transfer learning in medical imaging can be used in image labeling process, which
results in augmented images. Typical, the number of images available in medical
applications’ dataset is very small. Therefore, to solve such a problem, transfer
learning can be utilized to transfer labeled images to unlabeled images. Instead of
mixing the unlabeled images with labeled images during model training, transfer
learning can help generate more labeled images, which assumes images are smooth
and look real during the transfer. Wacker et al. [25] used ResNet with a decoder
transfer learning for brain tumor segmentation. Moreover, transfer learning has
not widely been used in medical imaging applications. Hence, we expect that
transfer learning can bring notable improvement to medical imaging datasets in
general, and image segmentation in particular.

3 GAN Transfer Model

This section describes the structure of our proposed GAN model, including the
encoder/decoder and a GT layer.

3.1 Encoder/Decoder

Our GAN model consists of encoder and decoder networks, followed by a GT
layer. Fig. 2 shows our proposed GAN model. All the M RI encoder, ground truth
encoder, tissues mapping, boundary detection network, and decoder together
represent, the generator of our GAN model. M RI encoder and ground truth
encoder take an M RI image and a ground truth to convert them into M RI
vector and ground truth vector, respectively. The detection network gives more
information about the boundary. Using GT layer, the output of the ground vector
is transferred to the decoder. Finally, the output of the decoder is the G'I" image
where GT denotes to the ground truth.

3.2 GT Layer

The GT layer employs an R mapping function to map a tissue y into (u,o)
parameters.

GT(x,y) = Ro(y)x — p(x)/o(x) + Ru(y) (1)
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Fig. 2: Illustration of our proposed GAN model

where R is composed of multiple fully connected layers and takes the latent code
of tissues as input.

3.3 Loss Functions

Discriminator loss function The discriminator in our GAN model has labeled
data loss, unlabeled data loss, and GT images loss. We formulate the overall loss
function of our GAN model is as follows:

laiscriminator = Alabeledllabeled + Aunlabeledlunlabeled 1 Afakelfake, (2)

where Alabeled; Aunlabeleds and Agake are hyper-parameters. We set the hyper-
parameters in Equation (2) to Alabeled = 1.0, Aunlabeleda = 1.0, and Agaxe = 2.0.
For labeled data, we use the same loss function in the standard segmentation
network. Mondal et al. [9] showed that using /; 41 as a subtracted function
changes the softmax function as follows:

HXWxD

liabeled = _Ex,y ~pdata(x,y) Z log(Pmodel(yl\X), (3)
i=1

HxWxD

lunlabeled = — x~pdata(x) Z log(( ( )/Z( )) )a (4)

i=1


https://doi.org/10.20944/preprints202208.0192.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 August 2022 d0i:10.20944/preprints202208.0192.v1

6 Afifa Khaled et al.

HXxW xD

lfake - _Ez _noise Z log[((l/Zl(G@G(z) + 1)], (5>

i=1

K
7y = Z exp(li x(2)], (6)
k—1

where labeled loss is the cross-entropy. Our main goal here is to introduce
unlabeled loss and fake loss, which are analogues to the two components of
discriminator loss in the standard GAN. More information can be found in [9].

Generator loss function We propose a novel generated loss to induce G to
generate real data. Let x and z denote real data and noise, respectively.

C= Ex~pdata(x)f(m) - lOg(]. - D(G(Z)))7 (7)

In our paper, we consider f(x) to contain the activation of the last layer.

L(G) =[| € — =[5, (®)

By minimizing this loss, we force the generator to generate real data in order
to match our data and the corresponding K classes of real data, which are define
as Classes=1, ..., K.

4 Setup Materials and Methods

This section describes the setup materials and methods used in our paper.

4.1 Datasets

In our experiments, we use two datasets to evaluate our model: the MICCAI iSEG
dataset (containing infant brain images) and the M RBrainS dataset (containing
adult brain images). These dataset have been used as a benchmark to evaluated
brain segmentation models previous studies [32,33].

MICCAI iSEG Dataset. The MICCAIiSEG organizers® introduced a pub-
licly available evaluation framework to allow the comparison of different segmen-
tation models of WM, GM, and CSF on T1l-weighted (T1) and T2-weighted
(T2). The MICCAI iSEG dataset contains: 10 infant brain images (i.e., subject-1
up to subject-10), subject T'1 : T'1-weighted image, subject T2 : T2-weighted,
and a manual segmentation label. All these images are used as a training set.
The dataset also contains 13 images (i.e., subject-11 up to subject-23), which are
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Fig.3: An example of the MICCAI iSEG dataset (T'1, T2, and manual reference
contour)

used as a testing set. An example of the MICCAT iSEG dataset (T'1, T2, and
manual reference contour) is shown in Fig.3.

Table 1 shows the parameters used to generate T'1 and T'2. The dataset has
two different times: the longitudinal relaxation time and transverse relaxation
time, which are used to generate T'1 and T2. The dataset has been interpolated,
registered, and the images are skull-removed by the MICCAI iSEG organizers.

Table 1: Parameters used to generate T'1 and T2
Parameter| TR/TE |Flip angle| Resolution
T1 1,900/4.38 ms 7 1x1x1
T2 7,380/119 ms 150 1.25x1.25x1.25

MRBrains Dataset. The M RBrains dataset contains 20 adult images for the
segmentation of (a) cortical gray matter, (b) basal ganglia, (c) white matter,
(d) white matter lesions, (e) peripheral cerebrospinal fluid, (f) lateral ventricles,
(g) cerebellum, and (h) brain stem on T'1, T2, and FLAIR. Five images (i.e., 2
male and 3 female) are provided as a training set and 15 images are provided
as a testing set. For segmentation evaluation, these structures merged into a
gray matter (a — b), white matter (¢ — d), and cerebrospinal fluid (e — f). The
cerebellum and brainstem were excluded from the evaluation.

4.2 Experimental Setup
The experiments of proposed model were conducted using Python on a PC with
NVIDIAGPU running Ubuntu 16.04. Training our GAN model took 30 hours

in total, whereas testing took 5 minutes.

3 http://iseg2017.web.unc.edu
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4.3 Segmentation Evaluation

Dice Coeflicient (DC') To better highlight the significance of our GAN model,
we use the Dice Coefficient (DC') metric to evaluate the performance of our
GAN model. Dice Coefficient (DC') has been used to compare state-of-the-
art segmentation models. We use V. for reference segmentation and V¢, for
automated segmentation. The DC' is given by the following equation:

2‘/}ef m Vauto |

DC erc ,Vau o) =
( f ‘ ) |‘/;ef| + ‘Vautol

(18], (9)
where DC' values range between [0, 1], where 1 indicates a perfect overlap and 0
indicates a complete mismatch.

5 Result and Discussion

We train and test our GAN model on two datasets of different ages: adults
and infants. Table 2 presents the results of our GAN model to segment C'SF
,GM, and WM using the MICCAI iSEG dataset. Our GAN model achieves a
DC value of 93% in CSF segmentation. In contrast, the DC values achieved
from segmenting C'SF by Standard GAN is 86%, which is 7% less accurate. In
addition, our GAN model achieves DC' values of 94% and 92% in segmenting
GM and WM, respectively. The Standard GAN model, in contrast, achieves a
DC value of 80% (14% lower) for GM segmentation and 81% (11% lower) for
W M segmentation. These results highlight the remarkable efficiency achieved by
our GAN model compared to the standard GAN.

Table 2: Dice Coefficient (DC') results of the segmentation achieved on the
MICCATSEG dataset. The best performance for each tissue class is highlighted

in bold.
Dice Coefficient (DC) Accurac
Model CSF | GM ( )VVM .
Standard GAN 86% 80% 81%
3D, FCN+MIL+G+K [15]| 94.1% | 90.2% 89.7%
Multi-stage [24] 95% | 94% 92%
Our GAN 93% | 94% 92%

Table 3 presents the results achieved using the MRBrains dataset. We observe
that our GAN model achieves a DC' value of 91% on C'SF segmentation, 90%
on GM segmentation, and 95% on WM segmentation. Such results are superior
to the results achieved by the Standard GAN model.

Fig. 4 shows a sample visualized result of our GAN model on a subject used as
part of the validation set. As the images show, we observe that the segmentation
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Table 3: Dice Coefficient (DC') results of the segmentation achieved on the
MRBrains dataset. The best performance for each tissue class is highlighted in

bold.
Dice Coefficient (DC) Accuracy
Model CSF | GM WM
Standard GAN 8% | 8% 85%
3D, FON + MIL+G+K [15]| 87.4% | 90.6% 90.1%
Multi-stage [24] 93% | 93% 88%

i

Ground Truth Standard GAN Our GAN

Fig.4: A sample visualized result from the MRBrainS dataset

achieved by our GAN model is fairly close to the manual reference (ground truth)
contour provided by the MICCAI iSEG organizers.

Our evaluation results show that the proposed model only outperforms two
baselines (Standard GAN and 3D,FCN+MIL+G+K [15]) on the three tissues,
but also outperforms multi-stage [24] on two tissues. Adopted the transfer learning
approach using GT' layer improved the results in GM and WM d on the MIC-
CAISEG dataset and W M on the MRBrains dataset compared with Multi-stage
[24].

6 Conclusion

In this paper, we proposed a novel Generative Adversarial Network (GAN) model
that performs transfer learning for the segmentation of MRI and tissue images.
Our model makes segmentation more accurate by applying encoder and decoder
algorithms separately, which demonstrated a significant increase in the accu-
racy of brain image segmentation results. We first extracted and compressed
the features of the M RI encoder and ground truth encoder inputs, and then
designed layers to pass the information to the decoder, which in turn transfers
tissues information into M RI images using a GT" layer. Our experimental results
show that our GAN model is a viable solution for tissues brain segmentation
as it achieves a significant improvement in the accuracy of brain segmentation
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compared to the standard GAN model. We observe that our model is 2.1°10.83
minutes faster than stat-of-the-art-models.

Future work. We aim in the future to investigate our model performance on
segmenting more brain tissues and consider pathological brain images, such as
those with tumor or edema. Pathological brain images are not considered in this
work due to the lack of the datasets.
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