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Abstract Several deep learning based medical image segmentation methods use
U-Net architecture and its variants as a baseline model. This is because U-Net has
been successfully applied to many other tasks. it was noticed that the U-Net-based
models are unable to extract features for segmenting small masks or fine edges.

To overcome this issue, we propose a new 3D U-Net-based model, baptized Y- Net.
In this model, we make use of dilated convolution which has shown its effectiveness
in grasping different features at different scales. This allows us to capture more in-
formation from small anatomical parts.

Our model is assessed on MRbrains13 dataset for brain tissue segmentation task.
Compared to the traditional UNet 3D, the obtained results show that the proposed
model performs well, especially in segmenting white matter and grey matter tis-
sues.

Keywords Brain Image Segmentation - UNet 3D - MRI Modalities - Dilated
Convolutions.

1 Introduction

In the field of medical image analysis, image segmentation is considered as the
most challenging task that aims to identify the pixels of organs or lesions from
background medical images produced from the process of medical imaging.

Image segmentation is frequently utilized in brain MRI analysis for measuring and
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visualizing brain structures, assessing brain changes, identifying diseased regions,
surgical planning, and image-guided therapies.

Due to its importance, the automation of this task has been extensively studied over
decades, where researchers aim to improve the segmentation of medical images us-
ing new methods.

One of the most successful approaches that have emerged this last decade is deep
learning-based models that have shown a significant improvement in segmentation
accuracy.

One of the most popular deep learning models for medical image segmentation
is U-Net [1,2] which has shown to be a very effective model. In particular, it was
recorded in many works that U-Net based models achieve high performance in seg-
menting medical images [3-5].

Its success is attributed to skip connections between the encoder and decoder parts
of the architecture.

However, U-Net based models lack focus in extracting features for segmentation of
small structures. It was observed that this class of networks perform poorly in de-
tecting smaller structures and are thus unable to segment boundary regions prop-
erly [6].

To overcome this issue, we propose a new 3D UNet based model, baptized YNet. In
this model, we make use of dilated convolution which has shown its effectiveness
in grasping features at different scales [7]. This allows to capture more information
from small anatomical parts and thus, enhance the performance of the model.

In the remainder of this paper we first present in Section 2, some recent U-Net
based models that were proposed to tackle brain image segmentation. We give a
detailed description of the proposed model in Section nd in Section 4, experimen-
tal results are provided.

2 Related Work

Based on U-Net architecture, several previous works have proposed efficient mod-
els for brain image segmentation task.

Rehman et al. [8] proposed a 2D image segmentation method, called BU-Net, to
contribute in brain tumor segmentation research, where residual extended skip
(RES) and wide context (WC) are used along with the customized loss function in
the baseline U-Net architecture. These modifications allow finding more differing
features to get better segmentation performance.

Ozgun et al. [2], proposed a model for volumetric segmentation that learns from
sparsely annotated volumetric images. This network extends the previous U-Net
architecture from Ronneberger et al.(reference) by replacing all 2D operations with
their 3D counterparts.

To tackle the poor performance of the U-net architecture when segmenting small
structures, Valanarasu et al. [6] proposed Kiunet, an overcompleted convolutional
network, which achieves an improved performance comparing to all the recent
methods with an additional benefit of fast convergence.

KiU-Net and KiU-Net3D were applied on five different datasets covering various
image modalities. Brain MRI images from BraTS2020 Challenge were used to as-
sess KiU-Net3D.

Chen et al. [9] proposed a novel separable 3D U-Net architecture using separable
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3D convolutions. This method achieved a mean enhancing tumor, whole tumor,
and tumor core Dice scores in Preliminary results on BraTS 2018 validation set.
This novel separable 3D U-Net architecture succeeded to overcome the issue of 2D
convolutions, which cannot make a full use of the spatial information of volumetric
medical images, by using 3D convolutions in such a way to prevent the high expen-
sive computational cost and memory demand.

Peng et al. [10] proposed a Multi-Scale 3D U-Net architecture, which uses several
U-Net blocks to capture long distance spatial information at different resolutions
in order to extract and utilize sufficient features.

Feng et al. [11] proposed to use a 3D U-Net structure on extracted 2D/3D patches
to predict the class labels for all pixels in the patch, in order to improve the perfor-
mance of U-Net for brain tumor images.

On the other hand, we can notice that many additional operations have been
applied in order to enhance the performance of the proposed models. Among these
operations, dilated convolution has shown its ability and potential in improving
segmentation results. The advantage in using dilated convolution in image seg-
mentation has been highlighted in [7], where it was shown that dilated convolution
permits the increase of the receptive fields without losing resolution or coverage.
This makes the model more efficient in capturing different features at different
scales. Therefore, it can be very beneficial for segmenting small anatomical parts
in biomedical domain [12,13].

In literature, dilated convolution has been used to improve the segmentation accu-
racy. For instance, Zhang et al. [12] proposed a new end-to-end network based on
ResNet and U-Net, in which the usual pooling layer is replaced with convolutional
layer which permits to reduce the information loss extent.

Lei et al. [13] proposed a dual aggregation network to adaptively aggregate differ-
ent information from infant’s brain MRI images. Based on 3D U-Net, authors used
the dilated convolution pyramid down-sampling module to solve the problem of
loss of spatial information on the down-sampling process. This model achieved the
first place in Iseg-2019 challenge.

Li et al. [14] proposed a novel model called Multi modal aggregation Network
(MMAN). This model is an innovative deep network that was designed to extract
and aggregate multiscale features of brain tissues from multi-modality MR images
in order to get a precise and perfect segmentation. This network is based on an
inception model with a variable dilation.

In this paper, we propose a novel model, baptized Y-Net. The main purpose is
to make use of dilated convolution benefits to enhance a U-Net architecture. the
model is detailed in the following section.

3 Description of our model

3.1 Network Architecture

Our proposed model contains three components: a regular encoder, a dilated en-
coder and a decoder.

— The regular encoder comprises four downsampling layers. Each layer uses two
convolutions “conv3D ” with a kernel size of 3 x 3 x 3 voxels per block. The rec-
tified linear units (ReLUs) is used as an activation function and a subsequent
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3D-max pooling operation “MaxPool3D” is then performed.

— The dilated encoder includes four downsampling layers, where the usual con-
volution operation is replaced by dilated convolution with a predefined rate.
This allows our model to enlarge the receptive field and thus capture fine de-
tails and accurate edges in the image.

In this encoder, each layer uses two convolutions “conv3D ”with a kernel size of
3 x 3 x 3 voxels per block and a dilation-rate size of 2x 2 x 2 . A rectified linear
units (ReLUs) is used as an activation function.

— The output features of the regular and the dilated encoders are aggregated via
an additional block, then the result of this operation is inputted to the decoder
component.

— The decoder comprises four upsampling convolution layers where each layer
uses two convolutions with a kernel size of 3x3x3 voxels per block, the rectified
linear units (ReLUs) as activation functions.

The model architecture is illustrated in Figure 1.
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Fig.1 Architecture of Y-Net

3.2 Training

The enhancement of training phase of our model is due to the aggregation of the
different learned features that are provided by regular and dilated encoders.
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This improvement in efficiency is due to dilated convolution that allows us to deal
with object dependencies on different scales without reducing the image resolution.
The model is trained by minimizing the categorical cross entropy between predic-
tion and label.

L==) ) siclogpic+(1-yic)log(1 - pic) (1)

ieQ) ¢
where

— pic is the probability that the ithe voxel belongs to the c-th class.
- ¢ is the corresponding ground truth.
— () denotes all pixels in predicted segmentation result p.

4 Experimental Results

In this experiment, we assess the performance of Y-Net compared to the U-Net
3D [2] for the task of brain tissue segmentation from MRbrainS13 dataset.

4.1 Data

The MRBrainS13 dataset contains 20 subjects where 15 are used for testing and 5
for training. Each subject possesses three modalities: T1-weighted scan, T1-weighted
IR scan and T2-FLAIR scan. The size of those modalities is 240 x 240 x 48. The seg-
mented tissues are labeled as follows:

: Background (everything outside the brain)

: Cerebrospinal fluid (including ventricles)

: Gray matter (cortical gray matter and basal ganglia)
: White matter (including white matter lesions)

W N = O

We train the models by feeding them with extracted sub-volumes of size 64x64x
16. By using the sub-volume method, we increase the number of training examples
and reduce the memory requirement.

4.2 Evaluation Metrics

To measure the performance of the two models, we use the Dice Coefficient(DC),
which is one of the most popular evaluation segmentation performance metrics.
Dice Coefficient is a similarity measurement technique based on a statistical ap-
proach. It is defined by the overlap region between the predicted segmentation
results and ground truth, its result is expressed as a percentage that varies from
0 % (total mismatch) to 100 % (perfect match) [15]. Formally, the DC formula is
expressed as follows:
GNS

DC(G,S)=2—2—2.100°
C(G,S) =2 Z—<-100%
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4.3 Results

Results of the training of Y-Net and U-Net 3D are summarzied in Table 1, As we can
notice, U-Net 3D outperforms Y-Net in the task of segmentation of cerebrospinal
fluid tissue while Y-Net achieves better results on on the Gray Matter(GM) and
White Matter(WM) tissues.

Table 1 Comparison of dice score for brain tissue segmentation (MRbrainS13 dataset ).

Cerebrospinal fluid (CSF) ~ Gray matter (GM)  White matter (WM)

Y-Net 63.39 72.35 80.0

U-Net 3D 65.05 69.36 78.66

5 Conclusion

In this paper, we presented a new U-Net based model for brain tissue segmenta-
tion. Y-NET aims to overcome the inability of U-Net models in extracting features
for segmentation of small structures. To do so, we proposed to exploit the benefits
of dilated convolution by integrating a dilated encoder to the usual architecture.
Information from different convolution blocks is then aggregated and used to ex-
tract meaningful features at different scales.

Experimental results show the effectiveness of the proposed model for the segmen-
tation of white matter and gray matter tissues, compared to U-NET 3D, on the
MRbrains13 dataset.

However, In order to corroborate the model, further experiments must be con-
ducted for brain tissue segmentation task and other tasks as well. Especially that
the model shows less performance compared to U-Net3D, in segmenting the cere-
brospinal fluid tissue.
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