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Abstract

Brain tumors are abnormal growth of cells that need to be detected early for treat-
ment. Magnetic Resonance Imaging (MRI) is a routinely utilized procedure to take
brain tumor images. Manual segmentation of tumors is a crucial task and laborious.
There is a need for an automated system for segmentation and classification for tumor
surgery and medical treatments. This work suggests an efficient brain tumor segmen-
tation and classification based on deep learning techniques. In this thesis work, we
proposed a comparative analysis between two brain tumor MRI image segmentation
methods U-Net and ResNet. We trained both U-Net and ResNet models using BraT's
data and compared the outputs to find out which model works best and gives better
accuracy, less loss. In conclusion, this thesis aims to explore the potential of U-Net
and ResNet for brain tumor segmentation in medical imaging data. By investigat-
ing the effectiveness of U-Net and ResNet architecture, training and evaluating the
models, and comparing it with each other, this research seeks to contribute to the
field of neuroimaging and facilitate accurate and efficient brain tumor diagnosis and
treatment planning. The Ultimate goal is to provide doctors with a reliable tool for
improved patient care and management.

Keyword: Brain Tumor, Segmentation, ResNet50, U-Net.
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Chapter 1

Introduction

Brain tumor is one of the most challenging and difficult diseases for people in the
world. Early diagnosis and accurate diagnosis play an important role in determin-
ing appropriate treatment strategies and improving patient outcomes. Non-invasive
evaluation of brain tumors has become easier and more efficient with advances in
medical imaging technology, particularly magnetic resonance imaging (MRI). How-
ever, manual segmentation of brain tumors from MRI scans is still a laborious and
time-consuming task for radiologists and neurologists. The complexity and hetero-
geneity of brain tumors, the presence of anatomical structures, and variability in the
imaging protocol poses serious challenges for successful tumor identification. There-
fore, there is an increasing need for reliable and efficient automated methods for brain
segmentation. Brain segmentation plays an important role in clinical image analysis
and is essential for accurate diagnosis, treatment planning and monitoring of brain
tumor patients. Segmentation is the process of separating and separating tumors
from normal brain tissue in medical imaging such as magnetic resonance imaging
(MRI) scans. Dealing with segmentation is a laborious and time-consuming task that
requires the expertise of radiologists. Therefore, it is important to develop effective
and efficient segmentation Methods. In recent years, deep learning techniques have
emerged as powerful tools for medical image analysis, offering the potential for au-
tomated and accurate tumor segmentation. Accurate and efficient segmentation of
brain tumors from clinical data is an important task in neuroimaging research and
medicine. Segmentation allows precise localization of the tumor, aiding in diagnosis,

treatment planning and monitoring of brain cancer patients. In recent years, deep



learning models have emerged as powerful tools for analyzing medical images, provid-
ing the ability and precision to study tumors. Among these models, ResNet (Residual
Neural Network) has been found to be effective in many computer tasks. This article
aims to explore the effectiveness of ResNet in classifying brain tumors and explore its

effectiveness in this particular application.

1.1 Image Segmentation

Image segmentation is a method of separating a digital image into groups called
image segments; this reduces the complexity of the image and allows each part to
be processed or analyzed. Technically, segmentation is the task of tagging pixels to
identify objects, people, or other important features in an image. Image segmentation
is an essential part of computer vision techniques and algorithms. It is used in many
applications, including medical image analysis, computer vision for autonomous vehi-
cles, face recognition and detection, video surveillance, and satellite imagery analysis.
Image segmentation is a widely used technique in digital image processing and analy-
sis. Image segmentation may involve separating the foreground from the background
or grouping areas of pixels by similarity in color or shape. For example, one appli-
cation of image segmentation in medical imaging is to identify and label pixels in
images or 3D volumetric voxels that represent tumors in a patient’s brain or other

organs.

1.2 Brain Tumor Image Segmentation

In brain MRI analysis, segmentation images are often used to measure and visualize
brain anatomy, identify brain changes, identify pathological areas, and for surgical
planning and Image guided interventions. In the last few years, many segmentation
methods with varying levels of accuracy and complexity have been developed. To get
an MRI image of a patient they are inserted into a tunnel with a magnetic field inside.
This causes all protons in the body to ‘align’ themselves so their quantum spin is the
same. A pulse of the oscillating magnetic field is then used to disrupt this alignment.
When the protons return to equilibrium they send out an electromagnetic wave.

Based on fat content, chemical composition, and importantly type of stimulation



(i.e. sequences) used to disrupt the protons, different images will be obtained. Four
common sequences that are obtained are T1, T'1 with contrast (T1C), T2, and FLAIR.

T
Weighted Weighted

Figure 1.1: Brain MRI Scans

1.3 Brain MRI Image Segmentation Techniques

Brain segmentation is the process of identifying brain tumors and automatically
labeling them according to tumor type. Mastering tumor segmentation from brain
MRI is time-consuming and error-prone. Rapid and accurate Brain MRI image seg-
mentation techniques are needed. Rapid and accurate brain segmentation techniques
are needed. Convolutional neural networks (CNNs) have recently shown promising
results in computer vision for image segmentation and classification tasks. U-Net.[1],
SegNet.[2], ResNet.[3], VGG19.[1], P-Net.[5] are the most popular CNNs for image
Segmentation. Brain MRI image segmentation is a vital task in medical image analy-
sis, as it plays a crucial role in diagnosing and treating various neurological disorders.
Deep learning models have proven to be highly effective for this task, and several dif-
ferent architectures have been explored. Here are some commonly used deep learning

models for brain MRI image segmentation:

1. U-Net: U-Net is a popular architecture widely used for medical image segmen-
tation. It consists of an encoder-decoder structure with skip connections. The
encoder captures the context and the decoder produces the segmentation map.
U-Net has been successfully applied to various brain segmentation tasks, such

as whole brain segmentation, tumor segmentation, and lesion segmentation.



2. DeepLab: DeepLab is a deep convolutional neural network (CNN) architecture
that utilizes atrous convolutions to capture multi-scale contextual information.
It employs a fully convolutional network with a final upsampling layer to generate
the segmentation map. DeepLab has been used for brain tumor segmentation

and other brain structure segmentations.

3. 3D U-Net: While U-Net operates on 2D images, 3D U-Net extends the architec-
ture to handle 3D volumetric data, such as brain MRI volumes. It incorporates
3D convolutions and pooling operations to capture spatial information along
all three dimensions. 3D U-Net has shown promising results for brain tumor

segmentation and brain structure segmentation in volumetric MRI scans.

4. V-Net: V-Net is another 3D CNN architecture specifically designed for med-
ical image segmentation. It utilizes a 3D encoder-decoder structure with skip
connections, similar to U-Net. V-Net incorporates residual learning and dense
connections to improve the learning capability and capture fine details in the

segmentation task.

5. Attention U-Net: Attention mechanisms have been introduced to enhance
the performance of segmentation models. Attention U-Net utilizes self-attention
modules to selectively focus on relevant image regions during the encoding and
decoding stages. This allows the model to assign different weights to different

image features and improve segmentation accuracy.

6. Fully Convolutional Networks (FCN): FCN is an early deep learning ar-
chitecture for semantic segmentation. It replaces the fully connected layers in
traditional CNNs with convolutional layers to allow input images of arbitrary
sizes. FCN has been adapted and applied to brain MRI image segmentation
tasks.These are just a few examples of deep learning models commonly used
for brain MRI image segmentation. Researchers continue to develop and ex-
plore new architectures and variations to improve the accuracy and efficiency of

segmentation tasks in medical imaging.

Deep learning models have proven to be highly effective for this task, and several

different architectures have been explored.



Chapter 2

Literature Survey

Ramya D et al.[0], 2023 proposed an improved U-Net architecture for use in the
BraTS20 and BraTS21 challenge’s brain tumor segmentation problem. The accu-
racy was improved by modifying the loss function. Comprehensive ablation research
to investigate Deep Supervision loss, Cross-Entropy, Decoder Attention, and Resid-
ual Connections to determine the best model architecture and learning schedule is
performed. Multiple convolutional channels have been experimented with, and post-
processing techniques to find the ideal spot for the U-Net encoder’s depth have also
been undertaken. The proposed technique outperforms every U-Net variant and pro-
duces superior outcomes while incurring a minimal loss.

Wenbin Wu et al.[7], 2023 proposed a devised novel Inner Cascaded U-Net and
Inner Cascaded U2-Net as improvements to plain cascaded U-Net for medical image
segmentation. The proposed Inner Cascaded U-Net adds inner nested connections
between two U-Nets to share more contextual information. To further boost segmen-
tation performance, they proposed an Inner Cascaded U2-Net, which applies residual

U-block to capture more global contextual information from different scales.



Jian Wu et al.[8], 2022 proposed that this work introduces and validates a deep-
learning-based fitting method, which can rapidly provide accurate and robust esti-
mation of cytological features of brain tumor based on the IMPULSED (imaging
microstructural parameters using limited spectrally edited diffusion) model fitting
with diffusion-weighted MRI data.

Qing Xu et al.[9], 2023 invented a new model DCSAU-Net that is a deeper and
more compact split-attention U-Net for medical image segmentation. Highlights of
this model is Low-level features are collected using optimized depth-wise separable
convolution.A lightweight multi-scale split attention block is used for deep feature
extraction.Notable performance improvements on complex images are achieved with
a compact model.

Bumshik Lee et al.[l0], 2023 proposed a patch-wise U-Net architecture for the
automatic segmentation of brain structures in structural MRI. In the proposed brain
segmentation method, the non-overlapping patch-wise U-Net is used to overcome
the drawbacks of conventional U-Net with more retention of local information. In
their proposed method, the slices from an MRI scan are divided into non-overlapping
patches that are fed into the U-Net model along with their corresponding patches of
ground truth so as to train the network.

Akash Saxena et al.[l1], 2023 did a comprehensive study on numerical simulation
and analysis of deep learning-based semantic segmentation for complex background
images using an improved Resnet 50 network. The objective of this research was to
enhance the accuracy and computational efficiency of semantic segmentation mod-
els, particularly in challenging scenarios with complex backgrounds. The proposed
methodology incorporated several modifications to the Resnet 50 architecture, in-

cluding skip connections, residual attention modules, and spatial pyramid pooling,



to improve its ability to capture fine-grained details, focus on salient regions, and
incorporate multi-scale contextual information.

Aggarwal et al.[l], 2023 did research work that provides an efficient method for
brain Tumor segmentation based on the Improved Residual Network (ResNet). Exist-
ing ResNet can be improved by maintaining the details of all the available connection
links or by improving projection shortcuts. These details are fed to later phases, due
to which improved ResNet achieves higher precision and can speed up the learning
process.

Menze et al.[12], 2015 In this paper reported the set-up and results of the Multi-
modal Brain Tumor Image Segmentation Benchmark (BRATS) organized in conjunc-
tion with the MICCAI 2012 and 2013 conferences. Twenty state-of-the-art tumor
segmentation algorithms were applied to a set of 65 multi-contrast MR scans of low-
and high-grade glioma patients—manually annotated by up to four raters—and to
65 comparable scans generated using tumor image simulation software. Quantitative
evaluations revealed considerable disagreement between the human raters in segment-
ing various tumor sub-regions (Dice scores in the range 74%-85%), illustrating the
difficulty of this task. They found that different algorithms worked best for differ-
ent sub-regions (reaching performance comparable to human inter-rater variability),
but that no single algorithm ranked in the top for all sub-regions simultaneously.
Fusing several good algorithms using a hierarchical majority vote yielded segmenta-
tions that consistently ranked above all individual algorithms, indicating remaining
opportunities for further methodological improvements.

B.K.Tripathy et al.[13], 2022 analyzed various semantic segmentation network ar-
chitectures such as U-Net, ResNet, and PSPNet used for the purpose of tumor seg-

mentation from 3-D MRIs. We compare and analyze various parameters (such as



accuracy, loss, etc.) of each of these network architectures.

Parasa Rishi Kumar et al.[l1], 2023 worked on Multi-class Brain Tumor Classifi-
cation and Segmentation using Hybrid Deep Learning Network Model Based on con-
volutional neural network (CNN), a Hybrid Deep Learning Network (HDLN) model
is proposed in this research for classifying multiple types of brain tumors including
glioma, meningioma, and pituitary tumors. The Mask RCNN is used for brain tumor
classification. They used a squeeze-and-excitation residual network (SE-ResNet) for
brain tumor segmentation, which is a residual network (ResNet) with a squeeze-and-
excitation block. A publicly available research dataset is used for testing the proposed
model for experiment analysis and it obtained an overall accuracy of 98.53%, 98.64%
sensitivity and 98.91% specificity.

All these methodologies, proposed by researchers including the U Net and ResNet50
model for Brain MRI image segmentation were studied and then we worked on both
models. We trained both models on BraTs Dataset. And then performance of both

the models were analyzed and compared.



Chapter 3

Proposed Methodology

In our suggested approach firstly we tried the U-Net model for brain MRI image
segmentation. Then we used ResNet50 as a backbone and on top of that we used the
U-Net model. We replaced the encoder part of the U-Net architecture with a pre-
trained ResNet50 model. Firstly loaded the ResNet50 model with pre-trained weights
without the top classification layer. Connected the output of the ResNet50 model to
the decoder part of the U-Net. Free-zed the weights of the ResNet50 layers to prevent
them from being updated during training. Then we trained the model and validated
its performance. Comparing quantitative metrics such as Accuracy, Precision, Loss,

Dice-coefficient helps analyze the strength and weakness of each approach.



3.1 Proposed Methodology of using U-Net and then combin-

ing U-Net and ResNet50 architectures

3.1.1 Image Data Descriptions

All BraTS multimodal scans are available as NIfTT files (.nii.gz) -; commonly used
medical imaging format to store brain imaging data obtained using MRI and describe

different MRI settings:

e T1: T1-weighted, native image, sagittal or axial 2D acquisitions, with 1-6 mm

slice thickness.

e Tlc: Tl-weighted, contrast-enhanced (Gadolinium) image, with 3D acquisition

and 1mm isotropic voxel size for most patients.
o T2:T2-weighted image, axial 2D acquisition, with 2-6 mm slice thickness.

e FLAIR: T2-weighted FLAIR image, axial, coronal, or sagittal 2D acquisitions,

2-6 mm slice thickness.

Data were acquired with different clinical protocols and various scanners from multiple
(n=19) institutions. All the imaging datasets have been segmented manually, by one
to four raters, following the same annotation protocol, and their annotations were
approved by experienced neuro-radiologists. Annotations comprise the GD-enhancing
tumor (ET — label 4), the peritumoral edema (ED — label 2), and the necrotic and
non-enhancing tumor core (NCR/NET — label 1), as described both in the BraTS
2012-2013 TMI paper and in the latest BraTS summarizing paper. The provided data
are distributed after their pre-processing, i.e., co-registered to the same anatomical

template, interpolated to the same resolution (1 mmg) and skull-stripped.

10



3.1.2 U-Net Architecture

U-Net, evolved from the traditional convolutional neural network, was first de-
signed and applied in 2015 to process biomedical images. As a general convolutional
neural network focuses its task on image classification, where input is an image and
output is one label, but in biomedical cases, it requires us not only to distinguish
whether there is a disease, but also to localize the area of abnormality.

In Figure 3.1, U-Net is an architecture for semantic segmentation. It consists of
a contracting path and an expansive path. The contracting path follows the typi-
cal architecture of a convolutional network. It consists of the repeated application
of two 3x3 convolutions (unpadded convolutions), each followed by a rectified linear
unit (ReLLU) and a 2x2 max pooling operation with stride 2 for down sampling. At
each down sampling step we double the number of feature channels. Every step in
the expansive path consists of an up-sampling of the feature map followed by a 2x2
convolution (“up-convolution”) that halves the number of feature channels, a con-
catenation with the correspondingly cropped feature map from the contracting path,
and two 3x3 convolutions, each followed by a ReLLU. The cropping is necessary due
to the loss of border pixels in every convolution. At the final layer a 1x1 convolution
is used to map each 64-component feature vector to the desired number of classes. In

total the network has 23 convolutional layers.

11



64 64
128 64 64 2
input
im;]ge > olele output
tile 7.} .| segmentation
b 2 = 5 map
=| =l = |
IIE=] B~
P=| P=Q &
w| g uw
*128 128 I
256 128
&
[at] et}

512 256 t

. =»conv 3x3, ReLU
= » copy and crop
§ max pool 2x2
4 up-conv 2x2
= conv 1x1

Figure 3.1: U-Net Architecture

Overview of U-Net: First sight, it has a “U” shape. The architecture is sym-
metric and consists of two major parts — the left part is called contracting path,
which is constituted by the general convolutional process. The right part is an ex-
pansive path, which is constituted by transposed 2d convolutional layers.
Contracting Path: In Figure 3.2 contracting path follows the formula:

conv_layerl — > conv_layer2 — > max_pooling — > dropout(optional)

12



First part of the U-Net model is:

iNnput
image
tile

LXIL

Figure 3.2: Connecting Path

Each process constitutes two convolutional layers, and the number of channel
changes from 1 —— > 64, as the convolution process will increase the depth of the
image. The red arrow pointing down is the max pooling process which halves down
size of image(the size reduced from 572x572 —— > 568x568 is due to padding issues,
but the implementation here uses padding= “same”).

The process is repeated 3 more times:
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Figure 3.3: Repetition of Convolution Layers
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And in Figure 3.4 now we reach the bottom-most part
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Figure 3.4: Bottom most part

Still 2 convolutional layers are built, but with no max pooling. The image at this
moment has been resized to 28x28x1024. Now let’s get to the expansive path.
Expansive Path: In the expansive path, the image is going to be up-sized to its
original size. The formula follows:

conv_2d_transpose — > concatenate — > conv_layerl — > conv_layer2

012 1024 512 t

I»I E--—--I

1024

Figure 3.5: Expansive Path

Transposed convolution is an up-sampling technique that expands the size of im-
ages. Basically, it does some padding on the original image followed by a convolution
operation. After the transposed convolution, the image is up-sized from 28x28x1024
— > 56x56x512, and then, this image is concatenated with the corresponding image
from the contracting path and together makes an image of size 56x56x1024. The
reason here is to combine the information from the previous layers in order to get a

more precise prediction. Same as before, this process is repeated 3 more times Now

14



we’ve reached the uppermost part of the architecture, the last step is to reshape the

image to satisfy our prediction requirements.
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Figure 3.6: Output Segmentation Map

The last layer is a convolution layer with 1 filter of size 1x1(notice that there is no
dense layer in the whole network). And the rest left is the same for neural network

training.
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3.1.3 ResNet50 Architecture

In the Figure 3.7 ResNet50 architecture is considered to be among the most pop-
ular Convolutional Neural Network architectures around. Introduced by Microsoft

Research in 2015, Residual Networks (ResNet in short) broke several records when it

was first introduced.
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Figure 3.7: ResNet50 architecture

The ResNet-50 architecture can be broken down into 6 parts

1. Input Pre-processing
2. Cfg[0] blocks
3. Cfg[1] blocks
4. Cfg[2] blocks
5. Cfg[3] blocks
6. Fully-connected layer

Different versions of the ResNet architecture use a varying number of Cfg blocks at

different levels.
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Cfg[0] Block: This block contains 1 Conv Layer and 2 Identity Layers. For helping
numerical stability, we specify a kernel constraint which makes sure that all weights
are normalized at constant intervals. Between 2 subsequent layers, we also include a
BatchNormalization layer.

Cfg[1] Block: This block contains 1 Conv Layer and 2 Identity Layers. This is similar
to the Cfg[0] blocks, with the difference mainly being in the number of Out_channels
in the Conv and Identity layers being more.

Cfg[2] Block: This block contains 1 Conv layer and 5 Identity layers. This is one
of the more important blocks for ResNet as most versions of the model differ in this
block-space.

Cfg[3] Block: This block contains 1 Conv Layer and 2 Identity Layers. This is the
last set of Convolutional Layer blocks present in the network.

Classifier Block: This block contains an Average Pooling Layer, a Dropout Layer
and a Flatten layer. At this block, the feature map is finally flattened and pushed into
a Fully Connected Layer which is then used for producing predictions. A Softmax
activation is applied to generate logits/probabilities.

Build ResNet Model: Now we take all the blocks and join them together to create
the final ResNet Model. In our entire process, we have used the Keras Functional

API, which is a best-practice for Tensorflow.

3.1.4 Using Resnet50 as a backbone and combining U-Net

Unet is an extension of an encoder-decoder fully convolutional network. The con-
volutional layers perform feature extraction by employing the filters in these layers to
learn low and high dimensional features as they iteratively get trained. The intuition

behind Unet is to encode the image passing it through a CNN as it gets down-sampled

17



and then decode it back or up-sample it to obtain the segmentation mask. The fea-
tures to be detected in the mask depends on the learned weight filters, up-sampling
& down-sampling blocks (which can also be made learn able) and the concatenations
and skip connections. The backbone is the architectural element which defines how
these layers are arranged in the encoder network and they determine how the decoder
network should be built.

The backbone used are often Vanilla CNNs such as VGG, ResNet, Inception, Effi-
cientNet etc which performs encoding and down-sampling by itself. These networks
are taken and their counterparts are built to perform decoding and up-sampling to
form the final Unet.

There has been much research on making these networks better by using backbones
which are capable of extracting features better.

Using ResNet50 on top of U-Net is a common approach in some computer vision tasks
to further enhance the performance of U-Net in capturing high-level features. This

combination leverages the strengths of both architectures. Here’s how it can be done:

1. U-Net as Encoder-Decoder: Use the U-Net architecture as the initial part
of the network. The contracting path of U-Net acts as the encoder, capturing
low-level and mid-level features. The expanding path serves as the decoder,

recovering spatial information using skip connections.

2. ResNet50 as Feature Extractor: Replace the decoder part of U-Net with
ResNet50. ResNet50 is a deeper architecture capable of capturing more complex
and abstract features. By replacing the decoder with ResNet50, we can leverage

its strong feature extraction capabilities to capture high-level information.

3. Fine-tuning: Optionally, we can choose to fine-tune the combined U-Net and
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ResNet50 model. Fine-tuning allows the network to adapt the learned weights
to the specific task and dataset you are working with. It helps to improve the
model’s performance by updating the parameters based on the specific require-

ments of the task.

4. Output Layer: Add an appropriate output layer to produce the desired output
based on your task. For instance, if we are performing image segmentation, the
output layer could be a convolutional layer with the number of output channels

equal to the number of classes you want to segment.

This combination of U-Net and ResNet50 allows the model to capture both low-level
and high-level features, taking advantage of the strengths of each architecture. The
U-Net part helps in preserving spatial information and capturing local features, while
ResNet50 provides deeper feature extraction capabilities for capturing global and

abstract features.
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Chapter 4

Experimental Result

Our proposed method is extensively studied on brain BRATS 2020 brain MR
image volumes. We have taken both Training and validation data of Brain MR image
dataset from BRATS website. The MICCAI BRATS 2020 Dataset used here contains
371 training files which were taken from Kaggle. We have done segmentation on the
BraTS 2020 dataset and gotten great results. The challenge of identifying a tumor
is quite difficult and time consuming. The position, form and structure of a tumor

differ greatly from one patient to another.
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Firstly, we have printed each slice of 2D image from 3D MRI data. We have gotten

the following results :
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Figure 4.1: Each slice of MRI image from 3d data
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Now we have done segmentation on those images and got the following results.

Showing segment of tumor from each slice
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Figure 4.2: Segment of tumor from each slide

4.1 Evaluation Metrics

4.1.1 Accuracy Calculation

Accuracy is a metric that generally describes how the model performs across all

classes. It is useful when all classes are of equal importance. It is calculated as the
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ratio between the number of correct predictions to the total number of predictions.

Accuracy Score = (TP + TN) / (TP + TN + FP + FN) (4.1)

4.1.2 Precision Calculation

The precision is calculated as the ratio between the number of Positive samples
correctly classified to the total number of samples classified as Positive (either cor-
rectly or incorrectly). The precision measures the model’s accuracy in classifying a

sample as positive.

Precision = TP / (TP + FP) (4.2)

When the model makes many incorrect Positive classifications, or few correct Positive
classifications, this increases the denominator and makes the precision small. On the

other hand, the precision is high when:
1. The model makes many correct Positive classifications (maximize True Positive).
2. The model makes fewer incorrect Positive classifications (minimize False Posi-
tive).
4.1.3 Recall Calculation

The recall is calculated as the ratio between the number of Positive samples cor-
rectly classified as Positive to the total number of Positive samples. The recall mea-
sures the model’s ability to detect Positive samples. The higher the recall, the more

positive samples detected.

Recall = TP / (TP + FN) (4.3)
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The recall cares only about how the positive samples are classified. This is indepen-
dent of how the negative samples are classified, e.g. for the precision. When the
model classifies all the positive samples as Positive, then the recall will be 100% even

if all the negative samples were incorrectly classified as Positive.

4.1.4 Dice Coefficient Calculation

Another popular loss function for image segmentation tasks is based on the Dice
Coefficient, which is essentially a measure of overlap between two samples. This
measure ranges from 0 to 1 where a Dice coefficient of 1 denotes perfect and complete
overlap. The Dice coefficient was originally developed for binary data, and can be

calculated as:

4.1.5 Imaging Data Description

All BraT§S multimodal scans are available as NIfT1 files (.nii.gz) and describe as fol-
lows: (a) native (T1) and (b) post—contrast T1—weighted (T1Gd), (c) T2—weighted
(T2), and (d) T2 Fluid Attenuated Inversion Recovery (T2—FLAIR) volumes, and
were acquired with different clinical protocols and various scanners from multiple
(n=19) institutions, mentioned as data contributors here. All the imaging datasets
have been segmented manually, by one to four raters, following the same annotation
protocol, and their annotations were approved by experienced neuro—radiologists.
Annotations comprise the GD—enhancing tumor (ET — label 4), the peritumoral
edema (ED — label 2), and the necrotic and non—enhancing tumor core (NCR/NET
— label 1), as described both in the BraTS 2012—2013 TMI paper and in the
latest BraTS summarizing paper. The provided data are distributed after their

pre—processing i.e., co—registered to the same anatomical template, interpolated to
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the same resolution (1 mm3) and skull—stripped.

4.1.6 Training, validation and test set distribution
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Figure 4.3: Data Distribution

25




4.2 Results

4.2.1 U-Net model outputs
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Figure 4.4: Training-Validation Loss and Accuracy curve explain in both images for U-Net Model
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Figure 4.5: Training-Validation dice coef and mean iou curve explain in both images for U-Net
Model

Accuracy  Loss  Precision Dice-Coefficient  Sensitivity —Specificity

0.9944  0.0172  0.6512 0.9946 0.9932 0.9982

Table 4.1: Detailed U-Net model outputs
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4.2.2 ResNet + U-Net model output
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Accuracy  Loss  Precision Dice-Coefficient Sensitivity — Specificity

0.9887 0.0318 0.4196 0.9934 0.9853 0.9977

Table 4.2: Detailed ResNet + U-Net model outputs

4.2.3 Comparison of two models

Firstly we used only U-Net for Brain MRI image segmentation. Second time we
used ResNet50 as backbone. We replaced the auto-encoder part of U-Net model with
ResNet50.

Here are the experimental results of both models: Training Results:-

Model Name  Accuracy  Loss  Precision Dice-Coefficient Sensitivity Specificity

U-Net 0.9944 0.0172 0.6512 0.9946 0.9932 0.9982
ResNet+U-Net 0.9887 0.0318 0.4196 0.9934 0.9853 0.9977

Table 4.3: Comparison between two models
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In conclusion, this thesis conducted a comparative study between two popular
deep learning architectures, U-Net and ResNet, for brain MRI image segmentation.
The objective was to evaluate their performance and identify the strengths and weak-
nesses of each approach in this specific domain. The results of the comparative study
indicate that both U-Net and ResNet are capable of achieving accurate segmenta-
tion results. However, certain differences emerged during the evaluation process.
U-Net demonstrated excellent performance in segmenting brain structures, particu-
larly when dealing with limited training data. Its architecture, with a contracting
path for capturing context and an expanding path for precise localization, proved
effective in capturing fine details and producing accurate segmentation. U-Net’s skip
connections also facilitated the integration of low-level and high-level features, leading
to improved segmentation. On the other hand, ResNet, with its deep residual learn-
ing framework, showed robustness and resilience to vanishing gradients, making it
suitable for training very deep networks. ResNet performed well in segmenting larger
brain structures and exhibited good generalization capabilities. Its skip connections,
although not as extensive as U-Net, allowed for effective feature reuse and improved
gradient flow, contributing to accurate segmentation results. It is worth noting that
the performance of U-Net and ResNet can be influenced by various factors, including
the size and diversity of the training dataset, the complexity of the segmentation

task, and the availability of computational resources. Therefore, the choice between
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U-Net and ResNet should be made based on the specific requirements and constraints
of the segmentation problem at hand. In conclusion, both U-Net and ResNet have
demonstrated their effectiveness in brain MRI image segmentation, each with its own
strengths and advantages.. Future research could explore hybrid architectures that
combine the strengths of both U-Net and ResNet to achieve even better segmentation

performance and interpretability.

5.2 Future Work

The future scope of brain MRI image segmentation using deep learning is promising
and holds great potential for advancements in medical imaging analysis. Here are

some key areas of future development:

e Enhanced Segmentation Accuracy: Deep learning techniques, such as con-
volutional neural networks (CNNs) and recurrent neural networks (RNNs), can

be further optimized to improve the accuracy of brain MRI image segmentation.

e Multi-Modal Segmentation: Combining information from multiple imaging
modalities can provide a more comprehensive understanding of brain structures.
Future research can focus on developing deep learning models capable of inte-
grating and utilizing multimodal data for improved segmentation accuracy and
reliability.

e Fine-Grained Segmentation: Current segmentation methods often focus on
segmenting major brain structures, such as gray matter, white matter, and cere-
brospinal fluid. Future work can aim to achieve finer-grained segmentation by
delineating substructures within these major regions, such as specific cortical
regions or deep brain nuclei. This level of detail can assist in precise diagnosis

and treatment planning for neurological disorders.

¢ Real-Time Segmentation: Real-time or near-real-time segmentation of brain
MRI images can greatly benefit neurosurgery and intraoperative decision-making.
Developing deep learning models that can provide accurate and fast segmenta-
tion results within a clinical time frame would be highly valuable. This could
involve the optimization of existing architectures or the development of new

network architectures that are computationally efficient.
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e Generalization Across Datasets and Pathologies: Deep learning models
trained on large and diverse datasets have shown excellent performance. Future
research can focus on developing techniques that can transfer knowledge learned
from one dataset or pathology to another, reducing the need for large labeled

datasets for each specific case.

e Inter pretability and Explainability: Deep learning models are often consid-
ered black boxes, making it difficult to interpret their decisions. In the context of
brain MRI image segmentation, there is a need for models that can provide inter
pretable and explainable segmentation results. Researchers can explore methods
that provide insights into which image features or regions contribute most to the

segmentation output, aiding clinicians in understanding and trusting the results.

e Clinical Integration: Ultimately, the success of deep learning-based segmen-
tation techniques depends on their seamless integration into clinical workflows.
Future research should focus on bridging the gap between academic research and
clinical adoption, ensuring that the developed models are user-friendly, robust,

and easily accessible by healthcare professionals.

Overall, the future of brain MRI image segmentation using deep learning holds
great potential for improving diagnostic accuracy, treatment planning, and patient
outcomes in neuro imaging. Continued research and collaboration between deep learn-

ing experts and medical professionals will be crucial in realizing these advancements.
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