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ABSTRACT

Segmenting brain tumors using magnetic resonance imaging (MRI) is essential for ef-

fective clinical diagnosis and treatment planning. Conventional segmentation techniques,

such as thresholding, region-growing algorithms, and active contour models, face consid-

erable challenges. These methods struggle with brain tumor segmentation because they re-

quire manual input and struggle with variations in intensity of MRI. They also fail to capture

tumor’s irregular shapes and indistinct edges due to limited morphological feature extrac-

tion. Additionally, traditional methods often handle 2D slices separately, overlooking vital

3D contextual information crucial for precise volumetric analysis of brain tumors. Deep

learning has transformed medical image segmentation by overcoming various constraints.

Convolutional Neural Networks (CNNs), especially fully convolutional architectures such

as U-Net and V-Net, have shown impressive achievements in automating the segmentation

of brain tumors. These deep learning methods are adept at learning hierarchical features

straight from data, managing 3D volumetric information, and ensuring spatial consistency

across slices—all crucial skills for tackling the complexities of brain tumor segmentation.

This study provides an in-depth comparison of two deep learning architectures for brain

tumor segmentation, 3D U-Net and V-Net. Using the BraTS 2020 dataset for evaluation,

our 3D U-Net implementation achieved a segmentation accuracy of 98.26 percent with an

IoU of 0.6792. In contrast, V-Net outperformed with a 98.65 percent accuracy and an IoU

of 0.7330. The findings emphasize V-Net’s particular strengths in addressing tumor bound-

ary uncertainties through its residual connections and advanced feature learning abilities.

Compared to traditional methods, both deep learning models offer notable improvements

in processing speed, consistency, and capability to capture complex tumor characteristics

without manual intervention. The findings highlight the significant impact of deep learn-

ing in neuro-oncology imaging, providing more dependable and efficient tools for clinical

decision-making.

Keywords: Brain tumor segmentation, MRI, traditional methods, deep learning, 3D

U-Net, V-Net, convolutional neural networks
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Chapter 1

Introduction

1.1 Overview

Brain tumors become more common with age, contributing to the increased
incidence of these diseases. In medical imaging of brain tumor patients,
segmentation is vital to identify affected brain regions. It is critical for di-
agnosis, therapy planning, disease progression, and tumor delineation (Du,
Cao, Liang, Chen, & Zhan, 2020).

Traditional manual segmentation relies on expert-defined features, but
inconsistencies arise from image intensity variations and other factors. Thus,
these methods lack precision and robustness, necessitating repeated manual
adjustment. However, manual tumor segmentation is often labor intensive
and time consuming, particularly due to the diverse tissue regions in tu-
mors and the complexity of three-dimensional multimodal brain magnetic
resonance imaging scans. Manual segmentation is error-prone due to depen-
dence on image quality and operator subjectivity. Inaccuracies and redun-
dant segmentation are common, making it necessary to develop automated
segmentation techniques that offer greater accuracy for clinical use.

Semi-automated methods-traditional approaches- require feature engi-
neering and machine learning for segmentation.In contrast, deep learning
(e.g., CNNs) learns representations directly from images.

Key challenges in automated brain tumor segmentation include: Tumor
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detection relies on pixel intensity comparisons, but gray-scale offsets reduce
tissue contrast, obscuring boundaries. However, the gray-scale offset fields
tend to reduce the contrast between the tissues and hence the tumor bound-
ary is less conspicuous. Tumors vary in size, shape, location, and tissue in-
volvement, complicating algorithm design. Tumor mass effects distort brain
anatomy, introducing irregular background data that challenge segmentation
(Hussain et al., 2022).

Automated segmentation systems can significantly enhance the efficiency
and precision of tumor identification and treatment planning, minimizing
human error and improving patient outcomes (Buchholz & Jug, 2022). To
address these challenges, fully automated segmentation methods have been
developed. These methods eliminate the need for manual intervention in tu-
mor detection and typically use deep learning (DL). These methods improve
segmentation effectiveness, reliability, and reproducibility. In addition, fully
automated methods have reported very high accuracy and precision, their
training demands large amounts of labeled data and they are computation-
ally intensive(Bhatt et al., 2021) .This study evaluates two CNN-based au-
tomated methods for tumor segmentation, addressing challenges in local-
ization, denoising, and accuracy-particularly for tumors with diffuse bound-
aries.

1.2 Research Problem

The research problem addressed in this study centers on applying deep
learning models based on the accuracy and effectiveness of brain tumor
segmentation in MRI. In the recent times, CNNs have been found to give
high accuracy in computer vision activities such as medical image segmen-
tation compared to the conventional methodologies as they learn the features
through the data itself. Nevertheless, the use of manually designed features
in conjunction with CNNs for brain tumor segmentation is, according to

2



literature (Jalab & Hasan, 2019), not thoroughly investigated. The key chal-
lenges include how to effectively with CNN-based models and how this
approach can improve accuracy, particularly in addressing the complexity
of tumor shapes, sizes, and the distortion of surrounding tissues. This study
aims to bridge this gap by developing a novel method that incorporates CNN
based architectures for enhanced segmentation of brain tumors in MRI.

1.3 Research Questions

1. How do deep learning-based segmentation principles (e.g., feature ex-
traction, spatial consistency) apply to MRI brain tumor segmentation?

2. How do the segmentation performance (e.g., Dice score, IoU) of 3D
U-Net and V-Net differ statistically when evaluated on the BraTS2020
dataset?

3. What are the correlations between the size, shape, and localization of
brain tumors achieved by U-Net and V-Net models?

4. Which model (U-Net or V-Net) better generalizes to rare tumor sub-
types in clinical settings?

1.4 Research Objectives

Thesis work intends to accomplish the following:

1. Implement and evaluate two 3D deep learning models(U-Net and V-
Net) for brain tumor segmentation using the BraTS2020 dataset.

2. Quantitatively compare model performance using segmentation met-
rics (Accuracy, IoU, Dice and Focal loss).
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3. Qualitatively analyze differences in tumor boundary delineation and
localization between U-Net and V-Net.

4. Identify clinical implications of each model’s performance for diag-
nosis and treatment planning.

1.5 Contribution to the Field

This study contributes to the field of neuro-oncology imaging by:

1. Demonstrating the superiority of 3D deep learning models(U-Net and
V-Net) over traditional 2D methods in capturing tumor spatial com-
plexity.

2. Providing empirical evidence of V-Net’s residual connections improv-
ing boundary segmentation accuracy(IoU: 0.63 vs. U-Net’s 0.68).

1.6 Thesis Outline

This thesis is structured as follows:

• Chapter 2 (Literature Review): Provides a comprehensive review of
both traditional and deep learning-based segmentation methods, es-
tablishing a solid theoretical foundation.

• Chapter 3 (Methodology): Clearly explains the proposed approach,
including the use of 3D U-Net and V-Net architectures, along with
the evaluation metrics employed.

• Chapter 4 (Implementation): Details the experimental setup, covering
data preprocessing techniques and optimization strategies for 3D MRI
segmentation.

4



• Chapter 5 (Results and Analysis): Presents the findings with a com-
parative analysis of the two models, supported by empirical evidence.

• Chapter 6 (Conclusion and Future Work): Summarizes key contribu-
tions and suggests potential directions for future research.

5



Chapter 2

Mathematical Preliminaries

2.1 Introduction

This chapter outlines the core mathematical concepts and operations that
form the basis of the architectures used in this study, particularly focusing
on 3D U-Net and V-Net. The chapter starts by covering the fundamen-
tals of convolutional operations, demonstrating how they extract spatial fea-
tures from MRI scans. It then delves into the differences between discrete
and continuous convolution, emphasizing their significance in medical im-
age processing. Following this, the chapter explores Fourier transforms and
their role in analyzing frequency-domain representations of MRI data, es-
sential for noise reduction and image enhancement. A significant emphasis
is placed on 3D convolutions, extending traditional 2D operations to vol-
umetric data, which enables the model to capture depth-related tumor fea-
tures. The chapter also examines loss functions, such as Dice loss and Fo-
cal loss, detailing their mathematical formulations and explaining how they
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enhance segmentation accuracy, particularly in handling imbalanced tumor
sub-regions. Lastly, the chapter introduces sparsity and compressed sensing
in MRI to improve computational efficiency while maintaining diagnostic
quality. These concepts are foundational for the deep learning models de-
veloped in this thesis, ensuring they are both theoretically robust and prac-
tically effective for brain tumor segmentation.

2.2 Convolution Operation

Convolution is one of the simplest mathematical operations used in the pro-
cessing of grid-type data, including time series, movies, and photographs.
It plays a key role in signal processing, typically used for analyzing and
transforming signals. As noted by (Kiranyaz et al., 2021), convolution op-
erations are fundamental in deep learning and are frequently used in neural
networks to extract features from raw input data. A typical convolution
involves sliding a small kernel over the input data, where each kernel ele-
ment is multiplied by the corresponding input element, and the results are
summed to form a single value in the output feature map.

An example of this process is illustrated in Figure 2.1. Here, a 3× 3
input matrix I is convolved with a 2× 2 kernel K. As shown, when the
kernel K with elements j,k, l,m overlaps with the top-left corner of the input
matrix I with elements a,b,d,e, the resulting value in the output matrix C is
computed as the sum of element-wise products: a. j + b.k + d.l +c.m. This
operation is systematically repeated as the kernel slides across the entire
input matrix, generating a new feature map C where each value highlights
local patterns such as edges, textures, and shapes.

According to (Aloysius & Geetha, 2017), this ability to extract meaning-
ful patterns makes convolution especially powerful for visual tasks in deep
learning. It enables the network to learn spatial hierarchies of features in the
data, layer by layer.
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Figure 2.1: Example of 2D convolution operation: input matrix I convolved with kernel K
produces output matrix C.

To further illustrate the effect of convolution operations on real-world
data, Figure 2.2 shows the results of applying convolution-based edge de-
tection filters to a grayscale image of a bicycle.

The original image Figure 2.2-a is processed using vertical and horizon-
tal edge detection filters. These filters are convolution kernels designed to
highlight gradients in specific directions:

Vertical edge detection Figure 2.2-b emphasizes vertically running edges
by detecting changes in intensity in the horizontal direction.

Horizontal edge detection Figure 2.2-c emphasizes horizontal structures
by detecting changes in intensity in the vertical direction.

These convolutional transformations enhance structural features such as
the spokes of the bicycle and the bricks in the background, which are useful
for downstream tasks such as object detection or image classification.
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Figure 2.2: Effect of convolution filters on a grayscale image. (a) original image, (b)
result after applying vertical edge detection filter, (c) result after applying horizontal edge
detection filter.

2.2.1 Continuous Convolution

In the setting of analog signals, convolution is distinct as (Pinaya, Vieira,
Garcia-Dias, & Mechelli, 2020):

( f ∗g)(t) =
∫

∞

−∞

f (τ)g(t − τ)dτ (2.1)

where

• τ : The integration variable that represents a time or spatial shift.

• t: The variable that represents the output time or spatial position of
the convolved function.

• f (τ): The input function.

• g(t): The kernel or filter function.

Having discussed continuous convolution, we now turn to its discrete
counterpart.
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2.2.2 Discrete Convolution

Convolution is the way by which two sequences are multiplied to form an-
other sequence for discrete signals. It is defined as follows:

( f ∗g)[n] =
∞

∑
m=−∞

f [m]g[n−m] (2.2)

where

• n: The discrete index that represents the output position of the con-
volved sequence.

• m: The summation index represents a discrete shift.

• f [n]: The input sequence.

• g[n]: The kernel or filter sequence.

2.3 The Characteristics and Functionalities of
Different Convolution Types

2.3.1 Two Dimensional Convolutions

Especially in Computer Vision (CV), 2D convolutions are components of
convolutional neural networks (CNNs). It utilizes an input of two dimen-
sions to obtain the features, such as edges and textures from the two-dimensional
input of images in this case. For basic recognition processes such as object
recognition, and picture categorization, these characteristics are mandatory
(Bhatt et al., 2021).

Equation (2.3) represents the mathematical expression for a 2D convo-
lution:

F(x,y) =
m

∑
i=−m

m

∑
j=−m

K(i, j) · I(x+ i,y+ j) (2.3)

10



where:

• m: The spatial extent of the kernel.

• F(x,y): Output feature maps.

• K(i, j): Kernel values.

• I(x,y): Input image values.

2D convolutions occur in natural language processing(NLP), CV, and
signal processing to enhance the viability of facial recognition systems.
Such applications include access control, identification verification, and clas-
sification tasks, which are possible due to 2D convolutions (Brar, Aggarwal,
Nanda, Saxena, & Gautam, 2024).

By using the 2D convolutional layer, sequential data such as time series,
audio signals, and textual information can be processed. Because of their
superior temporal profile capturing ability, they are widely used in tasks
such as speech recognition and text classification. These models are helpful
in tasks such as speaker identification and emotion detection, as well as in
revealing underlying patterns in sequential data(Kiranyaz et al., 2021).

2.3.2 One Dimensional Convolution

A 1D convolutional layer is a tool used in deep learning to analyze sequen-
tial data—things like sound waves, stock prices over time, or even sentences
broken down into words. Unlike image processing (which uses 2D convolu-
tions for height and width), a 1D convolution works along a single direction,
like time or sequence order (Kiranyaz et al., 2021).

Imagine sliding a small window (called a filter or kernel) step-by-step
over your data. At each stop, the filter multiplies its values with the corre-
sponding part of the sequence and adds everything up to produce a single

11



number. By doing this across the whole sequence, it picks up on local pat-
terns—like a sudden spike in a sensor reading, a repeated rhythm in audio,
or a common phrase in text (Y. Kim, n.d.).

Equation (2.4) represents the mathematical expression for a one-dimensional
convolution:

F(n) =
m

∑
i=−m

K(i) · I(n+ i) (2.4)

where:

• F(n): Output sequence.

• K(i): Kernel values.

• I(n): Input sequence values.

2.3.3 Three Dimensions Convolutions for Volumetric Data

Motion and medical images are examples of 3D data for which 3D convo-
lutions are developed. They are very useful in tasks such as tumor segmen-
tation since they are able to evaluate spatial as well as temporal features
concurrently. These models are created through the analysis of 3D images,
helping to study global organ architecture and correlations between spaces,
which increases diagnostic accuracy.

Equation (2.5) represents the mathematical expression for a 3D convo-
lution:

F(x,y,z) =
m

∑
i=−m

m

∑
j=−m

m

∑
l=−m

K(i, j, l) · I(x+ i,y+ j,z+ l). (2.5)

where:

• F(x,y,z): Output s.
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• K(i, j, l): Kernel values.

• I(x,y,z): Input volume values.

In tumor segmentation, doctors benefit from using 3D convolutions to
determine the size and location of tumors, assisting in selecting specific
therapies(Xu, Dehghani, Corrigan, Caulfield, & Moloney, 2016).

2.3.4 Activation Functions

Activation functions introduce non-linearity into neural networks, enabling
them to learn complex patterns. Two fundamental activation functions used
in this study are defined below:

2.3.4.1 Rectified Linear Unit (ReLU)

The ReLU activation function is defined as:

ReLU(x) =

x if x > 0

0 if x ≤ 0
. (2.6)

This piecewise linear function provides sparse activations and avoids the
vanishing gradient problem while maintaining computational efficiency.

2.3.4.2 SoftMax Function

For multi-class classification, the SoftMax function normalizes outputs to
class probabilities:

SoftMax(z)i =
ezi

∑
C
j=1 ez j

, for i = 1, · · · ,C. (2.7)

where:

• z = (z1, · · · ,zC) ∈ RC is the input vector of raw scores (logits).
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• C is the number of classes.

• The denominator ensures that ∑
C
i=1 SoftMax(z)i = 1.

The SoftMax function provides a probability distribution over K possi-
ble classes.

2.4 Fourier Transform for Images

The Fourier Transform is a common image processing approach that can
change a picture from the spatial domain into the frequency domain. Mainly,
it shows that an image can be represented as a sum of sine and cosine func-
tions of different frequencies. The original image resides in the spatial do-
main, while the Fourier Transform describes the image in the frequency
space.

The Fourier image has a set frequency from the spatial domain image
for each of its points. A large number of fields, such as image processing,
image filtering, image reconstruction, and image compression, rely on the
Fourier Transform. Casting a new light on the Discrete Fourier Transform
(DFT) for digital images, this paper (Buchholz & Jug, 2022) is dedicated to
this topic.

For a square image of size N×N, the two-dimensional DFT is given by:

F(u,v) =
N−1

∑
x=0

N−1

∑
y=0

f (x,y)e− j2π(ux
N + vy

N ). (2.8)

Since a rectangular periodic sequence is exactly equal to a finite-length
sequence, the DFT can indeed perform the operation of convolution for fi-
nite arrays, which is its main strength. The Discrete Fourier Transform is
also called the Fourier Transform of finite-duration sequences. Note that,
in contrast to the continuous Fourier Transform, the DFT operates on and
processes sequences of finite lengths and discrete variables.

14



The DFT samples the frequencies of an image but does not sum all fre-
quencies. Instead, it represents the spatial domain image as a sum of a finite
number of frequencies. The number of frequencies corresponds to the num-
ber of pixels in the spatial domain image.

It is extremely important to note that the Fourier Transform usually
yields complex values because the DFT uses a complex exponential func-
tion. Therefore, an image’s DFT consists of:

• Phase (argument): Depicts the position and balance of the frequency.

• Amplitude (modulus, Euclidean distance): Depicts the energy den-
sity of the frequency.

Normally, high-frequency components are located at the edges of an
image, while low-frequency components are in the middle of the image.

As it allows data to be transformed from the frequency domain back to
the spatial domain, the Inverse Fourier Transform is one of the fundamental
concepts of signal processing. This procedure helps in understanding how
a signal behaves in space or time. For instance, in MRI, the Inverse Fourier
Transform plays a crucial role in relating frequency and spatial domains.

The Fourier Transform extends the Fourier series, which describes pe-
riodic functions as a sum of sinusoidal components. To generalize this for
non-periodic functions, the Fourier Transform expresses them as a sum of
sine and cosine functions over a continuous frequency spectrum. Similarly,
the Inverse Fourier Transform can be used to reconstruct a function from the
frequency domain back to the time (or spatial) domain.

The general formula for the Inverse Fourier Transform is:

f (x,y) =
N−1

∑
u=0

N−1

∑
v=0

F(u,v)e j2π(ux
N + vy

N ). (2.9)

Magnetic resonance imaging (MRI) relies heavily on Fourier Trans-
forms due to their valuable properties. Among these properties is the abil-
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ity to simplify data by analyzing complex computational signals. In MRI,
phase alteration is crucial, as movements in the spatial domain correspond to
phase variations in the frequency domain. Additionally, convolution plays a
significant role in image filtering and enhancement, according to the convo-
lution theorem, which states that convolution in one domain is equivalent to
multiplication in the other.

Besides image reconstruction, the Fourier Transform is critical for other
MRI processing tasks such as:

• Edge detection

• Noise removal

• Image enhancement

Low-frequency components are related to the overall image structure,
while high-frequency components are often associated with noise. Adjust-
ing the presence of specific frequencies in an image can enhance its clarity,
making bright and detailed images more prominent.

2.5 Magnetic Resonance Imaging (MRI) Process-
ing

Magnetic Resonance Imaging (MRI) is a painless action of scanning the
human body to produce cross-sectional, three-dimensional images of the in-
ternal structures of the human body using electromagnetic waves. It is used
commonly for disease detection, confirmation, and surveillance of disease
status in the body. MRI depends on sophisticated mechanisms that respond
to shifts in the vector position of protons within the water content in biolog-
ical tissues (Talo, Baloglu, Yıldırım, & Acharya, 2019).

MRI machines employ strong magnetic field that aligns the body protons
along the magnetic field direction. Whenever an RF pulse kinda knocks the
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protons off their pedestal and causes the net magnetization to begin spinning
perpendicular to the magnetic field. When the RF pulse is switched off,
the protons return to the longitudinal alignment to the main magnetic field
releasing energy. This, the released energy is picked by MRI sensors, and
it is used to build the image. Dependence of the time required for protons
to re-establish alignment with the magnetic field in addition to the emitted
power relies on the tissue type and the molecular surrounding, thus assisting
in the determination of one tissue from another.

In MRI, actual data is collected in k-space or Fourier data while conduct-
ing scanning session. This data encodes the frequency information regard-
ing the object that is imaged and is produced with the help of magnetic field
gradient. Every point in k-space contains the whole image information, but
with different frequency precision. The data thus pass through processing
before being transformed to the spatial domain to give the final image.

The initial image enhancement process of MRI is the reformation of
the image from k-space data. This is usually done by performing a two-
dimensional Inverse Fourier Transform, which re-creates data into a Spatial
Domain data. This process embeds the frequency information contained in
each microform and generates a primary image of specific spatial localiza-
tion. To achieve a high quality of reconstruction the Nyquist theorem should
be obeyed in the collection of k-space data to avoid aliased patterns (artifact
arising from undersampled k-space data).

A typical MRI can be subject to artifacts due to the inhomogeneity in
the magnetic field, the variations in the receiver coil sensitivity and the like
which may cause variations in the intensity distribution of the image. Such
things as the bias field are corrected to endeavour to reduce these varia-
tions and make the image more uniform. Furthermore, normalization is
conducted for the reasons of obtaining intensity invariability for better com-
parability, which is rather important for understanding of images of the var-
ious patients or scans of one patient at different times.
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Another form of artifacts is noise; it originates from systematic limi-
tations and thermal impact in MRI data. Such noise can make irrelevant
certain details of the image. In order to improve the image quality different
restoration techniques, and pre-processing methods are used on the observed
images. These are for instance methods like Gaussian filtering, Wavelet
shrinkage and the Non-Local Means (NLM). They influence the removal
of votes from random noise while retaining essential information, including
edges and substructures. These techniques consist of, for instance: Gaussian
Filter: This technique makes the image clearer while maintaining overall de-
tails by uniformly reducing noise throughout the image. Wavelet Shrinkage:
This technique detects and eliminates noise from a picture without compro-
mising small features like edges and subtle shapes. By comparing several
aspects of a picture to identify commonalities, Non-Local Means (NLM)
can eliminate random noise while maintaining crucial details like edges and
substructures. In order to accurately diagnose and identify health issues us-
ing MRI scans, these approaches are utilized to enhance the final image’s
quality so that it is clearer and contains finer details.

An important form of MRI pre-processing is image segmentation that
involves partitioning the image into areas of interest for instance, tissues or
organs. This step is important in clinical applications like identification of
tumor, tissue differentiation and measurement of structures. There are still
four most widely used methods namely discrete thresholding, continuous
histogram based techniques, region growing and statistical approaches and
new and advancing algorithms known as machine learning algorithms.

There is another important concept used in MRI known as image regis-
tration whereby image from different modality or from different time point
are realigned to match in terms of position. This is especially helpful in
cases where multiple scans are made or where MRI is done with other pro-
cedures like CT or PET scans. Image-registration process can be accom-
plished based upon a number of transform types, for example, rigid, affine,

18



or non-affine transform, based on the requirements of the task.
Those artifacts are motion blur, signal loss due to susceptibility artifacts

and Gibbs ringing that affect MRI. These distortions may be due to patient
motion, the susceptibility effects from local magnetic fields, or too little
sampling. Some motion artifacts include respiratory motion, cardiac mo-
tion, and other motions such as head motion; various methods are used to
correct these motions such as retrospective motion correction, phase correc-
tion, and filtering out of artifacts.

Finally, the MRI yield high contrast and a wide range of brightness lev-
els of the processed images, with options to integrate segmented regions or
view functional activity. The post-processing tools can also create 3D rep-
resentations which provide integrated overviews of the spatial relationships
of the structures under investigation.

2.6 Types of Brain MR Images

T1-Weighted MRI T1-Weighted MRI is an imaging technique that gen-
erates high-resolution pictures of brain anatomy, highlighting distinct con-
trasts between gray matter, white matter, and cerebrospinal fluid (CSF). Tu-
mors typically appear darker in these images compared to normal tissue
(Balafar, Ramli, Saripan, & Mashohor, 2010).

T2-Weighted MRI This highlights water content, causing edema (fluid
accumulation) and tumors to appear hyperintense (bright). It is ideal for
detecting swelling associated with tumors(K. C. Kim, Jang, & Seo, 2023).

FLAIR (Fluid-Attenuated Inversion Recovery) Reduces the CSF sig-
nal to highlight abnormalities like tumors or lesions around the ventricles.
Tumors stand out brightly against a darkened CSF backdrop (Amin, Sharif,
Haldorai, Yasmin, & Nayak, 2022).

T1ce(T1 Contrast-Enhanced) A T1 scan conducted following the in-
jection of gadolinium-based contrast highlights leaks in the blood-brain bar-
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rier, making active tumors appear more luminous (Ronneberger, Fischer, &
Brox, 2015).

2.7 Sparsity of MR Images

MRI can therefore be characterized as a sparse recovery problem from both
a mathematical and computational perspective. In sparse data structures,
the majority of elements in a matrix are zero or small, meaning that most
of the information is concentrated in a limited number of significant values.
This property can be utilized to optimize MRI procedures, including image
compression, image reconstruction, and storage.

While original MRI data is weak in certain domains (e.g., wavelet or
gradient domain), the k-space data set itself is generally dense. However,
the volume and density of k-space data obtained can be incredibly high, yet
much of the information is granular. Some key sparsity aspects include:

• K-space sparsity: In the k-space domain, higher-order samples, which
are associated with finer image details, generally contain low energy.
They contribute less to the image and can, therefore, be considered
less valuable in some cases.

• Wavelet sparsity: When reconstructing MRI in the wavelet domain,
most of the image’s energy is found in only a few coefficients, while
many other coefficients are either zero or negligible.

• Gradient sparsity: In anatomical MRI, the spatial gradients of the
image are generally sparse because most tissues in the human body
are relatively homogeneous. The boundaries between tissues consti-
tute only a small fraction of the entire image.

These sparsity characteristics are intrinsic to MRI applications, particu-
larly in imaging, reconstruction, and enhancement processes.
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2.7.1 Compressed Sensing (CS) in MRI

An MRI technique called compressed sensing (CS) is used to generate
high-quality images from sparse k-space data. CS significantly reduces
the time required for MRI scans by leveraging sparsity and acquiring fewer
samples, making the process faster and more efficient. CS techniques use
optimization problems that minimize a cost function to reconstruct sparse
signals:

min
x

(
||S−FX ||22 +λ ||Ψx||1

)
(2.10)

where:

• x represents the reconstructed image.

• S is the measured k-space data.

• F is the Fourier transform.

• Ψ is the sparsifying transform (e.g., wavelet transform).

• λ is a weighting factor that controls the relative importance of the two
terms.

• || · ||1 refers to the sum of absolute values.

• || · ||2 refers to the sum of squared values.

2.7.2 Data Compression

Sparse representations are highly effective in compressing MRI data, both
in terms of storage and transmission efficiency. The most common approach
is wavelet-based compression, which retains the most significant image in-
formation by examining wavelet coefficients and removing non-significant
ones. This allows for significant reductions in file size while maintaining
image quality.
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2.7.3 Disturbance Suppression and Image Quality

These sparsity-based methods are also applied for denoising and image en-
hancement in MRI. The goal is to eliminate dominant noise components
while preserving critical image details. One such method is wavelet thresh-
olding, which effectively reduces high-frequency noise while keeping the
image sparse, allowing important structures to be preserved while minimiz-
ing artifacts.

2.7.4 Sparse Dictionary Learning

Another technique used in MRI is sparse dictionary learning, which in-
volves determining a set of basic functions (or “atoms”). Using these basis
functions, MR images can be reconstructed with fewer coefficients, result-
ing in a more compact representation. Sparse coding is particularly useful in
applications requiring enhanced image quality or specific feature extraction,
such as:

• Super-resolution

• Artifact removal

• Image segmentation
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Chapter 3

Literature Review

3.1 Definition of Image Segmentation

One of the fundamental procedures in image analysis for object recognition
is image segmentation. Image segmentation is defined as dividing an image
into distinct parts based on predetermined criteria for subsequent processing
which has been used in many image processing and computer vision appli-
cations (Işin, Direkoǧlu, & Şah, 2016). The objective is to identify homo-
geneous areas of an image as distinct and behave differently. The concern
for locating an object is not important during the segmentation stage. They
can later be given labels (Sachin, 2014). Many medical applications require
the ability to segment medical images since medical image segmentation al-
gorithms can aid doctors in improving disease diagnosis and creating more
effective treatment methods(Lei & Nandi, 2022). One of these is the seg-
mentation of brain images, which is difficult and complex but important
in accurately identifying tumors, edema, and necrotic regions. In diagnos-
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tic systems, accurate detection of these tissues is essential. Additionally,
Magnetic Resonance Imaging (MRI) is a crucial imaging method for early
detection of aberrant alterations in many areas of the brain. High contrast
images of the brain are frequently obtained by MR imaging. MRI acquisi-
tion parameters can be changed to produce distinct grey levels for various
forms of neuropathology and different tissues. Contrast in MRI is better
than in Computer Tomography (CT). As a result, MR images are used the
most often in studies on medical image segmentation (Balafar et al., 2010).
The aim of image segmentation is to find a segmentation map S such that:

S(input data) = useful output segmentation. (3.1)

The map S must have the ability to extract important features from the input
linked to the desired output.

Figure3.1 visually presents the multimodal MRI input data and the cor-
responding ground truth segmentation mask. As depicted, the input con-
sists of three distinct MRI sequences: FLAIR, T1ce, and T2, each offering
unique tissue contrast. For instance, the FLAIR image clearly suppresses
CSF signal, while T1ce highlights enhancing tumor regions (K. C. Kim et
al., 2023). The Mask image on the right illustrates the desired output, where
different colors as detailed in Table 3.1 delineate specific tumor sub-regions
(Necrotic and Non-Enhancing Tumor, Peritumoral Edema, Enhancing Tu-
mor) and healthy background. This visual representation underscores the
complexity of the segmentation task, requiring the model to differentiate
subtle intensity variations across modalities to accurately map these distinct
anatomical and pathological areas.
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Figure 3.1: The types of input MRI of brain (FLAIR, T1CE, T2) and the output segmenta-
tion image (Mask)

Table 3.1: Class Values and Meanings

Class Value Class Color Class Meaning
0 Purple Not tumor (healthy zone or image background)
1 Blue Necrotic and non-enhancing tumor
2 Green Peritumoral Edema
3 Yellow Enhancing Tumor

The notations for image segmentation that we employ in this chapter are
as follows:

(Input image B) Let B denote a 2D (or 3D) medical image with pixel
grid ∆.

For a 2D image:

∆ = {X = (x1,x2) : xi ∈ {1,2, . . . ,nxi}, i = 1,2} (3.2)

where B : ∆ → R and M(X) ∈ R for X ∈ ∆.
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For a 3D image:

∆ = {X = (x1,x2,x3) : xi ∈ {1,2, . . . ,nxi}, i = 1,2,3}. (3.3)

where B : ∆ → R and M(X) ∈ R for X ∈ ∆.
(Output S) The output S is a segmentation map derived from B. It as-

signs a label to each pixel or voxel in ∆:
For binary segmentation, the mapping is defined as:

S : ∆ →{0,1}

In this case, S(X) = 1 indicates that the pixel or voxel belongs to the
tumor region, while S(X) = 0 indicates it does not.

For multi-class segmentation, the mapping is defined as:

S : ∆ →{0,1,2,3}

The labels correspond to the following categories:

• 0: Not Tumor (healthy tissue or background)

• 1: Necrotic and Non-Enhancing Tumor (NCR + NET)

• 2: Peritumoral Edema (ED)

• 3: Enhancing Tumor (ET)

the output U is a vector representing classifications probabilities for each
pixel/voxel and it defined as:

U : ∆ → [0,1]C

where:
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C is the number of classes (e.g., C = 4 for the multi-class problem).
Each component Uc(X) represents the probability that the pixel or voxel X
belongs to class c.

3.2 Traditional Approaches for Medical Image
Segmentation

Digital image processing and optimization methods were the initial sources
of image segmentation. These early algorithms used techniques like region
expanding and the snake’s algorithm, which involved setting up initial re-
gions and comparing pixel values to get a notion of the segment map. These
techniques viewed an image’s features from a local viewpoint and focused
on pixel gradients and local variations. Algorithms that took a global view
of the input image came much later on with methods like thresholding meth-
ods, Region-Growing method and Active Contour Method being proposed
among classical image processing methods.

3.2.1 Thresholding Methods

One of the common image segmentation methods is the threshold method.
The threshold segmentation method—typically utilized as a fundamental
segmentation technique—can effectively segment images (Wang, Wang, Jiang,
Zhang, & Wang, 2016) Thresholding method sets a threshold for categoriz-
ing pixels into two classes. When a value is more than the threshold value,
the pixel is set to 1, and when it is less than the threshold value, it is set to 0
(K. C. Kim et al., 2023).

The thresholding of B with a threshold value χ , denoted by Mχ , is de-
fined by:
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Mχ =

0 if M < χ

1 otherwise
. (3.4)

The threshold segmentation approach is susceptible to noise, though, be-
cause it only takes the gradation value of each pixel into account and ignores
its spatial features. The threshold segmentation method’s calculation speed
is slow since it uses a logarithmic operation, making it unsuitable for real-
time image analysis(Al-Amri & Kalyankar, 2010). The most challenging
and important issue with the threshold segmentation approach is how to es-
tablish the threshold value (Wang et al., 2016). One of these methods which
used to determine the thresholding value χ is Otsu’s thresholding method,
named after Nobuyuki Otsu (K. C. Kim et al., 2023).

The Otsu thresholding approach complies with the linear discriminant
requirement, which assumes that the image only contains objects foreground
and background with ignoring of the heterogeneity and diversity of the
background(Yousefi, 2011).

The algorithm of Otsu’s method to select the optimal threshold value χ∗

is achieved by the following process (Wang et al., 2016).
Let an image B with gray values 1,2, . . . ,m, total m levels, where the

number of pixels with gray value i is ni. The total number of pixels in an
image is as shown in Equation (3.5):

N =
m

∑
i=1

ni. (3.5)

The probability of each gray scale value can be calculated by Equation
(3.6):

Pi =
ni

N
where i = 1,2,3, . . . ,m. (3.6)

Then, all the gray values of the image are divided into two groups by
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using gray level r:

Q0 = {1,2,3, . . . ,r} and Q1 = {r+1,r+2, . . . ,m} (3.7)

where r is called the image segmentation threshold. Q0 is the foreground
class which contains all gray values less than pixel r and the total pixels is:

S0 =
r

∑
i=1

ni (3.8)

And Q1 is called the background class which contains all the pixel gray
values greater than r and the sum of all pixels is:

S1 =
m

∑
i=r+1

ni. (3.9)

The probabilities of Q0 and Q1 respectively φ0 and φ1 are calculated by
Equation (3.10):

φ0 =
S0

N
=

r

∑
i=1

Pi = φ(r) and φ1 =
S1

N
=

m

∑
i=r+1

Pi = 1−φ(r). (3.10)

Let µ0 and µ1 be the average gray values of Q0 and Q1 which describe
the cluster centers of the two classes and are calculated by Equation (3.11):

µ0 =
∑

r
i=1(niPi)

φ0
=

∑
r
i=1(niPi)

φ(r)
and µ1 =

∑
m
i=r+1(niPi)

φ1
=

∑
m
i=r+1(niPi)

(1−φ(r))
.

(3.11)

The average gray value µ of the whole image is calculated by Equation
(3.12):

µ = φ0µ0 +φ1µ1 (3.12)

The between-class variance describing class distance can be calculated
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by Equation (3.13):

σ
2(r) = φ0(µ0 −µ)2 +φ1(µ1 −µ)2. (3.13)

Substituting Equation (3.12) into Equation (3.13) we obtain:

σ
2(r) = φ0φ1(µ0 −µ1)

2. (3.14)

Finally, the optimal threshold value is shown in Equation (3.15):

χ
∗ = Arg maxσ

2(r) where 0 < r ≤ m. (3.15)

The best segmentation can be obtained when the maximum threshold
value χ∗ is used to segment an image.

Figure3.2 (Amin et al., 2022) provides an example of brain tumor seg-
mentation achieved using the Otsu thresholding method. Figure 3.2(a) dis-
plays the original MRI image. In Figure 3.2(b), the result after applying
Otsu thresholding is shown. Observe how this method attempts to separate
the tumor region from the background based on intensity. While it provides
a basic segmentation, it often struggles with the heterogeneous intensity
distributions within brain tumors and may not accurately capture irregular
tumor shapes or diffuse boundaries, as evident by potential fragmentation
or incomplete delineation in the segmented output.
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Figure 3.2: (a)original images, (b)Otsu thresholding (Amin et al., 2022).

3.2.2 Region-Growing Method

The region-growing approach, which produces connected regions by grow-
ing them from initial seed points, is a pixel-based image segmentation method-
ology. This technique begins by extracting nearby pixels from the first
seed locations by comparing them of each nearby pixel’s intensity values
with the initial seed point(Balafar et al., 2010). To identify the final re-
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gion, this procedure is performed in the same manner. Due to the require-
ment for manually selecting the initial seed sites, this approach may not
be automatic. This method, like thresholding, is sensitive to different ele-
ments that affect image quality, such as noise, artifacts, and weak borders.
Essentially, this method is local and does not consider the overall struc-
ture of images(K. C. Kim et al., 2023). Algorithm 1 contains implementa-
tion information for the region-growing approach (Seed Region Growing-
SRG)(Shrivastava & Bharti, 2020).

Algorithm 1 SRG
Step 1: Initial seed points are set as P1,P2, . . . ,Pn that are segmented into R1,R2, . . . ,Rn.
Step 2: Threshold value set as χ .
Step 3: If |Pi −neighbor pixel value| ≤ χ , then the neighboring point could be classi-
fied into Ri, where i = 1,2, . . . ,n.
Step 4: The new boundary of Ri is evaluated as the new seed points namely Pis. The
mean pixel intensity values of segment Ri must be recomputed, respectively. Repeat
Steps 3 and 4 until the point where every pixel in the image specifies to one of the
segments.

Figure 3.3 shows the original image transformed into a pixel matrix as
seen in Figure 3.3 (a); three seed points—1, 2, and 7—are then randomly
chosen and displayed in a variety of colors in Figure 3.3(b). In this case,
zero is chosen at random as the threshold value. The area expands from the
original seed sites shown in Figure 3.3(c)–(e). The pixel value 8 does not
lie in any of the sections, so the original seed points are no longer sufficient.
As a result, the seed points are now 1, 2, 7, and 8, and the ending segments
are shown in Figure 3.3 (f) (Shrivastava & Bharti, 2020).

SRG is an effective fast image segmentation method that is helpful for
medical images. It can be used in a wide range of contexts, including med-
ical image segmentation can be utilized for a variety of purposes, including
the diagnosis of brain tumors from Magnetic Resonance Imaging (MRI, the
detection and classification of breast tumors from breast images, and the use
of mammograms. It plays a significant role in image analysis, computer vi-
sion, geographic image segmentation, object tracking in video surveillance,
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Figure 3.3: (a) original image, (b) three manually selected seed points, and (c–f) region
grows with checking neighbor pixels (Shrivastava & Bharti, 2020).

and other fields. Figure 3.4 illustrates an application of the Seed Region
Growing (SRG) approach for brain tumor detection in MRI (Biratu et al.,
2021). Figures 3.4(a,c,e,g) show skull-removed original brain images with
manually or semi-automatically generated potential seed points. The cor-
responding Figures 3.4(b,d,f,h) display the final segmentation outputs. Vi-
sually, the SRG method, guided by these seed points, expands to delineate
tumor regions. However, as discussed, the quality of these segmentations
is highly dependent on the initial seed point selection and threshold values,
which can be a limitation for fully automated and consistent results across
diverse tumor presentations.

However, the selection of the initial seed through trial-and-error method
does not deliver the expected results. The results are exhibited in a wrong
way if a seed point falls on a noisy point, or the user makes an error in
the choice of seed points. Different seed points and threshold values create
different segmentation results. So, an algorithm is required that gives effi-
ciently the defined automatic selection of seed points and threshold values
(Shrivastava & Bharti, 2020).
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Figure 3.4: Generated possible seed points and annotations using the proposed approach.
(a,c,e,g) represent skull-removed original brain images with five potential seed points;
(b,d,f,h) show the final segmentation output of each respective (Biratu et al., 2021).
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3.2.3 Active Contour Method

Deformable models are an energy-based segmentation technique that drives
a closed curve specified within an image area G toward the target segmen-
tation by minimizing an energy comprising of internal energy defined on
the curve and external energy from the surrounding area of an image B
(K. C. Kim et al., 2023).

Several application-specific energy functionals have been created to form
an active contour in the direction of the target region’s boundary. The pur-
pose of the energy functional is to find a local minimum by a process of
regular shape development that minimizes energy.

Therefore, to end the iterative procedure at the desired boundary, a suf-
ficient initial contour and ending criterion are needed. The typical format of
energy-based segmentation methods is as follows, where P is the contour:

E = Einternal +Eexternal. (3.16)

P = argmin
P

(Fit(P)+λ Reg(P)) (3.17)

Where Fit(P) is a fitting term for attracting the contour P toward the
target object in the image, while Reg(P) is a regularization term to reflect
prior knowledge of contour structure, and λ is a tunable fitting parameter
that controls the balance between these two terms.

The active contour method (or snakes) is a type of method that uses an
energy functional Φ(P) to evolve an active contour P toward the boundary
of the target region. For a medical image B(x,y), our goal for segmentation
is to find a closed curve P that minimizes the function Φ(P), which is
expressed as follows:

Φ(P) = Fit(P)+λ Reg(P). (3.18)
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We start with the simplest form of the energy function Φ(P):

Φ(P) :=
∫
P

1
1+ |∇B|2

ds. (3.19)

For the computation of a local minimum P of the functional, we may
start from an initial contour P0 and get a minimizing sequence P1,P2, . . .

which converges to the local minimum P:

Φ(P0)≥ Φ(P1)≥ Φ(P2)≥ ·· · ≥ Φ(Pn)≥ Φ(Pn+1)≥ Φ(P).

(3.20)
To calculate the next contour P(n+1) from Pn, the gradient descent

method based on ∇Φ(Pn) is widely used:

P(n+1) = Pn −α∇Φ(Pn) (3.21)

where −α∇Φ(Pn) is the steepest descent direction.
What does ∇Φ(Pn) mean? It is more convenient to explain Pn using

the time-varying Pt rather than the sequence Pn. Then the Equation (3.21)
can be expressed as:

P(t+∆t) = Pt −α∆t∇Φ(Pt). (3.22)

To calculate P(t+∆t), we parameterize Pt by

r(s, t) = x(s, t)(1,0)+ y(s, t)(0,1) where 0 < s < 1. (3.23)

In addition, Equation (3.23) represents a continuous parametric curve
evolving over time, where (x,y) define boundary points.

Thus, we have:
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Pt = {r(s, t) = x(s, t)(1,0)+ y(s, t)(0,1) | 0 < s < 1}. (3.24)

Setting Φ(t) = Φ(Pt), we have:

Φ(t) :=
∫
P t

1
1+ |∇B|2

ds =
∫ 1

0
gB(r(s, t))|rs(s, t)|ds (3.25)

where gB(r) = 1
1+|∇B|2 .

3.3 Deep Learning for Medical Image Segmen-
tation

3.3.1 Introduction

Segmentation of Medical images is a crucial component of a diagnosis, ther-
apy development, and research. Most traditional segmentation approaches
are expensive to memory and time. Also, some of these techniques fail in
producing the boundary of the images. This reason is that it allows for miss-
ing and disjointed edges in separating the area of interest and background.
In addition, most of these techniques are complex and don’t overlook spatial
details, which it is important in medical Image segmentation (Abdulateef &
Salman, 2021). Currently, there are several medical imaging methods that
are improved in computer vision especially for tumors locating such as MRI,
Computer Tomography (CT scan) and Positron Emission Tomography (PET
screening)(Lei & Nandi, 2022). Due to the complexity of the brain organ,
MRI suffers from a tumor localization in images. Besides, MR images may
contain noise or with blur(Aloysius & Geetha, 2017) . Deep learning has
emerged as a leading machine learning technique due to its remarkable suc-
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cesses across various domains. deep learning significantly enhances seg-
mentation tasks through its generalization abilities, depth of architecture,
handling of high-dimensional information, and efficient optimization strate-
gies. This leads to improved accuracy and efficiency in practical applica-
tions like medical imaging and object detection in various domains(Berner,
Grohs, Kutyniok, & Petersen, 2021). One of these deep learning methods is
convolutional neural network (CNN) which is successfully achieving hier-
archical feature representation of images, making it one of the most promi-
nent research topics in image processing and computer vision(Lei & Nandi,
2022). Since convolutional neural networks (CNNs) used for feature learn-
ing tend to be resilient to image noise, blur, contrast variations, and similar
distortions, they deliver highly effective segmentation results for medical
images.

3.3.2 Convolutional Neural Networks (CNNs)

The three fundamental principles of convolutional neural networks (CNNs)
are local receptive fields, parameter sharing, and equivariant representations
(Berner et al., 2021). In this section, the mathematical formulation of con-
volutional neural networks is presented as described in (Berner et al., 2021).

A convolutional neural network is composed of multiple convolutional
blocks, which are specialized layers designed to effectively extract features
from input data, particularly in high-dimensional spaces like images. For
a group G, which is typically either [I] ∼= Z/(dZ) or [I]2 ∼= (Z/(dZ))2 for
I ∈ N, depending on whether we are dealing with one-dimensional or two-
dimensional data, where [I] and [I]2 are cyclic groups. The convolution of
two vectors f ,g ∈ RG is defined as:

( f ∗g)i = ∑
j∈G

f jg j−1, i ∈ G. (3.26)

The definition of a convolutional block is as follows: let G̃ be a subgroup
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of G, p be the pooling operator defined as p : G → G̃, and C be the number
of channels. Then, for a sequence of kernels hi ∈ RG, where i ∈ [C], the
output of a convolutional block is given by:

RG ∋ x 7→ x̃ := (p(x∗hi))
C
i=1 ∈ (RG̃)C (3.27)

where x represents the pixel values.
These operations subsequently either calculate the average or determine

the maximum across patches of comparable size. The convolutional ker-
nels align with the previously mentioned receptive fields and can be consid-
ered localized when they have small supports, meaning only a few nonzero
entries. However, Convolutional Neural Networks (CNNs) have recently
gained significant attention in the field of medical image analysis. Segmen-
tation plays a crucial role in medical applications, including brain segmenta-
tion, body organ segmentation, and cardiac ventricle segmentation(de Bre-
bisson & Montana, 2015). Brain image segmentation through deep learn-
ing employed a convolutional neural network (CNN) model specifically to
segment brain tumors, particularly gliomas. The deep learning CNN al-
gorithm demonstrated greater efficiency compared to traditional machine
learning approaches, especially in scenarios with larger datasets, achieving
higher accuracy levels. However, Convolutional Neural Network contin-
ues to face the following limitations(Jiang, Wang, Liu, Li, & Liu, 2019):
First, when employing a standard multi-layer perception, in which all lay-
ers are fully connected, (CNNs) can encounter significant computational
challenges. This is primarily due to the high dimensionality of image data,
which imposes substantial demands on processing and resource efficiency.
Second, CNNs lack available information regarding spatial dimensions. Uti-
lizing the pooling layer can lead to significantly reduced efficiency. This is
because only the most active neurons can be relayed between layers during
neuron transfer, resulting in a considerable loss of information within the
pooling layer and diminishing spatial resolution. Consequently, CNNs may
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struggle to differentiate between variations in postures and other character-
istics. A potential solution to this issue is extensive training across all imag-
inable angles, although this approach typically demands additional time and
computational resources. Third, traditional convolutional neural networks
struggle to effectively identify highly complex field-of-view images charac-
terized by significant overlap, mutual masking, and varying backgrounds.

Due to these constraints, the accuracy of its classification results is in-
sufficient. Fully Convolutional Networks (FCNs) are proposed(Qamar, Jin,
Zheng, Ahmad, & Usama, 2020). Fully Convolutional Networks (FCNs) are
deep learning models primarily utilized for pixel-level classification tasks
instead of from image-level classification as in CNN. That means rather
than predicting a single label for the entire image, FCNs forecast a label
for each pixel in the image. Also, (CNNs) typically end with fully con-
nected layers, which require a fixed input size while FCNs replace these
with convolutional layers, allowing them to handle inputs of varying sizes.
In addition, (FCNs) integrate deconvolution, also referred to as up sam-
pling layers, enabling the reconstruction of the spatial dimensions of the
input image after it has undergone processing in the convolutional layers.
This approach facilitates the mapping of features extracted at various hier-
archical levels back to their original spatial configuration. They frequently
utilize skip connections to connect layers in the encoder, which focuses on
feature extraction, with those in the decoder, responsible for up sampling.
This approach merges low-level features that retain fine details with high-
level features that provide contextual understanding, leading to more precise
pixel-level predictions. Fully Convolutional Networks (FCNs) address the
loss of information and detail often caused by pooling operations in Con-
volutional Neural Networks (CNNs), enhancing both accuracy and output
relevance in tasks like semantic segmentation (Jiang et al., 2019). Funda-
mentally, FCNs address the challenges of pixel-level classification and con-
textual understanding in images through a fully convolutional architecture.
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They leverage deconvolution for efficient up sampling and utilize skip con-
nections to improve feature representation. This approach enables FCNs to
overcome the limitations of traditional CNNs, where pooling-induced infor-
mation loss often leads to less precise predictions in tasks demanding high
resolution and intricate detail, like image segmentation (Qamar et al., 2020).

Definition 1 (FC Neural Network): Let B be an input space and S be
an output space. A fully connected neural network (FCNN) is a function F :
B → S composed of a sequence of L layers, where each layer l = 1,2, . . . ,L
transforms an input x(l−1) ∈Rnl−1 from the previous layer into an output xl ∈
Rnl via a linear transformation followed by a nonlinear activation function.
Mathematically, we have:

xl = φl

(
W(l)x(l−1)+b(l)

)
(3.28)

where: W(l) ∈ Rnl×nl−1 represents the weight matrix for layer l, b(l) ∈
Rnl denotes the bias vector for layer l, φl is a nonlinear activation function
(e.g., ReLU, sigmoid, etc.), and x(0) is the initial input to the network.

Given that convolution is a linear operation, depending on the chosen
pooling method, a convolutional block, as previously described, can be re-
formulated as a fully connected neural network (FCNN). Thus, the convo-
lutional block is defined as:

x 7→ W(l)x(l)+b(l). (3.29)

Figure 3.5 provides a conceptual illustration of a fully connected neu-
ral network incorporating two-dimensional convolutional blocks. The di-
agram depicts layers of interconnected nodes, where each node in a layer
is connected to every node in the subsequent layer, characteristic of a fully
connected network. Within this structure, the convolutional blocks (repre-
sented by distinct colored sections) perform feature extraction, while the
subsequent 2× 2 subsampling (pooling) operations are visually indicated
by a reduction in the spatial dimensions of the feature maps, demonstrating
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how the network progressively learns more abstract representations from the
input data (Berner et al., 2021).

Figure 3.5: featuring two-dimensional convolutional blocks paired with 2 × 2 subsampling
used as the pooling (Berner et al., 2021).
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3.3.2.1 Residual Neural Networks

In a standard fully connected neural network (NN), the transformation from
one layer to the next is mathematically expressed as:

Φ
(l)(x,θ) = f (l)(W(l)x+b(l)) (3.30)

where W(l) and b(l) are the weights and biases for the l-th layer, and f (l)

represents the activation function.
In contrast, a Residual Neural Network (ResNet) modifies this structure

by incorporating the input of a residual block into its output. Specifically,
the output from a residual block is defined as:

Φ̄
(l)(x,θ) = f (l)(W(l)x+b(l))+ Φ̄

(l−1)(x,θ). (3.31)

where the term Φ̄(l−1)(x,θ) corresponds to the output of the preceding
layer (or the original input in the case of the first layer). This approach,
which introduces a ”shortcut” or ”skip connection” facilitates gradient flow
across layers during training. By mitigating vanishing gradient issues, this
design enables more effective training in deep networks (Biratu et al., 2021).

3.3.2.2 Batch Normalization

Batch normalization (BN) is an essential method for enhancing the training
efficiency and overall performance of deep neural networks. It achieves this
by mitigating challenges caused by internal co variate shift (Berner et al.,
2021).

Batch normalization is applied to the output of a layer before its activa-
tion function. For a mini-batch of inputs b = (y(i))m

i=1 ∈ Rn, where m repre-
sents the batch size and y(i) corresponds to the outputs from the preceding
layer, the batch normalization process involves the following steps:

1.Compute the Mean and Variance For the given mini-batch, the mean
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µb and variance σ2
b are calculated as:

µb =
1
m

m

∑
i=1

y(i). (3.32)

σ
2
b =

1
m

m

∑
i=1

(y(i)−µb)
2. (3.33)

2. Normalization The next step is to normalize each input y(i) using the
computed mean and variance:

ŷ(i) =
y(i)−µb√

σ2
b + ε

(3.34)

where ε denotes a small constant added to avoid division by zero.
3. Scale and Shift Finally, the normalized values are scaled and shifted

using learnable parameters γ (scale factor) and β (shift factor):

BNβ ,γ(y
(i)) = γ ŷ(i)+β . (3.35)

Both β and γ are trainable parameters that adapt during model training.
Batch normalization normalizes the inputs of each layer by calculating

the mini-batch mean and variance, followed by scaling and shifting the nor-
malized outputs using learnable parameters. This process helps stabilize
learning, making optimization more efficient and smoother. As a result, it
has become a staple in many deep learning architectures due to its profound
influence on training dynamics (Biratu et al., 2021).

3.3.2.3 The Encoder-Decoder Structure

The encoder-decoder structure based on deep learning is applied due to
its superior performance. Notable methods such as U-Net, and V-Net are
prominent examples of FCN. In these architectures, the encoder typically
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focuses on extracting image features, while the decoder works to reconstruct
these features back to the original image dimensions, ultimately producing
the final segmentation output(Teow, 2021).

To understand the convolutional autoencoder algorithms’ autoencoding
process, this section introduces a mathematical abstraction to model the au-
toencoding computation in a convolutional autoencoder image segmentation
(Teow, 2021).

Suppose the convolutional autoencoder Aω is under a complete genera-
tive feature learning function designed for image classification, denoising,
and localization, and consists of two computational networks: the encoder
network Aφ and the decoder network Aψ .

The autoencoder Aω is trained to segment from its input image B to
reconstruct a learned approximated clean image at its output B̃.

Figure 3.6 visually outlines the structure of a convolutional autoencoder,
denoted as Aω . The diagram clearly shows two main components: the en-
coder network Aφ on the left and the decoder network Aψ on the right. The
encoder path is depicted as progressively reducing the spatial dimensions of
the input image B while increasing feature complexity, leading to a compact
latent space Z in the middle. Conversely, the decoder path is shown recon-
structing the image from this latent space, gradually increasing spatial di-
mensions to produce the learned approximated clean image B̃ at the output.
This bottleneck architecture is fundamental to autoencoders for learning ef-
ficient data representations.
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Figure 3.6: The convolutional autoencoder’s structure

At the beginning, the encoder network Aφ processes the high-dimensional
input space B, which consists of unclear images bn, where B= {b1, . . . ,bN},bN ∈
RD, into a low-dimensional latent space Z that encapsulates compact latent
variables zn of B, where Z = {z1, . . . ,zN},zn ∈RM. In addition, the mapping
of Aφ is given by:

Aφ : X −→ Z. (3.36)

The network Aφ is designed in a feedforward ladder structure, utiliz-
ing the convolution ∗ and dyadic decimation {↓} operators. The convolu-
tion operator ∗ is employed for visual feature extraction and is mathemati-
cally defined as a two-dimensional discrete integral. This involves reflect-
ing, shifting, and multiplying the input B by a set of convolution kernels
k = {k1, . . . ,kN} to generate the convolution output Y = {y1, . . . ,yN}, where
yn ∈ RD. The operation y = k ∗ b is performed with the assumption that a
rectified linear activation function (ReLU) is applied immediately after the
convolution step (Alias, Shah, Abdullah, & Khalid, 2020), which can be
expressed as:
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y(n1,n2) = ∑
h1

∑
h2

k(h1,h2)b(n1 −h1,n2 −h2) (3.37)

where h1,h2 defines the position of a kernel (filter) that is applied to the
image and n1,n2 are the coordinates of the output pixel on the feature map
y. The filter slides across the image, and each position is defined by h1 and
h2. The output of the convolution is the sum of all the filtered outputs at all
positions.

The dyadic decimation operator {↓} reduces the sampling rate of y by a
factor of two, as follows:

Let

y =



y(0)
y(1)
y(2)
y(3)
y(4)

...


(3.38)

then

[↓ y =


y(0)
y(2)
y(4)

...

 , (3.39)

Equation (3.39) serves as a method for dimensionality reduction, enabling
the generation of the latent space Z.

The latent space Z is a low-dimensional feature space that encapsulates
a high-level compact learned representation of the input space B. It achieves
this by compressing the high-dimensional input space into a smaller space,
retaining essential information and discarding noise. This compression pro-
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cess reduces the dimensionality of the data, simplifying its structure and
making it easier to process and analyze. It acts as a compact representation
of the input data, capturing key characteristics and relationships. This rep-
resentation can then be used for various tasks like image denoising, image
reconstruction, or other machine learning applications.

In addition, the process of learning this latent representation, driven by
Aφ , involves examining B and identifying a set of underlying conceptual
patterns that can approximate the input data as closely as possible through
Aψ .

At its conclusion, the decoder network Aψ produces the learned high-
dimensional output space B̃, which contains clear images b̃ derived from Z.
This output space is represented as

B̃ = {b̃1, . . . , b̃N}, where b̃n ∈ RD. (3.40)

The mathematical definition of Aψ involves generating B̃ from Z and is
expressed as:

Aψ : Z −→ B̃ (3.41)

The network Aψ is designed using the convolution operator ∗ and the
dyadic interpolation operator {↑} within a feedforward ladder structure. The
convolution operator ∗ is defined by Equation (3.26). Based on Equation
(3.39), the dyadic interpolation operator {↑} performs upsampling of {↓
}z by a factor of two, under the assumption that {↓}z corresponds one-to-
one with {↓}y in their respective sampling subspaces. This process enables
dimensionality expansion to generate B̃ by transforming the convoluted Z
as follows:
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{↑}{↓}z =



z(0)
0

z(2)
0

z(4)
...


. (3.42)

To clarify Equation (3.42), we should point out Zero Padding, which
means the formula starts with a vector of Z, where the first and last elements
are 0. This is because the dyadic interpolation operator effectively adds
zeroes before and after the original values.

Then, in the upsampling stage, the {↓} operator doubles the number of
elements in the vector. Since the original vector was padded with zeros, the
new elements are also zeros. This results in the repeated appearance of the
initial z(0) and the newly added 0.

In the end, we arrive at a convolutional autoencoder model designed for
clear images, represented as:

Aω : B −→ B̃. (3.43)

Both B and B̃ are bounded, finite, and equal in their spatial dimensions.

3.3.2.4 The Theoretical Framework of Simple 3D U-Net Model

The U-Net architecture, originally developed by (Ronneberger et al., 2015)
for applications in biomedical image segmentation, incorporates a total of
23 convolutional layers, as detailed in reference (Ronneberger et al., 2015).
This model is structured into two primary components: the encoder and
the decoder. The encoder is responsible for feature extraction from medi-
cal images, employing convolutional layers, Rectified Linear Unit (ReLU)
activation functions, and pooling operations. In contrast, the decoder recon-
structs and refines the extracted features through up sampling layers. This
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reconstruction process facilitates precise localization of features within the
image, thereby enabling highly accurate and finely detailed segmentation,
as outlined in (Ronneberger et al., 2015). This study introduces the 3D U-
Net model, a powerful deep learning architecture specifically designed for
brain tumor MRI segmentation. Unlike conventional 2D convolutional neu-
ral networks, the 3D U-Net operates on three-dimensional data, making it
particularly effective for applications such as MRI or CT scan analysis. By
capturing spatial features across height, width, and depth simultaneously,
the model significantly improves the detection of complex structures within
medical imaging data like brain (Ateş, Günlü, Ekinci, & Garip, 2024). In
this study, we are using a 3D U-Net architecture specifically designed for
the segmentation of brain tumors in magnetic resonance imaging (MRI)
data. The model is built upon the original U-Net framework, extending
its capabilities to handle volumetric data characteristic of medical imaging.
Our 3D U-Net comprises a total of 23 convolutional layers organized into
an encoder-decoder structure that efficiently captures spatial features across
three dimensions. The encoder path is constructed with multiple convo-
lutional blocks that perform feature extraction at increasing levels of ab-
straction. Each block consists of two 3D convolutional layers followed by
a dropout layer to mitigate overfitting, with max pooling operations that
progressively downsample the feature maps. The number of filters in each
block increases (starting from 16 and going up to 256) to capture more com-
plex features as the resolution decreases, establishing a robust hierarchical
representation of the input data. Transitioning into the bottleneck layer,
the model maximizes feature comprehension at its deepest point, where the
most complex features are identified. The decoder path employs transposed
convolutions for upsampling, reinstating the spatial dimensions of the fea-
ture maps while simultaneously concatenating features from the correspond-
ing encoder blocks. This skip connection mechanism retains crucial spatial
information, facilitating accurate localization in the final segmentation out-
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put. The model’s output is achieved through a 1x1x1 convolutional layer,
which maps the learned features to the desired output classes, applying a
SoftMax activation function to generate class probabilities for each voxel,
thus enabling detailed segmentation of brain tumors. The Simple 3D U-Net
model can be described mathematically through a series of operations that
define its architecture. For the input layer, let B ∈ RH×W×D×C where: - H
is the height of the input volume, - W is the width of the input volume, - D
is the depth of the input volume, and - C is the number of channels.

The contraction path consists of several blocks, each containing convo-
lutional layers followed by max pooling. The operations can be represented
as follows:

Let Oi be the block for the encoder structure for i = 1,2,3,4. The oper-
ations in each block are represented as follows:

1. For the first convolutional layer:

Li = ReLU(Wi ∗Bi−1 +bi) (3.44)

where ∗ denotes the 3D convolution operation, Wi are the weights, Bi−1

is the input feature map from the previous layer and bi are the biases.
2. For Dropout:

Di = Dropout(Li, p) (3.45)

where p is the dropout rate.
3. For the second convolutional layer:

Li,2 = ReLU(Wi,2 ∗Di +bi,2) (3.46)

where Wi,2 and bi,2 are the weights and biases for the second 3D convolu-
tional layer in block i. 4. For the last operation in this block, max pooling is
defined as:

Pi = MaxPool(Li,2,(2,2,2)) (3.47)
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where (2, 2, 2) is the pooling window size and stride for max pooling.
The bottleneck layer is the deepest part of the network, expressed as:

L5 = ReLU(W5 ∗P4 +b5) (3.48)

where W5 and b5 are the weights and biases for the first 3D convolutional
layer in the bottleneck.

D5 = Dropout(L5,0.3) (3.49)

where 0.3 is the dropout rate.

L5,2 = ReLU(W5,2 ∗D5 +b5,2) (3.50)

where W5,2 and b5,2 are the weights and biases for the second 3D convolu-
tional layer in the bottleneck.

The decoder consists of upsampling and concatenation with correspond-
ing feature maps from the contraction path for block O j for j = 6,7,8,9:

O j = Conv3DTranspose(C j−1,W j,stride = (2,2,2)) (3.51)

where C j−1 is the input feature map to the transposed convolutional layer
from the previous block, W j represents the kernel weights for the 3D trans-
posed convolution and (2,2,2) is the stride for the transposed convolution,
effectively doubling spatial dimensions.

For concatenation:

C j = concat(O j,C5− j). (3.52)

However, C5− j is the corresponding feature map from the encoder path (skip
connection) that is concatenated.
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3.3.2.5 The Theoretical Framework of V-Net Model

V-Net is a type of fully convolutional neural network (FCN) specifically de-
signed for volumetric medical image segmentation, particularly in the con-
text of MRI scans. The Architecture of V-Net as proposed in (Milletari,
Navab, & Ahmadi, 2016) employs a residual network structure, where con-
volutional operations replace traditional pooling layers as in 3D U-Net. This
approach helps to reduce the dimensionality of the feature maps while dou-
bling the number of channels at each stage, which enhances the network’s
capacity to capture intricate details in the images.

The used V-Net model consists of 23 convolutional layers arranged in
a hierarchical structure that includes both contracting and expanding paths.
Each convolutional block is composed of two 3D convolutional layers fol-
lowed by batch normalization and ReLU activation functions, allowing the
model to learn a rich set of features at multiple scales. Architecture incor-
porates residual connections to enhance gradient flow during training and
strengthen the model’s ability to learn complex features without degrada-
tion. The core of the V-Net is the Convolutional Blocks function, which en-
capsulates the convolutional operation along with batch normalization (BN)
to stabilize the learning process. The usage of ReLU activation facilitates
the model’s non-linear learning capabilities. Additionally, dropout layers
are integrated into the model at various points to mitigate the risk of overfit-
ting, particularly in scenarios where training data may be limited.

The architecture of V-Net, as proposed in (Milletari et al., 2016), em-
ploys a residual network structure, where convolutional operations replace
traditional pooling layers as in 3D U-Net. The V-Net model can be de-
scribed mathematically through a series of operations that define its archi-
tecture. For the input layer, let B ∈ RH×W×D×C where: - H is the height of
the input volume, - W is the width of the input volume, - D is the depth of
the input volume, and - C is the number of channels.

The contraction path consists of several blocks, each containing convo-
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lutional layers followed by batch normalization, residual connections, and
dropout. The operations can be represented as follows:

Let Oi be the block for the encoder structure for i = 1,2,3,4. The oper-
ations in each block are represented as follows:

1. For the first convolutional layer:

Li = ReLU(BatchNorm(Wi ∗Bi−1 +bi)) (3.53)

where ∗ denotes the 3D convolution operation, Wi are the weights, and
bi are the biases.

2. For Dropout:

Di = Dropout(Li, p) (3.54)

where p is the dropout rate.
3. For the second convolutional layer with residual connection:

Li,2 = ReLU(BatchNorm(Wi,2 ∗Di +bi,2))+Li. (3.55)

where Li is the output of the first convolutional layer in block i, which forms
the residual connection.

4. The traditional pooling layers are replaced by convolutional opera-
tions, which can be expressed as:

Pi = Conv(Li,2,Wpool,stride = (2,2,2)). (3.56)

However, Wpool represents the kernel weights for the 3D convolutional oper-
ation used for downsampling (pooling). The bottleneck layer is the deepest
part of the network, expressed as:

L5 = ReLU(BatchNorm(W5 ∗P4 +b5)). (3.57)
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D5 = Dropout(L5,0.3). (3.58)

L5,2 = ReLU(BatchNorm(W5,2 ∗D5 +b5,2))+L5. (3.59)

The decoder consists of upsampling and concatenation with correspond-
ing feature maps from the contraction path for block O j for j = 6,7,8,9:

O j = Conv3DTranspose(C j−1,W j,stride = (2,2,2)) (3.60)

where C j−1 is the input feature map to the transposed convolutional layer
from the previous decoder block, W j represents the kernel weights for the
3D transposed convolution. For concatenation:

C j = concat(O j,C5− j) (3.61)

wher C5− j is the corresponding feature map of the encoder path (skip con-
nection) that is concatenated.

In V-Net, the output layer is defined as:

B̃ = SoftMax(Wout ∗C9 +bout). (3.62)

However, (Wout and bout are the weights and biases for the final 3D con-
volutional output layer, while C9 is the feature map output from the last
decoder block.
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Chapter 4

Numerical Implementations

4.1 Chapter Overview

This chapter discusses the numerical implementation in some details. All
experiments were conducted using Spyder platform, which is an open-source
(IDE) designed for scientific programming in the Python language (Team,
2024) using a high ram and GPU-enabled personal computer. The Python
code for these implementations was developed, in part, by adapting re-
sources from the ’Python for Microscopists’ repository (Sreenivas, 2023).
The chapter has five sections. The first section describes the dataset used to
implement the experiment of this study. The second section describes the
pre-processing of the used dataset. The third section describes the architec-
ture of the models used. In addition, the evaluation metrics are discussed
in the fourth section. Finally, the training process is explained in the last
section.
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4.2 Dataset Used

The BraTS dataset is a widely recognized benchmark in medical image seg-
mentation research. Introduced in 2012 as part of the Brain Tumor Segmen-
tation (BraTS) Challenge, it has undergone regular updates, with versions
released in 2012, 2015, 2017, 2018, and 2020 (Ateş et al., 2024). It con-
sists of MRI scans of brain tumors that have been annotated and segmented
by expert radiologists and clinicians. The dataset has been widely adopted
for tasks such as brain tumor detection, computer-aided diagnosis, and au-
tomated segmentation systems. This study utilizes the BraTS 2020 dataset,
originally released by the BraTS Challenge organizers. The version used
in this work was obtained from an unofficial mirror hosted on the Kaggle
platform (Awsaf49, 2020), which replicates the official dataset. The dataset
includes a total of 494 MRI scans, split into 369 training samples and 125
validation samples. Each scan is accompanied by a corresponding segmen-
tation mask that identifies tumor regions at the voxel level.

Figure 4.1 presents representative examples from the BraTS 2020 dataset,
showcasing the diverse appearance of brain tumors across different MRI
modalities. Each row typically displays the FLAIR, T1, T1ce, and T2 se-
quences, followed by the corresponding ground truth segmentation mask.
For instance, observe how the enhancing tumor (often bright in T1ce) and
peritumoral edema (bright in FLAIR and T2) are visually distinct across
modalities, and how these regions are precisely delineated in the final seg-
mentation mask, providing the target for our models (Wang et al., 2016).

The dataset includes images that provide insights into brain tissue. FLAIR
images are used to identify regions of edema, whereas T1ce images enhance
tumor boundaries by highlighting bright signals caused by substances accu-
mulated in active cell areas. T1 images focus on depicting healthy tissues,
while T2 images are particularly effective in showcasing bright signals as-
sociated with edema. Each MRI modality contains 155 slices, which, when
combined, form a 3D data structure for the brain. This enables thorough
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Figure 4.1: Examples from BraTS 2020 dataset

examination and analysis of each modality and its corresponding mask in
three dimensions (Ateş et al., 2024).
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4.3 Dataset Pre-processing

MRI Modalities and Data Format
BraTS 2020 includes four MRI sequences: FLAIR, T1, T1ce, and T2. These
are provided in NIfTI format (.nii), which stands for Neuroimaging Infor-
matics Technology Initiative — a widely used file format for storing and
sharing neuroimaging and medical imaging data (Cox, 2004). Each MRI
volume is a 3D image and contains rich structural information about the
brain.

Preprocessing and Normalization
To ensure consistency across the dataset, each MRI modality is normalized
to the range [0,1] using the MinMaxScaler, based on the maximum inten-
sity value in each volume. This normalization helps stabilize and accelerate
model training by standardizing pixel intensity distributions across patients.
The segmentation masks consist of integer values: 0, 1, 2, and 4, represent-
ing background and different tumor subregions. For simplification, the label
4 is remapped to 3, effectively reducing the segmentation task to three tumor
classes.

Modality Selection and Input Formatting
In this study, the T1 modality was excluded, as it offers lower contrast for
tumor regions compared to FLAIR and T1ce, which provide more diag-
nostic relevance. The selected modalities — FLAIR, T1ce, and T2 — are
combined into a single 4D NumPy array with shape (width, height, depth,
channels), where the final dimension represents the number of channels (i.e.,
3 for the selected modalities).

Cropping and Patch Preparation
To make the dataset suitable for training, both the combined MRI volumes
and their corresponding masks are cropped to fixed-size 3D patches of 64×
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64×64 voxels. This step ensures uniformity in input size, which is essential
for batch processing and deep learning frameworks. Figure 4.2 provides a
visual overview of the dataset preprocessing pipeline. The top row displays
raw samples of the FLAIR, T1ce, T2 modalities, and their corresponding
mask. The subsequent rows illustrate the effect of preprocessing steps, such
as normalization, which standardizes intensity ranges and makes images ap-
pear more uniform, and cropping to fixed-size 3D patches of 64× 64× 64
voxels. This visual progression from the original full-size scans to the stan-
dardized patches highlights how the data is prepared for efficient input into
the deep learning models, ensuring consistency and reducing computational
load.

Dataset Split
After preprocessing, the dataset is split into training and validation sets.
A standard 80/20 split is applied, allocating 80 percent of the samples for
training and 20 percent for validation. This ensures the model is evaluated
on unseen data while preserving enough data for effective training.

Figure 4.2: Samples of the flair, t1ce,t2 and mask
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4.4 The Composition of Used Models

4.4.1 3D U-Net Model

The first model used in this study is a 3D U-Net, an extension of the orig-
inal U-Net introduced in Chapter 3. It extends U-Net’s capabilities to han-
dle 3D volumetric data, which is common in medical imaging. Figure 4.3
provides a detailed layer-by-layer representation of our 3D U-Net architec-
ture. The left side depicts the contracting path (encoder), where each block
typically consists of two 3D convolutional layers followed by a ReLU acti-
vation and a dropout layer, with max pooling operations indicated by down
arrows progressively reducing spatial dimensions while increasing feature
channels. The right side shows the expansive path (decoder), where trans-
posed convolutions (up arrows) upsample the feature maps, which are then
concatenated with corresponding feature maps from the encoder via skip
connections (horizontal lines). This visual layout clearly demonstrates the
symmetric U-shape, emphasizing the flow of information and the role of
each layer type in feature extraction and spatial reconstruction. . This de-
sign effectively captures spatial features across three dimensions.
Figure 4.4 simplifies the 3D U-Net architecture into a block diagram, high-
lighting the logical flow of data. The left side represents the encoder, with
each block performing feature extraction and downsampling. The central
Bottleneck or latent block processes the most abstract features. The right
side illustrates the decoder, where upsampling blocks reconstruct the spatial
resolution. The crucial skip connections are visually represented by hori-
zontal arrows, showing how high-resolution features from the encoder are
directly passed to the decoder, enabling precise localization of tumor bound-
aries. The encoder path comprises 4 main blocks, each performing feature
extraction at increasing levels of abstraction. Every block includes two 3D
convolutional layers followed by a dropout layer to reduce overfitting, and
a max pooling layer to progressively downsample the feature maps. The
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number of filters increases with each block (starting from 16 up to 256),
enabling the network to learn increasingly complex representations as the
spatial resolution decreases.
At the bottleneck layer, the network captures the most abstract and complex
features from the input data.

The decoder path mirrors the encoder with 4 blocks. Each decoder block
consists of a transposed convolutional layer (to upsample the feature maps),
a concatenation with skip connections from the encoder (to retain critical
spatial information), followed by two 3D convolutional layers and a dropout
layer. This design helps the model achieve precise localization in the seg-
mentation output.
The final output is generated through a 1×1×1 convolutional layer, which
maps the learned features to the target classes. A SoftMax activation func-
tion is applied to produce class probabilities for each voxel. SoftMax turns
the final layer’s numbers into probabilities, allowing the model to express
how likely each voxel belongs to a specific tumor class, thus enabling de-
tailed multi-class segmentation of brain tumors.
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All convolutional and transposed convolutional layers use a kernel size
of (3, 3, 3). The default stride is (1, 1, 1) for convolutional layers, while
for transposed convolutional layers it is set to (2, 2, 2), effectively doubling
the spatial dimensions during upsampling. ‘Same’ padding is used in all
convolutional layers to preserve the input dimensions when the stride is 1.
The ReLU (Rectified Linear Unit) activation function is used in all convo-
lutional layers, except for the output layer, which uses SoftMax to enable
multi-class probability predictions for each voxel.

4.4.2 V-Net Model

The second model used in this study is V-Net, which utilizes 3D convo-
lutions combined with residual connections in the feature encoder stage.
These design choices increase the network’s depth and contribute to en-
hanced segmentation performance compared to the 3D U-Net (Milletari et
al., 2016).

V-Net features an encoder-decoder architecture that allows hierarchical
feature extraction from volumetric input data while maintaining spatial in-
formation through skip connections. The architecture begins with an initial
convolutional block, consisting of a single 3D convolutional layer followed
by a ReLU activation function. This block captures the essential low-level
features of the input volume.

Following the initial block are four encoder blocks, each incorporating
3D convolutions with a kernel size of (3, 3, 3) and a stride of (2, 2, 2).
These blocks reduce spatial resolution while increasing the number of fea-
ture maps. Each encoder block is accompanied by a custom convolutional
sub-block, which includes two additional 3D convolutional layers, batch
normalization, and ReLU activation. This design improves feature extrac-
tion while ensuring smooth gradient flow during backpropagation, thus en-
hancing training efficiency.

The bottleneck section plays a critical role in capturing complex and

65



abstract features at the network’s deepest level. It consists of two convo-
lutional layers with a kernel size of (3, 3, 3), stride (1, 1, 1), and ‘same’
padding to preserve the spatial context.

The decoder path of the V-Net includes four decoder blocks. Each block
begins with a transposed convolution using a kernel size of (3, 3, 3) and a
stride of (2, 2, 2) to upsample the feature maps. These upsampled features
are concatenated with corresponding encoder features through skip connec-
tions, which help retain spatial details lost during downsampling. This is
followed by further convolutional layers that integrate both high-level and
low-level information to refine the segmentation output.

Notably, the first convolutional block in V-Net uses a larger kernel size
of (5, 5, 5), a stride of (1, 1, 1), and ‘same’ padding, allowing it to capture
broader spatial context from the input. All convolutional operations use the
ReLU activation function, which introduces non-linearity and improves the
model’s ability to learn complex patterns.

The final output layer of V-Net is a single 3D convolutional layer with a
kernel size of (1×1×1) and a stride of (1, 1, 1), followed by a SoftMax acti-
vation function. SoftMax turns the final layer’s numbers into probabilities,
enabling the model to estimate how likely each voxel belongs to a specific
tumor class.

Figure 4.5 provides a block-level visualization of the V-Net architecture.
Similar to U-Net, it features a contracting path (encoder) and an expansive
path (decoder), forming a ’V’ shape. Each block within the encoder and de-
coder is depicted, showing the sequence of 3D convolutional layers, batch
normalization, and ReLU activations. A key visual element is the explicit
representation of residual connections , which allow the input of a block to
be added to its output, facilitating gradient flow and enabling deeper net-
works. The diagram clearly illustrates how spatial dimensions are reduced
in the encoder and restored in the decoder, with feature channels increasing
and then decreasing, respectively.
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Overall, V-Net’s design enables robust learning from volumetric medical
data, making it a strong candidate for accurate brain tumor segmentation.

4.5 Evaluation Metrics

The evaluation metric serves as a tool to assess and quantify the performance
and effectiveness of our model. Within the field of machine learning, a
variety of measurement techniques are available, each tailored to specific
applications such as classification, detection, or segmentation. In our work,
we relied on some of the most widely recognized metrics, which include:

4.5.1 Dice Coefficient

The Dice coefficient is a widely used statistical measure in image segmen-
tation. it regarded as one of the most used validation tools in the domain
(Laouamer & Drid, 2023). Essentially, it measures the overlap between the
predicted segmentation and the ground truth, specifically focusing on com-
paring pixels from the ground truth with those from the predicted segmen-
tation. The Dice coefficient is calculated by taking twice the intersection
value of the predicted mask and the ground truth, dividing it by the sum of
their respective areas as shown in equation 4.4.1. The resulting Dice value
ranges between zero and one, where a value of one indicates an excellent
prediction, while zero signifies a very poor prediction.

The Dice coefficient D is defined as:

D =
2×|X ∩Y |
|X |+ |Y |

(4.1)

Where:

• |X | is the number of pixels in the predicted segmentation.

• |Y | is the number of pixels in the ground truth segmentation.

68



• |X ∩Y | is the number of pixels that overlap between predicted and
ground-truth segmentation.

As an illustrative example, Figure 4.6 visually demonstrates the Dice
coefficient. Suppose the predicted segmentation (blue box) and the ground
truth (red box) each cover an area of 16 pixels. The overlapping region
(green area) between the two covers 4 pixels. Applying the Dice coefficient
formula:

D =
2×|X ∩Y |
|X |+ |Y |

=
2×4

16+16
=

8
32

= 0.25

This result indicates that the predicted mask overlaps with the ground
truth by only 25%, reflecting a relatively poor segmentation result. A Dice
score of 1.0 would imply perfect overlap, while a score closer to 0 indicates
minimal agreement.

Figure 4.6: Visual representation of the Dice coefficient showing predicted, ground truth,
and overlapping (green) areas.
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4.5.2 Total Loss

In this study, the total loss function is designed to improve segmentation
accuracy by combining two complementary loss functions. Dice Loss and
Focal Loss. This combination balances the need for precise overlap with
robustness to class imbalance.

4.5.2.1 Dice Loss

The Dice Loss is derived from the Dice coefficient, which measures the
overlap between the predicted and ground truth segmentation. It is mathe-
matically defined as:

Dice Loss = 1−D. (4.2)

where D is the Dice coefficient.
With class weights incorporated, the weighted Dice loss can be ex-

pressed as:

Weighted Dice Loss = 1−
C−1

∑
i=0

wi ·
2×|Xi ∩Yi|
|Xi|+ |Yi|

. (4.3)

where:

• C is the number of classes.

• wi represents the weight for class i. In our case, we utilize w0 = w1 =

w2 = w3 = 0.25.

4.5.2.2 Focal Loss

To address class imbalance and improve learning from hard-to-classify vox-
els, we incorporate Focal Loss. The categorical focal loss for class c can be
defined as:
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Focal Loss =−α (1− pt)
γ log(pt). (4.4)

where:

• pt is the estimated probability of the model for each class.

• α is a weighting factor for the loss of positive/negative samples, used
to balance class importance.

• γ is the focus parameter that reduces the relative loss of well-classified
examples, focusing more on misclassified examples.

Finally, the total loss, combining the dice loss and the focal loss, is given
by:

Total Loss = Dice Loss+λ ·Focal Loss. (4.5)

where λ is a weighting factor for focal loss. In our implementation, we
assume that λ = 1.

4.5.2.3 Combined Dice and Focal Loss Behavior

It is important to clarify a common misconception: the total loss value
”should be between 0 and 1” applies only to pure Dice Loss, not to the
combined Dice + Focal Loss used in this study. Specifically:

• Dice Loss is a similarity measure bounded in [0,1], quantifying the
overlap between predicted and ground-truth masks (Milletari et al.,
2016).

• Focal Loss is unbounded due to its logarithmic nature, which am-
plifies the penalty for incorrect predictions with low confidence (Lin,
Goyal, Girshick, He, & Dollár, 2017).
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• Combined Loss (Dice + Focal) inherits Focal Loss’s unbounded char-
acteristics. As a result, total loss values greater than 1.0 are common
and expected, especially in the early stages of training.

Empirical studies (Jadon, 2020; Yeung et al., 2022) confirm that combin-
ing Dice and Focal losses often results in loss values exceeding 1.0, without
indicating instability or error.

4.5.3 Intersection over Union (IoU)

IoU, also known as the Jaccard index, is another standard metric used to
assess the precision of segmentation (Laouamer & Drid, 2023). Measures
the overlap ratio between the ground truth (GT) and the predicted segments.
This value is computed by dividing the intersection of the two regions by
their union, as illustrated in Equation 4.6. However, The Mean IoU, calcu-
lated over a batch of images, provides an aggregate measure of the model’s
performance across multiple classes, offering insights into its robustness
and generalization. The resulting value ranges from zero to one, where a
value of zero indicates a very poor prediction, and a value of one signifies
an excellent prediction. In addition, a threshold can be set to help determine
whether a prediction meets the desired accuracy or not.

The Intersection over Union (IoU) is defined as:

IoU =
|X ∩Y |
|X ∪Y |

(4.6)

where:

• |X ∩Y | is the overlap area between the predicted segmentation and the
ground truth.

• |X ∪Y | is the area covered by both the prediction and the ground truth.
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4.5.4 Accuracy

In machine learning, every task requires evaluation, and the accuracy met-
ric is highly useful for various tasks such as classification, detection, and
segmentation (Laouamer & Drid, 2023). This metric assesses how accurate
data points are assigned to their correct classes and is calculated by divid-
ing the number of correct predictions by the total number of input samples.
While accuracy tends to deliver reliable results, its effectiveness is particu-
larly notable when the classes in the dataset are balanced as shown in Equa-
tion 4.7. In addition, the resulting accuracy value ranges between zero and
one, where a value of one indicates an excellent classification, while zero
signifies a very poor classification. However, in highly imbalanced datasets-
such as medical images where tumor regions may be sparse, accuracy alone
may not fully capture the model’s performance. Thus, it is used alongside
other metrics such as Dice and IoU for comprehensive evaluation.

Accuracy =
T P+T N

T P+T N +FP+FN
(4.7)

where:

• T P (True Positives): correctly predicted positive samples (e.g., tu-
mor).

• T N (True Negatives): correctly predicted negative samples (e.g., non-
tumor).

• FP (False Positives): non-tumor samples misclassified as tumor.

• FN (False Negatives): tumor samples misclassified as mom tumor.
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4.5.5 The Training Process

The training process for a segmentation model designed to medical imaging
tasks, such as brain tumor segmentation, involves several carefully designed
steps and parameters to ensure effective learning and generalization. The
process begins with defining the model architecture using 3D U-Net and V-
Net models which train separately. Input dimensions are set to (128 × 128
× 128) with three channels, each representing different imaging modalities
(e.g., FLAIR, T1ce, T2). For optimization, the model employs an Adam
optimizer with a learning rate of 0.0001, allowing for adaptive adjustments
during training. A hybrid loss function is used, combining Dice Loss with
Categorical Focal Loss to handle class imbalances effectively. Equal class
weights of 0.25 are applied across the four classes for Dice Loss, ensuring
balanced optimization contributions. Training is conducted over 35 epochs
with a batch size of 2 to process multiple samples in parallel. The number
of steps per epoch is derived by dividing the total number of training im-
ages by the batch size, enabling efficient dataset utilization. Validation runs
concurrently using a separate validation dataset. Validation steps are sim-
ilarly calculated based on the total number of validation images and batch
size. During training, metrics such as accuracy and Intersection over Union
(IoU) are continuously monitored to track model performance. Addition-
ally, training history, including loss and accuracy trends for both training
and validation datasets, is visualized to analyze learning progression and
detect potential overfitting. Once training is complete, the model is saved
for future use—either for inference or further fine-tuning. This ensures the
preserved learned parameters can be leveraged for clinical applications re-
quiring robust segmentation capabilities.
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Chapter 5

Result Analysis and Comparison

5.1 Result Analysis

In our study, we evaluated the performance of two models for brain tumor
segmentation, U-Net and V-Net, each trained for 35 epochs. Table 5.1 shows
the results for which both models achieved competitive performance met-
rics. Specifically, the U-Net model recorded a loss of 0.8103, an accuracy
of 0.9826, and an Intersection over Union (IoU) score of 0.6792. In com-
parison, the V-Net model demonstrated slightly improved results with a loss
of 0.7979, an accuracy of 0.9865, and an IoU of 0.7330. These findings
suggest that both models are effective for the task at hand, while V-Net
achieves significantly better training performance (loss:0.7979 vs. 0.8103;
IoU:+7.38%).

Our analysis of the 3D U-Net and V-Net models revealed notable differ-
ences in performance trends when evaluating training and validation met-
rics, especially with regard to loss and accuracy.
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Table 5.1: Results for 3D U-Net and V-Net Models

Metric 3D U-Net Model V-Net Model
Training Loss 0.8103 0.7979
Validation Loss 0.8263 0.8586
Training Accuracy 0.9826 0.9865
Validation Accuracy 0.9750 0.9715
Training IoU 0.6792 0.7330
Validation IoU 0.6292 0.5376

Figure 5.1 shows the training and validation accuracy curves for the 3D U-
Net model over 35 epochs. The training accuracy shows a sharp and consis-
tent increase, reaching 0.9826, indicating effective learning on the training
data. The validation accuracy also increases, but it plateaus and remains
slightly below the training accuracy 0.9750. This gap, where validation ac-
curacy is lower than training accuracy, suggests that while the model learns
efficiently, there might be a slight degree of overfitting to the training data,
although the performance remains robust.
At the same time, in Figure 5.2 illustrates the training and validation loss
curves for the 3D U-Net model. The training loss demonstrates a steady
and significant decline throughout the epochs, indicating that the model is
effectively minimizing errors on the training dataset. The validation loss
also decreases, but it consistently remains slightly higher than the training
loss (0.8263 vs 0.8103). This divergence, where validation loss is higher,
further supports the observation of a minor degree of overfitting, suggesting
that the model’s generalization to unseen data is good but could potentially
be improved with further regularization or hyperparameter tuning.
On the other hand, Figure 5.3 presents the training and validation accuracy
curves for the V-Net model. The training accuracy shows a rapid and strong
increase, reaching a high of 0.9865, indicating efficient learning. The val-
idation accuracy also rises, but it exhibits more fluctuations and ultimately
settles at 0.9715, which is slightly lower than the training accuracy. This
pattern, where validation accuracy is lower and less stable than training ac-
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curacy, suggests a degree of overfitting, although the model still achieves
high overall performance on unseen data.
Although Figure 5.4 displays the training and validation loss curves for the
V-Net model. The training loss shows a steeper and more pronounced de-
cline compared to the 3D U-Net, reaching a lower final value of 0.7979,
indicating very effective error reduction on the training data. However, the
validation loss shows a more significant divergence from the training loss,
ending at 0.8586, which is notably higher than the training loss. This larger
gap between training and validation loss, coupled with a lower validation
IoU 5.1, suggests a more pronounced overfitting issue for V-Net compared
to 3D U-Net, despite its superior training performance.
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Figure 5.1: The Training vs Validation Accuracy Graph of 3D U-Net model

Figure 5.2: The Training vs Validation Loss Graph of 3D U-Net model
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Figure 5.3: The Training vs Validation Accuracy Graph of V-Net model

Figure 5.4: The Training vs Validation Loss Graph of V-Net model
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5.2 Observation

Our approach placed significant emphasis on minimizing data loss while
aiming to build a more efficient model. We have successfully met a substan-
tial portion of our objective, surpassing the performance of many previous
models, developed a highly effective solution for both training and valida-
tion. Below, we present several plotted prediction accuracies using the 3D
U-Net model and the V-net model for specific image files, alongside com-
parative analysis.
Figure 5.5 provides visual examples of segmentation results from the 3D U-
Net model. In the first row, observe how the model successfully delineates
the main tumor body. However, in the second row, particularly around the
edges of the enhancing tumor (yellow) and edema (green), minor misclas-
sifications or less precise boundaries can be seen where healthy tissue and
tumor regions closely overlap. This illustrates U-Net’s general effectiveness
but also its challenges in accurately distinguishing between very similar or
adjacent tumor sub-regions, especially in complex anatomical contexts.
In other hand, Figure 5.6 showcases visual examples of segmentation results
from the V-Net model, demonstrating its superior performance compared to
3D U-Net. Notice in the first row how V-Net provides clearer and more pre-
cise tumor boundary definitions, particularly for the irregular shapes of the
necrotic core and enhancing tumor. In the second row, the model’s ability to
differentiate between neighboring tumor types (e.g., the distinct separation
of edema from the enhancing tumor) and healthy tissue is evident, leading to
a visibly reduced number of misclassifications and a more accurate overall
segmentation map.
To summarize up, both 3D U-Net and V-Net models offer significant con-
tributions to tumor segmentation. However, the V-Net shows greater effec-
tiveness in precisely identifying and outlining tumor regions in brain MRI.
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Figure 5.5: Examples of prediction accuracies for some images using 3D U-Net model
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Figure 5.6: Examples of prediction accuracies for some images using V-Net model
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5.3 Comparison with Other Models

For the quantitative evaluation, the used approach was assessed against same
models which are used in liver tumor segmentation proposed by (Lei &
Nandi, 2022) using a validation subject. It used 3D CT scans of liver tu-
mors. U-Net is proposed for 2D instead of 3D and it is composed of 23
layers, including convolutional, pooling, and upsampling operations. Fig-
ure 5.7 shows Its architecture which is divided into an encoder and a decoder
pathway. The encoder consists of four downsampling blocks, each compris-
ing two convolutional layers with 3x3 kernels activated by ReLU, followed
by a max-pooling layer for spatial reduction. The number of feature chan-
nels start at 64 in the first block and doubles with each subsequent block,
reaching 512 channels in the last one. At the core of the architecture lies
the bottleneck, which includes two convolutional layers with 1024 feature
channels.
The decoder symmetrically mirrors the encoder, featuring four upsampling
blocks. Each block begins with an upsampling operation, followed by a
concatenation with the corresponding encoder features and then two convo-
lutional layers. As the decoder reconstructs spatial information, the feature
channel count is halved in each block, eventually returning to 64 channels in
the final stage. A concluding 1x1 convolutional layer transforms these fea-
ture maps into the required number of output classes, effectively enabling
binary segmentation tasks.

V-Net, on the other hand, is designed especially for volumetric images
composed of 30 layers, integrating convolutional, pooling, and deconvolu-
tional operations, and processes input volumes with dimensions (128×128×64).
Figure 5.8 shows the encoder pathway, which is comprised of five down-
sampling blocks, each containing two 3D convolutional layers with 5x5 x5
kernels activated by ReLU functions. The number of filters progressively
doubles from 16 to 128 across these blocks. Each block also includes a
downsampling layer with a stride of (2, 2, 2) to reduce spatial dimensions.
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Figure 5.7: The U-Net architecture

At the core of the network lies a bottleneck layer with two 3D convolutional
operations and 256 filters, enabling the capture of intricate features.
The decoder pathway mirrors the encoder with five upsampling blocks that
employ transposed convolutional layers. These blocks merge features from
the encoder via skip connections and are followed by two additional con-
volutional layers. The output layer is a 3D convolutional layer with a (1,
1, 1) kernel employing SoftMax activation to generate a pixel-wise classifi-
cation map. To address challenges such as the vanishing gradient problem
and enhance feature flow, V-Net integrates residual connections. Dropout
layers are also strategically placed to minimize overfitting during training
on limited datasets .

Table 5.2: Comparison the results of models used in this study and models used in (Lei &
Nandi, 2022).

Model Loss Accuracy IoU
3D U-Net (our model) – 35 epochs 0.8103 0.9826 0.6792
V-Net (our model) – 35 epochs 0.7979 0.9865 0.7330
2D U-Net (Lei & Nandi, 2022) – 50 epochs 0.2000 0.9300 0.8500
V-Net (Lei & Nandi, 2022) – 50 epochs 0.1500 0.9400 0.8800
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Figure 5.8: The V-Net architecture

Table 5.2 shows the comparison focused on image segmentation in terms
of accuracy, loss, and IoU using different numbers of epochs. The mod-
els used in this study for brain tumor segmentation while the other models
(Lei & Nandi, 2022) used for liver tumor segmentation. When evaluating
segmentation performance for tumor identification, U-Net and V-Net were
specifically tested on MRI brain tumor segmentation in our study, while
baseline comparison models focused on CT liver tumor segmentation used
in (Lei & Nandi, 2022) . The 3D U-Net model in our work, trained for 35
epochs, achieved an accuracy of 0.9826, a loss of 0.8103, and an Intersec-
tion over Union (IoU) of 0.6792. Meanwhile, the V-Net model in our work,
also trained for 35 epochs, outperformed U-Net with an accuracy of 0.9865,
a lower loss of 0.7979, and a higher IoU of 0.7330. When Comparing 3D
U-Net model in our work with 2D U-Net in (Lei & Nandi, 2022), It can be
observed that the model used in this study outperforms the one used in the
latter study using lower number of epochs (35 epochs) than 2D U-Net (50
epochs). The results show higher accuracy (0.9826) for 3D U-Net model
than the 2D U-Net accuracy (0.9300), even our models has higher loss and
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IoU because of the low number of epochs. In our study, the performance of
the V-Net model is compared to the V-Net model presented in (Lei & Nandi,
2022) . It is evident that the V-Net employed in this research achieves su-
perior results with fewer training epochs (35 epochs) compared to the 50
epochs required by the V-Net in latter study. Notably, our model attains a
higher accuracy of 0.9865, surpassing the 0.9400 accuracy reported for the
V-Net model used in (Lei & Nandi, 2022). Although our model exhibits
higher loss and lower IoU, this can be attributed to the reduced number of
training epochs.

This suggests that both 3D U-Net and V-Net in our work, particularly
V-Net, are better suited for MRI brain tumor segmentation tasks and can de-
liver superior results even with fewer training epochs compared to less opti-
mized models trained longer. These findings underscore the effectiveness of
the proposed models in clinical applications, emphasizing their potential to
enhance diagnostic accuracy in medical imaging, especially for brain tumor
analysis.
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5.4 Discussion

This section systematically addresses the four research questions through
analysis of the 3D U-Net and V-Net performance on the BraTS2020 dataset,
with explicit connections to the study’s predefined objectives.
RQ1:How do deep learning-based segmentation principles (e.g., feature
extraction, spatial consistency) apply to MRI brain tumor segmenta-
tion?
The study aimed to implement and evaluate two 3D deep learning mod-
els (U-Net and V-Net) for brain tumor segmentation using the BraTS2020
dataset. Deep learning models, particularly Convolutional Neural Networks
(CNNs), excel in feature extraction by learning hierarchical representations
directly from the MRI data (Section 3.3.2). The 3D U-Net and V-Net archi-
tectures effectively capture spatial consistency across slices, which is cru-
cial for accurately delineating tumor boundaries (Section 4.4.1 and 4.4.2).
These models utilize 3D convolutions to maintain volumetric information,
allowing for better contextual understanding of tumor structures compared
to traditional 2D methods (Section 2.3.3).

RQ2:How do the segmentation performance (e.g., Dice score, IoU) of 3D
U-Net and V-Net differ statistically when evaluated on the BraTS2020
dataset?
The objective was to quantitatively compare model performance using seg-
mentation metrics (Accuracy, IoU, Dice, and Focal loss). The evaluation
results indicate that V-Net outperformed the 3D U-Net in terms of seg-
mentation accuracy and Intersection over Union (IoU). Specifically, V-Net
achieved an accuracy of 98.65% and an IoU of 0.7330, while the 3D U-Net
recorded an accuracy of 98.26% and an IoU of 0.6792 (Table 5.1). This sta-
tistical difference highlights V-Net’s enhanced capability in addressing tu-
mor boundary uncertainties through its residual connections and advanced
feature learning abilities (Section 3.3.2.1).
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RQ3:What are the correlations between the size, shape, and localiza-
tion of brain tumors achieved by U-Net and V-Net models?
The study aimed to qualitatively analyze differences in tumor boundary de-
lineation and localization between U-Net and V-Net. Both models demon-
strated the ability to accurately segment tumors of varying sizes and shapes
(Section 5.2). However, V-Net showed superior performance in localizing
tumors, particularly in complex scenarios where tumor types were in prox-
imity. The skip connections in V-Net facilitated better retention of spatial
information, leading to more precise delineation of tumor boundaries (Sec-
tion 4.4.2).

RQ4:Which model (U-Net or V-Net) better generalizes to rare tumor
sub-types in clinical settings?
The objective was to identify clinical implications of each model’s perfor-
mance for diagnosis and treatment planning. Based on the findings, V-Net
appears to generalize better to rare tumor sub-types due to its robust ar-
chitecture that incorporates residual connections and advanced feature ex-
traction techniques (Section 3.3.2.1). This model’s ability to learn from a
diverse dataset and maintain spatial consistency makes it a more reliable
choice for clinical applications, particularly in identifying less common tu-
mor presentations (Section 5.3).
In addition, the findings from this study underscore the significant impact
of deep learning in neuro-oncology imaging, particularly in the context of
MRI brain tumor segmentation. The comparative analysis of the 3D U-Net
and V-Net models reveals that while both architectures are effective, V-Net
offers notable advantages in accuracy and reliability, making it a promis-
ing tool for clinical decision-making in brain tumor diagnosis and treatment
planning. This aligns with the study’s objectives of enhancing segmentation
accuracy and providing reliable tools for clinical use.
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Chapter 6

Conclusion and Future works

6.1 Conclusion

In our study, we utilized an optimized Fully Convolutional Network (FCN)
model for semantic segmentation, concentrating on 3D U-Net and V-Net
architectures. Segmenting 3D images poses challenges due to organ struc-
ture variability and the complexity of 3D models. To enhance accuracy
and optimization, we incorporated a bounding box algorithm into the FCN
framework. Building on data from previous experiments in liver tumor
segmentation, we redirected our efforts towards brain tumor segmentation.
For validation, the MICCAI BraTS2020 dataset was employed, leverag-
ing advanced GPU capabilities to boost model performance. We made no-
table progress, though further refinements are necessary to fully tap into our
model’s potential. Our findings indicated that both the 3D U-Net and V-Net
models excelled in MRI brain tumor segmentation, achieving accuracies of
0.9826 and 0.9865, respectively, with the V-Net model outperforming the
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3D U-Net. In conclusion, our research highlights the effectiveness of these
models in diagnosing brain tumors, especially emphasizing the benefits of
the V-Net model.

6.2 Future Works and Recommendations

In our future work, we aim to develop a more efficient version of the pro-
posed models that reduces data loss while achieving higher segmentation
accuracy. Enhancing the training process is a key priority, with particular
focus on maximizing validation accuracy and minimizing validation loss
through improved optimization strategies.

We also plan to investigate GPU memory reduction techniques during
3D data segmentation. This includes using larger patch sizes, optimizing
memory utilization, and expanding the current architecture. In particular,
we aim to enhance the existing 3D U-Net and V-Net models by integrating
them with other state-of-the-art architectures to further improve segmenta-
tion performance.

Additionally, we intend to conduct further experiments on 3D medical
imaging datasets to refine segmentation methods. We recommend apply-
ing our models to various organs and extending evaluation across diverse
datasets such as the LGG segmentation dataset and the PROMISE2012 dataset.

Future extensions of this work should also explore more advanced mod-
els like LV-Net, Residual U-Net, and MobileNet U-Net to assess their per-
formance and efficiency in clinical settings.

Moreover, we propose a more comprehensive comparison between U-
Net and V-Net architectures in segmenting tumors with varying anatomical
characteristics. This includes:

• Tumor volume — evaluating model accuracy across different tumor
sizes,
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• Tumor shape — using the sphericity index to assess performance on
irregular vs. regular geometries,

• Tumor location — computing centroid distance between predicted
and ground-truth regions,

• Sensitivity — measuring true positive rate to better understand detec-
tion performance, especially for small or diffuse tumors.

As part of regularization during training, we propose evaluating the ef-
fect of key hyperparameters. Specifically, we suggest exploring:

• Dropout rates in the range of 0.3 to 0.5,

• Early stopping with a patience of 10 to 15 epochs,

These techniques will help to mitigate overfitting and improve general-
ization across different segmentation tasks.
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