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ABSTRACT

DETECTION AND CLASSIFICATION OF BRAIN TUMORS IN MRI
IMAGES USING DEEP CONVOLUTIONAL NEURAL NETWORK

Alismaeeli, Hussein Layth Ghazi
M.Sc., Information Technology, Altinbas University,
Supervisor: Prof. Dr. Osman Nuri UCAN
Date: December/2022

Pages: 59

Brain tumors is a chronic and inflammatory disease of the central nervous system (CNS), which
causes white matter lesions in the brain and spinal cord, as a result of demyelination of axons The
brain tumors. can be classified into four types: Remissive-recurrent (RRMS), Secondary
Progressive (EMPS), Primary Progressive (PPME) and Recurrent Progressive (PRMS) Recent
work in Machine Learning (Machine Learning) and Deep Learning (Deep Learning) has shown
fruitful outcomes, as observed in clinical applications and medical image processing Manual
segmentation of lesions on magnetic resonance images has become the standard despite being
labour-intensive and subject to interobserver variability (e.g., interobserver variability) In this
thesis, we aimed to test out these two novel CNN implementations in the hopes of noticing
performance gains. Our approach differs from those of others in that we use a multi-layer CNN
rather than the standard three-layer architecture (convolution + subsampling + classification). In
order to automatically segment sclerotic lesions in a magnetic resonance image, it is necessary to:
investigate the existing literature containing models for this task; detail the primary procedures
involved in pre-processing the image. Evaluate MRI lesion segmentation strategies based on



Convolutional neural networks; Incorporate a technique for automatic segmentation of lesions in

MRIs of MS patients using magnetic resonance imaging analysis.
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1. INTRODUCTION

1.1 BACKGROUND

brain tumors in the world are the leading cause of death in the world it is estimated that 17.9 million
people died from brain tumors in 2019, which represents 32% of the number of deaths worldwide
(World Health Organization, 2021). The most common method for disease detection is analysis,
which includes clinical cardiac auscultation using a stethoscope (Mustafa et al., 2020). The
stethoscope allows the heart to identify information such as heart rhythm, such and other
professional heart anomalies. With the advancement of technology, stethoscopes improved,
mainly, in the gain of the captured children. Currently, the digital stethoscope is available to
specialists, which amplify sound and reduce noise, allowing the user's perception in more accurate
diagnoses [1] The auscultation process is directly related to the MRI, which is a different graphic
representation of the children originated by the heart and its great vessels. In this way, the detection
of heart anomalies can be performed through the analysis of MRI videos, which allows the patient
to the posterior, another method used in brain screening is the Electrocardiogram (EEG), which is
a test that records the electrical activity of the heart. It is considered one of the methods of choice
for detecting cardiac anomalies, since any event is reflected at the electrical level. at the level of
emergencies and urgency, as well as a frequent routine examination. Its unparalleled quick, easy,
and versatile advantage with auscultation is less cost-effective, more hardware-demanding, and
difficult to implement in neonates with our digital and long resource of smartphones and topic

stethoscopes, MRI has a lot of use throughout the literature. processes and suppress existing ones.
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Figure 1.1: Worldwide mortality rates in brain tumors according to WHO.

1.2 MOTIVATION

Brain tumor is a chronic and inflammatory disease of the central nervous system (CNS), which

causes white matter lesions in the brain and spinal cord, as a result of demyelination of axons [1].

Myelin is a substance that surrounds the axon, forming an electrically insulating layer, having a

fundamental role in the communication between neurons, facilitating the transmission of electrical

signals [2]. From the demyelination process, there is formation of fibrous tissue around the lesions

(gliosis) [3]. The location of the CNS affected by these lesions influences the pathological features

of the disease [4]. Clinically, Multiple Sclerosis presents great variability of manifestations, which

can affect mobility, balance, vision and cognition [5]. The brain tumors. can be classified into four

types: Remissive-recurrent (RRMS), Secondary Progressive (EMPS), Primary Progressive

(PPME) and Recurrent Progressive (PRMS) [6] From a radiological point of view, the

demyelination process can be visualized through the image of MRI.



1.3 PROBLEM STATEMENT

Because of its extraordinary capacity to detect disease-related lesions even in the absence of
symptoms, magnetic resonance imaging (MRI) is the imaging tool most commonly employed to
diagnose brain malignancies [7]. Manual segmentation of lesions on magnetic resonance images
has become the standard despite being labour-intensive and subject to interobserver variability
(e.g., interobserver variability). [9]. Recent work in Machine Learning (Machine Learning) and
Deep Learning (Deep Learning) has shown fruitful outcomes, as observed in clinical applications
and medical image processing [10]. [11] There has been considerable interest in the technique of

automatically recognizing and segmenting multiple sclerosis-related lesions. These technologies

can be utilized both within and outside of the classroom.
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Figure 1.2: Basic principle of brain segmentation in deep learning (Zhou et.al 2021)




1.4 CONTRIBUTION AND OBJECTIVES
1.4.1 Contributions

In this thesis we wanted to experiment with both these innovative approaches to CNN, in the hope
of observing improvements in performance. Unlike previous works, which uses a single level CNN
consisting of a convolution layer and a subsampling layer and a classification layer at the end, we
increase the depth by introducing a second layer. This master's thesis had the following

contributions:
a) Explore the existing literature with models of segmentation of sclerotic lesions in the brain;

b) Explain the main steps of pre-processing of magnetic resonance image, in order to segment the

lesions by automated means;
c) Analyze Convolutional Neural Networks techniques for segmentation of lesions in MRI;

d) Implement a magnetic resonance image analysis methodology for automatic segmentation of

lesions in patients with Multiple Sclerosis.
1.4.2 Objectives

The goal of this thesis is the construction of a "Computer aided detection” (CAD) for the automatic
segmentation of non-massive brain tumor. This would be of considerable use in the clinic because
today the tumor is manually segmented by the radiologist: the use of a CAD would allow the
process to be automated, making it extremely faster and also less affected by inter and intra
operator variability. The CAD is built and evaluated on magnetic resonance images, through deep
learning, and comparisons are made between different normalizations of the images of the dataset,
different loss functions and binarizations of the masks predicted by the CAD, in such a way as to
evaluate and compare the effects that the variation of these parameters affects the performance of

the system.



1.5 THESIS ORGANIZATION

This thesis is divided into 6 chapters.

a)
b)
c)

d)

In this chapter, a contextualization of the theme and its problematic is made.

Chapter 2 presents the fundamentals of brain tumors in the previous works of literature.
Chapter 3 covers basic principles of MRI and imaging characterization of lesions.
Chapter 4 describes the computational methodology used in this study.

Chapter 5 presents the results obtained, followed by discussion.

Finally, chapter 6 presents the conclusions and recommendations for future work.



2. LITERATURE REVIEW
2.1 CHAPTER OVERVIEW

The purpose of this chapter is to provide a comprehensive technical evaluation of various deep
learning-based brain tumor segmentation algorithms. This analysis will employ architectural

classifications and strategy comparisons.

In this study, we intend to investigate how different neural network topologies affect the
segmentation performance of deep neural networks and how different learning techniques can be
improved for various barriers in brain tumor segmentation. We are specifically interested in how
these characteristics influence the ability of deep neural networks to detect and categorize brain

cancers.

We cover diverse high-level perspectives, including effective architecture design, imbalance

segmentation and multi-modality process.

The taxonomy of this chapter is made such that our categorization can help the reader to understand
the technical similarities and differences between segmentation methods. The proposed taxonomy

may also enable the reader to identify open challenges and future research directions.
2.2 PREVIOUS WORKS

Deep Learning is a subset of Machine Learning, a subfield of Artificial Intelligence referred to as
Machine Learning (Al). Researchers in the field of machine learning are interested in both the
improvement of representations and the application of models to "learn” them. Their research
focuses mostly on the subject of what makes a representation more accurate and how models might
be created to "learn" it. Using approaches from the field of deep learning, we are able to simulate
the functioning of the human visual brain. The human visual cortex functions similarly to a
hierarchical filtering system in that it takes information from lower layers and transmits it to higher

ones, where it is transformed.

Deep learning algorithms are a category of algorithms that use a deep architecture to attempt to
model data on their own. This design consists of multiple layers of abstraction, and the concepts

at the highest levels are dictated by the concepts at the lowest levels via a nonlinear transformation.
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In recent years, it has been demonstrated that these methodologies outperform alternative
approaches in a range of applications, including those involving image classification, recognition,
and natural language processing. Google hired Geoffrey Hinton from the University of Toronto in
March 2013, and Facebook hired Yann LeCun from New York University in December 2013.

Both men had previously worked at Canadian universities.

In a 1996 study [11] employing the Convolutional Neural Networks method, which is a subfield
of deep learning, Heang-Ping Chan exhibits positive results with regard to digital mammography
image classification of healthy tissues and tissues bearing masses. According to the article, the
primary purpose of this thesis is to continue and expand upon the work reported therein by
employing a more complex architecture (consisting of multiple levels of representation) and new
methodologies that have been previously applied to CNN in the study of other subjects. In CNNs,
the convolution layer is commonly followed by a subsampling layer, and the subsampling layer is
typically followed by a normal neural network that performs the final categorization of pictures
following the application of filters (kernels). Subsampling an image often involves dividing the
image into a number of nonoverlapping rectangles and then replacing the value of each rectangle

with its respective mean.

Despite the lack of a theoretical basis, Jianchao Yang and colleagues [24] argue in a 2009 study
that moving from the maximum operation to the average one improves classification performance
for a wide range of objects and contexts. In many DL models, the final layer of the hierarchy for
classification tasks consists of a standard neural network with a softmax activation function. This

function is generally referred to as multinomial logistic regression.

Yichuan Tang [13] published an article titled "Deep Learning Using Linear Support Vector
Machine" to demonstrate the effectiveness of using a support vector machine (SVM) as opposed
to a neural network on popular datasets such as MNIST (a public database of handwritten figures),
CIFAR-10 (ten classes of various Internet-sourced images), and ICML 2013 (a collection of

machine learning benchmarks) (facial expression recognition).

Zhu et al. [2] started to use a Hopfield Neural Network with active contours to extract the tumor
boundary and dilate the tumor region. However, training a neural network was highly constrained

due to the computational resource limitation and technical supporting. From late 90s’ to early 20s’,



most of the brain tumor segmentation methods focused on traditional machine learning algorithms
with hand-crafted features, such as expert systems with multispectral histogram [30], segmentation
with templates [31], [32], graphical models with intensity histograms [33], [34], tumor boundary
detection from latent atlas [35]. These early works pioneered the use of machine learning in solving
brain tumor segmentation problems. However, early research works have significant
shortcomings. First, most of the early works only focused on the segmentation of the whole tumor
region, that is, the segmentation result has only one category. Compared with recent brain tumor
segmentation algorithms, early works are formulated with strong conditions, relying on unrealistic
assumptions. Second, manually designed feature engineering is constrained by prior knowledge,
which cannot be fully generalised. Last but not least, early research works fail to address some
challenges such as appearance uncertainty and data imbalance. With the revolutionary
breakthrough by deep learning technology [36], researchers began to focus on using deep neural

networks to solve various practical problems.

Pioneering works from Zikic et al.[37], Havaei et al.[38], Pereira et al.[39] intend to design
customized deep convolutional neural networks to achieve accurate brain tumor segmentation.
With breakthrough brought by Fully Convolutional Network (FCN) [40] and U-Net [41], recent
innovations [42], [43] on brain tumor segmentation focus on building encoder-decoder networks
without fully con nected layers to achieve end-to-end tumor segmentation. A long-standing

challenge in brain tumor segmentation is data imbalance.

To effectively deal with the imbalance problem, researchers try different solutions, such as
network cascade and ensemble [44], [45], [46], multi-task learning [47], [48], and customized loss
functions [49]. Another solution is to fully utilise information from multimodality. Recent research
focused on modality fusion [50] and dealing with modality missing [51]. Based on the evolution,
we generally categorise the existing deep learning-based brain tumor segmentation methods into
three categories, i.e., methods with effective architectures, methods for dealing with imbalanced

condition and methods of utilising multi-modality information.



2.3 CHAPTER SUMMARY

When it comes to the classification of brain tumors, there are numerous unanswered questions.
The objective of brain tissue segmentation, also known as anatomical brain segmentation, is to
assign a certain category of brain tissue to each individual unit under study. To perform their
responsibilities, they are functioning under the presumption that the brain imaging does not reveal

any tumor tissue or other abnormalities.

Tumor detection is to identify aberrant tumors or lesions and communicate the tissue's expected
classification. In this context, a bounding box is frequently used as a detection result, but a label
is used for categorization purposes.

However, it is essential to remember that certain procedures for segmenting brain tumors provide

only a single label mask or the central location of the tumor core without sub-regional analysis.

Survival Prediction is a method that, in addition to clinical diagnosis, identifies the patterns and
activity of tumors to predict the patient's likelihood of survival [6, 11]. On the basis of the results
of tumor segmentation, it is reasonable to consider disease classification and survival prediction

as subsequent tasks. Both are essential components of cancer research.



3. MATERIALS AND METHODS

3.1 CHAPTER INTRODUCTION

In this first chapter, we will introduce the fundamental notions related to the context of our work.
First, we will cover some notions of brain anatomy by defining the essential terms and concepts
that allow us to better understand what we observe with brain imaging. Then, we will present the
pathologies and the cerebral tumors in specific the glioma which constitutes approximately a third
of the most frequent primitive cerebral tumors. And we will end this chapter with the principle of

magnetic resonance imaging [MRI].

In this work we are developing a new deep learning method to identify and delineate tumors in
medical images. The software automatically analyzes several medical image modalities. Through
a self-learning process inspired by the functioning of neurons in the brain, it automatically
identifies brain tumors, outlines the contours of the prostate for radiotherapy or counts the number
of cells on a microscopic scale with a performance similar to the eye of a human expert. We
developed software that could be integrated with visualization tools to help physicians with
advanced analysis of different medical imaging modalities. The algorithm makes it possible to
automate tasks of preprocessing, detection and segmentation — that is to say the delimitation — of
images which are not currently carried out because it takes too much time for a human. Our model
is very versatile, it works for computed tomography images [CT scan] of the brain, magnetic

resonance images [MRI] of the prostate and images of cells in electron microscopy”,
3.2 CENTRAL NERVOUS SYSTEM

The central nervous system is responsible for information processing (CNS). In addition to
detecting signals from the outside world, it also records, analyzes, and organizes their responses.
The spinal canal contains the spinal cord and nerves of the spinal column, whereas the cranial box
contains the cerebrum, brainstem, and cerebellum [1]. Figure 3.1 depicts the various behaviors of
the central nervous system (CNS) as follows: Following this, there are various sections in which

we elaborate on each of these traits.
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Brain

Spinal cord
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Figure 3.1: Human central nervous system
3.2.1 The Spinal Cord

This is a cord of nervous tissue located in the vertebral canal. It has two bulges: a cervical bulge

and a lumbar bulge [2].
3.2.2 The Brain

The term "brain" refers to the portion of the nervous system that is housed within the cranium as
well as the region at the base of the skull. Included in this are the cerebral hemispheres, the
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cerebellum, and the brainstem. This structure is protected by the cerebrospinal fluid, which acts as
a cushion for it. [CSF] [3].

A. Brainstem

The two hemispheres of the brain are connected to one another by connections that run from the
brainstem to the spinal cord. This organ is responsible for regulating not just the heart and lungs
but also the blood pressure. Amongst other duties, it is responsible for controlling eye movement

and face movement, as well as swallowing [4].
B. Cerebellum

In the human body, the cerebellum is located in the very rear of the brainstem, immediately below
the occipital lobes. This allows us to respond quickly, coordinate our actions, and maintain our

equilibrium.[4].
C. Brain

It is divided into 2 cerebral hemispheres: right hemisphere and left hemisphere, each Hemisphere
is divided into 4 lobes [figure 3.2]:

Cerebrum Ventricles

Corpus
callosum

Cerebellum

Thalamus

Spinal cord

Brainstem

Figure 3.2: Human brain sections
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a) The frontal lobe: involved in thinking, conceptualizing, planning, conscious appreciation of

emotions.

b) The parietal lobe: involved in gestures, orientation and spatial recognition, calculation. * The

occipital lobe: mainly the seat of vision.
c) The temporal lobe: dedicated to the interpretation of sounds, language and memory [5].

3.2.3 The Main CNS Substances

A. Gray matter

The cell bodies of neurons are represented by gray matter, often known as gray matter (MG), and
this material contains a dense dendritic network. It is located in the cortex, which is a thin layer

that covers the cerebellum and the rest of the brain [7].
B. White matter

The material in question is of a white color. MB, also known as white matter, refers to the myelin
covering that surrounds the axons of neurons in the brain. Axons that have been myelinated create

bundles, which allow groups of neurons to communicate with one another [7].
C. Meninges

The brain is surrounded by protective layers called the meninges. They are made up of three

successive membranes:

a) The most internal of these membranes is the pia mater
b) The intermediate membrane is the arachnoid

c) The most external membrane is the dura mater [8].

D. CSF cerebrospinal fluid

Cerebrospinal fluid, or CSF for short, bathes both the brain and cerebellum. The cerebral venous
system absorbs and replenishes this fluid, which has an average amount of 150 ml. The fact that it

contains immunological mediators produced from both humoral and cellular sources is responsible
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for one of its most vital activities, namely protection against infections; nevertheless, it also serves

other purposes. The movement of hormones from one brain region to another.
3.2.4 The Brain at The Cellular Level

The information conveyed by the peripheral receptors, which respond to the environment, are
analyzed into their components by the brain, and give rise to perceptions; some of this information
is stored in memory. On this basis, the brain commands the coordinated movements of the muscles.
This whole process is done thanks to the nerve cells and the connections that exist between them.
Despite the simplicity of these basic units, the complexity of behavior [complexity evident in all
capacities of perception, memory and action] is the product of the concerted activity of a
considerable number of neurons. White matter is formed of fibers, while gray matter is composed
of cells. The neuron, the cell, and the fiber all have the same fundamental structural components.
In the neurological system, glial cells are simply one type of cell. There are also glial cells, which

are important for supplying nourishment and support [9].
3.2.5 Neurons

The brain processes and propagates information, whether it comes from outside or inside the body,
thanks to neurons, which are cells capable, among other things, of transmitting an electrical signal
[10].

The cells that comprise the glia The supporting cells that surround neurons in the central nervous
system are glial cells. They connect blood vessels and transport nutrients essential for the nervous
system's metabolism, acting as a form of glue for the neurological system (the Greek word for glue
is glie). Glial cells are distinguished from neuronal cells due to their ability to divide and their

potential to form malignant tumors. There are two major categories of glial cells [11]:

a) Microglia Contributing to the cleaning procedure. The most prevalent type of cell has an

isolated cytoplasmic nucleus (12).

b) Macroglia This collection contains [13] distinct components.

14



c) Astrocytes are the most abundant type of cell in the brain. They contribute to the metabolic
process and the formation of the fundamental components of the nervous system, making them

real connective tissue.

d) Oligodendrocytes are more abundant and smaller than astrocytes, the major cell type in the
brain. The primary function of these cells is to generate the myelin sheath, which is responsible
for shielding the axons. Oligodendrocytes and Schwann sheath cells, located in peripheral

nerves, are quite similar.

e) Brain cavities and the major canal of the spinal cord are surrounded and lined by ependymal
cells. They possess a free edge resembling a brush. They play a crucial role in processes
involving the exchange of cerebrospinal fluid and brain parenchyma.

3.2.6 Cerebral Pathologies and Tumors

A cerebral lesion is a lesion that affects the brain. In general, it is a more or less extensive
destruction of nervous tissue leading to a deficit in perception, cognition, sensitivity or motor skills
depending on the role that the affected region played in the neurocognitive architecture. After the
age of twenty, human beings lose thousands of neurons every day. This cellular degeneration is
due to a number of brain diseases such as brain tumors. In our end-of-study project, we will focus
on the detection of gliomas, which constitute about a third of the most common primary brain

tumors.

15



Targets

meningioma glioma pituitary

meningioma

Z
a glioma
=
O
pituitary
Figure 3.3: Brain Tumor Types in different modalities
A. Glioma

The most prevalent type of tumor that can harm the central nervous system is one that arises from
brain glial cells [14]. The neuron is the most important cell type in the brain, and these cells are
critical to its functionality. Our cerebral hemispheres, the largest and most peripheral areas of our
brains, are responsible for a vast array of functions, including movement, speech, cognitive
function, and emotional expression. In addition to respiration, blood pressure, heart rate, optic
nerves, and the cerebellum (which regulates balance), there are more processes that can be
impacted by the drugs. Among these include breathing, blood pressure, heart rate, optic nerves,
and the cerebellum. They might or might not represent a health risk to humans. Gliomas are often
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categorized into one of four classifications based on their severity. According to the conclusions

of a new study, fourth-grade pupils are the rudest [15]:
a) Astrocytoma.

b) Ependymoma.

c) Glioblastoma.

d) Oligodendroglioma [16].

B. Symptoms Patients diagnosed with gliomas report headaches more frequently than any other
initial sign of illness. It is believed that the growth of the tumor, which affects nearby tissues in a
cascade-like manner, is the underlying cause of severe headaches. The formation of edema is
caused by the pressure placed on the microvasculature by the mass effect. Depending on the
location of the tumor inside the brain, the mass effect may elicit symptoms indicative of a brain
tumor. For example, tumors originating in the frontal lobe of the brain are known to cause
behavioral disorders, whereas tumors originating in the temporal lobe are known to create
difficulties with receptive speech. In addition to nausea and vertigo, other symptoms that could be
caused by a mass impact include vision abnormalities. Seizures, which account for the great
majority of epilepsy cases, are one of the characteristic signs and symptoms of the disorder. The
irritation of the cerebral cortex of the brain induced by tumors causes convulsions, which may be
focal or generalized in nature. Gliomas can cause a range of symptoms, including tingling
sensations, weakness, and trouble walking. In exceedingly rare situations, the tumor may bleed,

resulting in an acute hernia syndrome that might eventually be fatal to the patient [14].

C. Risk factors Like most primary brain tumours, the exact cause of gliomas is unknown. But

certain factors can increase the risk of developing a brain tumour. Among these risk factors [16].:
a) Age.
b) Exposure to radiation.

c) Family history of glioma
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3.3 COMPUTER VISION SYSTEM

Computer navigation systems in the medical field offer new possibilities to experts during surgery
to have a better visualization of the anatomical structure and to acquire quantitative information in
real time. During a discectomy, the surgeon is required to reduce a certain amount of disc tissue
depending on the degree of deformity and it would be important to have real-time quantitative
information on IVDs and CVs such as the percentage of tissue remaining, size, position and
orientation of the two structures ... etc [17]. In this context, 3D reconstruction of the spine is an
excellent means of visualization. The practice of minimally invasive surgeries poses challenges
for the development of supportive systems. The incisions made are very small compared to a totally
invasive approach. Often, the surgeon can only pass a single endoscopic camera that does not allow
full visualization. Also, in orthopedics, metal objects [screws and rods] are often required but
further limit access to anatomical structures [18]. Therefore, 3D visualization helps to maximize
the chances of success by limiting human error. In the case of scoliosis treatment, with regard to
the anatomical structures on which the surgeon focuses, a surgical navigation system must acquire
a preoperative 3D model to obtain this 3D model, it is essential to first extract the structures of
interest and delimit their outlines in the image, which amounts to the segmentation. An automatic,
fast, exact and precise segmentation method therefore plays a very important role in the quality of
the navigation system. In this context, MRI is a method of choice for obtaining the information
necessary for the reconstruction of the preoperative 3D model. Due to the posture of the spine
when taking the MRI which is not similar to that while lying on the operating table, an X-ray of
the spine is acquired just before the start of the discectomy. and readjusted on the preoperative 3D
model. During the operation, this same model will update in real time using the images that come
from the endoscopic camera thanks to a 3D / 2D registration to obtain a visualization of the spine

during the surgery.
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Figure 3.4: 3D MRIs of the human brain
3.3.1 Magnetic Reasoning Images MRIs

[20] Magnetic resonance imaging (commonly known as MRI) is one of the most advanced and
widely utilized methods for visualizing brain malignancies. This is due to the fact that the
technology does not require invasive operations and has high anatomical resolution. This is owing
to the fact that MRI can distinguish between different types of tissues and is easy for patients to
endure. In recent years, magnetic resonance imaging (MRI) has emerged as an indispensable
technique for the early detection, monitoring, and diagnosis of malignancies. [22] A diagnosis
based solely on human intelligence is difficult, time-consuming, and error-prone due to the
likelihood of misconceptions, information loss, and visual fatigue. This is the case despite the
extensive degree of detail provided by RM. Poor quality, low contrast, or images including artifacts
are difficult for the human eye to acclimatize to. All of these characteristics make it more difficult
to view the image. [23] In the majority of instances, the borders of the tumor mass are segmented

with the aid of a tumor manual, which can only detect considerable tumor movement. [24] A
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number of radiologists will need to invest a considerable quantity of time and effort in order to
complete the aforementioned in-depth study. Consequently, computer-aided diagnostics (also
known as CAD) have been developed to detect and/or evaluate abnormalities in medical imaging,
as well as to assist medical assistants with diagnostic precision and neurosurgical procedures.
Image analysis and processing are applied to enhance physicians' analytic skills and reduce the
amount of time required for proper assessment, therapy planning, and monitoring the evolution of

tumor growth.
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Figure 3.5: Computer Aided detection CAD in MRIs

Radiologists can employ these techniques to obtain a second opinion on medical images, thereby
improving the diagnostic precision of their job. [28] Although significant progress has been made
in the field of CAD systems, there are still a number of obstacles to overcome in order to increase
the sensitivity of these systems. During the process of doing an autonomous analysis of medical

images, image difficulties such as noise, which can affect pixel intensity and non-uniformity of
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image intensity, must be considered. [29] Consequently, it is required to undertake a thorough
examination of various algorithms for all phases of the CAD system's processing, beginning with
the pre-processing phase and continuing through the final classification step. This analysis should
employ whatever technique is necessary to shorten the processing time for RM. This study
employed mathematical, logical, and morphological processes in the T1lc, T2, and FSPGR Tlc
sequences to develop a fresh new method for the automatic mechanics of brain tumors in MRI.
The algorithm was developed as part of this research. At the conclusion of the inquiry, the
algorithm accurately segmented the tumor region in line with the radiologists' manual.

Figure 3.6: Example of Brain Tumors in different modalities

MRI is a medical imaging modality used most often for diagnostic purposes. It does not expose
the patient to harmful radiation such as a CT scan. The patient is placed in a strong magnetic field
which will stimulate the hydrogen nuclei found in the water molecules of the human body and
orient their own magnetizations [or spins] in the same direction. Then, electro-magnetic pulses
called radiofrequency waves are emitted and released in order to deflect the spins from their
alignment to generate a magnetic resonance signal that will be picked up by the device. Thanks to
image reconstruction algorithms, it is then possible to form 3D images representing the specific
properties of tissues in relation to these electromagnetic stimuli. MRI is often used in the planning
of surgeries as well as in several clinical studies in the study of scoliosis. For example, [31] studied
and compared the abnormal differential growth of the anterior and posterior components of the
thoracic vertebrae in patients with scoliosis. [33] used MRI to study the degree of torsion of the

vertebrae in patients with scoliosis.
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3.4 BRAIN TUMORS MRI DATASET

The FLAIR and T1 MRI sequences used in this study originated from the BRATS 2018 Dataset.
This dataset contained photos of five distinct individuals collected over the span of four to five
days. In order to capture images, a Philips 3T system was deployed. The T1 sequence had a TE
value of 6 milliseconds and a TR value of 10.3 milliseconds. The FLAIR sequence had a TE value
of 68 milliseconds and a TR value of 11,000 milliseconds. Without these, the T1 sequence could
not have been achieved. In 2016, 15 persons were photographed for the MICCAI database using
the GE Discovery 3T, Siemens Aera 1.5T, and Siemens Verio 3T cameras. These photographs
were obtained at the Hospital das Clnicas de Botucatu in Brazil utilizing Siemens' 3T technology.
The T1 sequences were obtained with a time resolution of 465 and a time element of 9
milliseconds. The FLAIR sequences had a TE of 80 microseconds and a TR of 9,000 milliseconds.
Then, 3T Siemens Magnetom Trio pictures were retrieved from a database maintained by the
University of Ljubljana. The T1 pictures were acquired by setting the time constant (TE) to 20
milliseconds and the repetition time (TR) to 2000, whereas the FLAIR images were acquired by
setting the time constant (TE) to 392 milliseconds and the repetition time (TR) to 1000. (TR).

Inception Two Path Linear ILinear

Figure 3.7: Brats dataset
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3.5 DEEP LEARNING

Machine learning is a field of artificial intelligence whose objective is to train models to solve one
or more problems from a set of so-called learning data presented in the form of examples. Learning
can take place unsupervised, supervised, or sometimes a combination of the two [38]. We speak
of supervised learning when an example represents a pair of data xi and its label yi. The goal is to
train a model to learn a prediction function from a set of observations representative enough to
allow it to predict the real label of unobserved test data belonging to the same population. We talk
about solving a regression problem if the goal is to estimate a continuous value or classification if
the set of output values is finite. For example, in this thesis, the segmentation problem can be
considered as a supervised classification because we have three classes [Background [AP], CV,
DIV] and a voxel of an image can only belong to one between them. A classifier is evaluated by
its ability to correctly predict that a piece of data xi is associated with its class y but above all to
generalize its solution to the entire population. The generalization is estimated by the bias and the
variance of the classifier. Bias is defined by the difference between the average prediction made
by the classifier on the validation data and the actual value. The variance is defined by the
sensitivity of the classifier to fluctuations and to vary its prediction for an observation during
training. High variance means a model that is unable to find a real relationship between the data.
At best, a well-trained classifier has a low bias-variance ratio, so we could speak of a model that
generalizes well. As part of our project, the ideal scenario would be to train a classifier that is able
to recognize 1VDs and CVs accurately regardless of the MRI modality and regardless of the degree
of severity of scoliosis. However, classifiers are subject to two phenomena to be avoided: over-
learning and under-learning. The first is characterized by the inability to perform well in the face
of data not observed during training. In this case, the bias is therefore high [39]. As for under-
learning, it is simply the inability of the classifier to pinpoint the learning data. In this case, it is
the variance that is high. This can be manifested by a lack of data for training or by a complex
classifier. This is linked to the number of parameters it contains. Machine learning comes in a
variety of algorithms. These algorithms are located on a spectrum whose extremes correspond to

two categories: parametric and nonparametric. Parametric algorithms are more traditional.
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Two of the most well-known methods in this category are Support Vector Machines [SVMs] and
perceptron. These algorithms are known to be limited in their learning capacity because the number
of parameters must be determined manually beforehand. The non-parametric methods are more
sophisticated. The number of parameters adapts to the number of training data. The more it
increases, the more the capacity of the model also increases. Theoretically, the number of
parameters can go up to infinity. This gives these methods greater flexibility and allows them to
result in models which have a better scope for generalization. Our project is devoted to
probabilistic statistical learning, more particularly to neural networks in their non-parametric
version. The goal of statistical-probabilistic learning algorithms is to model the distribution of
classes Y conditioned on the data X. We denote this distribution p [yi | xi; w] where w corresponds
to the parameters of the model. Concretely, the algorithm aims to maximize the expectation of the
output distribution of the model pmodele [y | x; w] on the set of training data X and their labeling
Y. It is an iterative process which aims to maximize the likelihood of the training data. This
maximization amounts to describing an objective function J on these data [Goodfellow et al.,
2016]. We notice:

Jlw] = E)(,Y~1>do,mes LIX,Y, w] (3.1)
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The cost function L is used to determine the rate of prediction error that the model achieves on the
training data. w is the vector of the parameters. The learning process tends to minimize error by

adjusting the parameters:

w* = argminJ[w] (3.2)

w
Optimizing the parameters of a model can be done in several ways. In machine learning, the most
popular method is the gradient descent algorithm introduced by [40] It is an iterative process which
calculates at time t the gradient of the function J with respect to the vector of parameters wt and
advances in its opposite direction until reaching a minimum but without guarantee that it is global:
where f [ X] is the prediction of the model, A is the derivative of the function f which informs about
the direction and the amplitude of its gradient. In the development presented so far, there is no
indication of the distance to be covered. To do this, a hyperparameter is introduced as the gradient
descends which will represent the learning rate o per iteration. The calculation of the new vector
of parameters is therefore done like this: In reality, the choice of a is crucial. This determines the
speed of convergence. Too large a value leads to too abrupt changes where the gradient goes from
convergence to divergence without reaching optima. Too small a value theoretically allows an

optimum to be reached but would take a significant amount of time. The gradient descent algorithm

has inspired several optimization methods.
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Figure 3.9: Deep learning feature optimization
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From a practical standpoint, its simplistic version is very limited. This is only applied after passing
all of the training data to the model, which leads to a single gradient calculation per iteration.
Training is therefore very slow, if not impossible if all the data cannot be retained in memory. The
stochastic gradient descent algorithm worked around this by optimizing the parameters after
training each example. Convergence is thus faster and makes it possible to explore other regions
in the hope of finding a better local optimum. However, convergence towards the global minimum
becomes more complicated. The mini-batch gradient descent algorithm has been proposed to
benefit from the advantages of the two previously mentioned approaches by performing the
optimization after training on n training data. However, the descent of the gradient by mini-batch
does not solve all the limitations. The choice of the learning rate remains empirical and a single
value may not be suitable for all stages of parameter optimization where the behavior of the
gradient in the hollow areas remains unpredictable. One thus notice oscillations of the parameters
without effective convergence which tend towards a stagnation. To reduce this problem, the
momentum [43] is introduced in the algorithms of the descent of the gradient, which allows the
model to keep a history of the previous directions of the gradient. The momentum improves the
quality of the optimization because the calculation of the derivative of the cost function is not
entirely accurate. It is rather estimated on a batch of data. The direction of the gradient is therefore
not optimal. Adding a term that indicates the calculation of the derivative on the old decisions
allows a better estimate. The evolution of machine learning has led to models with very large
capacity but difficult to train. Numerous studies have therefore focused on better guided
optimization, in particular thanks to the adaptive learning rate. Logically, the latter should increase
when the gradient is large which means that it takes the direction towards an optimum zone and
vice versa in the opposite case to avoid the divergence. With this in mind, Kingma & Ba [2015]
proposed Adam, an optimization algorithm that is of particular interest to us because it is the one
we use in our project. Adam estimates a different learning rate ai for each parameter wi by
estimating the mean and variance of the previous gradients. The authors also proposed a way to

limit the influence of the first derivatives calculated during the first iterations.
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3.5.1 Artificial Neural Networks

Many years ago, processors surpassed the human brain to solve complex calculations in record
time that keep getting shorter. However, the innate perception of humans is extremely difficult to
reproduce digitally. Neural networks are models that are inspired by the functioning of the human
brain to achieve a processor with such a perception. A biological neuron [Figure 1.5] consists of a
cell body with a nucleus and extensions called dendrites, a nerve fiber called an axon, and a
synaptic area made up of synapses. A neuron generates an electrical signal and transmits it to
another neuron via synapses. If the signal is stimulating enough, the dendrites of the receptor
nucleus will activate to receive it and relay it in the same way to another neuron by making it travel
its axon. Artificial neurons [Figure 1.6] are connected to each other and transmit information to
each other in the same way. The output of a neuron is just the weighted sum of its inputs. An
activation function is applied to this output to estimate whether the signal is stimulating enough

and needs to be propagated. Mathematically the output of an artificial neuron is:

N
y= f(Z i W +b> (3.3)

i

where xi is a digital data input to the network weighted by the associated weight wi. b is a term
called bias whose role is to translate the activation function f. The artificial neuron alone is of little
use. On the other hand, the idea gave rise to machine learning and a large panoply of algorithms
have been developed with the idea of going from a neuron to a neural network. This is illustrated
in the family of parametric statistical learning algorithms.
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Figure 3.10: ANN Structure

We can mathematically define the neural network as a function f parameterized by weights w such
that: fw [X] = y. It is composed of an input data layer connected to a hidden layer which contains
a number of neurons which in turn is connected to an output layer. This evolved into a Multi-Layer
Perceptron [MLP]. We can express it as a succession of nonlinear functions cascaded where gwj
[x]] corresponds to the I layer hidden. We can also see a neural network as an extractor of features
which are only the results of the transformations undergone by the data in x inputs. However, the
more hidden layers a neural network has, the more parameters there are to optimize and the more
difficult the training. Neural networks were just endowed with greater capacity than their
predecessors, but without knowledge of how to train them effectively. We had to wait for better
processors but especially the backpropagation algorithm proposed by Rumelhart et al. [1988], an
elegant way to propagate the cost function [Equation 1.1] over the set of weights and optimize
them so that neural networks can reveal their potential. Research by [44] demonstrated the ability
of a neural network to solve any continuous function in a closed space provided that the model is
endowed with a large capacity. This comes down to one of their properties which allows them to
extract characteristics on their own and paves the way for their use in various fields of application.
In image processing, [45] introduced what interests us particularly in our work: a first
convolutional neural network [CNN] whose architecture was called LeNet5, an algorithm allowing
classifier with high precision of handwritten digit images. Subsequently, the advances made by
[46] have made it possible to effectively train deep neural networks where several hidden layers
28




follow one another forming a non-linear representation whose complexity increases as one goes

deeper.
3.5.2 Convolutional Neural Networks

Reconnectors of consumers are patterned after the cerebral crust, a portion of the brain that
processes sensory information, in their most basic form. Figure 3.11 depicts an example of a
common network topology. This structure is composed of layers of nodes, each of which activates
in response to a specific type of input. Through weighted connections, the consequences of these
activations are relayed to the vehicle nodes. After the data has traversed all levels of nodes and
connections, some sort of output is subsequently transferred outside the red. The ability to fine-
tune the weights of the connections between the nodes in order to increase the accuracy of the
answers they generate is what makes neural networks so successful and advantageous for handling
such a wide variety of data-controlled problems. We are particularly interested in the
Convolutional Neural Network variety of neural network. In addition to an entering cover, a
disguised cover, and an exit cover, the standard NN also provides an exit cover, however these
CNNs provide a fourth form of cover that has been shown to be particularly useful for learning
knowledge about images. They adhere to many of the same ideas as regular NN. In this example,

the red entries will represent the output segmentation labels from a magnetic resonance picture.

Figure 3.11: Artificial Neuron
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CNN is distinguished from other neural networks by its initial convolutional layer, despite the fact
that other neural networks also contain convolutional layers. In addition to compressing the data
into bits of recognized data, these covers are also used to indicate items of interest. This layer
applies a convolutional modification to a series of values representing the pixels or voxels of an
input image patch. The previous layer can supply these values. CNN employs a filter known as an
interchangeable filter, neurons the kernel, which is another matrix that encodes a characteristic,
and in many cases the random kernel. The receptive field is covered by this kernel, which is located
in the upper left corner of the entry. After multiplying each element separately, the receptive field
matrix is multiplied with the kernel. In the same relative position as before, the summaries of the
outcomes of the multiplications are preserved in the feature map immediately following the
location where those results were recorded. Now that the kernel has been maximally twisted, we
have a feature map that is full and ready for use as input. Convolutions that occur between the
kernel and the input are displayed on the matrix-shaped feature map. Utilizing these feature maps
as a starting point for the design of future covers is possible. To describe this idea in a different
manner, we could say that a convolution is a function action. Images can be deconstructed into
two independent functions: one that processes incoming data and generates a position within the
image, and the kernel, which works as a filter. Obtaining an output is achievable throughout the
process of computing the product of points between the functions. To advance to the next image
location, the filter will move to a new position. This new location will depend on the distance of
each step. The calculation must be performed an unlimited number of times until the entire image
has been processed in order to build a feature map. Depending on its current location, the kernel
can be viewed and defined on this map as either a straight line, a point, or a curved edge. When a
facial image is fed into a CNN, the filters are responsible for identifying features like as lines and
edges. Eventually, these feature maps will converge into entries for the next layer of CNN

architecture, just as feature maps will converge into one another.
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Figure 3.12: Convolution Process in Artificial neural network
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4. PROPOSED METHOD
4.1 U-NET

The U-Net network, which was established in [36], greatly simplifies the segmentation of medical
images. In order to retain the image's proportions, a series of convolution, pooling, and
deconvolution layers of equal length are used. As soon as the input has been reduced to its most
manageable size, it starts monitoring the input's most significant characteristics. The last step is to
deconvolve these attributes before combining them with the other attributes belonging to the same
dimension. Figure 4.1 depicts the configuration supplied to U-Net. Categorization networks must
have access to more than simply the global meanings of the deeper attributes for accurate pixel
classification. After concatenating the outputs of the shallow layers, the information is gathered in
a relatively tiny region. Contrary to skip connections, these components are concatenations, which
significantly differentiates them from skip connections. The diagram labeled Figure 4.2 is an
excellent starting point. Using the U-foundation, shape's it is possible to transmit a vast number of
information about a subject. When data from the encoder's fundamental features are merged with
information from the surrounding surroundings, more complicated features result. The encoder
identifies the complex global properties first, and then the decoder utilizes the encoder's knowledge
to identify the complicated global properties locally. Due to the fact that the decoder's 120 features
were gathered using the same spatial dimensions as the input, each pixel now contains 120 distinct
properties. The suggested method for detecting diseases related with spine tumors is a CNN
convolutional neural network-based classification-based deep learning technique. In contrast,

procedures for identifying and segmenting spinal hemangioma tumors are necessary.
4.2 IMAGE ACQUISITION AND PRE-PROCESSING

To do any kind of image processing, the initial step is to obtain the picture. A variety of medical
imaging procedures may result in the generation of pictures with undesirable background noise.
As a result, images generated by imaging techniques such as magnetic resonance, computed
tomography, and mammography have an abundance of artifacts and background noise. The tumor
location in the input picture may be covered by the noise due to segmental obstructions caused by

the noise. In order to remedy this issue, a picture is first pre-processed to remove any undesirable
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odd numbers, and only then is it sent on for further processing. It is possible that noise reduction,

filtering, picture enhancement, and normalization are included in this pre-processing phase.
4.2.1 Normalization

The technique of attempting to scale data between a maximum and lowest value is known as data
normalization, and it is a frequent pre-processing step. potential outcomes (both linear and

nonlinear) Figure 4.1 is an excellent example of linear normalizing in practice.

. . . (x — min(x)) :
Xnormalized = ( desiredMax — desiredMin ) max(x) — min(x) + desired

desiredMax — desiredMin . )
Xnormalized = + desired Min

1+exp<—x; )

(a) Original Image (b) Normalized Image

Figure 4.1: Nomadized Image vs non normalized image

4.2.2 Histogram Equalization

The photographs may be normalized by comparing their separate histograms to the histogram of a
target picture. This operation may be difficult to do when trying to segment a brain tumor since
not every patient has a brain tumor. Even if there is no tumor present in the brain image, the
histogram matching method may result in the appearance of certain pixel intensities that are
intended to indicate tumor locations. This method improves the image's contrast, resulting in a

more consistent histogram. In contrast, this has a significant effect on the data. It is more difficult
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to discern between foreground and background items when using this technique. Utilizing a
foreground mask will aid in the avoidance of artifacts while dealing with the segmentation of brain
tumors. Figure 4.3 is an example of histogram equalization with and without a foreground mask,
respectively. Using a mapping function to create the most feasible linear ramp-shaped cumulative
distribution function is one of the most common methods for constructing an equalized histogram.
Numerous elements must be considered, including the final histogram, the mapping function used
to map the pixel intensities in the original image, the image's histogram, and the image after it has
been equalized for its histogram quality. All pixels with a value of zero are assigned the value 140
in order to generate an equalized histogram with a nearly linear cumulative distribution function.

As a result, the information contained in e is severely compromised.
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Figure 4.2: Histogram equalization applied w

4.3 SEGMENTATION USING CNN

This is the most crucial and basic step in applications such as the identification of malignancies. It
is common practice to divide an image into smaller, more pertinent sections in order to better
comprehend what the image depicts. According to the study conducted, there are several methods
for dividing a picture. After the segmentation procedure is complete, further processing must be
performed to polish the edges and eliminate distracting features. During this process, known as
"feature extraction,” a photograph's characteristics are extracted for the purpose of analysis.
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Figure 4.3: Feature Extraction by CNN.

It will be able to forecast the size of the tumor with more precision, allowing a greater number of
surgeries to be performed with superior outcomes. Using morphological processes, edge detection
methods, or histogram equalization are three methods for effectively extracting undesirable traits.
This approach utilizes the link between two identical networks in order to generate a segmentation
of medical images. The objective of both networks is to reduce the number of false positives and
false negatives within the classifications of the first network. Due of the relatively small amount
of voxels in the picture that reflect tissue damage, sufficient voxels are available for training the

nets.
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Figure 4.4: Segmentation Using CNN model

The neural network that was shown there was the obvious choice given that Isensee et al. [15] had
already demonstrated its effectiveness in segmentation. [Must include bibliographical references]
It is based on the encoder-decoder architecture that can be found in various recent studies dealing
with the segmentation of medical pictures and won third place in the Brain Tumor Segmentation
(BraTS) competition that was organized by MICCALI in 2017. This competition took place in 2017.
It was altered such that it could take as input five different three-dimensional patches. These
patches were taken from pictures weighted in time 1 (T1W), time 1 with a contrast agent (T1Wc),
time 2 (T2W), time 2 in Fluid Attenuated Inversion Recovery (FLAIR), and proton density. This
is due to the fact that a radiologist will frequently assess these sequences in order to determine
whether or not lesions associated with multiple sclerosis are present (PDW). The first objective of
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the unsupervised phase is to make an estimate of the amount of content that can be retrieved from
a patch. We are keeping our fingers crossed that the challenge of segmenting brain lesions and this
one of multiple-output regression are identical. To finish the first unsupervised target task, it was
sufficient to train the encoder component of the segmentation neural network. This is because
conducting reconstructions was not required in order to complete the task of regression. The first
network was trained to predict the coordinates of the extraction of a three-dimensional material
patch (X, y and z). The weights from the trained encoder were moved to the segmentation encoder
so that it could be used to segment lesions caused by multiple sclerosis while being supervised.
Throughout the course of the program, patches were evaluated and given points. Figure 4.5 depicts

the process being followed. We worked with photos that had been standardized.
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Figure 4.5: Whole System steps summarized

Patches of 32, 32, and 32 voxels were resized to fit within grids of 128 voxels, 128 voxels, and
128 voxels respectively. each other. The optimal size for a patch is one that is both large enough
to contain the lesion and the environment immediately surrounding it, as well as small enough to

enable the collection of as many subsamples as is practically possible given the available resources
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and time constraints. The choice that Roy and his colleagues [31] made has already produced
favorable outcomes. Even though including additional data in the training for our CNN might have
resulted in improved performance, we decided against doing so because doing so would have
dramatically increased the length of our sessions. As an extension of the procedures described in
[9] about the dropout sequence, T1Wc and PDW were replaced with "empty volumes" during the
training phase. This was done to ensure that the dropout process was carried out correctly. This
strategy involves randomly setting the input modalities to zero in order to assess whether or not
the CNN adjustment model is sufficiently wide to produce reliable predictions even when the
modalities are not there. During the training process, we make use of cross-validation by
periodically selecting samples at random from a larger pool. Twelve patches, each containing at
least 75% of the patient's brain, are chosen at random from the patient's brain, and all twelve
patches come from the same patient. Throughout the course of this treatment, patches that are
empty of brain are removed. CNN was given the mission of educating itself in order to improve
the accuracy of the Dice score, which determines the degree to which two samples are comparable
to one another. As stated in Equation 4 of Figure 2, its computation is a compromise between
accuracy and sensitivity 1 in order to limit the influence of an uneven data distribution on the
evaluation of the results. This is shown in the figure as "Compromise between accuracy and
sensitivity 1." This was done to ensure that the reliability of the findings was maintained at all
times. It is possible to utilize the Adam optimizer to cut down on the amount of time needed for
convergence [18].

Sensibilit _Y
ensibilite = —

b VP
recision = VP + FP 4 1
2VP (4.1)

Dice =

2VP+ FP + FN
Precision - Sensibilite

Dice =2 — ——
Precision + Sensibilite
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Figure 4.6: An Example result
4.4 CLASSIFICATION OF SEGMENTS

CNN needs to be trained to recognize the tumor before we can even begin to investigate whether
or not it exists. When a CNN model is being trained, the process of selecting the weights and
kernels that will produce the most accurate results is referred to as "training the network." It is
possible to train an algorithm by making use of a database that is partitioned into three sections.
These sections are referred to as training, assessment of the model while it is being trained, and
testing of the finished model. In order to train neural networks, a method known as Gradient
Descending is utilized, which is explained further on in this article. The performance of the model
is evaluated by the optimizer using a loss function in conjunction with a number of filters and
weights. When computing error rates, direct propagation is used, but when updating learnable
parameters like this one, reverse propagation is what's done. Learnable parameters are updated

using a decreasing gradient in order to lessen the likelihood of a person making a mistake. The
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step size, which is also referred to as the learning rate or the learning rate in, is what is utilized to
update each parameter in such a way that it gets closer and closer to the point where the loss
function is at its smallest. An image segmentation algorithm's learning capacity is not only
determined by its learning rate, but also by the loss function that is integrated into its overall design.
Both of these factors contribute to the algorithm's overall design. The magnitude of the loss value
will directly correlate to the degree to which the model's accuracy will suffer. Equation 1 can be
used to describe the process of updating the parameters. In this equation, represents the learnable
parameters, refers to the learning rate, and L represents the loss function:

= ok 4.2
w=w aaw (4.2)

It is necessary for the program to have the capability of adjusting to a different database in order
for it to perform properly. In the course of instruction, a one-of-a-kind section of the database is
utilized to validate this estimate of talent. In order to make improvements, it is required to conduct
an investigation into the level of precision and the boundaries of the model. When attempting to
determine how closely the output of the segmentation algorithm resembles the source image,
accuracy is a crucial component that must be taken into consideration. As a direct consequence of

this, the voxels that make up each image can be classified according to the following rubrics:

When the algorithm classifies a voxel as "injury,” that voxel is referred to as a "True Positive,"
and when it classifies a voxel as "non-injury," that voxel is referred to as a "True Negative," and

when it classifies a voxel as a "False Positive,"” that voxel is referred to as a "Fals (FN).
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5. CONCLUSION AND FUTURE WORK
5.1 CONCLUSION

Textural characteristics can be used to differentiate between different tumor masses in encephalon
magnetic resonance imaging. The primary purpose of this investigation is to plan for, create, and
carry out a preliminary evaluation of a system that is able to differentiate between two distinct
types of tissue, namely tumor and non-neoplastic tissue. This system shouldn't be restricted to
analyzing only photographs of a particular sort of tumor; rather, it should be able to deal with a
wide range of images representing a number of different cancers. It is possible to partition tumor
regions using an approach that is both more efficient and automated by making use of magnetic
resonance imaging. This may be accomplished without giving up any of the benefits that have
been outlined in earlier sections of this article. The data can be put to use for pre-surgical planning,
the production of volumetric visualizations, and, most crucially, the monitoring of any changes
that have taken place over the course of time. It is vital to segment the disease in order to determine
the efficacy of treatment, determine when the disease began or went into remission, and track its
progression. It is not the intention of using computers to segment radiological images of brain
tumors in order to do away with the need for a physician; rather, the purpose of doing so is to
provide the physician with assistance in his job by completing tasks that are repetitive and
mechanical, freeing him up to use his full cognitive capacity. The ability of computer systems to
see finer details than the human eye is made possible by the fact that they are not affected by
human variables such as weariness or other distractions. The presence of a tumor cell causes a
change in the relaxation periods of magnetic resonance, which in turn causes a change in the
recorded signal and displays a slight difference in the tissue composition of healthy vs diseased
tissues. Alternately, these minuscule variations could be identified through the use of the

appropriate mathematical processes.
5.2 DISCUSSION

There is reason to be optimistic about an approach that makes use of information about the tissue's
texture in order to differentiate between healthy and malignant tissue. In order to achieve the
objective, research that is now being conducted in the appropriate field has resulted in the

development of a technique that proposes subdividing tumor tissues into several categories. In our
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analysis, we took into account not just newly released publications and books on the subject, but
also material that was gained through conversations with well-known authorities in the field. After
reviewing the MRI pictures with the intention of evaluating the proposed method, it was necessary
to do a biopsy in order to establish whether or not malignancies were present. With the assistance
of the library's resources at the Polytechnic School, we were able to successfully complete our
investigation. The data collected during the research phase were used to guide the selection of
implementation approaches, which ultimately resulted in the development of a prototype that is
both functional and contains all of the intended characteristics. Following the conclusion of the
implementation, it was time to carry out a thorough investigation of the results. At this point in
time, it was more necessary than ever to get in touch with local medical professionals, such as
radiologists and oncologists. A comparison was made between images that were segmented by the
algorithm and photographs that were segmented manually by cooperating doctors. This
comparison formed the basis of this approach of evaluation. We were able to get a good sense of
how reliable the findings were by comparing them to other studies that had been done in the past
and published that provided a comprehensive analysis of how the measurement was carried out.
Magnetic resonance imaging, more commonly referred to as an MRI, is an important diagnostic
tool in the fight against brain cancers since it provides anatomical information and is less invasive
than other imaging methods. The most accurate method for determining the progression of tumors,
surgical planning, and the results of chemotherapy and radiation therapy is magnetic resonance
imaging (MRI). Even though tumor segmentation is frequently performed manually, which adds
time and effort to the operation, this approach makes it possible to measure both the tumor mass
and the patient's response to therapy. This is the case in spite of the fact that manual tumor
segmentation typically takes place. It is feasible to determine the extent to which a tumor mass has
expanded over the course of time by employing a computer system that allows for manual
segmented loading. This was made possible by the introduction of 3D visualization features in
MATLAB r2018a, which made it possible for the main purpose of the study to be accomplished.
Independent of the input of the user, it is possible to investigate the conclusions that were created
from the images of healthy and damaged brains. The findings showed that the suggested system
was able to locate tumors and determine the boundaries of the tumors without the need for
interaction between the system and the user. On the other hand, the algorithm that was applied in

this investigation was successful in creating appropriate segments between automatically separated
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parts an average of 91 percent of the time. On the other hand, the average of the negative findings
from the CT scans indicates that the size of the tumor was most likely overestimated. For the vast
majority of cases, the size of the tumor was overestimated by a significant margin due to one of
these four conditions: (high blood pressure and a high positive CT result). In every instance, the
area of the tumor was calculated incorrectly. As a result of the absence of histological confirmation
of the gold standard, it was not possible to determine with certainty whether there was a mistake
in the method or an inaccuracy in the way that the system recognized even minute variations in

tissue in the regions around the tumor. This was one of the limitations of the study.
5.3 FUTURE WORK

The importance of the annotations that are contributed to the training database cannot be
overstated. Because of the many different factors at play, the segmentation of organs and lesions
can be subjective and erroneous at times. There is also the possibility of human error, in addition
to the technological constraints that are connected with intramodality registration (when several
types of images are used). The "noise™ in the ground truth data makes it impossible for it to conduct
quantitative evaluations of segmentation algorithms. As a result of this issue, it is unable to do so.
Strategies such as those outlined are especially interesting because they make it possible to
evaluate the degree of uncertainty associated with segmentation. Within the context of the BRATS
challenge, there are three primary categories of tumor tissue: tumor-inducing edema, necrotic core,
and contrast enhanced core. Each of these categories is a subtype of the other two. In the course of
working on our dissertation, we made use of three distinct types of tumor tissue. The possibility
of conducting radiation planning with the help of direct GTV and CTV measurements is quite
exciting (CTV). Due to the inability of MRI to differentiate between individual cancer cells,
identifying the CTV can be a challenging task. As a consequence of this, the decision will be made
by a panel of specialists. In order to automate the computation of CTV, models of tumor growth
similar to Angelini's could be applied. We are left with no choice but to treat tumors and organs
that are at risk on an individual basis because the datasets that are currently accessible have their
limits. It has been ensured that the BRATS challenge will exclusively concentrate on the
segmentation of gliomas by the use of preprocessing software on each and every image that will
be used in the competition (in particular, the skull has been removed). In the coming years,

researchers will continue to concentrate their efforts on tumor segmentation in conjunction with
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sensitive organs. Even if there are now a few different segmentation systems available, the vast
majority of the time their applications are restricted to specific circumstances and responsibilities.
In the long run, while developing new systems, we think it would be desirable to combine a large
number of different activities and make use of a variety of different types of data. This is because
we feel this would lead to better results. The QN-PSO algorithm and deep learning are both utilized
in this research project in order to come up with a revolutionary classification approach for brain
tumors. In order to achieve a higher level of contrast between the original photographs, the PSO
method, which may also be utilized to create a more accurate QN model, may be utilized. This not
only makes the tumor more extensive, but it also reveals previously unknown information. The
post-hoc incorporation of features that have a two-layer structure results in an improvement to the
original classification accuracy. The approach to classification does take into account redundant
qualities; nevertheless, it does not attain the required degree of precision. As a direct result of this,
an entirely new algorithm known as the QNPSO has been devised. Because of this, we have arrived
at the conclusion that selecting the appropriate attributes will improve classification accuracy
while simultaneously reducing the amount of time required for system prediction. A very stringent
due date has been imposed on this project, and it is imperative that it gets finished on time. After
the urgent matter has been addressed, there is a good chance that the recently implemented
capability will function exactly as it was designed to after it has been put into use. One of our goals
for the not-too-distant future is to increase the amount of testing that we carry out in addition to
enhancing the final finishing criteria for the dataset. As a result of the study, it is feasible to
continue analyzing alternative segmentation approaches in order to produce a more comprehensive
document that enables subject-matter specialists to reference specific bibliographic support for
new research. This is because the study has shown that it is possible to continue analyzing
alternative segmentation approaches. This is doable because it is possible to continue evaluating
different approaches to segmentation of the data. For the work that will be done in the future, the
following recommendations are offered as possible solutions: It is possible to ascertain the
precision, sensitivity, and accuracy coefficients of an algorithm by looking for datasets that have
a good balance. The many strategies for parameter selection that are now implemented by the
clustering (K-means) and swarm optimization (PSO) methods are going to be the subject of an
investigation. Think about adding a couple more segmentation approaches if you want the inquiry

to cover more ground. 4 Conduct a parallel examination of the metrics that are used to evaluate

44



these algorithms, and assist in the selection of data that are positioned in a way that is designed to

be as comparable as possible to the experimental conditions.
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