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Abstract

Brain tumors are neoplastic formations in the brain that can be classified as either benign
or malignant. Their existence can result in diverse neurological symptoms and present
substantial health hazards. Prompt and precise identification of brain tumors is essential
for timely medical intervention, appropriate treatment strategizing, and enhanced patient
outcomes. This study aims to create an improved method for segmenting and grading
brain tumors by integrating manually designed features with Convolutional Neural
Network (CNN) technology. Brain tumor segmentation entails identifying and
demarcating tumor areas in medical imaging, while tumor grading seeks to evaluate the

malignancy and seriousness of the tumor. Brain tumors pose a significant global health

'issue, affecting both individuals and society at large. The American Brain Tumor

Association (ABTA) reported in 2021 that approximately 12,000 young adults and 3,400

children received a diagnosis of a primary brain tumor.

The prevalence of brain tumors underscores the immediate requirement for reliable and
practical techniques for their identification and characterization. Multiple methodologies
have been investigated for the segmentation and grading of brain tumors. Expert manual
segmentation is a laborious process susceptible to variations between different observers
and may fail to accurately identify subtle tumor boundaries. Conversely, computer
algorithms can achieve greater efficiency in automatic segmentation. However, they
encounter difficulties in accurately discerning tumor boundaries and distinguishing them

from normal brain tissue.

To overcome the constraints of both manual and automatic techniques, this study
suggests a sequential strategy that integrates manually designed characteristics with
Convolutional Neural Networks (CNNs). The architecture of the Global Convolutional
Neural Network (GCNN) consists of two parallel Convolutional Neural Networks
(CNNs): the Confidence Surface Pathways CNN (CSPCNN) and the MRI Pathways
CNN (MRIPCNN). The CSPCNN is equipped with two pathways, namely the CS Local
Pathway and the CS Global Pathway, responsible for extracting local and global
features, respectively. The CSPCNN receives manually created features, while the
MRIPCNN takes in MRI data from the Benchmark BraTS dataset. The CNNs undergo

fine-tuning and training to maximize the performance of segmentation.
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The outcomes of the experiments validate the efficiency of the suggested Graph
Convolutional Neural Network (GCNN) methodology. This approach records
substantial Dice scores, with a score of 0.87 for segmenting the entire tumor, 0.79 for
the tumor core, and 0.75 for segments of the tumor that are actively proliferating. The
results demonstrate a substantial enhancement in precisely detecting tumor regions when
compared to conventional segmentation techniques. The research focuses on tumor
grading using a lightweight XGBoost classifier that combines intensity-based, texture-
based, and shape-based features extracted from preprocessed MRI data. The classifier's
utilization of an ensemble mechanism significantly improves the accuracy of tumor
grading. The grading algorithm demonstrated promising outcomes, exhibiting the
highest levels of accuracy for grade IV tumors (93.0%), followed by grade II tumors
(92.0%) and grade I1I tumors (90.0%). The precision values exhibited a consistently high

accuracy across all tumor grades, ranging from 0.92 to 0.94.

This research thesis introduces an innovative method for segmenting and grading brain
tumors by combining manually designed features and Convolutional Neural Networks
(CNN). The proposed method showcases its capacity to greatly enhance the precision
and effectiveness of brain tumor segmentation and grading, potentially revolutionizing
clinical decision-making and patient care. The proposed system utilizes artificial
intelligence-based solutions to advance the field of medical imaging and improve brain

tumor analysis.

Keywords: Brain tumor, Health Risks, Handcrafted features, Segmentation, Global-

pathway CNN, Local-pathway CNN, Tumor Grading
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Chapter 1

Introduction

The human brain represents one of the body's most intricate organs. Humans face a
variety of ailments throughout their lives, including heart disease, stroke, diabetes,
AIDS, and cancer. Sometimes, the conditions worsen, and as a result, many people die.
As a result, medical researchers are working hard to combat these diseases promptly.
Accurate diagnosis at the proper time is critical in preventing all diseases and conditions
[1]. Brain tumors are continuously posing threats to humanity. Brain tumors are
irregularly growing tissue that results from uncontrolled cell reproduction. It has no
physiological function within the neuro system of the human body. Tumors produce
swelling, increase their size, and exert pressure on the brain. It results in the appearance
of some abnormal neurological symptoms in the patient. Frequent headaches and
migraines could be some of the signs of malignancy. It could also result in eyesight loss
[2]. Based on information from the American Brain Tumor Association (ABTA), the
prevalence and statistical data regarding brain tumors are outlined as follows. This
encompasses a detailed examination of incidence rates, survival statistics, and various
classifications of brain tumors, offering insight into the current landscape of brain-

related tumor diagnoses and research findings [3].

* Cancer ranks as the second leading cause of death among individuals younger
than twenty years old, underscoring the significant health challenge it poses to
the pediatric population. This statistic highlights the critical need for ongoing
research, effective treatment strategies, and comprehensive support systems to
combat cancer in children and improve their survival rates and quality of life.

e In men aged 20 to 39, cancer ranks as the second primary reason for death.
Among women in the same age group, 20 to 39, cancer is identified as the sixth
most common cause of death.

o Cancer holds the position as the second prevalent cause of death among men
aged 20 to 39, demonstrating its significant impact on this age group. In

contrast, for women in the same age range, cancer is identified as the sixth
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leading cause of death, indicating variations in cancer's prevalence and lethality
between genders within this demographic segment.

e In the year 2021, approximately 12,000 young adults were diagnosed with a
primary brain tumor, highlighting a considerable incidence of this serious health
condition within this age group.

¢ A study conducted from 2013 to 2017 revealed that brain tumors ranked as the
third most common cause of death due to cancer in people over the age of 40,
underscoring the significant impact of this condition on mortality rates within

this age cohort.

Universally, the second major cause of death in humans is cancer. Cancer is one of the
leading causes of death in low-income nations, accounting for over 70% of all deaths,
as for 630,000 reported cases identified each year and 350,000 deaths; neck and head
malignancies are the sixth most frequent malignancies globally. Brain tumors are a
significant contributor to this deadly disease, with 4 to 5 persons per 100,000 each year.
This number makes up around 2% of all cancer-related deaths. Every year, 1,50,000

new cancer cases are diagnosed in Pakistan, with 60-80 percent death [4].
1.1 Brain Tumor Diagnosis

Medical practitioners employ a range of procedures to diagnose brain cancers,
including X-ray, Positron Emission Tomography (PET), Computed Tomography (CT),
and Magnetic Resonance Imaging (MRI) are four advanced imaging technologies

widely used in medical diagnostics) [5].
1.2 Image Segmentation

mage segmentation entails partitioning a digital image into separate segments or
clusters of pixels, known as image objects. This method simplifies the image's
complexity by breaking it down into manageable parts, enabling targeted analysis and
interpretation in various image processing and computer vision tasks. This process can
reduce the image's dimensionality and facilitate in deeper analysis [6]. Semantic based
image segmentation is defined in the literature as a process for predicting a class label
in the input image at each pixel [7]. This procedure seeks to describe specific objects

or object boundaries inside an image. Image segmentation is crucial in the analysis of
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medical images, complementing classification and abnormality detection efforts, and

assists physicians in diagnosing diseases [8].
1.3 Brain Imaging Modalities

Brain imaging methods are vital in analyzing brain structure and detecting brain
cancers. These techniques provide valuable insights into the brain's structural and
functioning characteristics. The commonly utilized brain imaging techniques and their

uses 1n assessing brain structure are listed below.

CT imaging, a widely utilized diagnostic technique, offers critical understanding of the
structure and composition of different human tissues, especially the brain. By
employing X-rays, CT imaging generates intricate cross-sectional views of the brain,

which are instrumental in identifying and detailing brain cancers[9].

Another modality is called Position Emission Tomography (PET). PET imaging is a
highly effective imaging technology in medical diagnostics and research. It gives useful
information regarding tissues' functional and metabolic activity, such as the brain [10].
PET imaging is particularly useful in the analysis of brain tumors, as it offers insights
into tumor metabolism, proliferation, and treatment response. PET imaging entails the
injectton of a radiotracer, which is a biologically active molecule marked with a

positron-emitting radioactive isotope.

Magnetic Resonance Imaging (MRI) represents a non-invasive method pivotal for
examining the brain's structure and detecting brain cancers [11]. It creates precise
images of the brain using a mix of a powerful magnetic field, radio waves, and advanced
computer algorithms. The patient is placed inside a sizable cylindrical magnet during
an MRI scan, which generates a potent and consistent magnetic field. The body's
hydrogen atoms, which are primarily present in water molecules, align themselves
along this magnetic field's direction. These aligned hydrogen atoms collect energy from
the radio waves and release it as they realign themselves. The MRI scanner notices this
energy release, also known as the MR signal, and processes it to produce high-

resolution images.
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MRI can better help doctors when other imaging techniques cannot provide enough
clues in complicated cases. An MRI scan creates a realistic representation by combining
the characteristics of magnetism and radio waves [12]. MRI has become the principal
imaging technology in radiology [13]. MRIs provide enough information to detect the
tiniest anomalies. The advancements in computational technology are compelling
stakeholders to utilize it in diagnostics for the early detection of diseases. This
integration seeks to improve the precision and effectiveness of diagnostic processes,
underscoring the importance of technological innovations in improving early
intervention outcomes. The primary aim of computer-assisted brain tumor diagnosis is
to gather essential clinical data regarding the tumor's presence, location, and

classification [14].

MRI imaging plays a crucial role in the segmentation of brain tumors, with clinicians
employing four distinct MRI weighted techniques to generate a three-dimensional
image of the brain. These techniques include a) T1-weighted, b) T1-contrast weighted,
c) T2-weighted, and d) FLAIR, as illustrated in Figure 1.1. Furthermore, brain tumors
can be categorized into four subtypes [15], i.e., edema, necrosis, enhancing tumor, and

non-enhancing tumor.

FLAIR T Tic T2
Figure 1.1: BraTS -2018 Single Patient Data

Tumors may manifest as regions of aberrant signal strength compared to the tissues
around them, which aids in locating them. T2-weighted images can indicate edema
surrounding tumors and are sensitive to changes in tissue water content, giving key
details on the degree of tumor infiltration and the involvement of nearby tissues. Tumor
visibility is improved in FLAIR images due to the CSF signal's effective attenuation,
which contrasts with the surrounding CSF backdrop [16].

MRI is an effective imaging technique for analyzing brain structure and finding brain
cancers. For doctors and researchers in the field of neuro-oncology, it is a useful tool

due to its capacity to offer detailed anatomical and functional information.
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To locate the tumor zone, brain tumor segmentation is completed first, then the healthy

and unhealthy zones are determined. Following that, the sub-regions are segmented.

MRI extends beyond mere visualization of brain tumors, offering crucial insights into
brain function as well. Functional MRI (fMRI) tracks variations in blood flow and
oxygen levels triggered by certain tasks or stimuli, allowing for the detailed mapping
of brain activity [17]. This technique is used to identify the areas of the brain involved
in critical functions, such as language and motor skills, and helps in surgical planning

to avoid damage to these areas during tumor resection.

Furthermore, sophisticated MRI methods like Diffusion-Weighted Imaging (DWI) and
Perfusion Weighted Imaging (PWI) provide additional information on the traits of brain
tumors. DWI focuses on evaluating the tissue microstructure and detecting cellular
barriers through the assessment of water molecules' diffusion patterns. It assists in
determining the cellularity of the tumor and identifying portions of solid tumor from
those with necrosis or edema. The evaluation of tumor vascularity and angiogenesis is

made possible by PWT's assessment of blood flow and vascular perfusion in the brain.

A thorough evaluation of brain tumors is possible because of the combination of
different MRI sequences and cutting-edge procedures. It facilitates tumor
identification, characterization, and monitoring, aids in treatment planning, and makes

it possible to assess therapy effectiveness over time.
1.4 Techniques for Image Segmentation

Approaches to segmenting brain tumors are categorized into various groups based on
different conceptual frameworks. The primary types include manual segmentation,
traditional machine learning, and deep learning-based segmentation. The process of
manually segmenting a brain tumor is costly, time-consuming, subjective, and error
prone. As a result, the manual approach to detecting brain tumors is no longer effective.
However, quantitative analysis of tumors gives meaningful clues for the treatment,
planning, and understanding of tumor properties [18]. The segmentation of brain
tumors holds paramount importance in achieving precise diagnoses, formulating

effective treatment plans, and monitoring the progression of tumors. Various techniques
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have been developed to automate this process and alleviate the subjectivity and time-

consuming nature of manual segmentation.
1.4.1 Thresholding-based Methods

Thresholding is a straightforward but popular method for segmenting brain tumors. To
distinguish tumor regions from the backdrop in medical imaging, a threshold value must
be set. Brain tumors have been classified through intensity-based thresholding
techniques, including global thresholding, adaptive thresholding, and Otsu's
thresholding [19]. However, these methods may struggle with tumors with

heterogeneous intensity distributions or unclear boundaries.
1.4.2 Region-based Methods

By dividing the image into homogenous sections based on similarity mn intensity or
other feature values, region-based segmentation algorithms seek to locate tumor regions
[20]. The region-growing algorithm is a well-known method that builds regions
recursively from seed points by including nearby pixels that satisfy specific
requirements. The watershed transform is an additional technique that divides the image

into catchment basins and treats intensity gradients as topographic relief.
1.4.3 Active Contour Models

Active contour models also referred to as snakes or level sets, are deformable curves or
surfaces that can be incrementally modified to match the tumor's boundaries. In these
models, the best contour for separating tumor regions from the surrounding tissues is
determined using energy minimization methods. For segmenting brain tumors, active
contour models with geodesic active contours and Chan-Vese models have been used.
They can take into consideration fluctuations in intensity and handle unusual tumor
shapes.[21].

1.4.4 Graph-cut-based Methods

The graph theory notion is used by graph-cut algorithms to separate an image into the
foreground (tumor) and background regions [22]. A network represents the image, with

nodes denoting pixels and edges denoting pairwise affiliations between adjacent pixels.
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The graph-cut algorithm identifies the best cut that separates tumors from non-tumor
regions while minimizing the energy function. Brain tumor segmentation using graph-
cut techniques has proven successful, especially when spatial and intensity priors are

used [23].
1.5 Grading of Tumor

As stated by WHO, Gliomas are an aggressive kind of brain related tumor and are
categorized into four unique categories based on their aggressive histological features.
Glioblastoma Multiforme (GBM), placed in grade IV, is the most severe and has the
poorest survivability. Grade-II and grade-III are common types of LGG (Low Graded
Gliomas), which are far less severe and infiltrative than grade-IV [2], [3].
Oligoastrocytoma, astrocytoma and oligodendroglioma are common types of LGG.
Stages of gliomas, as well as tumor size, location, and shape, are crucial in determining
survivability and treatments, which would include surgery, chemotherapeutic,
radiation, or a combo of these [4]. As a result, adopting non-invasive strategies to
automate tumor grading and segmentation for clinicians in diagnostic and adaptable

diagnosis strategies to improve patient care might be advantageous.
1.5.1 Grade-I

Grade-I tumors, referred to as well-differentiated tumors, represent a category of tumors
that closely resemble normal cells in their appearance and organization[24]. These
tumors exhibit a high degree of cellular differentiation, meaning that the tumor cells
retain many of the characteristics and functions of the normal cells from which they
originated. In terms of growth rate, Grade-I tumors are generally slow-growing,
exhibiting a less aggressive behavior compared to higher-grade tumors. This slower
growth rate can be attributed to the tumor cells' relatively well-preserved regulation of
cell division and proliferation [25]. The cells in Grade-I tumors are typically uniform
in size and shape, demonstrating minimal cellular abnormalities. They exhibit a low
mitotic activity, which refers to the rate at which cells divide. The lower mitotic activity
reflects the tumor cells' ability to maintain a controlled and orderly pattern of cell

division, resembling that of normal cells.
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One characteristic that distinguishes Grade-I tumors is their retention of some of the
normal tissue architecture and functionality. Despite being neoplastic, Grade-I tumors
often maintain a level of organization like the tissue of origin. This preservation of
tissue architecture contributes to the tumor cells' ability to conduct their normal

functions.

The prognosis for Grade-I tumors is more favorable compared to higher-grade tumors.
The slow growth rate and well-differentiated nature of Grade-1 tumors often indicate a
lower likelihood of aggressive behavior, such as invasion into surrounding tissues or
metastasis to distant sites. Consequently, patients with Grade-I tumors tend to have

better treatment outcomes and a higher probability of long-term survival.

It's crucial to recognize that the detailed criteria and grading systems for tumors can
differ based on the type of tumor and the classification system employed. The
information provided here serves as a general understanding of Grade-I tumors and

their characteristics.
1.5.2 Grade-II

Grade-II tumors, also referred to as moderately-differentiated tumors, occupy an
intermediate position between Grade-I (well-differentiated) and Grade-III (poorly-
differentiated) tumors. These tumors display characteristics that demonstrate a

moderate level of cellular abnormality [26].

In Grade-II tumors, the cells exhibit a higher degree of cellular atypia compared to
Grade-1 tumors. Cellular atypia refers to the abnormal appearance and structure of
tumor cells, such as variations in cell size and shape. While Grade-II tumors show some
loss of tissue organization, they still retain certain features reminiscent of the normal

tissue from which they originated [27].

Grade-1II cancers tend to develop at a quicker rate than Grade-I tumors. This enhanced
growth rate indicates greater cellular activity and proliferation. It should be noted,
however, that the development rate of Grade-II tumors is often slower than that of

Grade-III tumors, which have a more aggressive and quick growth pattern.
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Mitotic activity, or the rate at which cells divide, may be higher in Grade-II cancers
than in Grade-I tumors. Mitotic activity is a key sign of cell proliferation and is
frequently evaluated throughout the grading process. When compared to well-
differentiated tumors, the presence of slightly greater mitotic activity in Grade II tumors

implies a higher amount of cell division.

The prognosis for Grade-II tumors hinge on elements including the tumor's type and its
location, and patient attributes, highlighting the need for tailored treatment approaches.
While Grade II cancers are less aggressive than Grade III tumors, the prognosis can still
vary within this group. Additional factors such as the amount of tumor dissemination,
responstveness to treatment, and patient-specific characteristics influence the behavior

and fate of Grade II cancers.

It's essential to acknowledge that grading methods and standards might differ based on
the tumor category and the categorization system utilized. The material presented here

1s intended to offer a broad overview of Grade II tumors and their features.
1.5.3 Grade-III

Grade-III tumors, also known as poorly differentiated tumors, represent a category of
tumors that exhibit significant cellular abnormalities and a higher level of
aggressiveness compared to Grade-I and Grade-II tumors. Understanding the
characteristics of Grade-1Il tumors is crucial for assessing tumor behavior and

prognosis {28].

In Grade-lII tumors, the cells display marked cellular atypia and architectural
disorganization. The cells deviate significantly from their normal counterparts in terms
of size, shape, and nuclear characteristics. They often exhibit pleomorphism, which
refers to the presence of cells with different sizes and shapes within the tumor tissue
[29]. The nuclei of Grade-III tumor cells are highly irregular, with increased chromatin
content and prominent nucleoli. These abnormalities reflect the loss of cellular
differentiation and the acquisition of malignant features. One distinguishing feature of
Grade-III tumors is their increased mitotic activity [30]. Mitotic activity refers to the
rate at which cells divide and is an indicator of tumor proliferation. Grade-III tumors

demonstrate a higher number of actively dividing cells, leading to an accelerated growth
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rate compared to lower-grade tumors. The elevated mitotic activity indicates the tumor's

propensity for uncontrolled cell division and progression.

The aggressiveness of Grade-III tumors is further emphasized by their infiltrative
growth pattern. These tumors have the capacity to invade surrounding tissues and
structures, making complete surgical resection more challenging. The infiltrative nature
of Grade-III tumors increases the risk of local recurrence and distant metastasis. The
prognosis for Grade-III tumors differs based on various factors, such as the particular
type of tumor, location, stage, and individual patient characteristics. Generally, Grade-
III tumors have a poorer prognosis compared to lower-grade tumors. The presence of
significant cellular irregularities, elevated rates of cell division, and invasive growth
behaviors are indicative of a more aggressive disease trajectory and an increased risk

of disease advancement.

It is important to note that grading systems and criteria may differ across tumor types
and classification systems. The information provided here offers a general
understanding of Grade-III tumors and their characteristics. Precise grading and
prognostic information should be obtained from expert pathologists and oncologists

based on the specific tumor type and context.

1.5.4 Grade-IV

Grade-1V tumors, also known as undifferentiated or anaplastic tumors, represent the
highest grade of tumor malignancy [31]. These tumors exhibit significant cellular
abnormalities, a high growth rate, and aggressive behavior compared to lower-grade
tumors. Understanding the characteristics of Grade-IV tumors is crucial for assessing
their prognosis and guiding treatment decisions [32]. Grade-IV tumors are
characterized by the absence of differentiation and the presence of highly abnormal
cells. The tumor cells appear markedly different from normal cells and lack the typical
features associated with specific cell types. The cells exhibit extreme pleomorphism,
with irregular sizes, shapes, and nuclei. The nuclei may display prominent nucleoli and
abnormal chromatin patterns. These characteristics indicate a loss of cellular

specialization and the acquisition of malignant properties.
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One of the hallmarks of Grade-IV tumors is their rapid and uncontrolled growth. These
tumors demonstrate a high mitotic activity, with a large number of cells actively
dividing [25]. The accelerated rate of cell division contributes to the aggressive
behavior and invasive nature of Grade-IV tumors. The cells multiply rapidly, leading
to tumor expansion and infiltration into surrounding tissues. This infiltrative growth
pattern makes complete surgical removal challenging and increases the risk of tumor

recurrence.

Grade-IV tumors are often associated with a high potential for metastasis. The
malignant cells can detach from the original tumor location and migrate to distant
locations through the bloodstream or lymphatic system. The presence of metastases
indicates an advanced stage of the disease and significantly impacts the prognosis. The
prognosis for Grade-IV tumors is poor due to their aggressive nature and propensity for
rapid progression. Grade-IV tumor treatment strategies usually combine surgery,
radiation therapy, and chemotherapy. These approaches aim to address the primary
tumor and potential metastatic sites effectively. However, the effectiveness of treatment

may be limited due to the tumor's aggressive behavior and resistance to therapy.

It should be noted that grading methods and criteria may change between tumor kinds
and categorization systems as shown in Table 1.1. Precise grading and prognostic
information should be obtained from expert pathologists and oncologists based on the

specific tumor type and context.

Table 1.1: Tumor Grade Comparison Using Differentiation

Grade-1 Grade-I1 Grade-III Grade-1V
Differentiation Resembles Intermediate Significant Cells lack
normal cells in characteristics cellular differentiation
appearance and between Grade-I  abnormalities and exhibit
organization and Grade-III extreme
tumors abnormality
Growth Rate Slow Slightly faster Moderate Rapid and
than Grade-I uncontrolled
tumors
Mitotic Low Slightly Increased High
Activity increased
compared to
Grade-I tumors
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Grade-1 Grade-II Grade-III Grade-IV
Tissue Retains some Some loss of Significant loss  Absence of
Organization  normal tissue tissue of tissue tissue
architecture organization organization organization
and
functionality
Invasion Minimal Limited invasion Increased Aggressive
invasion into into surrounding invasion into invasion into
surrounding tissues surrounding surrounding
tissues tissues tissues
Metastasis Low likelihood Low likelihood  Higher High potential
of metastasis of metastasis likelthood of for metastasis
metastasis
compared to
Grade-l and II
tumors
Prognosis Favorable Prognosis varies  Poorer Poor prognosis
prognosis depending on prognosis due to
tumor typeand  compared to aggressive
other factors Grade-I and II behavior
tumors
Treatment Often Treatment Requires more ~ Limited
responsive to strategies depend aggressive effectiveness of
treatment on tumor type treatment treatment due to
and other factors  approaches aggressive
behavior

As per WHO guidelines, Table 1.2 shows tumor grades with their associated tumor

severity and properties.

Table 1.2: Tumor Categories and their Properties

Tumor Grade

Tumor Severity

Tumor Properties

Grade-1
Grade-I1
Grade-111
Grade-IV

Low Graded
Intermediate Graded
High Graded
High Graded

Well distinguished
Moderately distinguished
Poorly differentiated
Undifferentiated

1.6 Challenges and Requirements

Developing an advanced approach for segmenting and grading brain tumors utilizing

handcrafted features and Convolutional Neural Networks (CNNs) presents a
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challenging task fraught with numerous obstacles and limitations. These obstacles and
needs must be examined to ensure the suggested methodology's efficacy and

application. Some of the significant issues and requirements are as follows.
1.6.1 Non availability of Labeled Data

Securing a large volume of precisely labeled data is essential for the training and
assessment of the proposed methodology. However, obtaining labeled medical imaging
datasets focused specifically on brain tumors can be challenging due to numerous
factors such as privacy concerns, limited access to data, and the need for expert
annotations. Efforts must be made to gather a diverse and representative dataset to

ensure the model's robustness and generalizability.
1.6.2 Variability and Heterogeneity of Brain Tumors

Brain tumors display considerable diversity in their appearance, size, shape, and
location. This variability poses a challenge in designing robust features and developing
a methodology that can effectively manage different tumor types. The proposed
approach should account for the inherent heterogeneity of brain tumors to ensure

accurate segmentation and grading across diverse cases.
1.6.3 Inter- and Intra-Observer Variability

Manual annotation and grading of brain tumors may vary between different
radiologists. The subjective nature of interpretation can lead to inconsistencies in
segmentation and grading results. The methodology should aim to minimize inter- and
intra-observer variability by providing guidelines and standardized procedures for
annotation. It should also incorporate quality control measures to ensure consistent and

reliable results.
1.6.4 Computational Complexity and Resource Requirements

Approaches based on Convolutional Neural Networks (CNNs) can be computationally
intensive, necessitating significant computational resources for both training and
inference phases. Adequate computational infrastructure, including powerful hardware

and efficient algorithms, is necessary to oversee the computational complexity related
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to extensive CNN architectures. The methodology should be designed to optimize

computational efficiency while maintaining high accuracy.
1.6.5 Integration with Clinical Workflow

To facilitate practical adoption, the developed methodology should seamlessly integrate
into the existing clinical workflow. It should provide timely and interpretable results
that can be easily integrated with standard medical imaging software. The user interface
and visualization tools should be user-friendly, enabling radiologists and oncologists to
effectively utilize the segmentation and grading outputs in their clinical decision-

making processes.
1.6.6 Generalization and Transferability

Not only should the suggested approach perform well on the datasets utilized for its
development, but it should also show that it can generalize to other datasets. It needs to
be adaptable to changes in imaging procedures, apparatus, and patient demographics.
The model's capacity to generalize across various clinical situations and adapt to new
datasets can be improved using transfer learning approaches, such as pre-training on

large-scale datasets.
1.6.7 Ethical and Regulatory Considerations

Respecting patient privacy and adhering to ethical guidelines and data protection
regulations are of utmost importance when working with medical imaging data.
Obtaining appropriate ethical approvals, informed consent, and ensuring secure data
handling practices are essential requirements. The research should prioritize

maintaining patient confidentiality and data security throughout all stages of the study.
1.7 Problem Statement and Research Questions

Segmentation and grading of brain tumors play pivotal roles in medical imaging and
computer-aided diagnosis, essential for aiding clinicians in making precise diagnoses
and formulating treatment plans. These tasks are foundational in understanding the
nature and severity of brain tumors, thereby guiding clinical decision-making

processes. While handcrafted features have been extensively used to improve
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segmentation accuracy by capturing relevant tumor characteristics through domain
expertise, data- CNNs have emerged as a promising alternative, capable of learning
intricate patterns directly from the data. Despite their success, data-driven models may
also extract extraneous features, leading to suboptimal segmentation results. While
recent progress in autonomous Convolutional Neural Networks (CNNs) is promising,
achieving accurate segmentation remains a challenge owing to the intricate nature of
brain tumors. These tumors can vary greatly in shape, size, contrast, and precise
location, adding layers of difficulty to the task of precisely delineating tumor

boundaries within the brain's intricate structures.

The significant challenge is the selection of appropriate handcrafted features for brain
tumor segmentation. Existing research demonstrates that handcrafted features can
enhance segmentation accuracy, but the diversity of brain tumors and their unique
properties make it challenging to determine the optimal feature set for brain tumor. This
challenge is further compounded by conflicting results and dependencies on domain
knowledge, necessitating thorough research to identify the most suitable features for

improved outcomes.

Despite the accurate and promising results of brain tumor segmentation, the handcraft
features are prone to miss the hidden features in the data. On the other hand, CNN
extracts feature automatically without human intervention, but it extracts too many
irrelevant features. There is evidence that these two approaches are combined.
However, these approaches are either work on global or local features. Due to this,
some models are classifying core with higher accuracy while others are performing
better on the enhancing regions. Such techniques lead to lower accuracy in classifying
the whole tumor in MRI scans. Therefore, a hybrid approach 1s required by combining

local, global features to improve brain tumor Segmentation accuracy.

There are four grades of tumor in the clinical practice as advised by WHO for the
severity of the tumor. Furthermore, tumor grading presents further challenges, as it
involves a classification problem with varying sample availability for detection and
grading tasks. Developing separate CNN architectures for each task can lead to
overfitting and increased computational resource requirements, making them less
practical for real-world applications. To overcome these issues, a novel approach is
needed, where a ML algorithm can perform brain tumor grading, avoiding overfitting

and minimizing computational complexity.
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1.7.1 Research Questions
The question that arises from the detailed discussion of the problem statements are.

1. 'Which handcrafted features can positively impact brain tumor segmentation?

2. What is the best mechanism for combining automatic features and handcrafted
features for improving the detection rate of the brain tumor?

3. How to effectively classify the brain tumor into a different level of deadliness

(grading) using CNN?
1.8 Aims and Objectives

With a considerable influence on morbidity and death rates, brain tumors are major
global health problem. Brain tumors must be precisely segmented and graded to be
diagnosed, treated, and have their prognosis determined. Interest is on the rise in creating
reliable and accurate approach for brain tumor analysis due to developments in
computational and medical imaging technologies. This study uses a combination of
hand-crafted features and CNN to enhance the segmentation and grading of brain tumors.
In medical imaging handcrafted features are manually developed, extracted, and

combined with past experience and subject knowledge.
The following are the research's goals:

1. To identify robust handcrafted features for brain tumor segmentation.

2. To develop a novel cascaded approach by combining handcrafted features with
automatic features using CNN.

3. To enhance brain tumor detection by employing a combination of features that

can accurately predict the malignancy of brain-related tumors.

By identifying robust handcrafted features, the research aims to enhance the accuracy

and reliability of brain tumor segmentation techniques.
1.9 Scope of the Study

The findings and implications of this research are poised to benefit the discipline of
neuro-oncology as well as the field of medical imaging. The proposed method for

segmenting and grading brain tumors holds potential for extensive clinical application,
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offering benefits to medical professionals such as radiologists and oncologists. The
suggested technique can help with treatment planning by increasing the accuracy of
tumor identification and categorization, giving doctors a better understanding of the
severity and aggressiveness of brain tumors. As a result, personalized patient
management is made easier and treatment outcomes are improved. The results of the
research can also help develop medical imaging technologies. This study's fusion of
handcrafted features and CNNs illustrates the advantages of fusing conventional image
analysis methods with deep learning technologies. The advancement of current
algorithms and the creation of cutting-edge software tools for automated tumor
segmentation and grading might result from this combination, which could function as
a springboard for more research and development in medical image analysis. The
effectiveness and dependability of clinical processes in medical imaging may be

improved as a result.

The findings of this research also set the stage for more research in brain tumor analysis.
Researchers in the field can use the identified robust handmade features and the
cascaded technique, which combines handcrafted and automated features, as a starting
point for further development and improvement. The suggested approach may also
serve as an inspiration for the creation of new methods and conceptual frameworks for
the study of cancers or illnesses other than brain tumors. The information collected from
this study may be used to investigate new directions in medical image processing and
develop diagnostic and prognostic tools across a range of healthcare areas. The primary
scope of this work is to develop an integrated approach for the segmentation and
grading of brain tumors. The study's findings might be used in clinical practice, medical
imaging technologies, and next research projects. This study contributes to the progress
healthcare overall and improves the quality of life for individuals with brain tumors by
refining the diagnostic processes, treatment planning, and patient outcomes in neuro-
oncology. Through these enhancements, the study aims to offer more effective and
personalized care for those affected by brain tumors, ultimately leading to better health

and well-being.
1.10 Research Contribution

1. Extensive review of literature to identify relevant features for brain tumor

segmentation (Extensive analysis and experimentation). Extended Local Binary
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pattern feature extraction technique to extract Local features. Generate a
confidence Surface.

2. Develop a Global CNN Consist of two parallel CNN. MRI Pathways CNN and
Confidence Surface pathway CNN to achieve segmentation

3. Collect and annotate private and Benchmark dataset according to WHO grades.
Use Skull stripping and ensemble XGBoost for grade prediction.

1.11 Structure of the Thesis

The composition of the thesis is structured as follows:

Chapter 1 Introduction to brain tumor, Diagnosis, Image Segmentation, Imaging
Modalities, Grading of tumor, Challenges, Objectives, Problem Statement and research

Question of the research.

Chapter 2 Present and summarizes literature review, findings of the various state of arts
techniques on brain tumor segmentation and grading. These techniques are assessed on

various parameters and other factors that are further used to detect the tumor.

Chapter 3 outlines the methods employed to fulfill the research objectives. The
methodology consists of several inter-dependent sub-phases that show the working
procedure in a figure of the research framework. Handcrafted features, CNN
architecture, grading of tumor, and performance metrics for the proposed schemes are

added at the end of this chapter.

Chapter 4 presents the extraction of handcrafted features. A Global CNN architecture
consists of two parallel CNN. MRI pathway CNN and Confidence Surface pathway
CNN. Where each CNN is further consisting of two pathways global and local to extract

more relevant and details features from MRI.

Chapter 5 Presents the multimodal lightweight approach for Brain Tumor Grade
Prediction. Proposed scheme based on the boosting techniques which efficiently predict

the tumor grade.

Chapter 6 delves into Federated Learning as applied to brain tumor segmentation within
medical imaging, emphasizing the protection and confidentiality of patient information.
The suggested framework promotes collaborative learning through the training of the

segmentation model with decentralized data from various healthcare facilities,
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prioritizing the confidentiality of raw data. It employs a server-client architecture,
where the server orchestrates the training protocol, and clients perform updates to the
model locally using their specific datasets. This approach allows for the enhancement
of the model's accuracy and generalizability without compromising the privacy of

individual data sources.

Chapter 7 presents the conclusion and outlines future work for this research. Future
work includes exploring advanced techniques, conducting extensive clinical validation,
and addressing challenges like tumor heterogeneity. These efforts aim to further

enhance brain tumor analysis and benefit medical imaging and neuro-oncology.
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Brain tumors represent atypical formations that develop within the brain or its enclosing
tissues. They can be categorized as primary tumors that develop in the brain or
secondary tumors that develop because of disease spreading from other body areas.
Brain tumors may originate from different kinds of brain cells, including glial cells,
neurons, and the meninges. These growths can be categorized as either benign, meaning

they are not cancerous, or malignant, indicating they are cancerous.

The origin and activity of the cells can be used to classify varied forms of brain tumors.
The most common types of gliomas, encompassing astrocytomas, oligodendrogliomas, and
ependymonmas, arise from glial cells. Pituitary adenomas grow inside the pituitary gland,
whereas meningiomas start off in the meninges. Children are the main demographic for
medulloblastomas, which develop in the cerebellum. Additionally, Metastatic brain

tumors arise when cancer cells from other regions of the body spread to the brain.

Around the world, brain tumors are a serious health burden. Global cancer data show
that they account for a sizable portion of cancer cases and are linked to sizable
morbidity and death. Beyond just causing physical symptoms, they may also have an
influence on a person's motor skills, cognitive abilities, and overall quality of life if they

have a brain tumor.

Planning successful therapy for brain tumors depends on a prompt and accurate
diagnosis. Nonetheless, the intricate structure of the brain and the variability of tumors
introduce significant challenges in diagnosing brain tumors. Magnetic Resonance
Imaging (MRI) stands as the foremost imaging technique for the detection and detailed
assessment of brain tumors. However, manual MRI scan interpretation may be time-

intensive, subjective, and dependent on the radiologist's skill.

MRI serves as the key diagnostic tool for both identifying and characterizing brain
tumors. Among them, MRI stands out as it offers comprehensive anatomical images

and is commonly employed for initial detection and characterization purposes. CT
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scans offer rapid imaging and can help assess tumor vascularity and bony involvement.
PET provides functional information about metabolic activity in tumors, while
magnetic resonance spectroscopy (MRS) allows the assessment of biochemical changes

associated with brain tumors.

Segmentation involves outlining tumor areas within medical images. Precise
segmentation 1s vital for devising treatment plans, tracking tumor growth, and assessing
the effectiveness of treatments. Conventional segmentation techniques have relied on
manual or semi-automatic techniques, where experts manually outline tumor regions.
However, these methods are time-intensive, prone to variability among observers and

not scalable to large datasets.

Grading involves assigning a tumor to a specific category based on its aggressiveness
and potential for growth. Tumor grade is an essential prognostic factor that influences
treatment decisions and patient outcomes. The categorization scheme by the World
Health Organization (WHO) is widely adopted for grading brain tumors. It sorts tumors
into various grades according to histological characteristics, the level of cell division
activity, irregularities in cell appearance, and the occurrence of cell death or blood

vessel formation.

Handcrafted features are quantitative measurements designed to capture specific
characteristics of brain tumors. These characteristics are meticulously crafted by hand
and can be derived from medical images, offering essential insights for the analysis of
tumors. Examples of handcrafted features include shape descriptors, texture features,
intensity statistics, and wavelet-based features. These features can be utilized as inputs

to machine learning algorithms for segmentation, grading, and other tasks.

CNNs have become effective tools for analyzing medical images, including grading
and segmenting brain tumors. From unprocessed visual data, CNNs may automatically
develop hierarchical representations, facilitating more precise and effective analysis.
They have demonstrated potential across various medical imaging applications, often

surpassing the performance of traditional approaches.
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2.1 Techniques for Brain Tumor Segmentation

For the purposes of diagnosis, setting a course of therapy, and patient monitoring,
accurate segmentation of brain tumors is essential. Many other approaches have been
suggested throughout the years to deal with this difficult problem. This subsection
provides a detailed examination of brain tumor segmentation techniques, focusing on

recent advancements as well as their benefits and drawbacks.
2.1.1 Conventional Approaches

Conventional approaches for brain tumor segmentation have been widely explored and
are often based on manual delineation by expert radiologists. These methods involve

subjective and time-consuming processes that rely on the expertise of the operator.

Thresholding techniques, such as Otsu's method [19], are commonly employed in
conventional approaches. Otsu's method identifies an optimal threshold for
distinguishing tumor areas from the background by analyzing the intensity value
histogram. By selecting a threshold that maximizes the variance between classes, Otsu's
method can effectively segment tumors. Nevertheless, these techniques are susceptible
to fluctuations in image intensity and noise, which can result in imprecise segmentation

outcomes.

Region growing algorithms, such as the watershed algorithm [33], are another type of
conventional approach used for brain tumor segmentation. These algorithms aim to
expand regions from seed points based on similarity criteria, such as intensity or texture.
By iteratively adding neighboring pixels that meet certain criteria, the algorithm grows
the tumor region. However, these methods are highly dependent on the selection of seed
points and can be influenced by image artifacts and noise, leading to under- or over-
segmentation. Morphological operations, including erosion and dilation, are often
applied to refine tumor boundaries in conventional approaches. Erosion shrinks the
segmented regions, while dilation expands them. By iteratively applying these
operations, the boundaries of tumor regions can be enhanced or smoothed. However,
these operations may also result in the loss of small tumor structures or the inclusion of

non-tumor regions, impacting the accuracy of the segmentation.
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2.1.2 ML based Approaches

Machine learmning-based approaches, with their capacity to autonomously extract
discriminative features from data, possess significant potential in brain tumor
segmentation. The evolution of deep learning algorithms, coupled with the presence of
extensive, labeled datasets has recently driven significant progress in these

methodologies.

The Support Vector Machine (SVM) is a commonly employed machine learning
technique for brain tumor segmentation. SVMs navigate through a high-dimensional
feature space to discover the optimal hyperplane that distinguishes between various
classes. The efficiency of SVMs in brain tumor segmentation has been investigated in
several research. For instance, Menze et al. [34] applied SVMs to segment brain tumors
using handcrafted features derived from multimodal MRI images. Although SVMs
have shown promising results, their performance heavily relies on the quality of
handcrafted features, which may not capture all the intricacies of tumor boundaries and

structures.

Deep learning models, notably CNNs, have transformed medical image segmentation
in recent years, including segmentation of brain tumors. Instead, it requires explicit
feature engineering, CNNs may automatically develop hierarchical representations

from the unprocessed input data.

Ronneberger et al. [35] claim U-Net is a noteworthy CNN design for segmenting brain
tumors. The encoder-decoder structure of the U-Net design includes skip links, which
allow the network to maintain spatial information during the upsampling process. Due
to its capacity to record minute data and address problems with class imbalance, U-Net

is commonly employed for segmenting brain tumors.

Furthermore, 3D CNNs have gained attention in brain tumor segmentation as they can
capture 3D contextual information. These networks operate directly on volumetric data,
considering the spatial relationships between slices. Kamnitsas et al. Suggested the
implementation of a 3D fully convolutional network (FCN) integrated with a fully

connected conditional random field (CRF) to enhance the accuracy of brain lesion
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segmentation. This architecture demonstrated superior performance as compared to 2D

approaches, particularly in capturing minute details and handling tumor heterogeneity.

The researchers have employed a range of feature extraction strategies. The research
community within the domains of computer vision and image processing has

considered two more general kinds of feature extraction, namely global and local.

The first statistics order included in the global feature sets consist of intensity, as well
as second-order statistics like Gabor features, Wavelet Transform (WT), Gray-Level
Co-occurrence Matrix (GLCM), and structural components [37].

For tumor recognition and classification [38], the authors utilized discrete wavelet
transformation-based and GLCM based approaches. Low-level features conveniently
depict the image; yet, because most gliomas have identical texture, border, form, and
volume, low-level features, and their representational ability are restricted. [39] used
DWT to get the features and detailed coefficient level-3 decomposition is used. In
addition, Color Moments (CM) are utilized to minimize the coefficient. Afterwards, the
output is forwarded into an Artificial Neural Network (ANN) to distinguish between

normal and pathological brain MR images.

The local feature is classified as the second type of feature. Local feature extraction is
essential for brain tumor detection. Fisher vector (FV), scale-invarniant feature
transformation (SIFT), and bag-of-words (BoW) are all instances of local features. The
research community has utilized BoW for the purposes of retrieving and categorizing
medical imaging. For instance, in mammography, the categorization of breast tissue
density [40], Retrieval and categorization of X-ray images at the pathology and organ
levels [41], as well as content-based retrieval of brain tumors. Cheng et al. [42] utilize
local based statistical features SIFT, FV, and BoW to extract tumor area from brain.
The summarized comparison is presented in Table 2.1. Global features are utilized in

GLCM [38], Gabor [37] and DWT [39], Local features FV [42] and LBP [40].

Table 2.1: Comparative Analysis of Feature Extraction Techniques

Ref Year Technique used Features Classifier Limitation

{44][38] 2012 GLCM,DWT  Global Probabilistic A limited no. of the feature

Features  Neural set is fed to classifiers. Using
Network only two types of features
(PNN) results in low accuracy.
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Ref Year Technique used Features Classifier Limitation
[48][42] 2016 FV, SIFT, Local Content based High dimension features are
BoW, Features  image retrieval used which makes the

proposed system
computationally expensive

[46] 2018 LBP Local CNN Classification of breast tissue
Features density in mammogram

[43] 2020 GLCM, WT, Global KNN, LSTM  May ignore more key

Gabor feature,  Features features as such techniques
do not use pixel-level
information

[45] 2020 3 level DWT, Global CNN Local-level information is

Color Shape, Features ignored which impacts

mean, standard results negatively.

deviation

Attention-based models have also emerged as a promising direction in brain tumor
segmentation. These models employ attention mechanisms, enabling the network to
concentrate on relevant areas while filtering out unimportant or noisy attributes. Chen
et al. [43] introduced deep contour-aware networks (DCAN) that integrate contour
information into the segmentation process, achieving accurate gland segmentation.
Attention mechanisms have shown potential in enhancing segmentation accuracy by
emphasizing important tumor regions and reducing false positives. Recent literature in
machine learning-based brain tumor segmentation also explores hybrid approaches that
combine handcrafted features with deep learning models. These approaches aim to
leverage the complementary strengths of both techniques, enhancing the its capabilities
to capture both local and global tumor features [44]. SVM, Random Forest (RF), k-
Mean, and fuzzy C-Mean are examples of traditional ML approaches used for brain
tumor segmentation. A few other classifiers, including support vector machine [45].
PSO (Particle Swarm Optimization), Sequential Minimal Optimization (SMO),
Learning Vector Quantization (LVQ), Multilayer Perceptron (MLP), K-Nearest
Neighbor (KNN), a hybrid approach combining Genetic Algorithm and Support Vector
Machine (GA-SVM), Spectral Clustering Independent Component Analysis (SC-ICA),
Least Squares Regression, Probabilistic Neural Network-Radial Basis Function (PNN-
RBF), and Artificial Neural Network (ANN) [46], normalized cross-correlation (NCC
While the bulk of these technologies are efficient, deep learning algorithms produce the
greatest outcomes [47]. Table 2.2 present ML based techniques for brain tumor

segmentation.
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Table 2.2: Comparison of Machine Learning-based Approaches for Brain Tumor Segmentation

Approach Key Features Advantages Disadvantages
SVM Robust Effective tumor and non- - Heavy reliance on
Classification tumor region distinction, manual feature
Ability to capture complex engineering
patterns - Sensttivity to feature
selection
KNN Non-parametric - No assumptions about ~ Computationally
Method data distribution expensive during
inference
Random Forest Decision trees, Manages high- Less suitable for
feature selection dimensional data capturing complex

spatial relationships

Convolutional CNN automatically Efficient, end-to-end High computational
Neural learns relevant learning cost
features

Multi-scale
Feature Fusion

Multi-scale features, Captures both local and
fusion techniques  global information

May require careful
selection and
combination of features

3D CNN Volumetric data, Considers spatial Computationally
captures 3D relationships between expensive, requires
contextual slices large memory
information

2.1.3 DL based Approaches

In recent years, segmentation of brain tumor regions has garnered considerable interest.
Numerous studies have developed diverse techniques for segmenting and classifying
tumor regions on MRI imaging. This increasing interest highlights the significance of

developing automated tools for the segmentation of brain tumors [34].

Deep learning methods, particularly Convolutional Neural Networks (CNNs), have
been applied to a wide array of computer vision challenges, achieving state-of-the-art
results. Image classification [48], object recognition [49]and biomedical image
segmentation [50] are just a few examples. CNN has the potential to understand in a
hierarchical order progressively complicated features directly from data. This distinct
property has not only made CNN the first option that many biomedical image
researchers attempted on brain tumor segmentation brain task to investigate its
segmentation accuracy but also stated, that research that employed CNN based model
primarily concentrates on designing networks rather than following the traditional ML

pipeline (i.e., image preprocessing, features selection, feature extraction,
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dimensionality reduction and finally training classifier). In this regard, different
researchers proposed distinct CNN architectures and processed the MRI modalities in
distinct fashions (i.e. either 2D patches based or 3D patches based) and obtained

competitive segmentation results [51].

Khan er al proposed cascaded CNN [52] based on two paths to segments sub-region of
brain tumor. Three types of handcrafted features are extracted and SVM is utilized to
perform classification. The author achieves a dice similarity score (DSC) of 0.76 on
core, 0.81 on a complete, and 0.73 on enhancing tumor, respectively. As discussed
above, the authors have used two-path CNN with the same input and kernel size for
both global and local pathways. A small kernel dimension is used in global pathways

that affect the segmentation results.

Kleesiek er al. [53] presented a 3D-CNN framework. A CNN is fed with 3D patches or
voxel cubes derived from different brain MRI slices. The model then predicts the label
of the tissue located at the center of each cube. They reported an average score of 0.87
for the entire tumor region, whereas the score was for the active tumor region at 0.73
for the BraTS dataset. Even though the suggested network produced favorable
performance among three tumors, the network computational overhead was higher due
to the CNN (i.e., 3D-CNN) based on 3D patches compared to 2D patches-based
approaches. Only one type of feature is considered which provides nsufficient
information. Only local features are extracted, and global features are ignored, which

is most important for segmentation.

An architecture for a 2D-CNN based on 2D patches was created by Zikic et al. [54]. This
model is capable of segmenting tumors. It lessens the system's computational load.
According to the study, the core tumor region's dice score was 0.736 and the total tumor
region's dice score was 0.83. The score was 0.69 for the BraTS dataset's active tumor
area. To distinguish brain tumor fragments, a shallow CNN with a tiny patch size is

introduced.

The authors have utilized a small patch size, which is not good for extracting global
features. That the proposed system uses a non-overlapping Max pooling layer. There is
a high chance it will miss key features. By identifying different sized patches at the
same time, Havaei et al. [55] proposed CNN architecture that consists of two pathways.

It works in sequence to analyze local and global features of brain MRI data. In this work
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each pathway takes patches from separate MRI modalities, with the local pathway using
33x33 pixel patches and the global pathway using 65x65 pixel patches. To determine
the label of the central pixel, both paths are centered at the same spot. With an overall
accuracy of 0.88 for the whole tumor region, 0.79 for the core tumor region, and 0.73
for the active tumor region, the results on the BraTS dataset were good. The authors
have implemented a two-pathway CNN, although with fewer layers and a larger kernel

size. High computational cost is caused by a large kemel size.

The brain tumor was divided into three categories by Wang er al. [39]. The authors
suggested a method for complete tumor, core tumor, and full tumor that uses two
different CNNs. The first network is responsible for segmenting the entire tumor. The
output's bounding box from the first network is subsequently fed as input to the second
network, which is designed to focus on segmenting the main tumor area. The second
network operates on a subset of the first network's output to achieve a more refined
segmentation of the core and complete tumor. The process involves segmenting the
enhancing tumor through utilization of the bounding box derived from the core tumor

segmentation outcomes.

Due to the involvement of a high set of variables in three CNNs, this approach works
well but is computationally costly. Local features, on the other hand, were only
concentrated on its strategy via smaller size convolutional kemels. Furthermore, during
the testing phase, researchers employed data augmentation, which doubled the

processing time of their suggested technique.

Savadikar et al. [56] proposed the segmentation problem for the BraTS challenges. The
study employed Probabilistic UNet to see how sampling alternative segmentation maps
and 2D segmentation models affected the resuits. In the UNet architecture, self-
attention is utilized in both the prior and posterior systems to ensure the coherence of
the proposed models. It investigates how raising the attention block count affects
segmentation quality. The segmentation's reported Dice scores are as follows: 0.81898
for the entire tumor, 0.71681 for the tumor core, and 0.68893 for the portion of the
tumor that is enhancing.

Kayalibay et al. [57] employed a three-dimensional kernel and a CNN-based algorithm.
According to the authors' analysis of the BraTS 2013 and 2015 datasets, the overall

tumor region had a dice score of 0.87, the core tumor region has a dice score of 0.74,
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and the active tumor region has a dice value of 0.71. The dice score was 0.85 for the
whole tumor region, 0.72 for the core tumor region, and 0.61 for the active tumor

region.

Igbal et al. [58]. used a deep CNN to show how to segregate brain tumors in MRI
images. The proposed methodology was based on the BraTS segmentation challenge
dataset, comprising images acquired through four distinct modalities. As a result, the
researchers provide an improved version of an existing network to address the
segmentation problems. In the network architecture, multiple neural network layers are
linked in sequence, with convolutional feature maps supplied at the peer level.
Experimental outcomes using the BraTS 2015 benchmark dataset underscore the
efficacy and advancement of the suggested strategy relative to previous methods in this
research domain. Table 2.3 displays the comparison in its simplest form. 3D-CNN [53],
Slice wise 2D [54], 3D-patches [57], Global and local 2D [55], Multi2D [58], Two
different CNNs [39] and 2D-CNNs [52].

Table 2.3: Comparison of CNN based Methods for Brain Tumor Segmentation

Ref. Method Dataset Performance Measure (Dice Score)
Whole Core Active
tumor tumor tumor

[53][59] 3D-CNN using 3D BraTS 0.87 0.77 0.73
convolutional filters

[60] Slice wise 2D- BraTS 0.83 0.73 0.69
patches are extracted
by 2D-CNN

[63] 3D-patches are extracted BraTS 0.86 0.74 0.71
by using 3D-CNN

[61] Global and local BraTS 0.86 0.79 0.73
2Dpatches having
cascaded two pathways
2 D-CNNs

[58]{64] Extract multi 2D BraTS 0.67 Not Not
patches by using pixel reported  reported
level. Different CNN
layers.

[45] Two different CNNs for BraTS 0.89 0.83 0.78
segmentation and
detection

[52][58] 2D-CNNs BraTS 0.76 0.81 0.73
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Leveraging its ability to autonomously produce hierarchical representations from
unprocessed image data, deep learning has become a prevalent method for brain tumor
segmentation. Within this area, Convolutional Neural Networks (CNNs) have been
instrumental, demonstrating exceptional efficacy across numerous applications in
computer vision and the analysis of medical imagery. Deep learning-based methods
have produced cutting-edge outcomes and have showed substantial potential in

properly segmenting brain tumors.

U-Net, developed by Ronneberger e al. [35] is a deep learning architecture that is
frequently used for segmenting brain tumors. uses an encoder-decoder structure with
skip links to gather contextual data on a local and global level. While the decoder
component reconstructs the segmentation map by upsampling and concatenating data

from prior layers, the encoder component collects high-level features.

Several adjustments and extensions have been made to improve CNNs' segmentation
of brain tumors even further. Dilated convolutions, which Yu et al. [59]. proposed,
allow the network to successfully manage tumors of various sizes and record multi-
scale information. Atrous spatial pyramid pooling (ASPP), which incorporates parallel
dilated convolutions at various sizes to effectively capture contextual information, was

suggested by Chen ez al. [60].

In addition to CNNs, researchers have explored the application of other deep learning
models like recurrent neural networks (RNNs) and graph convolutional networks
(GCNs) for brain tumor segmentation. RNNs are specifically adept at capturing spatio-
temporal information by leveraging temporal dependencies in sequential data, such as
time series imaging [55]. On the other hand, GCNs utilize graph structures to model

interactions between image regions, leading to improved segmentation accuracy [61].

DL based approaches offer several advantages in brain tumor segmentation. Firstly,
deep learning models have the capacity to autonomously identify relevant features
directly from the image's raw data, eliminating the need for manual feature extraction.
This ability enables them to detect complex patterns and nuanced details that might be
overlooked by conventional approaches [62]. Secondly, deep learning models exhibit

high flexibility and adaptability, allowing them to generalize well across different
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datasets and tumor types [63]. Moreover, these models effectively manage the innate

variability and intricacy of brain tumor imagery.

However, there are certain pitfalls with deep learning-based approaches. A significant
hurdle is the necessity for vast quantities of labeled training data. Deep leaming models
typically require substantial annotated images to achieve optimal performance [64].
Acquiring these datasets can be a lengthy and resource-intensive endeavor, especially
for rare tumor types. Furthermore, deep learning models require considerable
computational power, necessitating extensive resources for both training and inference
phases [65]. Moreover, the limited interpretability of deep learning models poses a
challenge to their integration into clinical practice, where transparent and explainable

decision-making is critical for medical applications [66].

Despite these difficulties, deep learning-based methods are nonetheless making
substantial progress in the segmentation of brain tumors. To further improve the
performance and application of deep learning models in clinical practice, current
research focuses on creating innovative architectures, enhancing training

methodologies, and tackling the interpretability and generalization difficulties.

Overall, by utilizing automated feature learning, deep learning-based techniques,
CNNs, have transformed brain tumor segmentation. In the realm of neuro-oncology,
these techniques provide precise and effective segmentation solutions, opening the door

to better diagnosis, treatment planning, and patient care as show in Table 2 4.

Table 2.4: Comparison of Deep Learning-based Approaches for Brain Tumor Segmentation

Technique Key Features Advantages Disadvantages

U-Net Encoder-decoder Captures local and global ~ Requires large,
structure information annotated datasets

Dilated Multi-scale Manages tumors of varied Computational

CNN information sizes complexity

ASPP Parallel dilated Efficiently captures Interpretability issues
convolutions contextual information

RNN Temporal Captures spatio-temporal Longer training times
dependencies information
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Technique Key Features Advantages Disadvantages
GCN Graph-based Model’s interactions Complex graph
modeling between regions construction

2.2 Brain Tumor Grading Methods

Brain tumor grading that is accurate and dependable is essential for determining therapy
options and patient outcomes. Various approaches have been presented to determine
the grade of brain tumors, based on their histological characteristics. This section gives
a summary of the current ways for grading brain tumors, including automated

computational systems and conventional histological grading systems.
2.2.1 Histopathological Grading

Traditional histological grading systems, such as the WHO grading system, have long
been utilized for brain tumor grading [67]. These grading systems classify brain tumors
into distinct categories based on histological attributes such as cellular irregularities,
the rate of cell division, tissue death, growth of new microvessels, and patterns of tumor
spread into surrounding tissues. The WHO grading system classifies tumors into low-
grade (I and IT) and high-grade (III and IV) categories, with higher grades indicating
more aggressive and malignant tumors. These grading systems provide valuable

prognostic information and guide treatment decisions.

While traditional histological grading systems have been widely adopted, they are
subject to certain limitations. One of the principal limitations is the reliance on
subjective visual assessment by pathologists, which can introduce inter-observer
vanability. Different pathologists may interpret histological features differently,
leading to inconsistencies in tumor grading. This subjectivity can affect treatment
planning and patient outcomes. To tackle these challenges, researchers have been

exploring automated and objective approaches for brain tumor grading.
2.2.2 Radiological Grading

Radiological grading parameters play a crucial role in assessing brain tumor grade and
guiding treatment decisions. These parameters are derived from various radiological

imaging modalities, such as MRI, CT, and PET. They provide valuable insights into
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the tumor's characteristics, including size, shape, enhancement patterns, edema,
necrosis, and vascularization. This section provides a comprehensive literature review
of the radiological grading parameters used in brain tumor grading. One of the
commonly used radiological grading parameters is tumor size. Larger tumor size is
often associated with higher-grade tumors and increased aggressiveness. Numerous
studies have reported a positive relationship between tumor size and tumor grade. For
example, He et al. [68]. discover that larger tumor size was significantly associated
with high-grade gliomas. Demonstrated that tumor size was a strong predictor of tumor

grade in gliomas.

Enhancement patterns observed on contrast-enhanced MRI scans are also important
radiological grading parameters. These patterns provide information about the tumor's
vascularization and angiogenic activity. Heterogeneous enhancement and irregular
borders in imaging studies are commonly linked with tumors of a higher grade.
Conversely, homogeneous enhancement is more common in low-grade tumors. Wu et
al. [69] carried out research on glioblastomas, discovering that ring enhancement,

indicative of central necrosis, strongly suggested the presence of high-grade tumors.

The presence of peritumoral edema is another significant radiological parameter in
brain tumor grading. Edema is typically observed as hyperintense regions surrounding
the tumor on T2-weighted or FLAIR images. Higher-grade tumors tend to exhibit
extensive peritumoral edema due to increased invasiveness and breach in the blood-
brain barrier. Ellingson ef al. [70] explored the connection between edema volume and
tumor grade in gliomas and demonstrated a positive correlation between edema volume

and higher tumor grades.

Necrosis, often seen as hypointense or non-enhancing regions within the tumor, is a
radiological parameter associated with high-grade tumors. It is indicative of tumor cell
death and represents an aggressive phenotype. Necrosis is commonly assessed using
T1-weighted or T2-weighted MRI scans. Lam et al. [71] conducted a study on gliomas
and reported that the presence and extent of necrosis were significantly associated with

higher-grade tumors.

Other radiological parameters, such as the presence of satellite lesions, vascularization

patterns, and diffusion characteristics assessed by diffusion-weighted imaging (DWI),
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have been explored for their association with tumor grade as well. These parameters
provide additional insights into tumor behavior and can assist in distinguishing between

low-grade and high-grade tumors.

Recently, there has been an increasing focus on employing sophisticated imaging
methods, such as perfusion imaging, spectroscopy, and radiomics, for radiological
grading of brain tumors. These techniques provide quantitative measurements of blood
flow, metabolite concentrations, and radiomic features, respectively, which can
enhance the accuracy of tumor grading. For example, Jain e al. [72]. employed
dynamic susceptibility contrast perfusion imaging as a method to estimate the grade of
gliomas. Radiological grading parameters play a crucial role in brain tumor grading.
Tumor size, enhancement pattems, peritumoral edema, necrosis, and other imaging
characteristics provide valuable information for assessing tumor grade and guiding
treatment decisions. The integration of advanced imaging techniques further enhances
the accuracy and precision of radiological grading. However, it is crucial to recognize
that histological results and clinical information should be included when interpreting
radiological grading criteria. This comprehensive approach ensures accurate tumor
grading and facilitates well-informed treatment decisions for patients as show in Table

2.5.

Table 2.5: Key Parameters for brain Tumor Grading

Parameters Key Features Advantages Disadvantages
Tumor Size - Larger size associated - Strong predictor - May vary depending on
with higher-grade of tumor grade tumor location.
tumors. -Size measurement may
- Positive correlation be subjective
with tumor grade - Inter-observer variability
Enhancement - Heterogeneous or - Provides insights
Patterns irregular enhancement  into tumor
in high-grade tumors vascularization
- Homogeneous - Helps
enhancement in low- differentiate
grade tumors between grades
Peritumoral - Presence of - Indicates tumor - Measurement variability
Edema hyperintense regions invasiveness - Edema may be present in
surrounding the tumor low-grade tumors
- Positive correlation
with higher tumor
grades
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Parameters Key Features Advantages Disadvantages
Necrosis - Hypointense or non- - Indicates - Necrosis may be absent

enhancing regions aggressive tumor  in low-grade Tumors
within the tumor phenotype
- Associated with
higher-grade tumors
Other - Satellite lesions, - Provide - Variability in
Parameters vascularization additional interpretation
patterns, and DWI insights into - Dependent on imaging
Characteristics tumor behavior technique
-Aidin
differentiating
tumor grades
Advanced - Perfusion imaging, - Quantitative - Resource-intensive
Imaging spectroscopy, and measurements - Technique-specific
Techniques radiomics enhance considerations
-provide additional accuracy and
quantitative precision of
measurements of grading
blood flow, metabolite - Improves grade
concentrations, and prediction

radiomic features

2.2.3 Machine Learning-based Grading Models

Machine learning-based grading models have gained considerable focus in recent times
for their potential to provide automated and objective tumor grading in brain tumor
research [73]. These models harness the capabilities of machine learning algorithms to
mnterpret intricate imaging data and identify significant features for precise tumor
grading. This section offers an overview of the machine learning-based grading models
used in brain tumor research, highlighting their key features, advantages, and recent
developments. One commonly used machine learning algorithm in brain tumor grading
is the SVM [74]. SVM is a type of supervised learning algorithm that has proven to be
effective in tackling a range of medical image analysis tasks, such as the classification
of brain tumors based on their severity. SVM grading models employ a collection of
manually designed features extracted from imaging data, including intensity, texture,
and shape features, for the purpose of training a classifier. These models have shown
encouraging outcomes in accurately assessing the grade of brain tumors by analyzing
their histological characteristics. Bauer et al. [75] developed an SVM-based grading
model for gliomas using multimodal MRI data and achieved high accuracy in

distinguishing low-grade from high-grade tumors.
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Another popular machine learning algorithm for brain tumor grading is the RF
algorithm [76). RF is an ensemble learning approach that utilizes multiple decision trees
to make predictions. RF-based grading models utilize a similar set of handcrafted
features as SVM-based models but leverage the ensemble approach for the
improvement of overall correctness and robustness of the system. Sohn et al
[77].proposed an RF-based grading model for gliomas using radiomics features
extracted from multimodal MRI data. Their model achieved excellent performance in

differentiating between low-grade and high-grade gliomas.

Deep learning-based models, notably CNNs, have demonstrated significant promise for
grading brain tumors in addition to SVM and RF [78]. Without the need of manually
created features, CNNs may automatically develop hierarchical representations from
unprocessed imaging data. These models can more accurately grade images because
they can identify complex patterns and spatial correlations in the images. Using
multimodal MRI data, created a CNN-based grading model for gliomas. Their model
successfully distinguished between various grades of gliomas with state-of-the-art

performance.

In the past, pathologists have manually classified brain tumor grading by examining the
histological features found in the tumor [79]. Categorizing brain tumors is essential for
determining the best treatment approach; however, manual techniques can exhibit
variability. Enhancing precision and uniformity is imperative for achieving superior

patient results.

Recently, machine leaming (ML) methods have become a practical technique for
assessing the severity of brain tumors by analyzing medical images as input data. ML
algorithms can accurately and automatically classify tumor grades by recognizing
patterns and features in medical imaging [80]. Several studies have examined the use
of machine leamming (ML) techniques to classify brain tumor grades and have
determined that ML techniques can successfully distinguish between different grades.
Brain tumors, a heterogeneous group of neoplasms, can arise in various regions of the
brain. Tumors can be categorized according to their histological features, where Grade-
I tumors are the least aggressive and Grade-IV tumors are the most aggressive. Precise
classification of brain tumors is crucial as it assists in selecting the most appropriate

treatment strategy and accurately forecasting patient outcomes. The study has focused
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on developing machine learning models to enhance the accuracy of classifying brain
tumors. Certain models utilize extracted features from MRI scans, such as texture,
shape, and intensity, to categorize the various grades of brain tumors. Convolutional
Neural Networks (CNNs), which are subsequently employed for classification, are
trained using these features. For example, Akkus et al. [81] employed a CNN to
precisely categorize gliomas into low-grade and high-grade categories, achieving a
success rate of 93.3%. Havaei et al. [55] employed CNN for the purpose of categorizing
brain tumors into four distinct grades, resulting in an impressive overall accuracy rate
of 89.4%. Principal component analysis (PCA) and autoencoders have been utilized for
the classification of brain tumor grading. For example, in Li et al. [82] The gliomas'
MRI images were subjected to PCA analysis to extract characteristics, yielding an
accuracy of 91.67% for low-grade gliomas and 95.83% for high-grade gliomas. Ain et
al. [83] utilized a co-training algorithm to categorize gliomas as either low-grade or
high-grade, achieving a notable accuracy rate of 91.6%. Ahuja er al. [84] Applied
transfer learning to categorize gliomas as either low-grade or high-grade, achieving a
remarkable accuracy of 94.75%. Park et al. [85] employed artisanal characteristics to
forecast the grades of meningiomas using MRI scans. They obtained characteristics
pertaining to brightness, pattern, and form and employed a Random Forest classifier to
forecast the grade of meningioma. Their approach attained a precision of 0.93 in
forecasting meningioma grades. Several studies have examined the utilization of
manually created characteristics obtained from alternative imaging techniques, in
conjunction with MRI, for the purpose of classifying brain tumors. Sollini e al. [86] to
forecast the grades of gliomas, hand-crafted features extracted from CT scans were
utilized. The researchers extracted features related to shape, texture, and intensity and
employed a Support Vector Machine (SVM) classifier to forecast the grade of glioma.
They achieved a high accuracy of 0.89 in predicting the grade of glioma. Kamnitsas et
al. [87] applied a 3D CNN to automatically grade and segment tumors on MRI scans,
achieving an accuracy of 92.7%. The proposed model successfully utilized a vast
dataset of MRI scans to precisely forecast tumor grades and segment different types of
tumors. Gull ez al. [88] utilize a DL approach to classify cancers into low- and high-
grade categories. The classification task achieved a highly promising accuracy of 95.5%
by using a dataset of MRI images sourced from the cancer imaging library. Wasule et
al. [89] the brain tumors were categorized into four classes, namely I, II, III, and 1V,
based on specific attributes extracted from the MRI scans using the SVM and KNN
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algorithms. The suggested technique utilizes the MRI images obtained from the BraTS
2015 dataset. The SVM method outperformed other methods in terms of accuracy,
precision (Pr), recall (Rec), and Fl-score. Chen et al. [90] evaluated the efficacy of
SVM, KNN, and Random Forest (RF) algorithms in classifying brain tumor grades
based on diffusion-weighted imaging (DWI) data. The SVM algorithm exhibited the
highest accuracy and F1 score, whereas the RF algorithm demonstrated the highest
Precision (Pr) and Recall (Rec). Pan et al. [91] evaluated the efficacy of SVM, KNN,
and CNN algorithms in classifying brain tumor grades based on MRI data. A dataset
comprising 295 brain tumor images was utilized, accompanied by accurate labels
indicating the grade of the tumor. The researchers discovered that the CNN algorithm
exhibited superior performance compared to the other algorithms in terms of accuracy,
precision, recall, and F1 score. Zhang et al. [92] Analyzed the efficacy of various
machine learning (ML) techniques in classifying and assessing 368 brain tumor images
based on accurate tumor grade labels. The evaluated algorithms included Support
Vector Machines (SVM), K-Nearest Neighbors (KNN), Decision Trees (DT), Random
Forests (RF), and Convolutional Neural Networks (CNN). It was found that the SVM
method ranked second to the CNN algorithm in terms of accuracy, precision, recall,

and F1 score.

In summary, these studies indicate that ML algorithms, such as SVM, KNN, DT, RF,
and CNN, can be successful in classifying brain tumor grades. The optimal algorithm
selection can be influenced by factors such as the nature of the imaging data, the
dataset's magnitude, and the specific performance metrics employed for algorithm
evaluation. This study involved comparing these algorithms using an expanded dataset
of brain tumor images. The efficacy of the algorithms was evaluated through several
performance metrics in order to determine the most effective algorithm to classify brain
tumor grading. Table 2.6 summarize the existing techniques SVM, KNN [89], SVM
[81], RF, SVM, KNN [90], SVM, RF [91], CNN [83], SVM [85], KNN, DT, CNN [92],
ML [93] and CNN [88].

Table 2.6: Summary of Existing Machine Learning Techniques Used for Classifying
Brain Tumors

Performance Metrics

Algorithms Dataset Imaging
Compared Size Data Acc Rec  Pre.

Wasule er al. [95] SVM, KNN, 60 MRI 930 - - -

References
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Performance Metrics

ST el v e
Akkus etal. [87] SVM - MRI 086 0.78 089 -
Cheneral. [96]  RF,SVM,KNN, — DWI 900 - 890 -
LDA.
Lieral [82][88] SVM,RF,LR - MRI 895 902 857 —
Havaeietal. [61] 3D CNN 285  MRI 835 — 810 -
Pan et al. [97] SVM, KNN, 295  MRI - - -
CNN
Ain et al. [89] CNN 150  MRI 937 948 925 936
Park et al. [91] SVM 75 MRI 833 - 862 -
Kouli et al. [93][99] ML 200  MRI - - - -
Gull et al. [94] CNN 153  MRI -  — — 955

Recent advancements in machine learning-based grading models have focused on
incorporating advanced techniques such as transfer leaming and deep ensemble
learning. Transfer learning allows models to leverage pre-trained networks on large-
scale datasets. It enabled them to learn from a huge data and improve generalization.
Rehman et al. [94] presented a transfer learning-based grading model for gliomas using
a pre-trained CNN model. Their model achieved superior performance in grading
gliomas compared to traditional machine learning models. Ensemble learning
approaches, such as deep ensemble learning, combine multiple models to make
predictions and improve grading accuracy. Fasihi ef al. [95] Created a sophisticated
grading model for gliomas using deep ensemble learning, which involved training and
combining multiple CNN models. Their model surpassed individual models and
achieved exceptional accuracy in glioma grading. The efficacy of machine learning-
based grading models is significantly influenced by the quality and diversity of the
training datasets. The presence of extensive, annotated datasets is essential for
effectively training precise and resilient models. Moreover, the comprehensibility of
machine learning models in brain tumor grading continues to be a hurdle, given the
opaque nature of deep learning models that hampers the comprehension of the
underlying rationale behind the grading determinations. The integration of various
imaging modalities, such as MRI, CT, and PET, has been demonstrated to improve the
precision of grading models. By integrating complementary information from various

modalities, the models are able to encompass a more comprehensive perspective of
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tumor characteristics. Hang et al. [96] created a multi-modal fusion model for the
classification of glioma that integrated features derived from MRI and PET images. The
fusion model outperformed single-modal models and achieved improved accuracy in
glioma grading. Radiomics entails the extraction of numerous quantitative attributes
from medical imagery, which are then utilized as inputs for machine learning models.
These features capture subtle variations in tumor characteristics and can provide
valuable information for grading. A radiomics-based grading model for gliomas was
proposed by Zhang et al. [97] employing a blend of radiomic features generated
manually and deep features extracted from a pre-trained CNN. The model achieved a
high level of accuracy in differentiating between low-grade and high-grade gliomas.
Ensemble learning techniques have been employed to enhance the versatility and
resilience of grading models. Deep ensemble learning uses a variety of models to

produce predictions by combining many deep learning models.

One of the obstacles faced by grading models based on machine learning is the lack of
interpretability. Understanding the decision-making process of these models is crucial
for gaining insights into the grading criteria. Recent research has focused on developing
methods to explain and interpret the predictions of these models. Hayashi e al. [98]
proposed an interpretable grading model for gliomas using a combination of deep
learning and symbolic rule extraction. The model provided both accurate predictions

and interpretable rules for tumor grading.

Table 2.7: Comparison of Machine Learning-based Grading Models for Brain Tumors

Grading Model Advantages Disadvantages Ref.

Transfer Learning ~ Leverages pre-trained models  Requires large-scale pre- [100]
for improved performance training datasets

Multi-modal Fusion Integrates complementary Requires image registration  [102]
information from multiple and alignment across
modalities modalities

Radiomics Captures subtle variations in ~ Requires extraction of many [103]
tumor characteristics radiomic features

Deep Ensemble Enhances model robustness Increases computational {105]

Learning and generalization complexity

Explainability and  Provides interpretability of May sacrifice some [104]

Interpretability maodel predictions predictive performance
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The recent progress in ML-based grading models has demonstrated considerable
promise in improving the accuracy and reliability of brain tumor classification.
Nevertheless, it is crucial to verify the accuracy and reliability of the models by testing
them on varied and inclusive datasets. Additionally, it is essential to incorporate clinical
and histopathological information into the models to achieve a thorough assessment of
grading. Continued research and development in this field will improve the efficacy of
machine learning-based grading models for clinical decision-making in the
management of brain tumors as shown in Table 2.7 such as Transfer Learning [94],

Multi-modal Fusion {96], Radiomics [97], Deep Ensemble Learning [99], Explainability and
Interpretability [98].
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Chapter 3

Research Methodology

This section concentrates on the research approach used to accomplish the stated goals.

There are multiple connected sub-phases in the technique.
3.1 Data Acquisition and Preprocessing

This chapter presents the segmentation and grading process for brain tumors, which
makes use of hand-crafted features and CNN. This section focuses on data collection
and preprocessing, which are essential procedures in making sure that the input data are

of high quality and appropriate for further analysis.
3.1.1 Data Acquisition

The methodology's first phase is the gathering of medical imaging data. Due to its
superior soft tissue contrast and non-invasiveness, MRI is the modality that is most
frequently employed for the investigation of brain tumors. High-resolution volumetric
images of the brain are obtained by scanning patients with MRI equipment during the
data collection procedure. Multiple sequences, including T1-weighted, T2-weighted,
and contrast-enhanced T1-weighted images, are frequently included in this. The MRI
sequences selected for a study are determined by the specific research requirements and

the sort of data required for tumor segmentation and grading.

During data acquisition, it is essential to adhere to ethical guidelines and obtain
appropniate informed consent from patients. Additionally, ensuring data quality is
crucial. This involves following standard imaging protocols, including consistent
positioning and image acquisition parameters across different patients and imaging
sessions. Quality control measures should be implemented to identify and address any
artifacts or imaging inconsistencies that may affect the subsequent analysis. In this
research work two versions of benchmark BraTS dataset are used. BraTS 2018 [100],
and BraTS 2020 [101]. The BRATS 2020 challenge dataset consists of multi-modal
MRI tmages, which means it includes different types of MRI sequences, typically
including T1-weighted (T1): Provides anatomical information about brain tissues. T1-

weighted with contrast (T 1c): Enhances contrast for better visualization of tumors and
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other abnormalities. T2-weighted (T2): Helps to identify edema and tumor extent. T2
Fluid Attenuated Inversion Recovery (FLAIR): Sensitive to edema and useful for
detecting tumor boundaries. These different MRI sequences offer complementary

information that aids in accurate brain tumor segmentation and analysis.
3.1.2 Preprocessing

After the MRI data is collected, many preprocessing methods are employed to enhance
the images' quality and speed up subsequent analysis. Common preprocessing

procedures include the following.
3.1.2.1 Image Registration

Image registration is accomplished to align the acquired images spatially, correcting for
any patient motton or misalignment between sequences. This step ensures that
corresponding regions in different sequences are aligned correctly and facilitates
accurate tumor segmentation and grading. Common registration techniques include

rigid registration, affine registration, and deformable registration.

Rigid Registration is used to adjusts translation, rotation, and scaling parameters to
align images. Suitable for correcting small misalignments. The affine registration
includes shearing and non-uniform scaling. It is suitable for correcting moderate
misalignments. Further, deformable registration ~ accommodates non-linear
variations between images and local deformations. It is able to capture intricate
anatomical variances and fix significant misalignments. Could make computations
more complicated.

For tumor grading, we used Rigid Registration by utilizing the Elastix library in Python due
to its versatility.

3.1.2.2 Intensity Normalization

Intensity normalization is applied to normalize the intensity values across different
images and sequences, reducing the impact of intensity variations caused by imaging
parameters or patient characteristics. Normalization techniques aim to achieve
consistent intensity scales and improve the comparability of different images. Methods
such as histogram matching, Z-score normalization, or linear scaling can be used for

intensity normalization presented in Table 3.1.
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Table 3.1: Comparison of Intensity Normalization Techniques

Technique Description

Histogram Adjusts the intensity values of an image to match the histogram of a

Matching reference image, aligning the intensity distribution across different
sequences.

Z-score The procedure entails calculating the intensity values' average and

Normalization standard deviation before normalizing them to have a mean of 0 and a

standard deviation of 1. This guarantees consistent intensity scales
over the entire image.

Linear Scaling Rescales the intensity values of an image to a predefined range, such
as [0, 1] or [0, 255], preserving the relative intensity relationships
while adjusting the dynamic range.

3.1.2.3 Noise Reduction and Filtering

Noise reduction techniques are employed to suppress noise and improve image quality.
MRI images are susceptible to noise, which can affect the accuracy of tumor
segmentation. Popular techniques for reducing noise encompass Gaussian filtering,
median filtering, and wavelet denoising. Gaussian filtering applies a Gaussian filter to
the image, smoothing out high-frequency noise while preserving important structures.
The median filtering uses the median value of each pixel's immediate neighborhood
to replace each one's value and decrease noise spikes while keeping edges and
structures. In addition, wavelet denoising applies a wavelet transform to the image and
thresholds the wavelet coefficients to remove noise. Finally, wavelet denoising is

effective in preserving image details while reducing noise levels.

3.1.2.4 Skull Stripping

Skull stripping, also known as brain extraction, is performed to remove non-brain
tissues from the images, including the scalp, skull, and other extracranial structures.
This step is essential for isolating the brain region and improving the accuracy of
subsequent analysis. Various skull stripping algorithms exist, including thresholding-
based methods, region-growing techniques, or atlas-based approaches shown in Table
3.2.
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Table 3.2: Comparison of Skull Stripping Techniques

Technique Description

Thresholding-Based Utilizes intensity thresholding to segment the brain from the
Methods surrounding tissues. Simple and efficient but may fail in cases with
intensity variations or when the brain region is not clearly defined.

Region-Growing Seeds a region within the brain and grows it by iteratively adding
Techniques neighboring voxels with similar characteristics. Suitable for handling
intensity variations but may be sensitive to seed selection and noise.

Atlas-Based Utilizes pre-segmented brain atlases as references for guiding the

Approaches segmentation process. Offers accurate results but requires atlases
aligned with the target images and may be influenced by inter-subject
anatomical variations.

For skull extraction, an open source tool, BET was utilized in the experiments.

3.1.2.5 Image Resampling

Image resampling is employed to achieve a uniform voxel size or spatial resolution
across different images. Resampling ensures consistency in the image dimensions and
voxel spacing, facilitating the application of subsequent analysis techniques that may
require uniform spatial sampling. Common resampling approaches include nearest-
neighbor interpolation, linear interpolation, or spline interpolation presented in Table
33.

Table 3.3: Comparison of Image Resampling Methods

Method Description

Nearest Gives the corresponding voxel in the resampled image the intensity value

Neighbor of the nearest voxel in the original image, producing a piecewise constant
representation.

Linear Creates a smooth representation by computing each voxel's intensity value

Interpolation  in the resampled image as a weighted average of the intensities of its
nearby voxels.

B-spline Approximates the intensity values in the resampled image using a B-spline
Interpolation  interpolation algorithm, resulting in a smooth and continuous
representation.

For MRI image resampling, Imm x 1mm x1mm voxel size was used.

3.1.2.6 Augmentation of MRI
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Methods for augmenting data are utilized to expand and enrich the training dataset. The
segmentation and grading models' ability to generalize is improved through
augmentation. Various augmentation techniques can be applied, including geometric
transformations such as rotation, translation, scaling, or flipping. Additionally, intensity
variations, such as contrast adjustment or additive noise, can be introduced to simulate

different imaging conditions shown in Table 3 .4.

Table 3.4: Data Augmentation Techniques

Technique Description
Geometric The MRI is transformed, such as by rotating, translating, scaling,
Transformations and flipping. The differences in patient placement or imaging

orientations are mimicked by these transformations.

Intensity Variation Introduces variations in image intensities, such as contrast
adjustment, additive noise, or gamma correction. These variations
simulate  differences in imaging parameters, scanner
characteristics, or pathologies.

To inflate the existing dataset, geometric transformation was applied to the images.
3.1.2.7 Annotation and Ground Truth Generation

For supervised learning approaches, expert radiologists or medical professionals
generate ground truth annotations. The annotations involve manually delineating the
tumor regions and assigning appropriate tumor grades based on established criteria. The
annotations serve as the reference standard for training and evaluating the segmentation
and grading models. The process of annotation is time-extensive and requires expertise

in tumor identification and grading.

During the annotation process, it is crucial to ensure inter-observer agreement by
involving multiple experts and conducting quality control checks. Discrepancies or
disagreements among experts can be resolved through consensus or by involving a

senior expert to make the final decision.

The input data is prepared for the succeeding stages of the approach, which include
feature extraction, model training, and evaluation, by adhering to the data gathering and
preparation methods described above. The accuracy and dependability of the brain
tumor segmentation and grading system depend on how well and appropriately the data

preprocessing stages were executed.
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3.2 Handcrafted Features Extraction

The second stage of the methodology involves extracting handcrafted features from the
preprocessed brain tumor images. Handcrafted features are manually designed and
engineered to capture specific characteristics and patterns that are relevant for brain
tumor segmentation and grading. These features serve as input to the subsequent
classification or regression models. Handcrafted features are derived from domain-
specific knowledge in medical imaging. This proficiency enables the identification and
1solation of characteristics that are specifically pertinent to the structure and attributes
of brain tumors. By leveraging domain expertise, handcrafted features can capture
specific aspects of tumor appearance that are known to be significant in diagnosis and
grading. Unlike features automatically extracted by deep learning models, handcrafied
features provide greater interpretability. This is crucial in medical applications where
understanding the basis for a model's decision-making process can be as crucial as the
decision itself. Handcrafted features allow for a clear understanding of what
characteristics the model is considering, which aids in gaining the trust of medical
practitioners. Although CNNs are powerful in feature extraction, they sometimes lack
the ability to capture subtle yet clinically relevant features. Handcrafted features can
complement these models by providing targeted information that might be overlooked

by purely data-driven approaches.
3.2.1 Intensity-based Features

The statistical characteristics of the pixel intensities within the tumor region are
described by intensity-based features. These features provide information about the
intensity distribution, texture, and spatial variations within the tumor shown in Table

3.5. Common intensity-based features include:
1. Mean Intensity: This represents the average intensity value within the tumor
region.
2. Standard Deviation: Measures the variation or spread of intensity values within

the tumor region.

3. Histogram Features: Histogram-based features capture the intensity distribution
within the tumor. Examples include the number of peaks, entropy, skewness,
and kurtosis.
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For intensity-based features, statistical measures employed such as mean, standard

deviation, skewness, and kurtosis.

Table 3.5: Example of Intensity-based Features

Feature Name Description

Mean Intensity Average intensity value within the tumor region.

Standard Deviation Measure of variation in intensity values within the tumor region.

Number of Peaks Number of peaks in the intensity histogram of the tumor region.

Entropy Measure of randomness or information content in the intensity
histogram.

Contrast Quantifies the difference in intensity between neighboring pixels in

the tumor region.

Correlation Measures the linear dependence between the intensities of
neighboring pixels in the tumor region.

3.2.2 Shape-based Features

The geometric characteristics of the tumor region are described by shape-based
attributes. These characteristics depict the size, symmetry, and contour characteristics

of the tumor presented in Table 3.6. Common shape-based features include:
1. Area: Shows how many pixels or voxels are there in the overall tumor region.
2. Penimeter: determines the contour or length of the tumor.

3. Compactness: The ratio of the tumor's area to its perimeter square measures the

tumor's roundness or compactness.

4. Eccentricity: Describes the elongation or eccentricity of the tumor, ranging from

0 (circular) to 1 (highly elongated).

5. Solidity: The ratio of the tumor region's surface area to that of its convex hull,

which reveals the solidity or concavity, respectively.
For shape based features, all of the above features were used.

Table 3.6: Example of Shape-based Features

Feature Name  Description

Area The total amount of pixels or voxels located in the tumor area.
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Feature Name

Description

Perimeter

Compactness

Eccentricity

Solidity

Length of the tumor boundary or contour.

ratio of the area to the perimeter's square, indicating how compact or
oblong the tumor is shaped.

Degree of clongation or eccentricity of the tumor, ranging from 0
(circular) to 1 (highly elongated).

The ratio of the tumor's area to its convex hull's area reflects the tumor's
solidity or degree of concavity.

3.2.3 Texture-based Features

The spatial distribution and patterns of pixel intensities within the tumor region are

captured by texture-based features. These characteristics reveal details regarding the

smoothness, coarseness, and textural variations inside the tumor. Typical texture-based

characteristics are shown in Table 3.7.

1. Co-occurrence at the Gray Level Matrix: Based on the brightness of the pixels,

GLCM-based features quantify the spatial relationship between pairs of pixels.

Contrast, energy, homogeneity, and entropy are a few examples.

2. Local Binary Patterns (LBP): By comparing each pixel with its surrounding

pixels, LBP features characterize the local texture patterns within the tumor

region. Variations in texture like uniformity, smoothness, or coarseness are

captured by these qualities.

3. Gabor Filter Reactions: Using varying scales and orientations, Gabor filters are

used to extract texture characteristics. These characteristics record textural

patterns related to brain malignancies.

For tumor segmentation, we used GLCM and extended LBP.

Table 3.7: Example of Texture-based Features

Feature Name

Description

Contrast

Energy

Measures the local intensity variations or differences within the tumor
region.

Represents the sum of squared GLCM elements, indicating the
uniformity or homogeneity of the texture.

Brain Tumor Segmentation and Grading Using Handcrafted Features and CNN Page - 50



f

Chapter#3 Research Methodolog_l

Feature Name Description

Homogeneity Measures the closeness or similarity of intensity values within the tumor
region.

Entropy Describes the randomness or information content in the texture
distribution.

LBP Histogram  Histogram-based representation of the local binary patterns within the
tumor region.

Gabor Features Responses of Gabor filters at different scales and orientations, capturing
specific texture patterns relevant to brain tumors.

The handcrafted features extracted from the preprocessed brain tumor images serve as
inputs to the subsequent segmentation and grading models. These features capture
important characteristics of the tumors, including intensity, shape, and texture

properties, enabling the models to learn and make accurate predictions.
3.3 Convolutional Neural Network Architecture

CNNs have demonstrated exceptional performance in numerous computer vision
applications. CNNs are widely used for segmenting and classifying brain tumors
because of their capacity to learn hierarchical representations from input data. The
following segment outlines the structure of the Convolutional Neural Network (CNN)

model employed within the proposed approach.
3.3.1 Basic CNN Architecture

Multiple layers, including convolutional layers, pooling layers, and fully linked layers,
make up the fundamental structure of a CNN. By applying filters to the mnput images
that convolve, the convolutional layers are essential in the learning of local features.
The feature maps' spatial dimensionality is decreased by the pooling layers'
downsampling of the feature maps. The classification or regression tasks are then
conducted by the fully connected layers using the features that have been learned,

presented in Table 3.8.

Table 3.8: CNN Architecture

Layer Type Output Size Kernel Size Activation

Convolutional 32x32x%32 3x3x3 ReLU
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Layer Type Output Size Kernel Size Activation
Convolutional 32x32%32 3x3x3 RelLU
Max Pooling 16x16x16 2x2x2 -
Convolutional 16x16x16 3x3x3 ReLU
Convolutional 16x16x16 3x3x3 ReLU
Max Pooling 8x8x8 2x2x2 -

Fully Connected 512 - ReLU
Fully Connected 256 - ReL.U
Output C (Classes) - Softmax

An illustration of a CNN architecture for segmenting and grading brain tumors is shown
in Table 3.8. The brain tumor images that have undergone preprocessing are depicted
as a three-dimensional volume with dimensions of 32x32x32. In the convolutional
layers, the Rectified Linear Unit (ReLU) activation function is applied, featuring a
kernel dimension of 3x3x3. For the max pooling layers, a pooling dimension of 2x2x2
is adopted. The architecture includes fully connected layers with 512 and 256 units,
respectively, also incorporating the ReLU activation function. The output layer
employs a softmax activation function to obtain classification or regression predictions

for multiple classes.

3.3.2 Advanced CNN Architectures

To enhance the effectiveness of brain tumor segmentation and grading, numerous
advanced architectures have been proposed in addition to the fundamental CNN
architecture. These architectures include U-Net, V-Net, and ResNet, among others.
These models often incorporate skip connections, residual connections, or attention
mechanisms to enhance the learning and representation capabilities of CNN shown in

Table 3.9.

Table 3.9: Popular CNN Architectures

Model Description

U-Net  Uses skip links and a U-shaped design to collect contextual data on both a local
and global scale.
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Model Description

V-Net  Extends U-Net with volumetric convolutions and residual connections to improve
the segmentation performance.

ResNet  Introduces residual connections, which provide the network the ability to learn
residual mappings and stop gradients from vanishing.

The U-Net, V-Net, and ResNet architectures are examples of advanced CNN
architectures commonly employed in brain tumor segmentation and grading tasks. Such
designs have demonstrated encouraging results in enhancing the accuracy and

robustness of the models.
3.4 Training and Evaluation of the Network

This segment offers an in-depth discussion on the methodologies employed for training
and testing CNNs used in the classification and segmentation of brain tumors. This
covers the procedures for data collection, preprocessing, network design, training, and

assessment measures.

3.4.1 Training Procedure
Using the prepared dataset and the specified architecture, the CNN model is trained.

The following steps were performed.

1. Division of Dataset into Training and Validation Groups: The dataset is divided
into training and validation groups to guarantee that each group includes a
representative distribution of different types of tumors and their respective

grades.

2. Loss Function: A suitable loss function, such as cross-entropy loss for

classification or Dice loss for segmentation, is defined based on the job.

3. Optimization technique: Throughout the traimng process, the network's
parameters are adjusted utilizing optimization methods such as Stochastic

Gradient Descent (SGD) or Adam.

4. Mini-batch Training: After each mini-batch, the network parameters are
modified, and new mini-batches of training data are created. As a result,
convergence occurs more quickly, and computational resources are used

effectively.
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5. Backpropagation and Parameter Update: Backpropagation is employed to
determine the gradients of the loss function relative to the parameters of the
network. The optimizer then makes parameter adjustments in a manner that

minimizes loss.

6. Learning Rate Schedule: A learning rate schedule is often employed to control
the step size of parameter updates. It may decrease over time to ensure finer

convergence.

7. Regularization Techniques: To avoid overfitting and enhance generalization,

regularization techniques like dropout or weight decay can be used.

The training session persists for a specified number of epochs until a convergence
criterion is met. Throughout this period, the performance of the model on the validation
set is closely monitored to prevent overfitting and to identify the most effective model

configuration.
3.5 Performance Evaluation Metrics

To investigate the accuracy and usefulness of the brain tumor segmentation and grading
system, its performance must be reviewed. A variety of evaluation metrics are available
for measuring the performance of the system. This section discusses standard

evaluation criteria for segmentation and grading tasks.
3.5.1 Segmentation Evaluation Metrics

For both the segmentation and grading tasks related to brain tumors, multiple metrics
are employed to evaluate the effectiveness of the trained CNN model. These metrics
offer numerical evaluations of the model's performance and correctness. Common

evaluation metrics are as follows:

o Dice Similarity Coefficient (DSC): The DSC calculates the overlap between
segmentation mask predictions and ground truth masks, with larger values
indicating more accurate segmentation. Values between 0 and 1 imply superior

segmentation accuracy.

« Sensitivity and Specificity: Sensitivity indicates how well the model can
recognize tumor regions, while Specificity measures how well the model can

detect non-tumor regions.
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Classification Accuracy: This metric assesses how well the model has graded

the tumors by counting the proportion of correctly classified tumor grades.

Receiver Operating Characteristic: The ROC curve illustrates the model's
performance by plotting the true positive rate against the false positive rate at

various threshold levels.

3.5.2 Grading Evaluation Metrics

For evaluating the grading performance, the following metrics can be used:

1.

Classification Accuracy: Classification accuracy represents the proportion of
tumor grades correctly identified from the total tumor cases, serving as a

comprehensive assessment of the grading performance.

Cohen's Kappa Coefficient: Cohen's Kappa coefficient assesses the agreement
between anticipated and actual tumor grades, taking into consideration the
likelihood of coincidental agreement. It has a scale of -1 to 1, with 1

representing complete agreement.

Receiver Operating Characteristic (ROC) Curve: The ROC curve evaluates the
performance of a grading system across different classification thresholds by
plotting the true positive rate (sensitivity) against the false positive rate (1 -
specificity). The area under the ROC curve (AUC) provides a quantitative

measure of the system's overall grading effectiveness.

Confusion Matrix: The confusion matrix encapsulates the predicted versus the
actual tumor grades, as well as the number of correctly and incorrectly
categorized tumors for each grade. It elucidates the precise faults committed by

the grading system.
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Chapter 4

Brain Tumor Segmentation in MRI with Handcrafted

Features

Gliomas represent the most common form of malignant brain tumors, exhibiting the
highest rates of mortality and occurrence. Manual segmentation of brain tumors, on the
other hand, is labor-intensive, susceptible to mistakes and heavily reliant on the
radiologist's expertise and experience. The results of manual brain tumor segmentation
provided by different radiologists for the same patient may differ. Consequently, more
robust and reliable techniques are needed. Biomedical image researchers developed
several semi-automatic and fully automatic brain tumor segmentation methods based
on either a typical ML pipeline and accurate (handcrafted feature based, etc.) or a data
driven strategy (e.g., CNN). Existing methods rely on either handcrafted features (such
as symmetry analysis, alignment-based features analysis, or textural properties) or
CNN. Manual features seek to model domain knowledge, whereas CNN techniques
primarily attempt to create features in an unsupervised manner. Combining various
approaches in a cascaded manner has the potential to outperform either feature-based
or data-driven (e.g., CNN) techniques alone. The output of custom feature-based ML
approaches is intelligently combined and used as previous knowledge as part of a
revolutionary cascaded strategy that is described. It makes use of the BraTS dataset.
T1, Tlc, T2, and FLAIR are the four MRI modalities that are available for each patient.
Additionally, there is manual ground truth data provided for the patients. One of the
most utilized performance measures is Dice Similarity (DS). It evaluates the level of
similarity between the segmentation performed manually using known ground truth and
the segmentation conducted computationally. A Global Convolutional Neural Network
(GCNN) has been created for segmenting brain tumors, which utilizes a combination
of handcrafted features and deep learning techniques. The proposed GCNN
architecture, which contains of two parallel CNNs, CS Pathways CNN (CSPCNN) and
MRI Pathways CNN (MRIPCNN), achieved high accuracy in segmenting brain tumors

in the BraTS dataset. This work holds significant potential for improving the precision
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of brain tumor segmentation, thereby assisting clinicians in enhancing diagnosis and

treatment planning.
4.1 Methodology

The study process for our suggested extended handcrafted feature-based ML strategy
for brain tumor segmentation using various MRI pathways is highlighted in this part.
To measure the success of our suggested strategy, we used the Dice Similarity Score
(DSS) as an assessment tool. This methodology consists of handcrafted feature
extraction, feature labeling, confidence surface generation, and acquisition of the
dataset. A new cascaded approach for fully automated brain tumor segmentation is
developed that first customizes HGG and LGG in MRI images. Then, the results of
HGG and LGG are fed as input to Deep Neural Networks in the form of previous
information. Due to significant variations in the presence, absence, density, contrast
and location of the tumor, the embedding of prior knowledge is challenging in brain

tumor segmentation as compared to other similar medical tasks.
4.1.1 Hand Crafted Feature Extraction

Different handcrafted features were calculated like Extended Local Binary Pattern
(ELBP), DWT, and GLCM. In this study, we employed a set of sophisticated
handcrafted features, each selected for their proven efficacy in capturing distinct
aspects of image texture and form that are indicative of tumor presence. ELBP serve as
an effective texture descriptor, capturing local texture details through a comparison of
each pixel to its surrounding neighbors and encoding the outcomes as binary numbers.
We used ELBP due to its robustness to changes in illumination, which is particularly
important in MRI images where intensity inhomogeneity can be a challenge. By using
an extended version of LBP, we were able to capture fine-grained texture details that
are often present in tumor regions, providing a subtle indication of pathological
changes. DWT is utilized for its ability to decompose images into a hierarchical set of
wavelet coefficients, capturing both frequency and spatial information. This is
particularly useful for identifying irregular patterns and edges, which are common
characteristics of brain tumors. The multi-resolution analysis provided by DWT allows
us to distinguish between various textures and shapes within the MRI images, which

are essential for accurate tumor segmentation. GLCM is a statistical approach that
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quantifies how often pairs of pixel intensity values occur adjacent to each other in an
image, providing a measure of the spatial distribution of gray levels. By calculating the
GLCM for different orientations and distances, we can derive a comprehensive set of
texture features, such as contrast, correlation, energy, and homogeneity. These features
are instrumental in differentiating between the heterogeneous textures of tumor tissues

and the more uniform appearance of healthy brain regions.

Each of these handcrafted features brings a unique set of information to the table, and
their combination is powerful for the task at hand. For instance, while ELBP excels in
capturing edge-like structures that may signify the periphery of a tumor, GLCM offers
insights into the texture regularity which might indicate tumor homogeneity or
heterogeneity. DWT complements these by providing a macro and micro perspective

on the image through its multi-scale analysis.

Together, these handcrafted features form a comprehensive feature set that feeds into
the subsequent machine learning models, laying the groundwork for precise and reliable
brain tumor segmentation. The choice of these features was motivated by their
successful application in previous research, their compatibility with the MRI data, and
their ability to capture a wide range of tumor characteristics, thus ensuring robustness

in the face of diverse tumor presentations.
4.1.1.1 Extended Local Binary Pattern

Local Binary Pattern (LBP) is a robust non-parametric method for feature extraction.
This technique extracts comparatively accurate features with high accuracy and
reasonable processing time. It applies a 3x3 mask to extract the grayscale value of the

middle pixel. Figure 4.1 depicts the prime idea of this work.

Figure 4.1: Feature Extraction process of LBP

In this process, it calculates the middle pixel with the neighbor pixels to convert the

numeric value to binary. If the value of the neighboring pixel is greater than the center
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value, assign them a value of 1; otherwise, assign them a value of 0. Finally, the decimal
value is calculated from extracted 1's and 0's to obtain the LBP operator of the middle
value. This procedure is repeated for every image by shifting the mask in each
individual image. This process is computationally inexpensive and produces more
accurate results. However, the LBP cannot completely display the structure of the
image. Similarly, it cannot contain all the spatial information. The LBP uses scaling,
recurrence, and introduction as coding for every pixel. In this way, it compromises
precision. To address these issues, we use the Extended Local Binary Pattern (ELBP),
as shown in algorithm 4.1. ELBP is an enhanced algorithm that uses scaling, recurrence,
and introduction as a coding scheme in a parallel manner. Thus, it improves the
performance of LBP by using parallelism and increases the precision by concurrently
using these coding schemes. The resultant algorithm enhances the arrangement

exactness of the proposed brain tumor location framework.

Algorithm 4.1: Extended Local Binary Pattern

INPUT
Function ELBP(image): !/ Extended Local Binary Pattern Function
rows, cols = size(image) // Input Image

ELBP(image) = initialize a 2D array of size (rows, cols) with zeros
For each row in range(2, rows - 2):
For each col in range(2, cols - 2):
center pixel = image[row, col]
binary_code_5x5="
1.Calculate 5x5 LBP binary code
For 1 in range(-2, 3):
For j in range(-2, 3):
IFi==0andj=0:
continue
neighbor_pixel = image{row + 1, col +j]
binary_code 5x5 +="l1"if neighbor_pixel >= center_pixel else '0'
2. Count the number of 1s in 5xS binary code
count_ones = count_ones_in_binary(binary_code_5x5)
IF count_ones < 7:
3. Switch to 3x3 neighborhood if less than 7 1s in 5x5 binary code
binary_code_3x3="
For i in range(-1, 2):
For j in range(-1, 2):
IFi==0andj=0:
continue
neighbor_pixel = image[row + i, col + ]
binary_code_3x3 +="1'
IF neighbor_pixel >= center_pixel eise '0’
Elbp_code = binary code 3x3
Else

Brain Tumor Segmentation and Grading Using Handcrafted Features and CNN Page - 59



Chapter#4 Brain Tumor Segmentation in MRI with Handcrafted Features

Elbp_code = binary_code_5x5
Elbp_image[row, col] = binary_to_decimal(elbp_code)
return Elbp_image
4. Function count_ones_in_binary(binary_code):
count=0
For bit in binary_code:
IF bit="1"
count += 1
return count
5. Function binary_to_decimal(binary code):
decimal =0
For i in range(len(binary_code)):
bit = binary_codefi]
decimal += int(bit) * (2**(len(binary_code) -1 - 1))
return decimal
OUTPUT

4.1.1.2 Discrete Wavelet Transformation

DWT is employed to break down the input brain MRI image into various sub-bands.
These sub-bands comprise an approximation sub-band isolating low-frequency data,
along with diagonal, vertical, and horizontal sub-bands. In the initial decomposition
stage, the input brain MRI image is divided into four sub-bands: LL (Low-Low
approximation), LH (Low-High horizontal), HL (High-Low vertical), and HH (High-
High diagonal). In the second level of decomposition, a Discrete Wavelet Transform
(DWT) is applied to the LL sub-band, leading to the generation of HH2, HL2, LH2,
and LL2 sub-bands, equation (4.1). function ¢(x) with respect to the wavelet function
o(sx - k), where "s" and "k" are parameters that control the scale and translation of the
wavelet function While, at third level DWT transformation, LL2 is decomposed into
four bands to produce third level sub bands HH3, HL3, LH3, and LL3 equation (4.2).
Furthermore, fourth level DWT decomposition is applied over LL3. A four-level
decomposition was applied to the brain MRI images, and the resulting extracted

features were used to classify them as either malignant or benign, equation (4.3).

P(X)=Xk=—co ake(sx — k) “.1)
Integral fjom(p(x)(p(x + 1)dx = 60,1 4.2)
x= X2 o(D]* [aN — 1 - k(2x — k)] 4.3)
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Figure 4.2 displays the sub-band images obtained from applying the DWT to the brain

MR 1mages at a four-level decomposition.

Figure 4.2: DWT sub-band images are in shows the decomposition of brain MR images
using DWT at level 4

4.1.1.3 GLCM Features

GLCM is a statistical approach for feature extraction. GCLM features map is produced
using pixels’ orientations at 0°, 45%, 90°, and 135°. The pixel orientation at 45° is used
for constructing the matrices. The process is presented in Equation (4.4) and Equation
(4.5). The Gray Level Co-occurrence Matrix (GLCM) is a matrix where P(i, j)
represents the number of times the ith pixel with value i occurs in a specific orientation
45° and is adjacent to the jth pixel with value j. pixel (i, j) in the image P(i, j), calculate
the squared difference [(i - j)]*2 between the intensities of neighboring pixels. From
this matrix, relevant features such as correlation, contrast, entropy, and energy are

extracted for use in the classification of brain MRI.

ContracCM = ¥4, P(i,j) * [({ — ]2 (4.4)

m _ Pi—ud)*(i—pn j)2=P(i,j
CorrelationGM = Lh=iPC Al - ) &) 4.5)
ojoi
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In this context, pi and pj represent the means of the GLCM matrix in the x and y
directions, respectively, while N denotes the number of rows and columns in the GLCM
matrix. When calculating GLCM-based features, oi and oj stand for the standard

deviations of the GLCM matrix in the x and y directions, respectively.
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Figure 4.3: Tllustrates the feature labeling process
4.1.2 Feature Labeling

In this phase, we labeled feature vectors regarding the provided ground truth. Figure
43 illustrates the feature labeling process. Feature labeling represents a crucial phase
in the pipeline of machine learning and pattern recognition tasks within medical
imaging. In the context of brain tumor segmentation, labeling involves assigning a class
or category to each feature vector extracted from the MRI images. This is founded on
the ground truth, which usually comes from expert annotations signifying whether
tumors are present or absent in different areas of the brain. In this phase, our primary
goal is to ensure that each feature vector accurately reflects the underlying pathology
as delineated in the ground truth data. The feature vectors generated from the

handcrafted feature extraction process, encompassing techniques like Extended Local
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Binary Patterns (ELBP), Discrete Wavelet Transforms (DWT), and Gray Level Co-
occurrence Matrix (GLCM), undergo a meticulous labeling process. These labels are
binary or multiclass, indicating whether the corresponding pixel belongs to a tumor or
non-tumor region or to different tumor sub-regions such as necrotic core, edema, or

enhancing tumor.

The reliability of the feature labeling directly impacts the accuracy of subsequent
machine learning models. Mislabeling features can lead to poor model performance and
inaccuracies in tumor segmentation, which can adversely affect clinical decision-
making. Thus, we employ a rigorous validation process to verify the correctness of the

feature labels against the ground truth provided by medical experts.
4.1.3 Confidence Surface Generation

Finally, the generated feature vectors are mapped as additional MRI modalities. Which

"

1s named Confidence Surface (CS) illustrated in Figure 4 4.
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Figure 4.4: Illustrates the Confidence Surface generation process
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Focusing on gliomas, which are the predominant form of primary brain tumors, the

Brain Tumor BraTS [100] challenge explores methods for segmenting brain tumors.
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The dataset consists of 240x240x155-mm MRI volumes with four different contrast
modalities: T1, Tlc, T2, and FLAIR. Five different tumor sub-region labels, including
necrosis (NCR), edema (ED), non-enhancing tumor (NET), enhancing/active tumor
(AT), and all other classifications, are labeled for each voxel. The BraTS 2018 dataset
consists of 75 MRI scans for Low Grade Gliomas (LGG) and 210 scans for High Grade
Gliomas (HGG).

4.1.5 Data Augmentation

We are using the BraTS dataset for our experiments, that consists of a small number of
images. On the contrary, CNN requires a high number of training samples to learn high
dimension features. Otherwise, there is a considerable risk of overfitting. In order to
mitigate the risk of overfitting, many authors have used data augmentation techniques
[102]. Data augmentation increases the number of samples by taking copies using
flipping, rotation, and mirroring dimensions. We utilized a blend of these data

augmentation strategies to expand our training dataset.
4.1.6 CNN Architecture

After the successful generation of the CSmodalities with handcrafted features, our
proposed global CNN (GCNN) architecture is comprised of two parallel CNNs. Each
CNN uses two pathways (i.e., local, and global pathways) illustrated in Figure 4.5.
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Figure 4.5: Proposed CNN Architecture
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The first CNN is called CSPCNN. The CSmodalities, along with the given manual
ground truth are processed. The second CNN is called MRI Pathways CNN
(MRIPCNN). Along with the provided manual ground truth, the MRI imaging
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techniques undergo processing. Both the CSPCNN and MRIPCNN models feature
local pathways comprising five convolutional layers, each with a 3x3 convolutional
kemnel operating at a stride of 1, and a single pooling layer that also uses a 3x3 kemnel

but varies the stride across 1, 3, 4, and 5. This configuration is detailed in Table 4.1.

Table 4.1: Architectural detail of CSPCNN Local Pathway

Layer Type Filter size Strides Filters FC Input QOutput
unit
Layer! Convolution 3x3 Ix1 64 - 4x33x33  64x31x31
Layer2 Convolution 3x3 Ix1 64 - 64x31x31  64x29x29
Layer3 Convolution 3x3 Ix1 64 - 64x29x29  64x27x27
Layer4 Max-pool 3x3 Ix1 - - 64x27x27  64x25%25
Layer5 Convolution 3x3 Ix1 64 - 64x25%25  64x23x23
Layer6 Convolution 3x3 Ix1 64 - 64x23x23  64x21x21

Table 4.2: Architectural detail of CSPCNN global Pathway

Layer Type Filter size Strides Filters FC unit Input Output
Layerl Convolution 7=7 1x1 128 - 4x33x33  128x27x27
Layer2 Convolution 7x7 Ix1 128 - 128 x 27x27 128x21x21

The first CNN is called CSPCNN. The CSmodalities, along with the given manual
ground truth are processed. The second CNN is called MRIPCNN. The MRI modalities,
along with the provided manual ground truth, are processed. Both CSPCNN and
MRIPCNN have local pathways consisting of five convolutional layers with a 3x3
convolutional kernel at stride 1 and one pooling layer with a kernel size of 3x3 at strides

1,3,4,and 5.

Similarly, the global pathways of both CSPCNN and MRIPCNN are comprised of two

convolution layers with convolutional kernels of size 7x7 at stride 1 see Table 4.2.

Table 4.3: Architectural detail of Global CNN

Type Filter size  Strides Filters FC unit Input Output
FC 256 256 x 21 x 21 14,450,688
FC 128 -

Softmax 5 -

The architectures of the two CNNs are integrated by merging their respective feature

maps. These combined feature maps are subsequently processed through two closely
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connected layers. Softmax activation is used for the final segmentation. The ReLU loss

function is employed to evaluate the model's performance.
4.2 Experiments

The research implementation process is divided into two stages. The first stage involves
the implementation of handcrafted features, such as ELBP, DWT, and GLCM) at each
pixel neighborhood. The second phase consists of the performance of GCNN (i.e.,
CSPCNN and MRIPCNN).

In the phase, three handcrafted features, i.e., ELBP, DWT, and GCLM, are computed

in a local neighborhood at each pixel location shown in Figure 4.6.
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Figure 4.6: Pixel Level Neighborhood with Kernel Sizes of 3,5,7, and 9

The computed features are combined to construct a single feature vector, and
subsequently, each pixel is labeled as either healthy or tumorous, as shown in F 1gure
47.

In the dataset, each MRI modality is assigned a unique contrast signature to the same
tumor pixel location. Taking inspiration from this observation, a separate modality has

been created from handcrafted features.
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Figure 4.7: Pixel Level Example Labeling
This pixel classification generates four CSmodalities shown in Figure 4.8, Figure 4.9,
Figure 4.10 and Figure 4.11. We kept three horizontal and vertical strides in the healthy
region and one horizontal and vertical stride in the tumor region. Due to the class

imbalance issue, the results of handcrafted techniques are positively biased.
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Figure 4.8: T1-weighted MRI confidence surface
As a result, this leads to improved quality in CSmodalities, directly impacting the final
brain tumor segmentation. The output of the first phase, CSmodalities, serves as input

to CSPCNN during the second phase of implementation. CSPCNN processes the output
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of handcrafted features based on traditional ML, which function as estimated prior
knowledge in GCNN.

19

10

Figure 4.10: T2-weighted MRI confidence surface

During the second phase of the implementation process, the output of the first phase
(i.e., CS-modalities), along with the given ground truth is provided to CSPCNN as
input. Similarly, four MRI modalities (i.e., T1, Tlc, T2, FLAIR) along with ground
truth are also provided to MRIPCNN as input. The detailed information on CSPCNN,
MRIPCNN, and GCNN can be seen in Figure 4.11.
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Figure 4.11: FLAIR MRI confidence surface
To evaluate the efficacy of our proposed model, we conducted a thorough analysis
employing various widely accepted metrics such as the Dice score. Additionally, as

demonstrated in Figure 4.12.

T1 Tlc T2

Figure 4.12: predated MRI model

Table 4.4 presents a comparative analysis between the traditional CNN approach and
the suggested GCNN method, highlighting the improvement in performance metrics
achieved by incorporating handcrafted features into the brain tumor segmentation

process.

Table 4.4: Performance Evaluation of Brain Tumor Segmentation Using CNN and

GCNN Approaches
Method Whole Tumor Core Tumor Active Tumor
Pure CNN Approach 0.77 0.69 0.65
Proposed GCNN 0.87 0.79 0.75

The training and validation loss Figure 4.13 illustrates the gradual decrease in loss

throughout the training process. This loss reduction signifies that the model is
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effectively leaming and improving its predictive capabilities as it iterates over the

training data.

Figure 4.14 illustrates the training and validation loss over 100 epochs, indicating

improvements in the model's performance and its increasing accuracy in making

predictions over time.
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Figure 4.14: Training and Validation Loss over 100 Epochs
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To evaluate the efficiency of our hybrid approach, which merges manually designed

features with CNN, we conducted a comparative analysis with state-of-the-art

methodologies documented in recent research.
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Table 4.5: Performance evaluation of the proposed model vs state of the art.

Ref. Method Whole Core Active
Tumor Tumor Tumor

[25] Divide-wise 2D-patches extracted by 2D-  0.83 0.73 0.69
CNN

[28] 3D-patches extracted by using 3D-CNN 0.86 0.74 0.71

[26] Global and local 2D patches with cascaded 0.86 0.79 0.73
2D-CNNs

[29] Extract multi 2D patches using pixel level  0.67 Not Not

reported reported
[23] 2D-CNNs 0.76 0.81 0.73

Proposed  Handcrafted Features and Global Pathway  0.87 0.79 0.75
System

Table 4.5 presents the performance comparison. The outcomes show that GCNN’s
overall performance is accurate. With a momentum of 0.9, a weight decay of 0.1, a

learning rate of 0.005, and stochastic gradient descent, these results were produced.
4.3 Chapter Summary

This chapter discusses the prevailing methods for segmenting brain tumors primarily
depending on manually designed characteristics (such as symmetry analysis,
alignment-based feature analysis, or textural properties) or deep CNN. Handcrafted
features aim to incorporate domain knowledge, while CNN approaches focus on
unsupervised feature generation. Integrating these techniques in a sequential cascade
could potentially exceed the performance of other feature-based or data-driven
techniques individually. The present study involved the development of a GCNN
consisting of CNN for CS Pathways to manage CS modalities in conjunction with the
given ground truth, and another CNN for MRI Pathways. The objective of this study is
to construct a proficient deep convolutional architecture supplemented with manually
designed features capable of effectively managing various categories of tumors. This
study highlights the potential of concatenating traditional feature-based approaches
with deep learning methods to improve the accuracy of brain tumor segmentation. The
proposed GCNN can be further refined and optimized to achieve even higher
segmentation accuracy. Additionally, the approach can be extended to other medical
imaging applications, such as the detection and segmentation of other types of tumors

or lesions, to aid in diagnosis and treatment planning.
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Chapter §

Multimodal Lightweight Approach for Brain Tumor Grade

Prediction

On a worldwide scale, Brain tumors, a potentially lethal condition, impact millions of
individuals. They inflict harm upon healthy brain tissue and have the potential to elevate
intracranial pressure, leading to potentially fatal consequences in numerous instances.
Early identification and accurate classification of brain tumors are crucial for optimal
treatment planning and effective patient management. This section suggests utilizing
the multimodal lightweight Gradient Boosting Technique (MM-XGB) to predict the
grade of brain tumors. Brain tumors are categorized based on their grades using an
ensemble machine learning technique. This method involves preprocessing MRI data
to extract features based on intensity, texture, and shape. The analysis is performed on

285 MRI scans of patients diagnosed with gliomas from the BraTS 2020 dataset.

The proposed lightweight method demonstrates high performance in classifying brain
tumors, with an accuracy of 93.0%, precision of 0.94, recall of 0.93, and F1 score of
0.94. The results underscore the potential of the proposed strategy as a valuable
instrument for early detection and strategic formulation of treatments for brain tumors.
The study findings demonstrate the potential of the proposed MM-XGB methodology
as an effective and convenient approach for accurately classifying brain tumors. This
strategy holds the capacity to facilitate the timely 1dentification and formulation of

treatment plans, ultimately augmenting the quality of patient care and outcomes.
5.1 Introduction

Primary brain tumors are a major worldwide health issue, leading to a significant
number of cancer-related deaths. The ABTA reports that there are approximately
700,000 individuals in the United States who are impacted by brain tumors, and around
88,000 new cases are diagnosed annually [103]. Given the increasing prevalence of
brain tumors, it is crucial to promptly and efficiently diagnose and treat them in order

to improve patient outcomes. Brain tumors are usually classified according to their
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histopathological characteristics, which determine their grading and prognosis. The
ICD-10, which is the result of intemational collaboration, employs three-digit numeric

codes for the classification of diseases [104].

The traditional approach to grading brain tumors necessitates pathologists to manually
assess histological characteristics, which is both time-consuming and subjective [105].
This methodology frequently results in significant discrepancies among observers,
leading to inconsistent choices in treatment and potentially less than optimal results for
patients [106]. It is essential to develop objective and automated techniques for grading
and classifying brain tumors in order to overcome these limitations. ML techniques
have become influential tools in the field of medical image analysis, showcasing the
exceptional capacity for assessing and categorizing brain tumors [107]. ML algorithms
possess the capability to autonomously detect and analyze patterns and characteristics
within medical images, thereby enabling a more impartial and uniform assessment and
categorization of tumors. Moreover, these algorithms possess the capability to
efficiently handle immense volumes of data, rendering them highly adaptable and
appropriate for extensive applications [108]. Integrating machine learning algorithms
into brain tumor grading classification processes can greatly enhance patient outcomes
by offering more accurate and consistent grading [109]. This enables healthcare
practitioners to formulate personalized treatment strategies and accurately monitor the
progression of illnesses. ML algorithms can reduce the burden on pathologists and
radiologists by automating the grading and analysis of medical images, which are
typically time-consuming tasks [110]. ML techniques have significantly transformed
medical image analysis, leading to improved precision and effectiveness in diagnosing,

treating, and monitoring a wide range of diseases [111].

Medical image analysis is an essential component of clinical practice as it offers vital
insights into the structure and functioning of different organs and tissues. Various
machine leamning techniques, such as supervised learning, unsupervised learning, semi-
supervised learning, and reinforcement leaming, are employed in the analysis of
medical images. These techniques are crucial in extracting significant data from the
extensive range of medical imaging data, assisting in the process of diagnosing,
planning treatment, and managing patients [112]. Each of these techniques is
customized for particular tasks, and their application in medical image analysis is

anticipated to grow, resulting in enhanced patient outcomes and decreased burden on
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healthcare providers. This study seeks to deepen the comprehension of machine
learning techniques used in the analysis of medical images, particularly focusing on the
classification of brain tumor grades. The text emphasizes the advantages of employing
ML algornithms to enhance the accuracy and dependability of tumor grading. This
advancement possesses the capability to improve patient results and diminish the
workload for medical professionals. ML approaches have demonstrated significant
potential in transforming medical image analysis, especially in the classification and
grading of brain tumors. The utilization of ML algorithms offers several advantages,
including the ability to tailor treatment plans to individual patients, enhance patient
outcomes, and effectively monitor the progression of illnesses. The increasing
utilization of machine learning (ML) techniques in medical image analysis is expected
to improve patient care and alleviate the burden on healthcare professionals. The use of
machine leamning techniques in medical image analysis is expected to continue
growing, resulting in improved patient outcomes and reduced burden on healthcare

professionals.

The gradient-boosting algorithm is suggested for constructing a compact machine

learning model that accurately determines the grade of a brain tumor.

The integration of an ensemble learning model with multiple gradient boosting

techniques enhances accuracy and mitigates overfitting.

A refined regularization technique to augment the precision of tumor detection and

mitigate overfitting, thereby enhancing accuracy.

The proposed work is motivated by the pressing necessity to accurately and efficiently
classify brain tumor grades. This approach seeks to enhance patient care and outcomes
by utilizing machine learning and multimodal features extracted from MRI data to
improve early diagnosis and treatment planning. The ramifications of utilizing machine
learning for brain tumor grading are advantageous in tailoring treatment plans to
individual patients. Additionally, it aids in enhancing disease progression and

alleviating the workload on healthcare providers.
5.2 Methodology

This section introduces the proposed system for autonomously evaluating brain tumors.

The approach involves utilizing diverse sets of data and employing an optimized
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methodology centered around XGBoost. This procedure entails several sequential
steps: initially, data preparation is conducted, followed by the extraction of salient
features, and ultimately, the integration of all components utilizing a specialized form

of classification known as ensemble classification as in Figure 5.1.

Grading

Pre-processing Feature Extraction
Yo T

Figure 5.1: An efficient method for classifying brain tumors based on their severity

Data was acquired from the BraTS for 2020 [101] and the Local hospital under the
supervision of a Radiologist. The BraTS dataset is readily accessible for research
purposes and 1s commonly employed as a reference for segmentation tasks. The dataset
comprises 285 and 59 scans conducted on patients with gliomas using various imaging
techniques, such as T1-weighted, T2-weighted, contrast-enhanced T1-weighted, and
FLAIR sequences. The scans were carefully analyzed by skilled radiologists to
determine the tumor grade according to the WHO categorization system. Subsequently,
a training set comprising 70% of the data and a testing set comprising 30% were

generated.

T1-weighted T1-weighted T2-weighted FLAIR Ground Truth

contrast
Figure 5.2: Various Modalities of a Brain Tumor in BraTS

Figure 5.2 exhibits an MRI specimen obtained from the BraTS dataset. The scan
comprises T1-weighted, contrast-enhanced, T2-weighted, and FLAIR sequences. The
T1-weighted sequence provides a clear distinction between the tumor and cerebral

tissue. The T1-weighted contrast-enhanced sequence yields additional data on tumor
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vascularity. The T2-weighted and FLAIR sequences reveal the presence of tumor
edema and infiltration into surrounding tissues. Table 5.1 displays the distribution of
tumor grades in the BraTS dataset. The dataset comprises tumor Grades II, III, IV, and
non-tumor. Tumors classified as Grade-IIl and Grade-IV have a more unfavorable
prognosis compared to tumors classified as Grade-II. Non-tumor scans enable the

model to differentiate between brain tissue and tumor tissue.

Table 5.1: Tumeor grades in the BraTS dataset distribution.

Tumor Grade Number of Scans Private
Grade-II 118 26
Grade-III 121 14
Grade-IV 46 9

No Tumor 0 10
Total 285 59

Skull segmentation, standardization of intensity levels, and alignment of images were
performed to enhance the quality of the dataset. Skull stripping is a process that
eliminates non-brain tissue from MRIs. Scan intensity values were standardized across
modalities through intensity normalization. Image registration is the process of aligning
scans from different modalities. The training, validation, and testing sets are generated
randomly from the dataset. The validation set is employed to select the appropriate
hyperparameters, the testing set is utilized to assess the performance of the model, and
the training set is employed to train the machine learning model. This study utilized the
BraTS (Brain Tumor Segmentation) dataset to outline the process of preparing the
dataset. The dataset includes information on the grades of tumors and the quality

assurance measures taken.
5.2.1 Preprocessing

Preprocessing is an essential stage in converting unprocessed data into a format that is
better suited for analysis. It often involves multiple procedures. Preprocessing of MRI
scans typically involves multiple procedures aimed at removing unnecessary brain

tissues, adjusting image intensities, and reducing the size of the images.

The MRI preprocessing procedures are presented in Table 5.2; image registration is
commonly the first step in the preprocessing of MRI data. Image alignment refers to
the process of arranging multiple images, whether they depict the same object or
different objects, in a common coordinate system. Skull stripping involves removing

all non-brain tissues from the images. It is crucial to perform this step because the

Bram Tumor Segmentation and Grading Using Handerafted Features and CXN Page - 76



«

Chapter#5 Multimodal Lightweight Approach for Brain Tumor Grade Prediction

presence of non-brain tissues can impact the accuracy of the analysis. Skull stripping

was performed using the Brain Extraction Tool (BET) in this case.

Table 5.2: Preprocessing procedures for MRI imaging

Preprocessing Step Method

Image Registration Elastix library in Python

Skull Stripping BET

Intensity Z-score normalization method
Normalization -

Resampling Voxel size of Imm x Imm x Imm

Ultimately, the images were adjusted to a consistent size of 240x240 pixels. Resizing
the images is essential to standardize their sizes for analysis, as different images may
have varying dimensions. The selection of a fixed size of 240x240 pixels may have
been influenced by considerations such as the resolution of the original images and the
computational resources accessible for analysis. The preprocessing steps were essential
to ensure that the MRI scans were in a suitable format for analysis using machine

learning models.
5.2.2 Feature Extraction and Selection

Intensity- and texture-based features were utilized to extract characteristics from MRI
scans. Within MRI scans, intensity-based features gather the numerical values of each
pixel's intensity, whereas texture-based features document the spatial organization of

pixels. The summary of extracted features is displayed in Table 5.3.

Table 5.3: Overview of Extracted Features

Feature Type Features Extracted

Intensity-based Different brain areas' means, standard deviations, skewness, and kurtosis
Texture-based  Using GLCM, contrast, energy, homogeneity, and entropy

Shape-based Area, Perimeter, Circularity, Solidity, and Eccentricity of tumor regions

Intensity-based features are mathematical descriptors that represent the numerical
values of intensity within an MRI image. These characteristics are frequently calculated
from distinct regions of interest (ROIs) within the MRI image that correspond to various

types of tissue, such as healthy brain, tumor, or necrotic tissues. Several intensity-based
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features have been devised for brain tumor grading, such as mean intensity, standard

deviation, skewness, kurtosis, histogram features, and texture features.

The mean intensity function calculates the average intensity of a region of interest
(ROI). The mean intensity values of tumor tissue are higher than those of normal brain
tissue. The standard deviation measures the variability of ROI intensity. Higher-grade
cancers often exhibit heterogeneous tissue. Skewness and kurtosis evaluate the
distribution of ROl intensity. Kurtosis evaluates the degree of peakedness or flatness in
a distribution, whereas skewness quantifies the extent of asymmetry. Elevated

skewness and kurtosis values may indicate the presence of unhealthy tissue.

=1
MRI Mean = (l)x Gn
n

n=Lt

Where Li is the intensity value of pixel i and n is the total number of pixels in the ROL

N :
so_\/(n)xg(u MRI Mean) (52)

where n is the ROI's pixel, Li is the pixel's intensity value, and mean is the ROI's mean

intensity value.

1. &, Li—MRI Mean
Skew =(— = 7 5.3)
ness (n)xZ[ 5 ] (

i=l
In this context, "n" denotes the number of pixels within the region of interest (ROT).
The term "Li" represents the intensity value of pixel "I" located within the region of
interest (ROI). The term "mean" denotes the average intensity value of the region of

interest (ROI), while "SD" stands for its standard deviation.

L
Entropy = ixlog,(pi))
Py Zl:(p g,(p 54

The equation involves the variable L, which represents the number of gray levels in the
region of interest (ROI). Additionally, pi represents the probability of gray level I

occurring, and log2 refers to the logarithm with base 2.

Brain Tumor Segmentation and Grading Using Handcrafted Features and CXN Page - 78



«

L e

Chapter#5 Multimodal Lightweight Approach for Brain Tumor Grade Prediction

Kurtosis is a statistical metric that quantifies the degree of "peakedness" or "flatness"

of a distribution. Kurtosis is a useful measure for characterizing brain images in the

analysis of MRI images.
l «(x -X)*
K=—%VY"=2]
N Z &' (5.5)

Where K is the image's kurtosis, N is the number of voxels, Xi is the ith voxel's
intensity, and Xis the image's mean intensity. The image intensity standard deviation is
sigma.

Histogram features are obtained by analyzing the distribution of intensity values within
a Region of Interest (ROI). Some examples of histogram features are the percentiles,
which quantify the intensity values that are below a specific percentage of the pixels.
Entropy quantifies the level of randomness or lack of organization in the intensity
values. The utilization of intensity-based features has the potential to enhance the
accuracy of MRI brain tumor grading, either independently or in conjunction with shape
or texture features. Additionally, they have the ability to track changes in tumor
characteristics over a period of time in order to assess the effectiveness of treatment
and the overall condition of the patient. Overall, the utilization of intensity-based MRI
features enhances the accuracy of brain tumor diagnosis and treatment. Texture-based
attributes are employed in the fields of image processing and computer vision. GLCM
quantifies the statistical distribution of gray levels in an image. The process entails
constructing a matrix that evaluates the spatial correlation between pixels exhibiting
particular gray-level values. Texture-based characteristics indicate the presence of
image texture. GLCM is capable of extracting texture-related measures such as contrast,
energy, homogeneity, and entropy. Contrast quantifies the local variations in pixel
intensity of an image. Homogeneity quantifies the spatial separation of pixels that have
the same gray-level values, whereas energy evaluates the level of uniformity in an

image. Entropy quantifies the level of disorder in an image.

n-l
Contrast = )" (i- j)* x p(i, /) (5.6)

1,7=0
P(1,)) is the normalized frequency of occurrence of pixel pairings with gray levels i and
J, where 1 and j are the gray-level values of two nearby pixels.
n-1
Energy =Y’ pi, j)’ (5.7

1,7=0
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where n is the gray levels in the image and P(1,j) is the normalized frequency of pixel
pairs with i and j.
i,j
pG. j) )

n—l
Homogeneity = ,,,Z;?) (m (5.8)

where N is the number of gray levels in the image, p(i,j) is the normalized frequency of

pixel pairs with gray levels i and j, and [i-j} is the absolute difference.

n-1
Entropy = —energy = 3" (p(i, j)xlog,(p(, j) +¢) (5.9)

1,7=0

Let N represent the number of gray levels in the image. P(i,j) denotes the normalized
frequency of pixel pairs with gray levels i and j. To avoid undefined logarithm values
for probabilities of 0, a small value is added. Texture features derived from GLCM
(Gray-Level Co-occurrence Matrix) can augment image processing tasks such as
segmentation, recognition, and classification by offering valuable insights that lead to

enhanced accuracy and performance.

Shape-based characteristics are essential in the analysis of MRI brain tumor Images.
The aforementioned features offer quantitative metrics such as area, perimeter,
circularity, solidity, eccentricity, convexity, compactness, and symmetry of the tumor
region. These metrics can be employed to differentiate among various kinds of brain
tumors, monitor the progression of tumor growth, and assess the effectiveness of
treatments. Furthermore, these features can be used as inputs for machine learning
algorithms to develop predictive models for diagnosing and treating brain tumors. From

a mathematical standpoint, it can be expressed as.

A=Y p(x,5,) 5.10)

The pixel intensity value of each region of the tumor is denoted as P(xi, yi). Determine
the perimeter of the tumor region by measuring the length of its boundary. The

procedure can be expressed as:

P=Yp(x +Ly)=p(x,y) (5.11)
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The expression P(xi, yi) denotes the intensity value of a pixel located on the boundary
of the tumor region. The sum of all boundary pixels is calculated. The circularity of the
tumor region is defined as the ratio of its perimeter to its area. Mathematically, it can

be expressed as shown in Equation 12.

c= 4 (.12)

P

P represents the perimeter of the tumor, while A represents its area. The eccentricity of
the tumor region is mathematically expressed by the ratio of the length of the major
axis to the distance between the foci of the best-fitting ellipse.

(1-b)

2

a (5.13)

E=

The lengths of the best-fitting ellipse's major and minor axes are a and b.
5.2.3 Multimodal Lightweight XGBoost

The Multimodal Lightweight XGBoost approach is a machine leaming technique used
to predict the grade of brain tumors. It employs a combination of XGBoost classifiers
to form an ensemble. This method entails the amalgamation of various modalities of

MRI scans to forecast the severity level of brain tumors.

XGBoost is a gradient boosting framework that uses decision trees to model the
relationships between features and the target outcome. The model constructs an
ensemble of decision trees in an iterative manner, employing gradient descent to
minimize the loss function. The XGBoost algorithm, which is lightweight, accesses

features from MRI data with n samples and m dimensions.

f(x) =Z:ﬂ€(X) (5.14)

F(x) 1s used to forecast the labels of new samples. The function f k(x) denotes the
collective sum of K regression trees ranging from 1 to k. Every regression tree is trained
to minimize the value of L, which signifies the difference between the predicted and
actual values. The loss function L can be represented by any differentiable function,

such as mean squared error for regression tasks or binary cross-entropy for
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classification tasks. XGBoost finds the regression trees {fk} from k=1 to K that

minimize the following objective function.
n k

IR =1K = Y L(yi, F(xi)) + Y Q%) 5.15)
=1 k=1

The term Q(f_k) represents a regularization term that penalizes intricate trees in order

to avoid overfitting. The regularization term commonly adopts the structure.

Q(fk):yT+1/2gZT:Wf (5.16)

T represents the nufnzlber of leaves in the tree, w; represents the weight of the j* leaf,
and gamma and lambda are hyperparameters that control the level of regularization.
The XGBoost algorithm employs a gradient-boosting technique to train the trees. At
every iteration t, the algorithm incorporates a new tree ft into the ensemble by training

it on the negative gradient of the current forecasts' loss function.

My _if_t-x_i)
f t=1(x_i) (5.17)

Subsequently, the weight that governs the learning rate is combined with the ensemble,

along with the addition of the new tree.

Fi(x)=F _t-1(x)+9x fi(x) (5.18)

The suggested efficient approach repeats this procedure until the loss function reaches
convergence or the maximum number of trees K is attained. The ultimate forecast is

derived by aggregating the predictions from each individual tree within the ensemble.
5.2.4 Lightweight Ensemble

The proposed Lightweight model utilizes an ensemble of multiple XGBoost decision
trees to generate predictions. Every individual decision tree in XGBoost yields a
prediction that is relatively weak, but these predictions are subsequently aggregated
with the predictions of other trees to generate a final prediction. The ultimate forecast
is a calculated combination of the forecasts generated by each individual tree, with each
tree being assigned a weight according to its performance. To grade brain tumors, one
can train multiple instances of the XGBoost algorithm using various subsets of
multimodal data. Each occurrence can undergo training using distinct hyperparameters,
including the learning rate, the quantity of trees, the maximum depth for each tree, and

the minimum count of instances needed for splitting a node, as detailed in Table 5.4.

Brain Tumor Segmentation and Grading Using Handcrafted Features and €NN Page - 82



«

Chapter#5 Multimodal Lightweight Approach for Brain Tumor Grade Prediction

This facilitates the generation of varied instances of the algorithm that can effectively

complement each other's respective advantages and disadvantages.

After training each iteration of the algorithm, their predictions can be aggregated to
generate a conclusive prediction for the tumor grade. A weighted average approach is
employed to merge predictions. The ultimate prediction is determined by the formula:
where Yi represents the prediction of the ith instance of the algorithm, Wi denotes the
weight assigned to the ith instance, and " Wi represents the sum of weights. The weights
can be ascertained by evaluating the performance of each instance on a validation set.
The weight assigned to each grade can be computed using the formula that follows:
(Weight for grade i) = (Accuracy for grade i on the validation set) / (Total accuracy on

the validation set):

. 1
Wi= -
(1+exp(-A xerror i) (5.19)

The variable error_i represents the validation error of the ith instance, while 4 is a

tuning parameter that determines the significance of the validation error in the weight

calculation.
Table 5.4: Overview of the Ensemble hyperparameters
Learning Number Maximum Minimum Validation Weight
Rate of Trees Depth Instances  Error
XGBoostl 0.1 100 6 10 0.2 0.47
XGBoost2  0.05 200 4 20 0.18 0.53
XGBoost3 0.2 50 8 5 0.24 0.43

The hyperparameters used for training three instances of the XGBoost algorithm for
brain tumor grading are displayed in Table 5.4. Every occurrence is trained on a distinct
subset of the multimodal data, utilizing distinct hyperparameters. The validation error

and weight for each instance are displayed as well.

5.3 Results and Discussion

The BraTS 2020 dataset was employed, and stratified sampling was implemented
during the training process to tackle the issue of class imbalance. The preprocessing of
the MRI images involved three steps: scaling, intensity normalization, and skull
extraction. The dataset is primarily composed of Grade-II cancers, with Grade-III and

Grade-IV tumors being significantly underrepresented, resulting in a severe imbalance.
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The imbalance in the dataset may adversely affect the performance of the ML models,
leading to potentially inaccurate results,

Stratified sampling is employed to tackle the problem of class imbalance in model
training and testing. Stratified sampling ensures that the distribution of samples from
each class in the training and testing sets is proportional to the distribution of samples
in the entire dataset. The preprocessing of medical images, specifically MRI scans, is
an essential phase in the analysis process. Preprocessing is performed to enhance the
quality of images and reduce the effects of noise and artifacts. The MRI images in the
dataset were subjected to preprocessing prior to training the machine learning models
on them. Skull normalization, resizing, and stripping were all steps involved in the
preprocessing procedure. The BET method was employed to conduct skull stripping,
which involves the removal of non-brain elements. The images' intensity levels were

adjusted through normalization to achieve a mean of zero and a standard deviation of

one. The images were subsequently resized to a definitive dimension of 240x240 pixels.

Figure 5.4: MRI after Preprocessing

The MRI scans undergo Image registration, skull stripping, intensity normalization, and
resampling to improve their quality and minimize the impact of noise and artifacts.

These processes are detailed in Table 5.3 and Table 5.4.

Subsequently, the subsequent step involves extracting distinctive features from the
preprocessed MRI scans. Feature extraction refers to the process of extracting valuable

information from images that can be used as inputs for machine learning algorithms.
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The study involved extracting the features from the preprocessed MRI scans, as
indicated in Table 5.5.

Table 5.5: Features extracted for various grades of brain tumors.

Feature Type Grade-II Grade-111 Grade-1V
Mean Mean Mean
Std Dev Std Dev Std Dev
Intensity-based
Skewness Skewness Skewness
Kurtosis Kurtosis Kurtosis
Contrast Contrast Contrast
Energy Energy Energy
Texture-based
Homogeneity Homogeneity Homogeneity
Entropy Entropy Entropy
Area Area Area
Perimeter Perimeter Perimeter
Shape-based Circularity Circularity Circularity
Solidity Solidity Solidity
Eccentricity Eccentricity Eccentricity

Table 5.6 lists the results of feature extraction for each grade of brain tumor. The

retrieved features are categorized into three groups: intensity-based, texture-based, and

shape-based features. Several characteristics were obtained for each category, and the

average values of those characteristics were computed for each tumor grade. For the

category based on intensity, features including mean intensity, standard deviation of

intensity, median intensity, minimum intensity, and maximum intensity were extracted.

As the tumor grade increases, there is a corresponding increase in the mean intensity,

standard deviation, median intensity, minimum intensity, and maximum intensity.

Table 5.6: Extracted features' results for each tumor grade.

Feature Feature Name Grade-I1 Grade-III Grade-1V

Category
Mean intensity 140.63 156.45 175.24
The standard deviation of 36.27 42.12 50.37

. intensity

Intensity-based \ 1o sian intensity 14327 158.79 178.64
Minimum intensity 68.94 76.42 86.79
Maximum intensity 245.67 25236 255.00

Texture-based  Entropy 0.34 042 0.52
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Feature Feature Name Grade-I1 Grade-II1 Grade-1V

Category
Contrast 0.15 022 0.31
Energy 0.19 0.17 0.13
Homogeneity 0.58 0.53 0.43
Area 0.31 0.41 0.59
Perimeter 044 0.52 0.68
Eccentricity 0.16 0.13 0.11
Solidity 0.14 0.13 0.10

Shape-based Equivalept diameter 0.37 0.42 0.47
Major axis length 0.22 0.26 0.30
Minor axis length 033 0.36 0.39
Orientation 0.08 0.12 0.16
Extent 0.20 0.26 0.32
Aspect ratio 0.14 0.16 0.18

Various features such as entropy, contrast, energy, and homogeneity were derived
within the texture-based classification. The table demonstrates a positive correlation
between tumor grade and entropy and contrast values, indicating that as the tumor grade
increases, so do these values. Conversely, a negative correlation exists between tumor
grade and energy and homogeneity values, suggesting that these values decrease as the

tumor grade increases.

The shape-based category extracted features such as area, perimeter, eccentricity,
solidity, equivalent diameter, main and minor axis lengths, orientation, extent, and
aspect ratio. Empirical evidence demonstrates that tumor grade inversely correlates
with eccentricity, solidity, and orientation while positively correlating with the area,
perimeter, equivalent diameter, main axis length, minor axis length, extent, and aspect
ratio. In summary, the outcomes of the feature extraction procedure indicate that the

extracted features possess valuable data for discerning various grades of brain tumors.

Table 5.7: Classification results using MM-XGB for each tumor grade

Tumor Grade Accuracy  Precision  Recall F1-Score
Grade-II 92.0% 0.93 0.92 0.92
Grade-III 90.0% 0.92 0.91 091
Grade-IV 93.0% 0.94 0.93 0.94

When analyzing the individual tumor grades, as displayed in Table 5.7, the MM-XGB
attained the highest level of accuracy for Grade-IV tumors (93.0%), with Grade-II
tumors following closely behind (92.0%) and Grade-III tumors achieving a slightly
lower accuracy (90.0%). The precision values exhibited high accuracy for all tumor
grades, ranging from 0.92 to 0.94. Precision is a metric that quantifies the proportion

of correctly identified cases among all the identified cases. A high precision value for
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each tumor grade indicates that the algorithm accurately identified many true positive

cases.

The recall values, which varied between 0.91 and 0.94 for all tumor grades, were also
exceptionally high. A high recall number indicates that the algorithm effectively
1dentified many true positive cases, as recall measures the percentage of actual positive
cases that the system successfully detected. Furthermore, we conduct a comparison

between MM-XGB SVM and RF classification methods for each Tumor Grade.

Table 5.8: SVM Classification Results for Each Tumor Grade

Tumor Grade  Accuracy Precision  Recall F1-Score
Grade-II 84.0% 0.85 0.84 0.84
Grade-III 78.0% 0.77 0.78 0.77
Grade-IV 72.0% 0.72 0.72 0.71

According to the data presented in Table 5.8, the SVM classification algorithm attained
a total accuracy of 78.0% when applied to the BraT$ 2020 dataset for tumor grading.
The Grade-1I tumors had the highest accuracy rate of 84.0%, followed by Grade-III
tumors with an accuracy rate of 78.0% and Grade-IV tumors with an accuracy rate of
72.0%.

The precision and recall values were computed for each tumor grade. Recall quantifies
the algorithm's ability to correctly identify true positive cases, while precision
quantifies the proportion of identified cases that are actually true positive cases. The
Fl-score comprehensively assesses the algorithm's performance by calculating the

harmonic mean of precision and recall.

Table 5.9: RF Classification results for each Tumor Grade

Tumor Grade  Accuracy Precision Recall F1-Score

Grade-II 82.0% 0.81 0.82 0.81
Grade-1II 76.0% 0.73 0.76 0.73
Grade-IV 68.0% 0.67 0.68 0.67

Table 5.9 presents the results of the RF classification algorithm for each tumor grade in
the BraTS 2020 dataset. The algorithm achieved an overall tumor grading accuracy of
75.3%. Grade-II cancers exhibited the highest level of accuracy, achieving an 82.0%
rate. Grade-III tumors followed closely behind with a 76.0% accuracy rate, while

Grade-IV tumors ranked third with a 68.0% accuracy rate. The precision, recall, and F1
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scores were computed for each tumor grade. Precision measures the proportion of
correctly identified positive cases among all detected cases, while recall measures the
proportion of true positive cases correctly identified by the algorithm. The recall levels
varied between 0.68 and 0.82, while the precision values ranged from 0.67 to 0.81. The
F1 scores varied between 0.67 and 0.81. The RF classification system attained a 75.3%
accuracy in tumor grading on the BraTS 2020 dataset.

5.4 Chapter Summary

This research showcases the capacity of machine learning algorithms to categorize
brain tumor grades using medical imaging data effectively. Future research in brain
tumors may lead to the development of more comprehensive and personalized treatment
plans, ultimately enhancing patient outcomes. The results of MM-XGB demonstrate
promising progress in utilizing machine leamning algorithms for classifying brain tumor
grades. Nevertheless, there remains potential for further advancement, and further
investigation is necessary in various domains. The methodology has limitations, such
as a possible absence of diversity in the dataset and restricted applicability to multiple
datasets and imaging techniques. The precise categorization of brain tumor grading has
substantial clinical implications, as it can guide treatment choices and enhance patient
outcomes. Subsequent research should prioritize the conversion of the encouraging
outcomes of machine learning algorithms into practical applications in the medical
field, which involves creating accessible software tools that can be utilized by

healthcare practitioners.
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Chapter 6

Brain Tumor Segmentation Using Federated Learning

Segmenting brain tumors in medical imaging while ensuring the confidentiality and
protection of patient data. Privacy regulations and security concerns frequently impede
the progress of advanced Al-based medical imaging applications by creating obstacles
to data sharing in traditional centralized approaches. We suggest employing a Federated
Learning methodology in this investigation to address these difficulties. The framework
we propose facilitates collaborative learning by training the segmentation model on
decentralized data from various medical institutions while ensuring that raw data
remains confidential. By using the U-Net-based model architecture, which is widely
recognized for its outstanding performance in semantic segmentation tasks, we
highlight the ability of our approach to be easily implemented on a large scale in
medical imaging applications. The experimental results demonstrate the impressive
efficacy of Federated Learning, resulting in a substantial increase in specificity to 0.96
and dice coefficient to 0.89 when the number of clients is increased from 50 to 100. In
addition, our proposed approach surpasses current CNN and RNN based methods,
attaining superior accuracy, improved performance, and enhanced efficiency compared
to conventional CNN and RNN approaches. The results of this study contribute to the
progress of medical image segmentation while maintaining the confidentiality and

protection of data.
6.1 Methodology

This section presents the methodology for constructing a fuzzy logic framework to
segment brain tumors. The text provides an overview of the dataset utilized, the
preprocessing procedures conducted, the server-client framework, the techniques
employed for model aggregation, the U-Net base architecture with modifications, and

the evaluation metrics used. Furthermore, the discussion includes the implementation
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of model compression to minimize the communication overhead associated with client

data transfer, along with the presentation of its performance.

6.1.1 Dataset

The research uses a benchmark dataset, i.e. BraTS [113] dataset containing MRI, which
are brain tumor scans. The BraTS images consist of four modalities of each MRI. These
modalities are T1-weighted, T1-weighted contrast-enhanced, T2-weighted, and FLAIR
[34]. The dataset offers an extensive and varied collection of brain tumor images to
train and evaluate deep leaming models. The dataset's specifics are outlined in Table

6.1.

Table 6.1: Comparison of Datasets for Brain Tumor Imaging Analysis

. Imaging Ground
Dataset Patients modalities Truth Tumor Type
BraTS 285 T1, TICE, T2, Yes Glioma, Meningioma
FLAIR

6.1.2 Preprocessing

Before training the deep learning model, we conducted multiple preprocessing
procedures on the MRI images to improve the quality and uniformity of the data.
Initially, we performed skull stripping using the FMRIB Software Library (FSL)
toolbox to eliminate non-brain tissues and artifacts [114]. Followed by intensity
normalization to reduce the intensity variations between the different modalities using
the z-score normalization method [115]. Similarly, in the subsequent steps, image
registration was conducted to align the images within the same anatomical space,
utilizing the Advanced Normalization Tools (ANTS) toolbox [116]. Different data
augmentation methods are applied to increase the diversity of the dataset and prevent

overfitting using random rotations, translations, and elastic deformations.

6.1.3 Federated Leaning Model’s Structure

The FL framework comprises a server-client architecture in which the server
orchestrates the training process while the clients carry out local model updates using

their respective data. Figure 6.1 illustrates the server-client architecture used.
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Figure 6.1: Server client structure of FL
The server-client architecture enables training a deep learning model using a vast
quantity of distributed data while simultaneously ensuring data privacy and
confidentiality. Every client independently trains its local model using its data without
sharing it with the server or other clients. This approach minimizes the possibility of
data leakage and guarantees data privacy. Furthermore, the server consolidates the local
model updates from the clients through secure communication protocols, thereby

augmenting the confidentiality and integrity of the data, as illustrated in Table 6.2.

Table 6.2: The FL architectare consists of server and client components.

Component Description

Server Oversees the worldwide model and consolidates the weights of
the model obtained from the clients. Subsequently, the combined
weights are transmitted back to the client to enhance their weights
for improved outcomes.

Client The client sends the weight of their model, which represents the
difference between the local and global models, to the server for
aggregation. In this study, we conducted local model updates
utilizing multiple clients.

We employed a centralized server for executing the model aggregation process.
However, alternative Federated Learning (FL) frameworks, such as peer-to-peer and

hierarchical architectures, can also be utilized based on the application's specific needs.

The server-client architecture is an essential component of the FL framework, allowing
for training precise and resilient deep learning models for medical imaging applications.

It also guarantees data privacy and confidentiality.
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6.1.4 Proposed Model Architecture

This section focuses on constructing the model framework for segmenting brain tumors
using Federated Learning (FL). The procedure entails the selection of a fundamental
framework, its modification for brain tumor segmentation, and selection a suitable loss

function and evaluation metrics.
6.1.4.1 BASE ARCHITECTURE

The underlying framework establishes the core framework of the model and its

WL AR 3 13X 112 124 313 112

-—-' ‘\ -
| Hd“
. 411,
| 3

Figure 6.2: U-net Architecture

capacity to extract pertinent characteristics from the input data. Various foundational
frameworks have been suggested for image segmentation, such as U-Net, V-Net, and
Fully Convolutional Networks (FCN).

The U-Net architecture is extensively applied in the segmentation of medical images

because it effectively captures the input image's local and global features. The system
comprises an encoder that extracts features from the input image, and a decoder that
generates the segmentation map, as depicted in Figure 6.2. The V-Net architecture
employs residual connections to enhance the training process's efficiency and stability.
FCNs are a specific type of architecture that exclusively comprises convolutional layers

and can handle images of any size.

We selected U-Net as the foundational structure for brain tumor segmentation because
of its established efficacy in medical imaging tasks.
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6.1.4.2 Adaptations for Brain Tumor Segmentation

Customizing the fundamental structure to the particular objective of brain tumor
segmentation is crucial for enhancing the precision of the model. This may involve
adjusting the architecture parameters or incorporating supplementary layers to capture
distinct characteristics. An often observed adaptation involves incorporating skip
connections, which facilitate the transmission of characteristics from the encoder to the
decoder. This aids in retaining spatial information and enhances the accuracy of
segmentation. Another modification involves implementing attention mechanisms,

which direct the model's focus toward the most significant sections of the input image.

We incorporated skip connections into the U-Net architecture to enhance its precision
in brain tumor segmentation. The selection of multimodal input is determined by the
types of input present in the dataset, which include four categories of images: T1, T2,
T3, and T4.

Batch normalization is employed to mitigate the issue of overfitting in the model.
Furthermore, once the data has been normalized, dropout is implemented as an
additional measure to reduce the problem of overfitting. The SoftMax function is
employed to obtain the pixelwise prediction for the brain tumor class. The information

is presented concisely Table 6.3.

Table 6.3: Modifications Implemented in the U-Net Framework for Brain Tumor

Segmentation

Adaptations Description
Multi-modal Increased the number of input channels to handle multiple MRI
input modalities, including T1-weighted, T1-weighted with contrast, T2-

weighted, and FLAIR.
Batch Implemented batch normalization layers to enhance generalization and
normalization alleviate overfitting.
Dropout Incorporated dropout layers to prevent overfitting further

SoftMax Output  Utilized a SoftMax activation function to configure the last layer,
enabling the generation of pixel-wise probabilities for each tumor class.

6.1.4.3 Loss Function and Evaluation Metrics

Choosing a suitable loss function is pivotal in effectively training a deep learning
model. We selected the Dice loss function for our study, which effectively addresses

the class imbalance often encountered in medical image segmentation tasks. The Dice
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loss function is derived from the Dice coefficient, a widely used similarity metric for

comparing the similarity between two sets.

Aside from the Dice coefficient, the model's effectiveness was assessed with additional
metrics such as sensitivity, specificity, and the Jaccard index. Sensitivity quantifies the
ratio of accurately detected positive instances compared to the total count of positive
cases. Conversely, specificity measures the proportion of accurately recognized
negative instances relative to the overall number of negative cases. The Jaccard index,
also called the Intersection over Union (IoU), quantifies the proportion of the
overlapping area between the predicted and ground truth segmentations relative to their

combined area.

We developed a customized model architecture for brain tumor segmentation using
Federated Learning (FL) by meticulously choosing the base architecture, making
required adjustments, and employing suitable loss functions and evaluation metrics.

The details of this architecture can be found in Table 6.4.

Table 6.4: Essential Variables and Tunable Parameters of the Constructed Model

Parameter/Hyperparameter Value
Base architecture U-Net
Skip connections Yes
Number of convolutional layers 4
Number of pooling layers 4
Learning rate 0.001
Batch size 16
Number of local training epochs 5

The dice coefficient serves as an evaluation metric. The dice coefficient exhibits
excellent performance in the dataset based on images. It computes the disparity between
the real and anticipated images. The distinction lies in comparing the values 1 and 0,
where 0 signifies a lack of correspondence, and 1 signifies a complete match of 100

percent.
6.1.5 Model Aggregation

Model aggregation is an essential process in the Federated Leamning framework, in
which the server merges the model updates received from the clients to generate a

global model that accurately represents the patterns present in the entire dataset.
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Various methods can be employed for model aggregation, such as basic averaging,

weighted averaging, and Federated Averaging, as illustrated in Figure 6.3.

Figure 6.3: Federated Averaging

Federated Averaging is an advanced method that merges the advantages of basic and
weighted averaging. During the process of Federated Averaging, each client undergoes
multiple training epochs to update its local model before transmitting the updated model

to the server.

The server consolidates the model updates by computing a weighted average, with the
weights determined by the number of data points contributed by each client.
Subsequently, the worldwide model is transmitted back to the clients for additional
localized training and validation. This process is iterated for multiple rounds until the

global model reaches convergence as shown in Algorithm 6.1.

Federated Averaging is employed to consolidate the model updates obtained from the

clients. Federated Averaging has demonstrated superior performance in various
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Federated Leamning (FL) applications, such as medical imaging, compared to simple

averaging and weighted averaging methods.

Algorithm 6.1: Model Aggregation

INPUT
GlobalModel: Initial global model
NumberRounds: Number of aggregation rounds
NumberLocalEpochs: Number of local training epochs per round
Clients: List of clients

OUTPUT
FinalGlobalModel: ~ An aggregated global model

1 INITIALIZATION:

2 Initialize the Global Model with basic parameters

3 FOR round IN RANGE (NumberRounds):

4 Server.broadcast(GlobalModel)

5 FOR EACH client IN Clients:

6 LocalModel = Copy(GlobalModel)

7 NumberofDataPoints = 0

8 FOR epoch IN RANGE(NumberLocalEpochs):

9 SampledData = Client.sample_data()

10 NumberOfDataPoints += len(SampledData)

11 LocalModel.train(SampledData)

12 Client.sendmodelupdate(LocalModel NumberofDataPoints)

13 TotalDataPoints = sum([clientpoints for, client points in Clients])
14 GlobalModelUpdate =0

15 FOR Client, NumberDataPoints IN Clients:

16 ClientUpdate = Client.receive_model_update()

17 WeightedUpdate= NumberoDataPoints/ totalDataPoints) * ClientUpdate
18 GlobalModelUpdate += WeightedClientUpdate

19 GlobalModel.update(GlobalModelUpdate)

20 RETURN GlobalModel

6.2. Experiments and Results

this section provides a detailed account of the experimental configuration and
outcomes employed to assess the efficacy of the FL. model in segmenting brain tumors.
More precisely, we evaluate the model's effectiveness by examining its Dice

coefficient, sensitivity, and specificity.
6.2.1 Model Training and Validation

To train and validate the federated learning (FL) model, we followed a standard
procedure of dividing the data into separate training and validation sets. The training
set was used to adjust the model's parameters, while the validation set was used to assess

the model's performance. Each client autonomously trained their local model using their
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unique data, while the server aggregated the model updates using a weighted averaging
technique. We evaluated the model's performance using the Dice coefficient,

sensitivity, and specificity.
6.2.2 Hyperparameter Tuning

Hyperparameters significantly influence the performance of a deep learning model. We
utilized a grid search methodology to enhance the FL model's hyperparameters. We
conducted experiments by adjusting the learning rate, weight decay, and other
hyperparameters. We then chose the combination with the highest validation

performance, as shown in Table 6.5.

Table 6.5: Overview of the Hyperparameter Tuning Process

Hyperparameter Description

Optimization Method  Grid search

Tuning Learning rate, weight decay, etc.

Validation Selected the combination of hyperparameters
Performance with the best validation performance

6.2.3 Comparison with Traditional and Deep Learning Methods

To assess the efficacy of the FL model in segmenting brain tumors, we conducted a
comparative analysis with conventional model training methods such as centralized
learning and distributed learning. In addition, we conducted a comparison between the
FL model and other DL models, such as CNNs, RNNs, and deep neural network

architectures.

Table 6.6: Evaluating the performance of various learning models for the analysis of medical

images
Model Dice Coefficient Sensitivity Specificity
Centralized Learing 0.84 0.89 0.92
Distributed Learning 085 0.88 094
Federated Learning 0.87 0.90 095

Imtially, we assessed the efficacy of the FL model on the BraTS 2019 dataset and
juxtaposed it with conventional methods of model training, such as centralized learning
and distributed learning. Table 6.6 presents a summary of the performance metrics for

each model.

.'.> shown in Table 6.6, the FL model surpasses the centralized and distributed learning

approaches regarding the Dice coefficient, sensitivity, and specificity. This suggests
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that the FL. model is proficient in precisely dividing brain tumors by utilizing distributed

data while maintaining privacy and security.

Furthermore, we assessed the efficacy of the FL model by comparing its performance
not only with conventional model training methods like centralized and distributed
learning but also with other prevalent deep learning models typically employed for

brain tumor segmentation.

The FL model surpasses all other deep learning models regarding the Dice coefficient,
sensitivity, and specificity. These findings demonstrate that the FL approach is highly
efficient in accurately dividing brain tumors, even compared to other advanced deep

learning models.

Table 6.7: Evaluation of Performance of Different Models

Model Dice Coefficient ~ Sensitivity  Specificity
Federated Learning 0.87 0.90 095
CNN 0.82 0.87 0.93
RNN 0.76 0.81 0.89
Other Neural Networks 0.80 0.84 0.92

As shown in Table 6.7, the FL model exhibits superior performance regarding the Dice
coefficient, sensitivity, and specificity. This suggests that the FL. model is proficient in
precisely dividing brain tumors by utilizing distributed data without compromising

privacy or security.

Comparative Analysis
1
0.8
0.6
04
02
0
Federated Deep Neural
Leamning Networks

8 Dice Coefficient  mSensiuvity = Specificity

Figure 6.4: Analyze and compare various neural network models

As shown in Figure 6.4, the FL model outperforms centralized and distributed learning
approaches regarding the Dice coefficient, sensitivity, and specificity. This further
substantiates the FL approach's efficacy in segmenting brain tumors.
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As shown in Figure 6.5, The FL. model outperforms other commonly employed deep
learning models, such as CNNs, RNNs, and different neural network architectures, to

achieve a higher Dice coefficient, sensitivity, and specificity for brain tumor

Model Performance Scores
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Figure 6.5: Model Performance Score
segmentation.

The FL model's superior performance stems from its capacity to utilize distributed data
from various sources, enhancing model generalization and mitigating overfitting. The
FL approach offers a means of upholding data privacy and security, which is crucial in

medical imaging applications where patient confidentiality is paramount.
6.2.4 The Dice Coefficient, Specificity, and Sensitivity

The dice coefficient is a widely used metric for segmentation tasks that quantifies the
dissimilarity between predicted and actual segments by assigning values ranging from
0 to 1. The value 0 indicates a mismatch, while the 1 indicates a perfect match. The dice
coefficient score obtained in our experiments is 0.87, which signifies a significant level

of accuracy in the segmentation of brain tumors.

Aside from the dice coefficient, two supplementary metrics are employed to assess the
classification's performance. The metrics in question are specificity and sensitivity.
These metrics stem from the confusion matrix and are calculated utilizing values of true
positives, true negatives, false positives, and false negatives. The specificity quantifies
the model's ability to accurately predict cases unrelated to tumors. OQur experiments

demonstrate a score of 0.95, which is significantly high. The specificity, on the other
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hand, calculates the percentage of tumor cases correctly identified. The experiments

produced a score of 0.90, signifying a high level of accuracy.

The experiments have shown that FL is highly effective for segmenting brain tumors.
The FL model outperforms traditional model training methods in terms of accuracy.
The elevated values of the Dice coefficient, sensitivity, and specificity demonstrate the
capacity of FL to enhance medical imaging through precise segmentation of brain
tumors, all while upholding the confidentiality and security of data. The FL model's
exceptional performance can be attributed to its capacity to exploit distributed data from

various sources, thereby enhancing model generalization and mitigating overfitting.
6.2.5 The Influence of Federated Learning on Data Privacy and Security

FL remedies the difficulties associated with preserving data confidentiality and
safeguarding against breaches in medical imaging applications. This section examines
the influence of Federated Learning (FL) on the confidentiality and protection of data,
encompassing an assessment of the potential for data leakage and the effectiveness of

the communication protocol.
6.2.5.1 Evaluation of Data Leakage Risks

FL offers a significant benefit in terms of preserving data privacy and security. It
achieves this by enabling model training to occur directly on client devices, eliminating
the need to transmit data to a central server. This approach mitigates the potential for

data leakage or illicit entry into confidential patient information.

To assess the likelihood of data leakage in our federated learning framework, we
performed a comprehensive analysis of potential threats to identify any vulnerabilities
present in the system. We have identified two main risks: the possibility of model

inversion attacks and the potential for membership inference attacks.

Model inversion attacks aim to reconstruct or extract sensitive data from a trained
model. Membership inference attacks aim to ascertain whether the model was trained
using data from a particular individual. To reduce these risks, we implemented various
methods such as differential privacy, encryption, and secure aggregation protocols. The
experiments demonstrated that implementing the v approach and adequate security
measures can reduce the likelihood of data leakage and safeguard the confidentiality of

patient data.
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6.2.5.2 Efficiency of the Communication Protocol

A possible drawback of federated leaming is the requirement for regular
communication between the clients and the server, which can be influenced by factors
such as network bandwidth and latency. This section assesses the efficacy of the

communication protocol employed in our Federated Learning framework.

A method of model aggregation was employed known as weighted averaging, wherein
the weighted mean calculated of the local model updates contributed by each client
device. The computational cost of this method is high when dealing with large datasets,
as it necessitates the transfer of substantial volumes of data between the clients and the

SErver.

To reduce the computational burden, we utilized various methods such as model
compression and sparsification, specifically Quantization and L1 Regularization, to
decrease the volume of data that required transmission. Our experiments demonstrated
that these techniques can significantly reduce the computational burden of the

communication protocol, thereby enhancing the efficiency of federated learning.

The experiments conclusively showed that FL successfully preserves data privacy and
security while achieving exceptional accuracy in brain tumor segmentation. The
assessment of data leakage risks and the effectiveness of the communication protocol
suggest that Federated Learning (FL) is a feasible method for medical imaging
applications that require the utmost data privacy and security. Additional research can
investigate alternative methods to enhance the efficiency of federated learming (FL),
such as employing more efficient protocols for model aggregation or developing

innovative techniques for compression and sparsification.
6.2.6 Scalability of the Approach

Scalability is an essential factor to consider when implementing Federated Learning to
extensive datasets or when expanding the number of participating clients. This section
examines the influence of client quantity on performance and the compromises between

computation and communication expenses.
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6.2.6.1 Impact of the Number of Clients on Performance

The number of clients engaging in the FL framework can substantially influence the
model's overall efficacy. As the client base expands, the model needs to be trained in a
broader range of data spread across different sources. This can result in enhanced
generalization and performance. Nevertheless, a more significant number of clients also

amplifies the computational burden of the model aggregation procedure.

To assess the influence of client quantity on performance, we carried out experiments
with different client quantities ranging from 10 to 100. The findings of our study
indicate that augmenting the client base resulted in enhanced model efficacy, as

evaluated by the Dice coefficient, sensitivity, and specificity, as presented in Table 6.8.

Table 6.8: Summary of the Influence of Client Quantity on Model Performance

Number of Clients Dice Coefficient Sensitivity Specificity
10 0.85 0.89 0.93
50 0.87 091 0.94
100 0.89 0.92 0.96

Table 6.8 demonstrates that an increase in the number of clients resulted in enhanced
model performance. Specifically, the FL model exhibited a higher Dice coefficient,
sensitivity, and specificity. Nevertheless, with the growing number of clients, there has
been a corresponding rise in communication and computation expenses, resulting in

lengthier training durations and heightened overhead.
6.2.6.2 Trade-offs between the costs of computation and communication

The FL approach necessitates balancing the costs associated with communication and
computation. To maintain privacy and security, the data must remain stored on the
client's devices, which requires regular communication between the clients and the
server. This can result in substantial expenses related to communication, mainly when

dealing with extensive datasets or a high number of participating clients.

To minimize the expenses associated with communication, we implemented various
strategies such as model compression and sparsification. These techniques were utilized

to decrease the volume of data that required transmission. Nevertheless, employing
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these techniques can result in a higher computational burden on the process of model

aggregation, thereby causing training times to be extended.

Table 6.9: The effects of model compression and sparsification on communication,
computation, and test accuracy

Model Model Communication Computation Test
Compression Scarification Cost (kB) Cost (ms) Accuracy
Level Level

Low Low 500 100 0.85

Low Medium 750 150 0.89

Low High 1000 200 0.92
Medium Low 750 120 0.87
Medium Medium 1000 180 0.91
Medium High 1250 240 0.93

Table 6.9 demonstrates that eclevating the degree of model compression and
scarification decreased communication expenses while increasing computation
expenses. Our experiments revealed that the ideal equilibrium between computation
and communication expenses was contingent upon the magnitude of the dataset and the

number of clients.

Contrast the expenses of transmitting information and the duration required for
calculations in synchronous and asynchronous protocols. Synchronous protocols are
characterized by the synchronization of all nodes in the network, where each node
patiently waits for the others before advancing to the subsequent step. Asynchronous
protocols enable nodes to function autonomously without requiring coordination from

other nodes.
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Conclusion and Future Work

7.1 Conclusion

In conclusion, this research has successfully addressed the critical challenge of brain
tumor segmentation and grading, essential for timely medical intervention and
improved patient outcomes. The proposed cascaded approach, combining handcrafted
features and Convolutional Neural Networks (CNNs), has demonstrated remarkable

efficacy in accurately identifying tumor regions and assessing tumor malignancy.

The Global Convolutional Neural Network (GCNN) architecture, with its parallel
Confidence Surface Pathways CNN (CSPCNN) and MRI Pathways CNN (MRIPCNN),
has shown superior performance in segmenting brain tumors. By incorporating
handcrafted features into the CSPCNN and using MRI data as input for the MRIPCNN,
the proposed approach leverages the strengths of both feature types, leading to

significantly improved segmentation results.

Experimental results have validated the efficacy of the proposed GCNN approach,
achieving high Dice scores for whole tumor, core tumor, and active tumor
segmentation. The method's ability to accurately identify tumor regions is a crucial
advancement over traditional segmentation methods, promising more precise diagnosis

and treatment planning.

Moreover, this research has tackled the complex task of tumor grading using a
multimodal lightweight XGBoost classifier. The grading algorithm achieved promising
results by incorporating intensity-based, texture-based, and shape-based features
extracted from preprocessed MRI data. The classifier's ensemble mechanism further

enhanced tumor grading accuracy, enabling reliable tumor malignancy assessment.

The proposed methodology's potential impact on clinical decision-making and patient
care is significant. The proposed system offers a promising step forward in medical
imaging and brain tumor analysis by providing more accurate and efficient brain tumor

analysis. Clinicians can leverage this advanced approach to make more informed
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treatment decisions and personalize patient care based on precise tumor

charactenzation.

This research thesis presents a novel and effective approach to brain tumor
segmentation and grading, combining handcrafted features and CNNs. The successful
integration of artificial intelligence-based solutions with medical imaging has the
potential to revolutionize brain tumor analysis and contribute to better patient outcomes
in neuro-oncology. As the burden of brain tumors continues to impact individuals and
society, the proposed methodology holds great promise in advancing medical research

and clinical practice, improving the lives of those affected by brain tumors.
7.2 Future Work

The following key areas present opportunities for enhancing the proposed approach and

addressing essential challenges:

Enhanced Data Augmentation: Implementing more sophisticated data augmentation
techniques is crucial to enhance the model's capacity for generalization to diverse brain
tumor cases. Practices like elastic deformation, random rotations, and spatial
transformations can augment the dataset, ensuring better performance on challenging

and varied tumors.

Multi-Modal Fusion: Exploring the fusion of information from multiple imaging
modalities, such as MRI, CT, and PET, holds promise in enhancing tumor
characterization. By integrating complementary information from different modalities,

we can improve the accuracy and reliability of both segmentation and grading results.

Uncertainty Estimation: Incorporating uncertainty estimation techniques within the
CNN model offer meaningful perspectives on the model's assurance in its predictions.
Exploring Bayesian neural networks and dropout-based methods can help quantify

uncertainty and enhance the model's reliability.

Attention Mechanisms: Integrating attention mechanisms into the CNN architecture
can help the model focus on relevant tumor regions, improving its sensitivity to critical
features. Attention mechanisms will enhance interpretability and improve the model's

performance.
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Transfer Leamning: Investigating transfer leamning techniques will enable the model to
leverage knowledge from related tasks or domains. Pre-training the CNN on large-scale
medical imaging datasets or related segmentation tasks can enhance the model's ability

to generalize to new datasets and clinical scenarios.

Ensemble Methods: Combining multiple models can boost segmentation and grading
performance by exploring ensemble methods. Ensemble techniques, such as model

averaging or stacking, can provide robust predictions and reduce overfitting.

Clinical Validation: Extensive clinical validation using real patient data and in
collaboration with medical experts is essential to validate the effectiveness of the
proposed approach in real-world clinical settings. This validation will demonstrate the

method's reliability and potential for practical implementation.

Handling Tumor Heterogeneity: Addressing the inherent heterogeneity of brain tumors
is a critical challenge. Investigating methods to manage different tumor subtypes and
regions within the same tumor will lead to more accurate and comprehensive

segmentation and grading.

Integration into Clinical Workflow: Implementing the proposed methodology into a
clinical decision support system requires user-friendly interfaces and visualization tools

to ensure easy adoption and interpretation by healthcare professionals.

Longitudinal Studies: Conducting longitudinal studies to monitor tumor growth and
treatment response over time can provide valuable insights into disease progression and
treatment efficacy. Longitudinal data can improve tumor grading accuracy and

facilitate better patient management.

In conclusion, the future work for this research involves refining and extending the
proposed approach, exploring advanced techniques, and conducting extensive clinical
validation. By addressing these areas, the proposed methodology can continue to
advance brain tumor analysis, contributing to improved diagnosis, treatment planning,
and patient outcomes in neuro-oncology. The potential impact of this research extends
beyond brain tumor analysis, offering valuable contributions to the broader field of

medical image analysis and artificial intelligence-based solutions in healthcare.
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