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ABSTRACT

GEOMETRIC ANALYSIS OF PATHOLOGICAL CHANGES IN THE
BRAIN USING MRI IMAGES FOR TUMOR DIAGNOSIS

Akmakchi, Aynoor Sameer Mahmood
M.Sc., Electrical and Computer Engineering, Altinbas University,
Supervisor: Asst. Prof. Dr. Mesut CEVIK
Date: 12/2022
Pages: 78

Any kind of camouflage treatment increases the chance of developing a brain tumor diagnosis
analysis or another condition. Researchers have found common risk factors and symptoms of
brain tumors after poring through massive amounts of data from individuals who have been
diagnosed with the disease. New therapeutic approaches are being developed all hours of the
day and night thanks to advances in scientific technology. The doctor may discover and diagnose
a brain tumor by looking at this photograph. Consciousness loss is a major risk factor for the
development of brain tumor diagnosis (Segmentation, measurements, detection, and
classification), and this trend is only expected to grow. This study utilizes an algorithm to
forecast disease risk specifics based on the detected tumor region in brain MRI scans and
measurements, and the work focuses on determining the tumor's range and form. A tumor is an
abnormal, uncontrolled development of tissue. There are several tumor varieties, each with its
own unique characteristics and therapeutic approaches. Due to the nature of the tumor and the
small size of the cerebral cavity, brain tumors are very dangerous and potentially fatal (space
formed inside the skull). According to studies of causes of death, brain tumor deaths are

disproportionately high in wealthy nations.
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It accurately forecasts disease details from the tumor location and establishes the stage and size
of the tumor. Segmentation techniques for brain tumors are the combination of fuzzy c-means
and thresholding used here. This technique enables tumor tissue segmentation with precision
and consistency on par with that hand segmentation. To insure the medical report, we have done
a color map of the brain tumor and non-infected area. When testing the proposed framework on
MRI and CT images, the tumor identification rate was about 96%, with a DSC of 97 % and an

loU of 96 for automated and manual brain tumor segmentation.

Keywords: MRI Images, Machine Learning, Segmentation and Measurements, Classification,

Brain Tumor.
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1. INTRODUCTION

As a result of aberrant cell growth, a tumor is formed in the body. Since the brain is the body's
master controller and regulator, malignancies, which are masses of tissue generated when
aberrant cells grow out of control, are the most critical organs to study. Brain cancer has yet to
be linked to a single cause. Malignant brain tumors, despite their rarity, have a significant
mortality rate since they are located in the body's most essential organ (just 2.0 percent of all
documented malignancies in the globe). As a result, early and correct segmentation of brain
tumors is critical to reducing the death toll. An MRI scan is a time-consuming and labor-
intensive technique. The human body's various anatomical components may be revealed through
image processing methods. Simple imaging technologies can't reveal the human brain's
abnormal structure. Magnetic resonance imaging (MRI) allows for the differentiation and
clarification of the human brain's neural architecture. Start by focusing on noise reduction and
color visualization of the tumor area in order to reduce the complexity of the segmentation and
measurements of tumor size, location, and shape variation. After segmentation, morphological
filtering may be used to remove any noise. A tumor's benignity or malignancy may be

determined with high precision segmentation as well.
1.1 CLINICAL BACKGROUND AND REVIEW

It is possible to obtain images of various parts of the body for the specific purpose of diagnosis
and treatment by making use of medical imaging techniques and the technology that is made
available through digital health. In addition to other soft tissues, a three-dimensional image of
the brain and spinal cord can be obtained through the use of the magnetic resonance imaging
(MRI) method. This approach is frequently utilized when depicting human anatomy and
function [5].

Because it is in charge of coordinating all the functions carried out by the body, the human brain
is widely regarded as one of the most significant components of the human organism. Infections,
strokes, and tumors are just a few of the many conditions that can lead to brain damage. There

are also many other conditions that can cause brain damage. A brain tumor is a mass of abnormal
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cell improvement that can either be cancerous or noncancerous and that develops in the brain.
Brain tumors can be either benign or malignant. When it comes to determining whether or not
a patient has a brain tumor, the most reliable diagnostic tool is an MRI (MRI). In recent years,
there has been an uptick in [6] interest in the field of medical image processing, specifically in
regards to MRI images. This is because there is a requirement for a thorough, unbiased, and
effective investigation of significant amounts of data. Medical research and clinical assessments
of the diseased and healthy human mind are dependent on the identification of brain
malignancies and the automated categorization of brain tissue from MRI images. Without this
information, neither medical research nor clinical assessments will be possible. This is true
regardless of the state of the person's mental health. The step in the process of medical imaging
in which different regions of an MRI picture are sliced off and grouped together in order to

prepare for further computation is the most essential step in the procedure.

This study gives a broad overview of brain tumors as well as the diagnostic tests that may be
used to locate them. Also covered are the potential causes of brain tumors. The physical
foundations upon which MRI technology is built are another topic that will be covered in this
chapter. This article presents a thorough analysis of the dataset, as well as its acquisition and
application from the perspective of traditional MRI. In addition, regardless of the fact that the
primary goal of this thesis is to segment brain tumors, the approaches and methods developed
would be applied to the other clustering challenging task of brain damage in to demonstrate their
capacity to segment an image. This will take place despite the fact that the primary objective of
this thesis is to segment brain tumors. In spite of the fact that the primary objective of this thesis
is to segment brain tumors, this will still take place. [7] This article presents a summary of the
pathogenesis of ischemic stroke, as well as its prevalence in the general population.

Principal Component Analysis (PCA) and a two-dimensional Deep Wavelet Transform (D-
DWT) are two types of methods that can be used in order to determine which facets of a picture
are the most significant. Both of these methods can be found in the field of image analysis
(PCA). They used a Feed-forward Neural Network (FNN) in conjunction with a K-Nearest
Neighbor (KNN) method in order to categorize the data (KNN). Ripple Transform (RT) model
was developed by Das et al. [9] by applying the Least Squares Support Vector Machine classifier



to the task of feature classification. When diagnosing tumors, a fluid vector and T1 weighted
images may both be helpful diagnostic tools. [10]. the diffusion coefficients were incorporated
into the diffusion tensor images [11] so that the tumor could be located. Researchers studying
brain tumors have had a difficult time identifying and eliminating the characteristic that stands
out as being the most significant because the number of potential traits is always expanding,
making it difficult for them to do so. Additionally, it may be challenging to select training and
testing samples that will provide satisfactory results [12, 13]. This method of categorizing MR
brains was initially developed by Amin et al. [14], who were the pioneers in this field. After
using a Gaussian filter to reduce the amount of noise in the images of the brain, the following
processing steps were carried out: embedding, cyclic, contrast, and block appearance were
recovered for segmentation processing, and a technique called cross-validation was used for
classification. When Chen et al. demonstrated fuzzy clustering with Markov random fields, the
fuzzy clustering membership of the initial image was incorporated into the Markov random field
function. This allowed the researchers to produce more accurate results. The utilization of
segmented supporting data in conjunction with a hybrid strategy results in a significant

improvement in the effectiveness of this method.

Raja et al. [16] were successful in the identification of brain cancers by using a hybrid deep
auto-encoder and Bayesian Fuzzy Clustering (BFC)-based segmentation. They began the
process of eliminating noise by using a non-local mean filter as a pre-processing step on the
data. This was the first stage in the procedure. One of the approaches that they used was called
Bayesian fuzzy clustering, and it was employed in the process of separating the brain tumor.
BFC was one of the procedures. After the segmentation process was complete, they recovered
important characteristics by using a broad variety of methods in addition to information theory
metrics, the Scattering Transform (ST), and the Wavelet Packet Tallies Entropy (WPTE)
(WPT). A JOA (Jaya Optimization Algorithm) was paired with a soft-max regression approach
in order to produce an accurate description of the location of the brain tumor. This was done in
order to provide an accurate diagnosis. In addition to that, we made use of a DAE (Deep Auto
Encoder). After the data from the BRATS 2015 database had been imported into their models,

they next proceeded to run their models.



Arunkumar et al. [17] proposed the concept that an automated system may be utilized to not
only identify brain cancers but also discriminate between the many subtypes of tumors that can
occur in the brain. The preliminary identification of malignant tumors utilizing MR data needed
only the most minute of characteristics, and at no time was the participation of a human being
necessary in any way, shape, or form. The process of splitting brain tumors might be improved
in three distinct ways, and each one of these techniques is described below. They began by using
K-means clustering as their basis for classification in order to separate the various sections of
the district. During that time period, K-means clustering was widely used as a primary concept
for organizing MR data. Second, as a direct result of the training procedure, ANN was used in
the process of choosing the correct item. By the time the mitotic stage was reached, all of the
features of the tissue that were linked to a cancer diagnosis had been eradicated. Grayscale
features might be used as an assist in making the distinction between benign and malignant brain
tumors. The SVM's inquiry into the segmentation and brain identification upwards into using
their model in order to carry out the essential task. This allows the SVM to complete the
research. The accuracy of their model comes in at 94%, while its sensitivity sits at 90%, and its

specificity is at 96%. They claim that their model is 94% accurate.

Through their study, Mekhmukh and his colleagues came to the conclusion that the best possible
results could be accomplished by using PSO in combination with outlier rejection and a level
set [18]. [Citation needed] When conducting the process of segmentation of MR brain tumors,
it is standard procedure to make use of the fuzzy c-means method. The membership function in
a normal implementation does not take any information about the surrounding region into
consideration, nor does it take any external variables into consideration. Neither of these things
should be the case. The approach could be especially vulnerable to image noise and unevenness,
and the degree to which it is susceptible to these difficulties varies depending on how the
centroid is originally set. However, the method might be particularly susceptible to picture noise
and unevenness. The authors created extensive FCM picture segmentation in order to boost the
external suppression of standard FCM clustering algorithms and limit the algorithm's
susceptibility to noise. This was accomplished via the use of extensive FCM image

segmentation. This was accomplished through the use of extensive FCM image segmentation.



The development of in-depth FCM image segmentation was the key to achieving this goal. The
FCM method employs cluster centers that have been chosen at random, in contrast to the PSO
algorithm, which gives considerable thought to the selection of its cluster centers. In addition to
this, their software takes into account the information regarding the neighborhood's
demographics as well as its physical layout. It turned out that their strategy was successful.
Figure 1.1 demonstrates that all of the works of art included in this section have segmented a
tumor inside the brain, rather than at its boundary. This is demonstrated by the fact that the

tumor is segmented.

Figure 1.1: Examples of the different developed method.

Figure 1.2 shows an example of how difficult it is to segment a brain tumor when it is on the
brain's outer edge, a problem that our approach resolves. There's a problem here that researchers

and professionals have a hard time with, and we're trying to figure out how to fix it in our way.



Figure 1.2: Example of difficult tumour segmentation located on the end of tumour.

1.2 PROBLEM DEFINITION

Brain tumors affect an estimated 60,000 individuals in Europe and 18,000 people are diagnosed
each year. According to the National Health Service [1,] there is reason for concern over the
rising incidence of brain tumors in the United Kingdom. Gliomas are the most common kind of
brain tumor, accounting for around 82% of all brain and normal brain tumors [2]. The results of
this research highlight the need of giving careful consideration to the treatment of cancer of this
kind. Despite the fact that there are a great deal of distinct varieties of brain tumors, primary
brain tumors are quite rare. It is very uncommon for cancers to start in the brain or nervous
system and then spread to other regions of the body. The great majority of brain tumors, on the
other hand, originate in other parts of the body and then make their way to the brain through the

circulatory system or the lymphatic system. These tumors are not considered primary tumors.

The tumor's size, cell type, and stage all have a role in how well it reacts to treatment. Tumor
segmentation is thus essential for surgical and other treatment planning. It is possible to utilize
medical imaging to detect and assess malignancies. For a range of clinical disorders, deciding
on the optimal course of action in order to support surgery and schedule radiotherapy An precise
measurement of the tumor's 3D volume may be achieved by drawing a circle around the tumor's
target area manually. It takes less time to segment a tumor using semi-automatic procedures.
Manual segmentation is more susceptible to human mistakes since people have a limited ability
to recognize visual characteristics in a picture. When working with huge MRI datasets, accurate

segmentation and identification is always a good idea.



I.  Our research focuses on the laborious process of automating the segmentation of brain
tumors as well as the measurement of the tip of the brain.

ii. MRI scans are often used to investigate the structure of the human brain.

iii.  Using the information from the MRI scan, our method intends to first identify the

presence of a tumor and then determine the extent of that tumor in the brain.

iv. Itisanticipated that the procedure will improve the current screening methodology for
brain tumors and, by minimizing the need for further treatments, might possibly cut the

costs associated with receiving medical care.

v. There is a significant amount of processing that has to take place before biological
imaging data can be correctly characterized and interpreted.

1.3 MOTIVATION

It is remarkable how many distinct kinds of cells can be found in a single human body. It is
possible for a tumor to form if the development of a cell is not correctly handled, which might
lead to its creation. Imaging techniques such as computed tomography (CT) and magnetic
resonance imaging (MRI) scans are used in the process of detecting tumors. Utilizing a variety
of technologies such as medical image processing, machine learning, and computer vision, the
purpose of this research is to reliably detect and classify different types of brain cancers.
Specifically, we are focusing on gliomas, which are a subtype of primary brain tumors. It's
possible that neurosurgeons, radiologists, and other specialists in the medical field may gain
something useful by using this method. The simulation software tool Mathematica, which is the
industry standard, will be used in order to increase the diagnostic sensitivity, specificity, and
accuracy of screening for brain tumors. Mathematica is now the gold standard in the field. This
gadget might potentially decrease the number of necessary follow-up scans by improving the
procedures that are currently in place, which would result in a reduction in the overall cost of

delivering medical care. In order to appropriately classify and understand the data that is



produced from biological imaging, it is required to apply a broad variety of processing
techniques.

This initiative was developed in order to provide assistance to members of the medical
community, namely radiologists, who are engaged in the non-invasive and low-cost diagnosis
of brain cancer. In the realm of medical image analysis, the use of computer-assisted treatments
Is becoming an increasingly frequent practice. The segmentation of distinct tissues or organs is
a factor that plays an enormously significant role in the process of making medical judgments,
such as those addressing the evaluation of risks and the categorization of diseases. The results
of the segmentation process contribute to the processes of analysis, diagnosis, and planned
therapy. Correct segmentation may be helpful in identifying brain tumors and planning
treatment since it provides a rapid and objective estimate for the volume of the tumor. This
estimate may be used in the diagnostic process. Brain tumors continue to be a focus of study,

despite the significant amount of time and effort that has previously been committed in the field.
1.4 AIM AND OBJECTIVES

The purpose of this thesis is to create an automated image processing system that is able to
appropriately segment and categorize brain tumor and sub-tumor tissue produced from
multimodal MR data. This system will be developed as part of this thesis. The process presently

relies on human labor and takes a significant amount of time.

The following goals will need to be fulfilled before this one can be checked off the list:
Investigate different feature representations for accurate brain tumor segmentation and size
measurements, preferably ones that combine machine-learned features with handcrafted
features. The former addresses the issue of local dependencies, and the latter addresses the issue
of the handcrafted features (which offer global information). Investigate the method that is most
efficient for combining the features obtained from multi-modal MR scans, while at the same
time eliciting the greatest amount of helpful information from each unique MR modality.
Develop an automated way for constructing a tumor segment that agrees with the delineation
conducted by experts across all grades of glioma. This may be accomplished by making use of

a single MRI methodology that is applied by a large number of institutions. Following the
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extraction of features from a segmented tumor and the subsequent categorization of the tumor,

the application of machine learning for classification may then take place.
1.5 ORGANIZATION OF THESIS

Thesis has five chapters. This chapter presents brain tumors, their diagnostics (segmentation,
measurement, cancer prediction), and brain assessment techniques. This part includes the
problem statement and thesis aims. Chapter 2 focuses on the literature review and newest
relevant research. Machine learning algorithms and computer vision methodologies address
Chapter 3's segmentation and measurement procedures in detail. Chapter 4 presents experiment
results evaluating computer vision segmentation and machine learning for cancer prediction.

Chapter 5 summarized the results and recommended additional investigation.



2. LITERATURE REVIEW AND BACKGROUND

The human nervous system is responsible for a number of activities, one of which is the
dissection and categorization of brain tumors [19]. The hypothalamus is the part of the brain
that regulates a wide range of bodily activities, including cognition, movement, and breathing,
transmission, and heart rate [20]. Since tumors are characterized by the expansion of malignant
growth, they have the potential to be a primary cause of increased mortality not only in adults
but also in infants. This is because of the fact that cancerous development is what defines a
tumor. There is a possibility of finding tumors in or close to the brain. Both primary and
secondary tumors are available for examination to identify whether or not they are cancerous
[21]. Primary tumors are more likely to be malignant. Computed tomography (CT), magnetic
resonance imaging (MRI), and x-ray imaging (X-Ray) are all examples of imaging methods that
may be used to evaluate the structure of the brain and locate malignant growths [22—-24]. [25-
27] More and more doctors are turning to magnetic resonance imaging, sometimes known as
MRI, while trying to diagnose patients with brain cancer. This strategy is used by the computer
vision brain tumor segmentation technology [28] to break up an image into its component
pieces. The strategy involves splitting the surrounding pixels of the picture into a set of
predetermined characteristics or qualities for each pixel. It is important to note that this

technique is also known as pixel separation.

In the field of medical imaging, the primary objective is to retrieve pertinent information and
rectify object data with the smallest amount of inaccuracy as is humanly feasible. Error
correction is really essential for a number of reasons, and this is one of them. In the field of
medical image analysis, the first step that must be taken is to obtain the image in a state where
it can be processed. At this point, the image is prepared for the upcoming phase of post-
processing by executing a range of activities. These jobs include filtering and the removal of
noise [29].

The improvement of pictures for use in medical applications is made possible by the use of
preprocessing software. This may be performed by altering the characteristics of the image in

order to enhance its aesthetic attributes [30]. The deployment of separation operators as well as
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morphological operators is part of the second phase. They are the ones that are accountable for
identifying how big the tumor is as well as where it is located [31]. In the realm of image
processing, segmentation is an extremely important procedure that is an essential component in
the process of gleaning information from intricate medical scans. This information might be
used in the process of diagnosing and treating patients. The fundamental purpose of image
segmentation is to split up a digital picture into different sections that cannot be joined with one
another [32]. Note: image segmentation is also known as image dissection. [33] The technique
of segmenting a picture may be carried out in a number of distinct ways. Techniques of
segmentation include the region-based segmentation and the edge detection segmentation that
uses clustering algorithms. These are only two examples of segmentation methods. Following
the processing and segmentation of medical scans, feature extractions are required in order to
distinguish malignancies based on the particular intensity strength or texture pattern that they
present [34]. Brain tumors [35] are categorized by radiologists according to whether or not they
have a homogenous or heterogeneous texture. Because of this, they are able to discern between
the many forms of cancer. These observable traits give us with recommendations for how to
construct a Computer-Aided Diagnosis (CAD) that is able to assess whether or not a person has

brain cancer [36].
2.1 VARIOUS CATEGORIES OF MEDICAL PHOTOGRAPHS

[37] Some examples of medical images that use a variety of imaging techniques include CT,
MRI, and chest x-rays (CXR). Other examples of medical images that use a variety of imaging
techniques include Positron Emission Tomography (PET) and Nuclear Magnetic Resonance
Imaging (NMR). However, owing to the massive number of data generated by this method,
effective quantitative evaluations can only be used in clinical practice under very particular
circumstances [38]. This is because this method generates such a large amount of data. In most
cases, computed tomography imaging is favored over magnetic resonance imaging because to
its wider availability, cheaper cost, and improved early-stock sensitivity. CT gives the facts
essential to make accurate judgements in the overwhelming majority of different types of
situations. Images of a hemorrhage demonstrate a startlingly hyper-density that stands in stark

contrast to its surroundings [39]. Imaging using X-rays has had a significant impact on both the
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cognitive and functional structure of the field of medical research. The kind of radiation known
as X-rays are responsible for the emission of electromagnetic waves. If we compare it to
employing microwaves and light, we may say that it is similar. CXR is used to generate a two-
dimensional picture by traveling through the body. This gives you an idea of what is happening
on the inside of your body. Different components of the body are shown in a range of grayscale
and monochrome tones. This is because different organs absorb radiation at differing intensities,
as is discussed in more detail in [40]. In addition, the magnetic resonance imaging (MRI) scan
provides information on a broad variety of bodily structures, which is information that can only

be obtained with the assistance of an X-ray [41].
2.2 CONCEPTS IN ADDITION TO TERMINOLOGY

By clarifying important terminology and ideas, this section makes both the issue and its solution
far more clear. Photos of brain tumors are essential for local researchers, who need to be able to

detect, assess, and interpret the pictures they find.
2.3 WHAT KIND OF TUMOR IS THIS?

There are many different types of tumors, and some of them may develop in the nervous system,
particularly in the brain or other areas of the nervous system. Some of these tumors can even
spread to other regions of the body. As a direct result of this, we refer to this particular region
of the brain as an abnormality or an aberrant.

There is a substantial degree of confluence between the characteristics of tumors and those of
cancerous growths. A mass of abnormal tissues that may or may not contain fluid is referred to
as a tumor. Tumors may occur in almost any part of the body. Neoplasm is another word that
may be used to refer to cancer. It is possible to classify tumors as primary or secondary,
depending on the kind of cancer that has formed in the patient. This distinction may be made.
The cells from this organ are incorporated into the mass that will develop into the tumor. The
nervous system provides a natural source of fuel for early tumors, which enables the slow
development of early tumors. This is because the nervous system is located in the brain and

spinal cord. [42] Gliomas are a specific kind of brain tumor that are often discovered in the
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central nervous system. Gliomas are distinguishable from other types of brain tumors by the
presence of glass cells, which serve as the primary component of the tumor's architecture.

The unchecked growth of aberrant tissues in the brain may be detrimental to the healthy cells
that are found in the regions that surround them. It appears like this new development is a
cancerous growth. The three principal types of cancerous growths are noncancerous, malignant,
and premalignant tumors. Benign tumors make up the majority of all cancerous growths. Benign
is used to describe something if it does not have any potentially harmful characteristics or
inclinations. The term "malignant” may be used to anything in the body that has been identified
as having a cancer diagnosis. It is possible for the signs of a cancer that has not yet reached the
malignant stage to indicate the presence of a precancerous characteristic. The cells that join
together to form secondary tumors might have originated from a wide range of places all around
the human body. It's very likely that news will spread very quickly. To put it another way, the
presence of cancer cells is directly responsible for the development of secondary tumors.
Therefore, cancer and tumors are not the same thing; rather, tumors represent the earliest stage
of malignant cells. Cancerous cells can only form when there is a preexisting healthy cell. The
categorization of tumors is based on a wide range of criteria, some of which are included in the

following list:
i.  The location of the tumor inside the body.
ii.  The diagnosis of a malignant tumor in the patient's brain
iii.  Your identification must be kept in the secure storage locker.

The kinds of cells that are included inside a tumor are another factor that may be used to classify

it.
i.  This is a brain tumor that is made up of neurons.
ii.  Glial cells make up the bulk of this malignant growth, which is known as a tumor.

ii. A tumor consisting of bacterial and cell bases has grown.
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Iv. Meningioma’s are one of many different kinds of tumors that may develop in the brain.
These are the pathology-based categories that are most often seen in the United States.
The carcinogenic. The non-cancerous.

It is possible that these scans will reveal malignancies in various parts of the brain, as shown in
Figure 2.1.

Benign Tumor Malignant Tumor

Normal Benign Membrane Normal
Cells Cells Cells

Malignant
Cells

@
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Both benign (not cancerous) and malignant (cancerous)
tumors can be life-threatening in the brain

Figure 2.1: An example of a tumour-filled brain scan.

2.4 AN MRI IMAGE SHOWING THE TUMOR'S CHARACTERISTICS

When compared with X-rays, the results that emerge from imaging using an MRI machine are
far better [43]. Patients who undergo magnetic resonance imaging, which may be used to
diagnose sickness and decide on a course of therapy, are not placed in any danger of being
exposed to potentially harmful radiation during the procedure. Pre-processed magnetic
resonance imaging have the potential to be used in the process of diagnosing and locating brain
cancers [44]. The sort of MRI machine that is used is determined by the specific requirements
of the patient, and there are many different kinds of MRI machines that may be used. The T1,
T2, and FLAIR sequences are only three examples of the many other kinds of MRI sequences
that might be used as inputs for the preprocessing step. It is essential to have an understanding
of both the TE and the TR in order to get a comprehensive appreciation for the MRI images that
are at your disposal. The length of time that elapses between the transmission of an RF pulse

and the reception of an echo signal is referred to as the "Transmission Interval" (TE), and it is
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denoted by the acronym TE (time of echo). The term "repetition time," which is abbreviated as
"TR," refers to the amount of time that elapses between the transmission and receipt of a series
of successive pulses. Images of the CSF fluid taken with a T1-weighting [25]. [45] Gray Matter,
often known as GM, may be identified by its darker hue in comparison to White Matter (WM).
Fat seems to have a brighter appearance on T1 scans, which are ideal for assessing the
anatomical makeup of the brain. In order to produce the images, the TE and TR periods need to

be as short as 500 milliseconds and 14 seconds, respectively (uses longitudinal relaxation).

Because CSF and fluid have a higher signal intensity than tissue does in T2-weighted imaging
[46], they seem brighter than tissue does. This is because tissue has a lower signal intensity. In
order to get photos from the T2 telescope, long-exposure timers of TR 4000 milliseconds and
TE 19 milliseconds were used (traverse relaxation). T2 is the most appropriate technique to
utilize for assessing edematous tissue due to the fact that it is simpler to see in liquid. FLAIR
[47] does not need nearly as much cerebrospinal fluid as T2 does, yet it is still able to spot
anomalies in a clear and accurate manner. An evaluation of cerebral edema may be
accomplished by the use of this particular device. When taking images, both the exposure length
and the total exposure time are stretched out to exceedingly long periods (TR-9000 msec, TE-
114 msec) a comparison of the two distinct groups of MRI pictures is shown here in Figure 2.2
in a side-by-side format.

T1-weighted T2-weighted

Figure 2.2: Type of MRI imaging technique.
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2.5 MEDECAL IMAGE ANALYSIS METHODS

Image processing is required in order to make an accurate diagnosis because of the wide variety
of imaging modalities that are currently available. This can be accomplished in a number of
different ways; however, the methods that are considered to be the most important for this study
are image segmentation and filtering respectively. These primary techniques have the potential
to be utilized in the process of accurately detecting cancers in MR images of the brain.

Enhancing medical pictures requires a preprocessing procedure. In this phase, we apply a
number of restrictions that might have a negative impact on picture quality. A manual
adjustment is part of our preprocessing. An important part of the preprocessing procedure is
removing the film and skull sections from brain MR/CT images so that brain tumors may be
more readily and securely recognized during post-processing [48]. Before moving on to the next

step, which is needed to find brain tumors, the images are first segmented.

Utilizing the MRI images obtained with the flair and diffusion-weighted modalities, methods
for inspecting the myocardial infarction lesion are suggested [48]. An example is shown in

Figure 2.3 for image processing and analysis.
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Figure 2.3: Analyzing and interpreting of CT medical images.
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2.5.1 Filtering and Noise Reduction

Image processing starts with filtering and de-noising. Several restoration procedures eliminate
noise introduced during picture capture, transmission, or compression. This approach improves

results by improving picture resolution (See Figure 2.4)

Before De-Noising After De-Noising

Figure 2.4: Image de-noising is seen in this example.

2.5.2 Image Segmentation

Image processing is essential because of the variety of imaging methods. This may be done in
many ways, but this research focuses on filtering and visual segmentation. These approaches
can diagnose brain MR cancers. Preprocessing improves medical images. In this step, we
implement image-degrading constraints. We preprocess manually. Preprocessing brain MR/CT
pictures involves removing film and skull portions so brain cancers may be more easily

identified in post-processing [49]. Before finding brain tumors, photos are segmented.

Using flair and diffusion-weighted MRI images, the myocardial infarction lesion is analyzed.
Image segmentation is important in medical imaging. After improving brain tumor photos, many
segmentation techniques will be used [50]. Clinicians segment brain tumors manually, semi-
automatically, and automatically [51-54]. When splitting a picture, color, texture, contrast, and
gray level are considered. The technique requires a digital grayscale image. Anomalies are
needed for a CT or MRI. Fragmenting an image reveals more about the topic. K-mean clustering

and fuzzy c-mean are utilized to generate accurate performance data [51].
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A brain tumor is an uncontrolled growth of tissue that damages nerves and other organs. Neuron

proliferation or development might induce unwanted cell advancement. Figure 2.5 summarizes.

Feature Extraction
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Thresholding

Feature Selection

Model Based
Image
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Based Binary
Gray Scaled Image

Edge Detection
Based

Canny

Figure 2.5: Types of image segmentation.

A thorough assessment of the patient's symptoms is required at regular intervals as the evolution
of a brain tumor moves forward. When looking for malignancies in the brain, MRI is the imaging
method of choice. The removal of a tumor without causing damage to healthy tissue is a very
challenging task. The identification of tumors was accomplished by the use of an image
processing strategy, which included the capturing, preprocessing, and augmentation of the
image in addition to image segmentation and classification [53].

2.5.3 Fuzzy C-Mean

One of the most successful approaches to data clustering is the fuzzy clustering technique
(FCM). FCM is an unsupervised method that may be used to a variety of tasks. Some examples
of these tasks include factoring, grouping, and segmentation. For instance, it might be used in
the building of greenhouses for use in horticulture, as well as in astronomy, biochemistry, image
processing, and medical assessment. Within the FCM, there are at least two data zones that are
able to manage the Partial Volume Impact (PVE). This is an iterative approach that just looks
at how bright the segmented image is [54]. In an iterative search for the most accurate clustering

of the data structure that is physically possible, this technique is put to use to look for a series

18



of fuzzy clusters and the cluster centers that are connected with them. Using this approach [55—
57], the most recent batch of power points, n, is partitioned into a predetermined number of
fuzzy sets. [55-57] In order to produce segmented pictures, these methods are used in

conjunction with an FCM algorithm.

By using FCM, you will be provided with an in-depth look at all thirteen of the different FCM
segmentation approaches in a one convenient location. The use of FCM segmentation
algorithms to brain tumors is going to be the primary focus of this study. The fragmentation of
the tumor is an essential stage in the process of diagnosing brain tumors using mechanical
means. When compared to other types of image segmentation, brain tumor segmentation is a
particularly challenging technique because of the distinct distinctions in the anatomy of the
brain. The scans of the brain often have low contrast, which makes this process much more
challenging. Early identification of brain tumors is beneficial not only for patients but also for

doctors and other medical professionals [57].
2.5.4 Threshold-Based Segmentation

Pattern recognition was created as a result of the relevance of picture segmentation as well as
its vital function in the extraction of objects in the field of image processing. This is one of the
reasons why. To simplify the process of locating the data that provides the greatest match,
identifying the needed area, and extracting it, it essentially separates the input image into several
different sections.

The threshold-based segmentation method is the most fundamental approach to the process of
segmentation. The image is divided into sections using one or more thresholds, with the number
of thresholds used dependent on the density values [58 — 60]. When there are more than two
types of areas in a photograph that correspond to different items, a local threshold is used to
segment the photograph. Setting a specified threshold value allows for the separation of light
objects against a dark background according to the degree of the image's severity. Those pixels
in the image that are above the threshold are assigned the value one, while those that are below
the threshold are given the value zero. Pixels with a value of one are used to represent the Region

of Interest (Rol), whereas pixels with a value of zero are used to represent the background of
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the image. In the present research project, a threshold-based segmentation model is used. This
approach gives us the ability to improve the amount of usable information by experimenting
with the input image at a variety of thresholds and Max values. In the first step, the threshold-
based categorization splits the grayscale image into two blocks, one black and white and the
other white and black. Brain MRI scans performed with varying threshold settings yielded the
best possible results. Figure 2.6 [60] provides a description of the method known as Threshold-

Based Segmentation.

1. Select the initial value of threshold.

2. Divide the image into sub-blocks of size M * N.

3. For each sub-block. B do

4. Calculate the standard deviation for B.

5 Select the Global threshold as the threshold T that separates an object from the
background

6. A Global threshold is applied for B that has a standard deviation greater than
one.

Figure 2.6: Threshold-based segmentation.

2.5.5 Review of Medical Image Analysis

In principle, brain cancer classification systems that use deep learning may be broken down into
two categories: those that sort brain MRI scans into "normal™ and "abnormal,” and those that
further categorize the latter into a number of different forms of brain cancer. The use of CNNs
for brain tumor detection and grading has attracted the attention of scientists as a powerful tool
in the disease diagnosis and classification field, which will improve the accuracy of the grading
of detected brain tumors and aid doctors in devising optimal treatments, ultimately leading to a
higher success rate. For the last several years, researchers in the machine learning area have
focused their attention on a new and exciting trend: deep learning. Deep learning is a strong
machine-learning approach that has been extensively employed in multiple applications to solve
different complicated issues that demand exceptionally high accuracy and sensitivity, especially
in the medical industry. One of the most prevalent and severe malignant tumor disorders, a high-
grade brain tumor diagnosis results in a relatively short predicted life span. Therefore,
classifying a brain tumor soon after diagnosis is crucial for developing an appropriate treatment

strategy. Two scenarios were tested in this study to determine how best to assign a tumor grade
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to brain images: those with clipped tumor lesions, and those with no such restrictions. These
examples are MRI scans of brain tumors with T1-Weighted contrast enhancement. An
innovative CNN architecture is trained with these pictures to determine network heft. Both

compressed and original image images were shown to be very accurate, sensitive, and specific.

An Improved Support Vector Machine (ISVM) classifier has been suggested for use in the
context of brain tumor research [66]. SVM is used in the dataset of the proposed technique to
identify cancerous aberrant cells in MRI scans. This dataset includes the processed image that

has been segmented using the K-mean approach.

The K-mean approach was used to segment the picture, and that result is likewise included in
the dataset. The experimental findings that were achieved by utilizing the strategy that was
recommended yielded more accurate results than those that were produced by using any of the
other available approaches. Because this method has the potential to detect tumors in a fraction
of a second, the total amount of time necessary for the treatment will be cut down significantly.
Employing k-means clustering, patch-based image processing, item counting, and tumor
evaluation, the authors of [67] provided a method for automatically detecting brain malignancies
in MRI images. This method was accomplished by using a combination of these four methods.
An analysis of twenty real MRI images demonstrates that MRI scans have the capacity to detect
malignancies of any size, even those that have very low intensities or scales. This finding was
gleaned through the analysis of the images. There is the potential for integrations of robotic
surgical technology and automated therapy equipment, both of which are now being considered
as viable options. Despite the growth of the tumor as well as fluctuations in both its volume and

position, it was proven that an approach to identifying tumors based on MRI is successful.

In [68], it was proposed that a basic way of drawing a border around the tumor may be applied.
This suggestion was made in regard to MRI images. It is well knowledge that the traditional
KM technique suffers from a variety of limitations, some of which may be alleviated by using
the k-mean strategy. The random initialization of centroid clusters and the sensitivity to noise
are two of these problems that might be found in this method. Our major objective is to integrate

the DPSO method and morphological reconstruction with the KM algorithm. This is the target
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that we have set for ourselves (MR). As part of the DPSO methodology, patient MRI scans serve
as the foundation for the generation of cluster centroids. In addition to this, it may assist in the

reduction of background noise and the production of clusters that are simpler to spot.

KM clustering and DPSO-based multilevel thresholding were two of the established
segmentation techniques that were used in the evaluation that was conducted in [69] to assess
the efficacy of the strategy that was recommended as a means of doing so. These techniques
were used to ascertain how well the new tactic was implemented. The successful use of the
method that is detailed in this article has made the detection of tumors at an earlier stage far less
difficult. A novel approach to separating different parts of MRI medical images is detailed in
this paper. This method is different from others since it employs a unique clustering algorithm
called K-mean, which integrates images with the most prominent gray level, and it also includes
photographs. In this specific instance, the process of picking k randomly chosen pixels in line
with the main gray level of the picture was explained. [79] When it came to establishing a high
degree of image accuracy, the results of the tests showed that was more effective than the K-

Means strategy.

In order to segment brain lesions in MRI and CT images, a hybrid approach that incorporated
the median filter and morphological processes was reported in [70]. This technique was used to
segment brain lesions. This method was used in order to section off brain lesions. When
preprocessing brain pictures, a median filter and k-means fragmentation are used together. This
is done in order to limit the amount of impulsive noise in the images. Two of the performance
measures that are used to evaluate the effectiveness of a system on well-known datasets are the
speed with which the data can be segmented by the automated system that was recommended
and the amount of time it takes for the system to actually carry out its functions.

It has a pretty outstanding accuracy rate of 94 percent when compared to manual delineation by
an expert radiologist [71], which may be found in the following: The researchers have an interest
in studying the process of tumor segmentation. Based on a technique known as fuzzy c-means,
which makes use of skull stripping and places an emphasis on the kernel as its initial point of

reference. In order to enhance the segmentation algorithm, combining a number of kernels
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requires data from geographic regions, which may be obtained by collecting the relevant data.
We decided to employ global matching information across image distributions rather than
information on a pixel-by-pixel basis so that we could cut down on the amount of time spent
processing. This was done so that we could save time. A procedure known as co-segmentation,
which makes use of the graph cut approach, is performed in order to locate the specific location
where the edema and the tumor meet. This is done in order to eliminate the tumor edema.
Because the tumor can be seen more clearly in [71], this treatment strategy is the one that ought
to be selected as the course of action. The simulations reveal that our technique is superior in
terms of separating tumors and edema into the components that make up their wholes as a whole.
Specifically, this is done by separating the fluid that makes up the tumors.

The use of fuzzy c-mean classification, which has been utilized in medical image processing
systems [72], may be used to identify brain tumors that have been detected by MRI. BCET
labels and enhances pictures by making use of a variety of filters, one example of which is a
median filter. After the picture has been segmented using the FCM clustering approach, a nimble
edge detector is used to generate an edge map of the brain tumor. This step is done after the
image has been segmented. The previous stage, which consisted of "segmenting" the picture, is
followed by this one. The canny strategy achieves superior results for both BCET and FCM.
This is due to the fact that it utilizes ideal input photographs that are of a higher quality and
separates these images into uniform pieces. This is due to the fact that it uses high-quality photos
as input. As a direct result of this, medical professionals will be delighted with the results, and

the overall picture quality is superb.

A noise-free and impact-reduced edge map was the result of implementing the technique that
was proposed for reducing the amount of impact and decreasing the amount of noise. [73] Using
fuzzy c-means and brain-storm optimization, it is possible to achieve the goal of developing a
hybrid better segmentation solution for medical images. This was the goal of the proposed
approach. Cluster centers are given priority in the brain-optimization storm in the exact same
manner that they would be given priority in any other swarm technique. Although the Brain-
Storming Optimization (BSO) has shown some encouraging outcomes, the fuzzy technique calls

for a considerable amount of time to elapse before it can provide the optimal network design.
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The suggested FBSO was effective, durable, and significantly lowered the optimization
algorithm segmentation time in the BRATS dataset. It also had an accuracy of 93 percent, 94
percent, 97 percent, 97 percent, and 95 percent sensitivity in the ideal solution. In addition to

this, the FBSO was successful in reducing the total amount of time spent segmenting the data.

A Pre-smooth Non-Local Means filter (PSNLM filter), which is also known as a fuzzy C-means
algorithm, is used in order to identify the noise process, as stated in [74]. This is accomplished
by combining an FCM method reformulation with PSNLM. Due to the fact that the PIGFCM
approach was developed with this prior knowledge in mind, it is able to make effective use of
this data. It was shown that this approach is capable of accurately recognizing tumors by
decreasing the amount of time needed on image de-noising, improving the precision of

segmentation, and preserving a high level of productivity.

According to [75], the process of detecting which regions of the brain have tumors and which
regions do not contain tumors utilizes FCM fragmentation as one of the methods. [75] In
addition, the multilayer discrete wavelet transform may be used so that wavelet properties can
be derived. A DNN is finally being put to use with the goal of effectively identifying tumors
that may occur in the brain. KNN, Linear Discriminant Analysis (LDA), and Sequential
Minimal Optimization are all methods that are quite similar to these other methods (SMO).
Although it has an accuracy rate of 96.97 percent, the DNN-based classification of brain tumors

is very challenging and time-consuming to carry out.

Enhanced contrast may be achieved by using adaptive histogram equalization, as shown in [76].
[74, 77] Following this step, an FCM-based separation is used in order to isolate the tumor from
the remainder of the picture of the brain. Once the Gabor properties have been retrieved, aberrant
cells in the brain are filtered out using the information utilizing the Gabor properties. The KNN
fuzzy classification is used at the very last step of the process of determining whether or not
brain MRI data contains abnormalities. There is a significant amount of complication. Having
said that, there is a significant lack of accuracy. In this specific piece of study, the convolutional
neural network was used in order to enable the automated identification of a previously unknown

kind of brain tumor.
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A strategy was offered for constructing a clear and accurate boundary inside the MRI images
around the location of the tumor [77], and it was advised that this boundary be formed utilizing
the procedures that are outlined in the following sentence: The conventional technique of
knowledge management is plagued with a number of flaws that are remedied by the method that
has been suggested. These deficiencies include noise sensitivity based on the k-mean technique
as well as random centroid cluster formation. The Darwinian Optimization of Particle Swarm
(DPSO) technology, the KM algorithm, and the process of morphological reconstruction are
going to be combined into a single operation as a primary goal of this project. Morphological

reconstruction is also going to be a primary goal of this project (MR).

In order to accomplish the initialization process of cluster centroids in MRI medical pictures,
the DPSO approach is used. This is done in order to improve the efficiency with which the
photos may be examined. In addition to this, the MR filter is used so that noise may be
eliminated and more concentrated clusters that can be readily differentiated from one another
can be produced. It was determined whether or not the proposed method was successful by
comparing it to a wide variety of cutting-edge segmentation techniques, such as the conventional
KM clustering algorithm and DPSO-based multilevel thresholding. Both of these techniques
were used to determine whether or not the proposed method was successful. In order to evaluate
how well the new tactic might be implemented, these algorithms were put to use. According to
the findings, the method that has been suggested as an alternative for the early detection of

malignancies may in fact be practicable.

An approach to the segmentation of medical pictures was created, with a primary emphasis on
the use of magnetic resonance imaging (MRI) scans as the primary data source. In contrast to
the ways that were first created, the suggested approach makes use of a one-of-a-kind K-mean
cluster algorithm that takes into account the gray level that occurs most often in the images. This
Is in contrast to the methods that were initially established. To provide more clarity, the
incorporation of the image is the means by which this strategy achieves the desired result. The
subject of arbitrarily selecting k the number of pixels from an image while simultaneously taking
into account the overall amount of gray that was there was brought up at some point throughout

the course of the discussion. The findings of the tests that were conducted with the method that
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was suggested revealed that it demonstrates superior performance in terms of picture correctness
in comparison to the methodology that is utilized by the traditional K-Means algorithm [66].

The tests were carried out with the method that was suggested.

The purpose of the trials that were carried out was to illustrate [78]. The goal of this presentation
was to demonstrate a hybrid strategy for the segmentation of brain lesions. This technique
included the use of morphological processes, median filtering, k-mean clustering, and Sobel
edge detection in the different imaging modalities of MRI and CT. In addition to that,
morphological operations were implemented. After using a crucial pre-processing step known
as the median filter, the captured pictures of the brain are then placed through a process known
as k-means segmentation in an attempt to get rid of the impulsive noise. The goal is to boost the

picture quality by doing this.

Typical datasets are used to measure the effectiveness of the proposed automated system in
terms of metrics like segmentation precision and processing speed. For the purpose of gauging
the system's efficacy, this evaluation is conducted. By comparing its results to those of manual
delineation performed by a seasoned radiologist, the results showed that it achieves a high
degree of accuracy in its output, reaching 94%. The fact that it was able to attain this degree of

precision is evidence of this. A big step in the right direction has been taken.

The segmentation of tumors and edema would be the primary areas of focus for the study that
is intended to be conducted. Skull stripping and a method known as kernel-based fuzzy c-means
were the foundational techniques for the development of this approach. Combining a large
number of kernels in a manner that is consistent with the geographical information that is
presently available has the potential to make the clustering process more efficient. Our method
of multilevel segmentation is founded on the information that can be employed to discover
global matches across picture distributions. This information forms the foundation of our
method, which is founded on this information. Since of this, the process of computing has
become less complicated because it is no longer necessary to look for information that can be
discovered on a pixel-by-pixel level. In this framework, the Graph cut technique is applied as a

co-segmentation in order to determine the exact cut-off point between the edema and the
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malignancy in order for the edema to be eliminated from the tumor. This is done in order to

allow for the removal of the edema from the tumor.

In order to reduce the swelling caused by the tumor, this procedure is carried out. This is done
in order to make it possible to drain the fluid that has collected inside of the tumor, which
necessitated the procedure. This technique makes it easier to see the edema and generates more
space, both of which make it feasible to remove the tumor in the most efficient way possible.
These two benefits are key constituents of a successful treatment plan. The results of the
simulation indicate that our approach is more effective than the other methods that are presently

being used for the completion of tumor and edema segmentation [79].

Hamad et al. (2018) developed a method for detecting brain tumors using MRI that is based on
the clustering technique of fuzzy c-mean and was implemented in a system that processes
medical pictures. This method detects brain tumors by comparing the images of the patient to a
database of normal brain tissue. The photographs of the patient are compared to a database of
photos of normal brain tissue, which allows this technology to identify brain tumors. BCET
performs an analysis on the picture that is being input and improves the image's quality all
around by applying a median filter. After that, a picture is segmented using an FCM clustering
approach, and then a canny edge detector is used in conjunction with that method to produce an
edge map of the brain tumor [80-81].
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3. METHODOLOGY

The objective of the research that is presented in this chapter is to devise a method for the
segmentation of MRI scans and an automated system for the testable prediction of outcomes
(for instance, the separation of tumors) that is based on the application of previously developed
machine learning techniques. This chapter shows the findings of the study that was carried out
in order to achieve the aforementioned objective. It will be necessary to devise both a method
for object delineation and an algorithm for prediction in order to be successful in achieving these
objectives. The investigation that will be offered in this chapter will concentrate, for the most
part, on the procedure of coming up with a variety of different approaches. Research is now
being carried out on a variety of subjects connected to threshold iterative segmentation of objects
in MRI images, along with other topics of a similar kind. It is a well-known fact that choosing
a suitable global threshold for the aim of achieving an optimum design and development process
is a very challenging task. This is because there are different degrees of gray both inside the
region of abnormality in the imaging data (for example, brain tumors) and in the surrounding
area that is not affected. This is as a result of the fact that it is common knowledge that choosing
an adequate global criteria is a process that is fraught with difficulty. The explanation behind
this is as follows: This is because there is a strong link between the neighboring sections of the
pictures that follow after them. This is the reason why this seems to be the case.

It is beneficial for clinicians at any stage of the diagnostic process to be able to distinguish and
categorize the edges of items of interest on MRI medical imaging. These edges may be found
on images of the human body. A magnetic resonance imaging (MRI) scanner is one such source
from which to get these pictures. Examples of such objects include the brain itself as well as a
section of the brain that has been infected. It is feasible, with the assistance of segmentation, to

identify the area (outline) of these zones with an accuracy that is relatively high.
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3.1 PROPOSED METHODOLOGY

The quality of the photos that were taken using medical equipment is going to be the deciding
factor in the processing outcome. Because of the technical characteristics of the devices, the
final photos (or groups of images) almost always include discernible noise. This is the case in
the majority of situations, as shown in Figure 3.1. This was done in order to improve the

diagnostic analysis accuracy on MRI images.

Checking MRI scan
If tumor is there

hecking the Accura

of Segmentation YES

Non-Infected
Region

The Tumor size is 14 %,
Tumor is non-cancerous

Figure 3.1: The diagram of the brain tumour segmentation and analysis on MRI images.
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There are a variety of approaches that may be used across a variety of diagnostic systems for
the identification or segmentation of brain tumors. Our proposed algorithmic strategy segments
things, such brain tumors, with a high degree of precision and takes their features into
consideration. In order to enhance the diagnostic analysis accuracy on MRI images, we reported
the use of the following technique for analyzing local entities (tumors) on MRI images, which
may help to reduce the effects of noise on the analysis findings. Because of how the
segmentation process works, this is really doable. When people talk about "outlining,"” they are
referring to this general idea. It has been demonstrated that the results obtained are reliable and
sufficient, despite the fact that there is a large variety of processes, which have been narrowed
down to only include those that provide the most favorable results. Despite this, it has been
shown that the results obtained are sufficient. Only those methods that provide the best possible
outcomes have been taken into consideration, despite the fact that there is a large number of

options to choose from.

Most of the time, a picture of the tumor and a report detailing the doctor's assessment of the
image is given to the patient when doctors are trying to make a diagnosis. The suggested
technique will aid the doctor in detecting patients with cancer and will allow the doctor to train
the system using a minimal amount of patient data. After running the data through the system'’s
paces, a report on the clinical condition is generated and shared with the treating medical staff.

The section of the image depicting the tumor is often far more striking than the rest of the image.
The foundational components of the cancer detection algorithm are applied here. These stages
have been written into the code that makes up the program, as well as the algorithm that was
developed. During this interim period, further processing could be performed on the section of
the item of interest that is of interest because it includes the component that is anticipated to be
present. The metrics that are necessary for the analysis are taken into account when the

processing is being done.

30



3.2 IMAGE CONTRAST ENHANCEMENT

The primary objective of preprocessing is to enhance the picture quality of the local region being
investigated (in this case, tumors of brain malignancies) using MRI technology. In addition, a
form that can be further processed by machine vision systems or by people is produced. In
addition, several MRI characteristics may be enhanced by the use of preprocessing [82]:

After that, in order to improve the signal-to-noise ratio, we use an adaptive contrast enhancement
technique that is based on the modified function (described in [83]). Therefore, bringing about
an improvement in the clarity of the first MRI scans. However, the most significant barrier is
the low picture quality, which makes it difficult to extract, analyze, and identify characteristics
in an effective manner, and to quantitatively quantify them. Medical pictures are often corrupted
by impulsive, multiplicative, or additive noise as a result of the flawed imaging process features
that cause them to be created. The authors of the paper [37] suggested using a method known as
the Contrast Balance Enhancement Technique (CBET) in order to achieve a higher contrast
level while emphasizing the region of interest. It is important to point out that the region of
interest calls for contrast while doing medical imaging.

The Contrast Limited Adaptive Histogram Equalization (CLAHE) approach was discussed in
the works [84, 85]. The purpose of the procedure was to enhance the features and identify
superior medical imaging qualities, which would ultimately result in an accurate diagnosis.
Unsharp masking is an additional fascinating technique that may be used for the purpose of
picture improvement. The use of a high-frequency emitter makes this approach particularly
susceptible to noise, despite the fact that the purpose is to increase the detail and edges of the
image. The author demonstrated in his study [86] that invariant contour transform, also known
as STICT, improves the overall quality of MRI images.

We make use of the algorithm in the procedure that was recommended (BCET). It is possible to
reduce or increase the contrast of a picture without affecting the appearance of the histogram of
the original input image (I old). The problem is solved by deriving a parabolic function from
the input picture in this approach. The equation for the parabolic function may be put down as

follows:

Iyew =@~ (Iold - b)z +cC. (3-1)
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The coefficients a is derived from the input. Whereas b and ¢ are determined from the minimum
output image value (Iy.,, ), the maximum output image value. The following equation calculates

the value of the average output image:

b— h? (E-L)-s-(H-L)+I*-(H—-E)

“2.h-(E-D—e-(H-L)+1-(H-E)]" (3-2)
A H-L
~(h=1)(h+1-2b) " (33)
c=L-a(l-b)* (3.4)
1, .
S = W; IOId (I) _ (3.5)

where h and | are the maximum and minimum of the input image, respectively. Additionally, H
and L are the maximum and minimum values of the output image. While s refers to the average

of the input image, e denotes the mean square sum of the input image.

3.3 FEATURE EXTRACTION

The preprocessed Computed tomography data in this investigation yields both local and global
properties. HOG and LBP feature extraction methods are described in-depth in the following

subsections.

3.3.1 HOG Features

Object recognition algorithms make use of the Histogram of Oriented Gradients in order to
classify the patterns that are seen in photographs (HOG). A medical picture is evaluated to
determine the frequency with which the orientation of each gradient occurs in a certain region.
The HOG feature extraction module provides a solution that is both fast and straightforward for
the process of extracting features. Because of the core calculations, it is a more quicker and
more effective feature descriptor than SIFT and LBP [87]. HOG characteristics have also been
shown to be beneficial as detection descriptors in a number of studies. The two applications that

make the most frequent use of this technology are image processing and computer vision. HOG
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Is a term that may be used to describe the form and look of the picture. The picture is then broken
up into many smaller cells, such as the 4-by-4 grid that was used for this study, and the edge
directions are determined in this manner. Histograms may be normalized, which is one way to

improve the accuracy of the data they provide.

The local object appearances and forms may be characterized by using the histogram of
directional gradients' descriptor, which is based on the dispersion of intensity changes or data.
In order to construct a gradient direction histogram for each cell, the image must first be cut up
into tiny connected chunks that are referred to as cells. In the next step, we classify the fashion
items in the F-MNIST dataset using SVM, basing our decisions on the numerous characteristics
of the retrieved photographs. It is required to do some preprocessing work before to collecting
picture samples in order to eliminate noise artifacts prior to training a classifier and assessing
the test. This is because collecting image samples is the first step in the process. When pre-
processing is applied, the resulting feature vectors for training classifiers are significantly
improved. It is vital to do sufficient preprocessing if one want to enhance identification rates
and cut down on the number of incorrect classifications. In the suggested research, identifying
fashion goods is accomplished via the use of HOG-based feature extraction. When attempting
to extract the HOG feature from an image, images with a resolution of 2828 pixels are employed
[88], [89].

Integrating all of this information results in the construction of the descriptor. By first giving an
estimate of the intensity over a larger region of the image, which is referred to as a block, and
then utilizing this value to normalize each cell inside the block, local histograms have the
potential to make a major increase in the accuracy of the analysis. The inversion of the changes
in light and shadows is improved as a result of this normalization. Figure 3.2 depicts the process

that must be gone through in order to get HOG characteristics.
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Figure 3.2: HOG feature extraction.

Gradient Computation : The visual window was divided into several little spatial sections that
are referred to as cells. Within each cell is a one-dimensional distribution of a gradient or border
orientation over its individual pixels. Keeping track of the grade values is done throughout the
whole of the calculation procedure. The employment of a one-dimensional centered, pointed
discontinuous derivatives mask in both the horizontal and the vertical axes is by far the most
prevalent approach. We used background subtraction to generate the gradients, and after that,
we put them through a series of tests using a wide range of discrete masking derivatives. In order
to ensure the efficiency of the kernels in this technique, the data pertaining to color or intensity

must be filtered:

Orientation Binning : The following phase in feature extraction in statistical analysis is called
cell calculation, and it's an important element of the process. The values of the edge direction
histogram channel are compiled into orientation bins over minuscule spatial areas that are
referred to as cells depending on the direction of the gradation element that is centered on each
cell. There is a possibility that they will take on a radial or rectangular form. Depending on
whether the gradients are "unsigned” or "signed,” the rotation bins may range from 0 to 180
degrees or from 0 to 360 degrees and have an equal spacing between each bin. For the range
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ranging from O degrees to 180 degrees, the picture pixel size squares are 128 by 128 and there
are nine direction bins. The orientation bin that should be assigned to each pixel is determined

by using the pixel's alignment as a starting point.

Descriptor Block: In order to modify the gradient strengths of the HOG features, it is required
to merge cells into bigger blocks that are spatially related to one another. The HOG specification
is constructed using the concatenation of vectors derived from modified cell scatter plots for
each area. These blocks tend to overlap one another, which is indicative of the fact that each cell
is discussed more than once in the overall description. There are several instances of block
geometric shapes, such as the rectangular R-HOG blocks and the circular C-HOG blocks. In
this investigation, the ideal configurations for 2x2 holding cells of 4x4 pixel cells using 9
percentile channels are determined via the utilization of the rectangular R-HOG. There are a

total of 36 HOG feature sets produced from each CT scan image.

Block Normalization: There are four main methods for doing block equalization. A small
constant (e) is placed in front of \V/, which represents all the histograms in a given block, and the
non-normalized vector V is used to represent all the histograms in this block (the exact value,
hopefully, is unimportant). After that, you may choose an adjustment factor from the following

list:

v

L2 —normal: f=—— (3.6)

“|v||2+e2

L2-hys: L2-normal followed by clipping (limiting the maximum values of v to 0.2) and

renormalizing, as in

(4

L2 —normal: f = (3.7)

B ||v||1+e

v

L2 — hys: f = | (3.8)

[v]|1+e

The L2-his approach may be computed by first taking the L2-normal, then compressing the

result, and then renormalizing the value. On the other hand, a large range of gradient magnitudes
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Is produced as a result of the significant differences in the depth of field. The histograms of each
cell are normalized such that the issue may be solved by merging the histograms of cells that
are next to one another into a larger block. In the last step, the chosen CT slices are joined

together to produce the HOG-based bounding boxes.

3.3.2 LBP Features

As its name indicates, a Local Binary Pattern (LBP) is a method that may be used to describe
the appearance of an image inside a condensed area that surrounds each particular pixel. The
primary principle upon which basic banalization is built is the idea that textures represent two
distinct local things—namely, a pattern and the strength of a pattern—and this idea is what
underpins basic banalization. The production of local binary patterns is accomplished by using
an imaging block that is composed of three pixels and is controlled by the operator. The value
of the center pixel is thresholded, then it is multiplied by powers of two, and lastly it is
concatenated in order to generate a label for this pixel. This process is repeated in order to
produce a label for this pixel. There is a total of 256 possible labels that can be produced by
using the respective gray values of the center and the pixels in the neighborhood [88], [89]. This
is due to the fact that the neighborhood is composed of 8 pixels. In addition to this, the procedure
of classification takes into consideration the mean as well as the standard deviation of the LBP-
Local characteristics that are present in an image. At the pixel level, LBPs are the ones to thank
for the translation of a grayscale image into a matrix of numerical integers. In the form of a label
matrix, you may get a description of the original photo that you're looking for here. It does this
by figuring out how to represent the texture in some form or another on a map. It is common
practice to incorporate some type of graphic description in curriculum vitae as a way to organize
the information that is given. When the HOG feature descriptors are used, there is a discernible

and substantial increase in the level of performance.

LBP is a feature descriptor that is used to classify textures and has a strong defining
characteristic. When interpreting CT scans, it is essential to take into consideration the patient's
tissue's texture. It has been discovered that LBP is an effective extension for classification issues

because to the fact that it is invariant to both grayscale and rotation [90]. According to the results
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of the LBP sampling stations, the textural qualities are determined by the radius N that surrounds

the center pixel (neighborhood pixels) LBPy :

N-1
LBPN,R(xc: yc) = Z S(X(k) - x(c))zk ) S(x) = {(]ii i 8, (39)
k=0

where R is the diameter of the circle and N is the total number of points sampled within that
diameter range. R is the variable that affects the quantization of angular space, and it is R that
controls the pixel density of LBP. As a direct result of this, the accuracy of categorization is
significantly impacted by the aforementioned two parameters. The values of pixel K and pixel
C, respectively, are denoted by the notations X (K) and x(C), respectively. The invariants of
LBP with regard to grayscale and rotation are guaranteed to be invariant by the function s. (x).
In this particular scenario, the value of s(x) is considered to be 1 if it is greater than or equal to

the value of the pixel x. (K). In all other cases, the value of s(x) is 0.

3.4 SUPPORT VECTOR MACHINE (SVM)

On the basis of extracted characteristics, the support vector machine (SVM) classifier has been
employed for tumor predication on medical images (LBP and HOG). The support vector
machine (SVM) is a kind of non-probabilistic binary linear classifier. To train an SVM, a
collection of examples is split into two categories, and then a model is developed that places
new cases into one of the categories. Support vector machines may be used to produce
hyperplanes and hyperplane sets for classification applications that take place in a space with a
high or an infinite number of dimensions. SVMs are an effective supervised learning approach
that may be used in conjunction with machine learning to discover patterns hidden inside data.
The hyperbolic plane is attainable in the event that enough separation is maintained together

with the largest possible distance from neighboring training data in any category.

A higher margin of error will help reduce the number of incorrect generalizations. Figure 3.3
illustrates the maximum boundary classifier that may be used. Classifiers such as the support
vector machine (SVM), which may be used for both classification and regression, are often used

in supervised learning [91]. Utilizing the Supporting Vector Machine may be beneficial for a
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variety of different kinds of recognition, such as word recognition, recognizing faces, and so on.
It produces outstanding outcomes when applied to situations that are based on the actual world
[92]. In this section of the course, we will train and test using a support vector machine. This
strategy included classifying the fashion pictures contained inside the F-MNIST database into
HOG feature space by using a multiclass SVM classifier. To fill up the whole feature space,
HOG features with dimensions of 1296 by 1296 have been laid up in rows. Figure 3.3 presents

a schematic of the SVM classifier for your viewing pleasure.

Support vectors (class -1)
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Figure 3.3: Maximal Margin Classifier (SVM).

3.4.1 Multi - Class SVM

Instead of creating many binary classifiers, it makes more sense to do a single optimization
technique to separate all of the categories [93]. All k-binary SVMs may be learned at the same
time using these techniques, which offer a clear goal variable and maximize offsets from each
category to the remaining items for a k-class problem. Assuming a labeled training set,
{(x1,y1), - (xn,y,)} of cardinality |, where x_.i € R*dandy_i € {1,...,k}, the

formulation proposed in [94] is given as follows:
1
min - 3oy Wi Wy + € Eicy Dy, (3.11)
W,, € H,b € R* & € R¥F
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subjectto W) @(x;) + by, = Wl o(x;) + b + 2 — 8, (3.12)
i=1,...,Lt €{1,.....k}\y;.

The result of the decision is:
arg _max,, fm (x) = AT e 1 (WE @ (2)+bm) (3.13)

3.5 BRAIN TUMOR SEGMENTATION METHOD

CT scan segmentation is a technique that is regularly used to identify the limits of an image as
well as the components that are included inside it (curves, lines, etc.). The separation of medical
pictures in order to distinguish a local item (brain tumors utilizing MRI images or other clinical
imaging technologies) is an essential step [95, 96]. This is because selecting the appropriate
treatment choice should be simple.

Picture delineation, which refers to the act of identifying a region of interest in a medical image
either manually or by computer means, is crucial (ROI). Isolating certain anatomical features
has been accomplished via the use of a number of different picture fragmentation techniques,
which have been described in medical journals. This technology has a wide range of
applications, some of which include fully automated blood cell categorization, mammography
mass detection, camera calibration, cardiac segmentation and analysis, coronary computed
tomography feature extraction, patient management, surgery information processing, target
organ damage and data processing, brain and animal improvement experiments, properly

functioning mapping, and a great deal more [97, 98].

The authors of the thesis created a threshold iteration approach that differentiates between sick
and uninfected regions of MRI and CT data by using better forms of Otsu and C-means fuzzy
clustering. The method may be found in the thesis.

Allow L grayscale values [1, 2,...., L] to represent the image's tonal range. The fraction of dots

that are a shade of gray (xi) (i). The sum of all possible points is denoted by the formula X =
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x 14 x 2+ +x L. The histogram of the grayscale picture is used to model the distribution of
events:

q() =2 ,x 20,3 % = 1. (3.14)

X

Using a threshold value of t, image pixels are split into the foreground and background
components, respectively denoted by C 0 and C 1. Pixels inside levels [1,2,....., t] are re-
presented in C 0, whereas those within levels [t + 1,... L] are shown in C 1. The following

equations determine the class and intermediate occurrence probability, accordingly.

my =m(t) = Xi, q(0), (3.15)
my =1—-m(t) = Xicq 90, (3.16)
i.q(i 1
o= Bin, 2 = (3.17)
i.q (i 1 ; ,
=Tk m? = o Tl bm(). (3.18)

The overall average is defined:
ur =¥k im(0). (3.19)
and then me can find:

Hr = Moo + Myl , (3.20)

where m 0 and m 1 - represent the probability of being in the front or distance, respectively.
Further, 0 and _1 stand for the typical grayscale value of the depth of field, correspondingly.

Here, we have a full grayscale picture denoted as pr,.
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4. RESULTS AND DISCUSSIONS

In this preliminary research, segmentation evaluated a large number of items using binary data
(brain tumors). The Digital Imaging Common Open Metadata (DICOM) [99] repository is one
example of such a trove. In order to achieve their conclusion, the researchers looked at 150
photographs from the DICOM collection of patients with brain tumors.

The Brain-web dataset [100] is another example of a dataset that has been used in research. It is
composed of sequentially modeled data from three separate modeling modalities, all of which
are comprehensive 3D MRI scans of the brain. Examples of such sequences are T1-weighted
MRI and T2-weighted MRI. Of the 48 photos up top, 15 are really close-ups of brain tumors.
The second group of brain tumor statistics was compiled by radiologists and had 10 case studies,
each of which included 6 images. The first 75 images were taken from MRIs and a digital
database of screening mammography (DDSM) [101, 102]. These images were used to make a
magnetic resonance imaging (MRI) scan of the brain. Due to the fact that the MRI scan is not a
precise tomogram and instead contains varying contrast and, in this example, segmentation, the
results of employing different implementations of BCET are illustrated in Figures 4.1. That's
because it's always preferable to move to a new implementation rather than merely tinker with

the thresholds that are already in place.

Figure 4.1: An example of segmentation of an object (brain tumor) using different value of mean.
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In this preliminary research, segmentation evaluated a large number of items using binary data
(brain tumors). The Digital Imaging Common Open Metadata (DICOM) [99] repository is one
example of such a trove. In order to achieve their conclusion, the researchers looked at 150

photographs from the DICOM collection of patients with brain tumors.

The Brain-web dataset [100] is another example of a dataset that has been used in research. It is
composed of sequentially modeled data from three separate modeling modalities, all of which
are comprehensive 3D MRI scans of the brain. Examples of such sequences are T1-weighted
MRI and T2-weighted MRI. Of the 48 photos up top, 15 are really close-ups of brain tumors.
The second group of brain tumor statistics was compiled by radiologists and had 10 case studies,
each of which included 6 images. The first 75 images were taken from MRIs and a digital
database of screening mammography (DDSM) [101, 102]. These images were used to make a
magnetic resonance imaging (MRI) scan of the brain. Due to the fact that the MRI scan is not a
precise tomogram and instead contains varying contrast and, in this example, segmentation, the
results of employing different implementations of BCET are illustrated in Figure 4.2. That's
because it's always preferable to move to a new implementation rather than merely tinker with

the thresholds that are already in place.
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Figure 4.2: The red line indicates the diseased region, while the green line indicates the unaffected
region of brain in certain examples where the approach was used to pinpoint the location of the item (a

brain tumor).
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Figures 4.3 and 4.4 are the example of the developed software program under MATLAB 2021
platform that contain more than one result for tumor analysis, which helps the radiologist and
specialist in diagnosing the disease and preparing a plan to treat the patient and keep him away

from danger and maintain his health.
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Figure 4.3: Example 1 of developed SM platform for mass analysis.
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Figure 4.4: Example 2 of developed SM platform for mass analysis.
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Our method effectively identifies the tumor region (in in addition to the healthy brain inside the
original input image) with a color consequence that is presented in Figures 4.3, in contrast to
the current state of the art methods, which leave some non-neoplastic region on the segmented
image that is perplexing for diagnosis (there are no tumor boundaries and normal regions of the
brain). The observations make it quite clear that in terms of its ability to discern between normal
and abnormal areas, our algorithm is much better to other methods that have been tried in the
past (tumors).

In order to determine the validity and accuracy of the tumor, along with the map of the normal
area of the brain and the edge of the tumorigenesis mas that were created by our method, the
following factors were used in the evaluation process:

The structured similarity index comes in first (SSIM).
i. Mean square error (MSE).
ii. Peak signal-to-noise ratio (PSNR) in dB.
iii.  The ratio of pixels that were detected (PCD).
iv. The ratio of pixels that were not detected (PND).
v. Probability of False Positive Results (PFA), and Merit Score (MS).
vi. The combination of sensitivity and accuracy.
These seven measures are mostly determined by the values of TP, TN, FP, and FN:

True positive (TP) refers to the number of pixels that accurately recognized the tumor boundary;

negative (TN) indicates the number of pixels that accurately detected the background,;

False positive (FP): As its name suggests, this refers to the number of pixels that are incorrectly
recognized as the boundary of the tumor. False negative (FN): This refers to the number of
pixels that are incorrectly identified as the background.
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The Structural Similarity Index, often known as SSIM, is a perceptual metric that measures the
degree to which picture quality degrades as a result of data transmission loss, compression 10ss,

or any other image processing approach. The SSIM is defined by the following equation:

(Zlux/’ly + Cl)(zo-xy + CZ)
(/Uf + ,ui + C1)(O-f + O-j +C,)

SSIM(x,y) = 4.1)

When the SSIM score is greater, it indicates that the brightness, structural content, and contrast
have been retained more successfully.

In most cases, the Root Mean Square Error will be used to determine how accurate a picture or
signal is (MSE). Offering a mathematical estimate is one way to assess accuracy in an image or
signal, which serves the goal of determining the degree of similarity between two pictures and
is done for the purpose of evaluating the correctness of an image or signal. One of the photos is
supposed to be the original for the purpose of computing the MSE, whereas the other image has

been rotated, cropped, or otherwise altered in some way. The MSE is defined as follows:

||E||

MSE = Z EZ = (4.2)

Peak Signal-to-Noise Ratio (PSNR) is used to evaluate image reconstruction quality. It is

calculated as follows:

2" —1)° ' E
PSNR =10l0g,, (%j = 20log,, (2" —1)- 20log,, [%J . (4.3)

Higher PSNR and Smaller MSE refer to better signal to noise ratio.
where REcnt u AEcnt — number of ideals (standard) and real point on the edge;

The range of the measurement is from 0 to 1, and the greatest value is considered to be ideal.

The sensitivity may be represented by the following equation, which also serves as its definition:
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TP
TP+FN’

Sensitivity = (4.4)

The accuracy is shown as a fraction of the total number of outcomes. whereas the fraction of
pixels in the foreground and background that are properly recognized is referred to as Precision.
The value of the measurement might go anywhere from 0 to 1. When the accuracy value is set
to 1, the signal at the output becomes identical to the signal at the input. As a result, the following
constitutes the accuracy:

TP+TN
TP+TN+FP+FN’

Accuracy = (4.5)

The observed results make it abundantly evident that diagnosing the normal region and tumor
of the brain using MRI of the brain is accurate and quick in comparison to manual detection
conducted by clinical professionals. This conclusion can be drawn from the findings.

The Intersection-over-Union (loU), also recognized as the Jaccard index or Jaccard similarity
correlation, and the Dice similarity coefficient (DSC), also recognized as the F1 score or the
Srensen-Dice index, are two most popular metrics that are used in Improperly and are based on
the F-measure. Both of these metrics are utilized in the field. The loU penalizes under- and over-
segmentation more than the DSC does, which is one of the key differences between the two
measures. The DSC is defined as the harmonic mean between sensitivity and accuracy. Despite
this, both scores are valid measures, however the DSC is the metric that is used for management

information systems assessment in the vast majority of scientific articles.

TP

U= . (4.6)
TP + FP+FN

DSC = 21P . 4.7)
2TP + FP+ FN
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The evaluated performance aspects also indicate that the PSNR, MSE, and SSIM parameters are
improved as a result of using it. The method that was proposed provides accurate and speedy
object identification (tumors in the brain), and it pinpoints the precise position of both normal

regions and tumors in MRI images.

The study of acquired pictures’ efficiency at the edges is outlined in Tables 4.1. This analysis

involves estimating the tumor area and the area without pathology (brain).

Table 4.1: Parameters evaluation for analysing identified tissues, excised tumours, and pathology-free

regions shown in Figure 4.3.

Img 1 5% 68.990 0.920 0.9765 0.9762 2
Img 2 7% 65.004 0.35 0.9775 0.9839 3
Img 3 8 % 66.066 0.215 0.9800 0.9898 2
Img 4 18 % 67.03 1.172 0.9863 0.9850 3
Img 5 36 % 68.256 0.245 0.9896 0.9758 3

It is feasible to build a map of the boundaries of the object of interest (malignant region and
normal regions) with a correctness that is on average 3-7% greater with the assistance of the
approach that was recommended. In addition, the strategy that has been suggested demonstrates
a reduction in the amount of brain pixels that are erroneously classified as being part of the sick
area of the brain. The improvement is less than one percentage at noise levels that are lower
than ten percent. The sensitivity index, on the other hand, demonstrates a decline that is more

noticeable yet still remains within the acceptable margin of error.

Table 4.2 presents an overview of recent approaches that have been developed since 2016 for
solving a variety of medical picture segmentation challenges by using a convolutional neural

network in conjunction with other segmentation algorithms.
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techniques.

Table 4.2: Segmentation of clinical images is a modern technique that makes use of a wide variety of

2017 [14] ,ﬁgegfuttlﬁm MRI 91.03 DSC
2018 [38] 2 Conﬁ‘gg"e'u' MRI-T1-T2 93.32 DSC
2019 [47] FCMT MRI-T1-T2 78.20 loU
2018 [70] FCM CT Scan 92.28 DSC
2020 [100] V-Net MRI-T1-T2 84.55 DSC
2019 [75] FCM MRI 90.63 DSC
2021 [55] Enh. FCM MRI 91.33 DSC
2016 [60] B-CNN MRI-T1 94.89 DCS
The Presented FeMT MRl and CT 97.56 DSC
methodology scans 96.85 loU

Table 4.2 demonstrates that the created approach has a very high level of accuracy, with an error

rate of just 3-4% when segmenting medical pictures.

The training was carried out using a combined set of MRI images taken from the digital imaging
in medicine (DICOM) dataset. The purpose of this was to assess how accurate the SVM

classifiers were in determining whether or not an MRI scan included a tumor.

Table 4.3 displays, with accompanying explanations, the findings and information pertaining to
the categorization of brain tumors.
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Table 4.3: Evaluation of SVM classifier for tumour identifying on CT images.

With Tumor 180 80 78 2 0.9750
Without Tumor 452 83 77 6 0.9277
Total amount 632 163 155 8 0.9516

According to Table 4.4, the tumor testable prediction accuracy is 98% on photos with mass and
93% on images without tumor. This is evident from the fact that 95% classification accuracy

was achieved on average in the experimental trials while using integrated feature extraction.

Combined extraction of features may successfully identify whether an MRI scan has
malignancies around 3%—4% of the time. In Figures 4.5 and 4.6, we see the HOG feature-based

and combination feature-based (HOG + LBP) versions of the tumor prediction Confusion

Matrix.

True label

False

Predicted label

Figure 4.5: Confusion matrix of tumour predication using HOG features.
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True label

False Tue
Predicted label

Figure 4.6: Confusion matrix of tumour predication using combined HOG+LBP features.

From Figures 4.5 and 4.6, we can recognize the modified methodology for tumor predication
(combination of features HOG and LBP) is more accuracy than using HOG features. The error

rate by using combination LBP and HOG is 4 %, while the usual method is 11%.

The evaluation of comparison of our approach with five other models (Multi-Cascaded [103],
Cascaded random forests [104], Cross-modality [105], Task Structure [106], One-Pass Multi-
Task [107], and Cascade Deep Learning model [108]) using quantitative and qualitative metrics
to gain a more in-depth understanding of the tumor segmentation performance. Figures 4.7 and

4.8 show the numerical results of our different proposed structures.
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Tumor size 18%

9

Figure 4.7: Brain tumor localization utilizing the proposed method and four state-of-the-art techniques

on BRATS 2018 dataset (the blue, yellow, and red colors are edema, enhanced, and core regions
respectively). (A) Input image, (B)&(C) Our method, (D) Multi-Cascaded [103], (E) Cascaded
random forests [104], (F) Cross-modality [105], (G) One-Pass Multi-Task [107], and (H) Cascade
Deep Learning model [108].

|

WL
Tumor

size 20%

Figure 4.8: The results of segmentation of infected area (brain tumor), using the our method and a
Cascade Deep Learning model on BRATS 2018 dataset, (A) Input image, (B)&(C) Our method, and
(D) Cascade Deep Learning model
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Figures 4.7 and 4.8 graphically displays the successful outcomes of our method on the BRATS
2018 dataset. Each region, as seen here, shares a common boundary with every other region. It
is possible to distinguish the demarcation line between the lesion core and the improving areas
within the T1C images (third column) with a high degree of accuracy without resorting to the
use of other modalities due to the value difference between the two. However, this is not the
case when discussing edematous regions, enhanced edematous regions, or the edge of a tumor
core. When we take into account the aforementioned features of each modality, me find that a

shallower CNN model is sufficient, provided that we restrict our search space sufficiently.

The presented method outperforms previous recently published models, although our algorithm
still has certain drawbacks when dealing with tumor volumes larger than one-third of the whole
brain. This is because as the tumor becomes larger, the predicted area decreases, resulting in

worse extracting features.
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5. CONCLUSION AND FUTURE WORK

Clinicians often use subjective criteria for assessing brain tumors. Examining brain scans
manually is becoming more time-consuming and frustrating as technology advances. One might
counter this by arguing that automated segmentation and classification aid neurologists in their
job by facilitating quicker decision making. Recent years have seen significant advancements
in the ability to categorize and forecast brain tumors in MRI data because to the application of
deep learning algorithms. However, further study is required since MRI is not a simple topic
just yet. Medical practitioners may benefit greatly from segmentation and classification methods
because they expedite data processing and provide a new viewpoint based on automated
outcomes. Malignancies (such as gliomas and meningiomas) are the focus of this thesis, with
machine learning for segmentation and classification serving as the primary technique of study.
FCMT's groundbreaking work in image processing, especially its emphasis on contrast
enhancement, is a powerful asset when it comes to tumor segmentation. The LBP and HOG
algorithms are used to extract features for this purpose. All of these individual parts make up
the whole that is the ensemble. A convolutional neural network is trained using this Ensemble
Features data. There is evidence that a merged SVM using HOG and LBP features may achieve
a 97% rate of success in classification. Under 3% of errors are discovered in any one iteration.
Max-pooling is a popular process in network topologies; however it usually has the unintended
side effect of lowering picture quality and resolution, and hence the network's accuracy. Almost

all previous research has only taken into account low-resolution feature maps.

More study is required on this issue. More research is needed to create techniques that preserve
an image's quality and allow spatial recognition. Existing CNN-based therapies were frequently
designed to treat a specific type of illness. A versatile DL-based framework capable of detecting
different tumors would be a huge help to a doctor. Many academic datasets have problems with
data imbalance. The Brain Tumor Segmentation (BraTS) dataset is used as a reference, since
96% of the samples are labeled as belonging to a single class and 2% as belonging to another.

When creating a model from such an imbalanced dataset, overfitting is unavoidable.
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In addition, recent studies have looked at how GANs and other advanced data enrichment
technologies can help in the detection of brain tumors. Also, research evaluating the efficacy of
various data augmentation strategies in detecting brain cancer is lacking. Moreover, the vast
majority of research didn't look into the possibility that various pre-trained state-of-the-art
networks may help in diagnosing brain cancer. Data imbalance and limited dataset size are two
issues that could be addressed in brain tumor diagnosis with the help of modern data

augmentation methods and state-of-the-art pre-trained network architectures.
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