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Abstract

In the twenty first century, there have been various scientific
discoveries which have helped in addressing some of the fundamental
health issues. Specifically, the discovery of machines which are able to
assess the internal conditions of individuals, has been a significant boost
in the medical field. Multiple Sclerosis (MS) is a demyelinating disease in
which the insulating covers of nerve cells in the brain and spinal cord are
damaged. This damage disrupts the ability of the nervous system’s parts
in various forms to transmit signals, therefore results a wide range of
symptoms including physical, mental and psychiatric problems. In this
regard, most of the researchers have focused on improving the
classification of brain lesions, especially those from MS, which is a
relatively difficult task, using different algorithms, but mainly in
determining the edge. However, the absence of learning methods have
caused complexity and difficulties for having accurate results in the
previous works. Therefore, this need motivated us to use various tools of
learning methods with a focus on Cellular Learning Automata (CLA) to

achieve more accurate results in detection of MS lesions.



Cellular Learning Automata (CLA) is a hybrid model of two, Learning
Automata and Cellular Automata, which is a simple discrete system that
can exhibit complex calculations and behavior through simple and local
rules. In this study, we aim to propose a new combinational algorithm
using Support Vector Machine (SVM) used for classification and cellular
learning automata (CLA) to increase the accuracy of MS lesion detection.
The objective is to create artificial models using support vector machines
(SVM) to classify MS and normal brain MRI images, analyze the
effectiveness of these models and their potential to use them in multiple
sclerosis (MS) diagnosis. In order to develop such combination method,

we start with simple learning methods such as k-means to find MS lesion.

The research was carried out in four stages, respectively, the algorithms
are as follows; a) Semi-automatic method and use of K-Means, b)
Automatic MS Segmentation Approach Based on Cellular Learning
Automata, ¢) MS Segmentation Approach based on SVM, CLA and K-
Means, d) Accurate Simulated Database, 3D MRI to 2D Images, using
value of Binary Pattern Classification for MS Detection. The algorithms
consist of pre-processing parts, detecting MS-hemispheres, feature
extraction, classification and post-processing. In the pre-processing

section, the brightness intensity of the normalized images and the brain



region are first extracted. Then, to reduce the computational volume, the
lesions are diagnosed. The proposed approach can be considered as a
supplementary or superior method for other methods such as Graph Cuts
(GC), fuzzy c-means, mean-shift, k-Nearest Neighbor (KNN). We try to
see the benefits of having a 3D database but to use 2D vectors only for
better comparison and more accurate results. Support vector machines
(SVM) can be a useful tool during the multiple sclerosis (MS) disease
diagnosis process, however to be able to make better assumptions, more

tests are needed.
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Chapter 1

Introduction



1-1- Introduction

One of the most common autoimmune diseases of the central
nervous system is multiple sclerosis (MS), which mainly affects young
people from the age of 6 and causes problems such as loss of control,
vision, balance and senses. Autoimmune diseases are diseases in which
the immune system, which is responsible for protecting the body and
destroying external damages such as bacteria, mistakenly begins to invade
the body's tissues. In MS, the immune system begins to invade the brain
and spinal cord, the two major components that control the central nervous
system, causing paralysis and disability. This is why it is known as an

autoimmune disease [1].

The central nervous system is made up of millions of axons, which are
responsible for the rapid transmission of nerve signals from one neuron to
another in order to transmit the message between the brain and the body.
Axons are covered with a protective layer called myelin (a type of fat) that
prevents the interference of nerve signals [2]. In MS, the immune system
can disrupt the transmission of nerve signals by axons and the brain loses
control over the body by disrupting these fats and destroying them.
Depending on the affected area, different symptoms may appear such as

partial or complete loss of vision usually in one eye, pain in moving the



eyes and vision or blurred vision, severe muscle weakness and destruction,
weakness or numbness of one or more parts of the body, body aches,
tingling or pain in some parts of the body, electrical shock when certain
head movements, body shaking or body irregularities, stuttering, fatigue
and dizziness. In addition to damaging the axons, MS causes numerous
inflammatory foci that are reversible despite axonal death. Therefore,
axonal mortality is considered as an appropriate marker for disease
progression. People may occasionally feel these symptoms at the onset of
recurrence and then they may temporarily disappear. Some people have a
benign form of the disease and do not develop another attack after the
initial attack, but only in some cases and for people with problems such as
dryness or cramping, paralysis, especially paralysis of the legs, bladder
and abdominal problems, mental problems such as forgetfulness or lack

of concentration, depression and epilepsy or anesthesia [3].

MS patients are classified into four clinical groups [4]: Relapsing-
Remitting MS (RRMS) which is the most common form, 85% of MS
patients. Progressive-Relapsing MS (PRMS) which is a rare form of MS
and only 5%. Primary Progressive MS (PPMS) and Secondary Progressive
MS (SPMS), which are not very common, 10% of patients. The RRMS

type is the most common type of disease associated with recurrence. The



return of RRMS is linked with a partial or complete recovery in a few
weeks or months. In SPMS, symptoms worsen more steadily over time
and it also includes a period of sustained improvement. SPMS patients
with RRMS have different degrees of disability and no recovery. Patients
with PPMS have been progressing since the onset of the disease and in

some cases have improved slightly.

Although 10% of patients with MS recover within 20 years, 50% of them
need walking assistance after 15 years and in some cases die. Studies on
the association between onset of disease and age show that the younger
the age of the disease, the more MS lesions occur and the more part of the
brain tissue (especially the white area of the brain) is analyzed. Although
MS was discovered in 1868, its cause remains largely unknown.
Researchers know that MS is a nerve damage caused by inflammation, but
the cause of the inflammation is still unknown. However, the effects of
environmental and genetic factors have been reported as the most common
causes of the disease. Ages 20 to 40, having a family member, infections
and specific viruses such as Einstein Barr virus, white people, especially
families living in northern Europe, developing other autoimmune diseases
such as thyroid disease, type 1 diabetes or Inflammatory bowel disease

increase the risk of MS [1].



After initial examination, MRI imaging can confirm the diagnosis. In MRI
images, doctors can see where the plaques originate and can even estimate
how long they have been formed. Although about 5% of MS patients have
normal MRI images at the onset of their disease, and interpretation of these
images should always be accompanied by other symptoms and clinical
examination, such as spinal cord fluid testing and neuropsychological
tests, but in 95% of cases MRI plaques are visible on MRI images. So
given the high percentage of diagnoses seen in these images, MRI is

currently the most accurate method that can help diagnose MS [5].

1-2- Problem Statement and Motivation

As mentioned in the introduction, MS is a disorder of the central
nervous system autoimmunity that the immune cells mistakenly begin to
destroy the protective lipid sheath on the nerve fibers. These affected areas
are called plaque in pathology [6]. The distribution of these plaques is
white in body tissue. As the process of repair and destruction of the
protective sheath on the nerve fibers continues, the messaging system
becomes disrupted and causes symptoms such as fatigue, limb weakness,
disorganization, dizziness, and visual disturbances [7]. Currently the best
way to diagnose MS disease is by MRI imaging of the brain and neck at

different intervals [8]. These lesions are visible in white matter in MRI



images, appearing in T2W* images with high light intensity and appearing
in TIW? images with less light intensity. It is very difficult to diagnose
MS because of the location, size, shape, and anatomy of the individual. In
lesion segmentation, there are two methods of automatic and semi-
automatic. In semi-automatic methods the expert can change the
segmentation until satisfied. The goal of semi-automatic techniques is to
reduce processing time and reduce the diversity of experts, and the goal of
automated methods is to provide more accurate segmentation [9]. In
binary segmentation, four scenarios may occur: TPs®, TNs* FPs® FNs®.
In order to validate the automated segmentation method, the accuracy and
reproducibility criteria are used, which uses mean and standard deviation
and, also to evaluate the accuracy of the three criteria of lesion load,
overlap, and lesion-based. The most widely used criterion for
segmentation is the similarity index or DSC’. Criteria includes Sensitivity,
Specificity and Accuracy [10]. Most of the researchers have focused on

improving the classification of brain lesions, especially those from MS,

1 T2-Weighted

2 T1-Weighted

3 True Positive

4 True Negative

5 False Positive

6 False Negative

" Dice Similarity Coefficient



which is a relatively difficult task, using different algorithms, but mainly
in determining the edge. Since the absence of learning methods have
caused complexity and difficulties for having accurate results in the
previous works. Therefore, this need motivated us to use various tools of

learning methods with a focus on Cellular Learning Automata (CLA).

CLA is a hybrid model of two, Learning Automata and Cellular Automata
which is a simple discrete system that can exhibit complex calculations
and behavior through simple and local rules. In this study, we aim to
propose a new combinational algorithm using Support Vector Machine
(SVM) used for classification and Cellular Learning Automata (CLA) to
increase the accuracy of MS lesion detection. The objective is to create
artificial models using support vector machines (SVM) to classify MS and
normal brain MRI images, analyze the effectiveness of these models and
their potential to use them in Multiple Sclerosis (MS) diagnosis. In order
to develop such combination method, we start with simple learning

methods such as k-means to find MS lesion.

1-3- Novelty and Contributions

In Reference [11], many previous methods use prior knowledge of
voxels classification, thus preventing the discovery of other different

texture classifications from classes taught to the system. Because of this,

7



this paper proposes two unsupervised methods for segmenting the brain
image. The first method is based on the use of relevant information
extracted from the volume and total histograms processed using self-
organization maps (SOM). The second method consists of four steps, the
first being the acquisition of MRI images, the second is a feature extraction
procedure using overlapping windows, the third is a dynamic-based
feature selection, and the last, grouping the map units using the SOM
clustering algorithm capability. Reference [12] presents a new genetic
algorithm-based software that derives a CNN (Cellular Neural Network)
that is capable of automatically determining the lesion burden in MS
patients from MRI images. In [13], the author reviews gray matter
leanness that is highly correlated with physical disability and clinical
course in patients with MS. There are univariate and multivariate patterns
in this area. Univariate patterns based on single voxels detect group
differences or clusters. In the context of multivariate models, SVMs
(Support Vector Machine) are used as a powerful diagnostic tool because
of their ability to learn complex classification, high dimensionality of
training data, and extend classification rules to latent data. SVMs use
information from all available voxels that have been combined to reflect

differences between groups [14]. More recently, SVMs have been used to



scan MRI images of MS patients, to identify patterns in brain regions that
are apparently normal using an ROl (Regions of Interest) method that
demonstrates MS patients that can be controlled. Light intensity patterns
based on local brain tissue are separated from healthy individuals.
Reference [15] provides a method in which sequential excisions are
segmented together to provide a temporally adapted tissue segmentation
as long as they are sensitive to the emergence of new lesions. Reference
[16] provides a fully automated method for segmenting brain images
containing white matter lesions. This method is an atlas-based
segmentation technique that uses topological atlas as well as statistical
atlas. Reference [17] presents a hierarchical segmentation-based and self-
organization map (SOM) segmentation approach and also multipurpose-
based feature selection to optimize segmentation process performance.
Reference [18] presents a fully automatic method that uses the information
of all TAW, T2W, FLAIR and PD images. This method is based on the K-
Nearest Neighbor (KNN) classification techniques that create a
characteristic space of voxels’ light intensity and three-dimensional spatial

information.

1-4- Objective

This research was carried out in four objectives as followings:



a) How to integrate semi-automatic method and K-Means for
detecting MS lesions in MRI images.
b) How to use Cellular Learning Automata (CLA) for automatic
MS Segmentation.
c) How to integrate SVM, K-Means and CLA to increase the
accuracy of segmentation of MS lesions.
d) How to use value of Binary Pattern Classification to accurate

MS Detection from Simulated 3D MRI to 2D Images.

1-5- Organization

This dissertation consists of six chapters:

Chapter 1- Introduction: This chapter deals with the introduction

of the thesis work, motivation, and the objective of the thesis work.

Chapter 2- Theoretical Foundation: This chapter explains the basic
method of MRI scanning of brain MRI images (2D & 3D) and

different Sequences.

Chapter 3- Background and Related Work: This chapter describes
the integrated methods of Supervised & Unsupervised learning

method with CLA, Semi-automatic method integrated with K-

10



Means and Binary Pattern Classification to MS detection from

Simulated 3D MRI to 2D Images.

Chapter 4- Proposed Method: This chapter presents the data
collected over several simulation and proposes the method of the

dissertation.

Chapter 5- Results and Discussion: This chapter discusses the

results and the analysis.

Chapter 6- Conclusion, Suggestions and Future Works: This
chapter concludes the thesis with collected results and discusses

shortcoming.

11



Chapter 2

Theoretical Foundation
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2-1- Brain MRI images

MRI is one of the successful technologies in the field of medical
imaging that has made significant improvements in the quality and speed
of imaging in recent years. The waves used in MRI are radio and magnetic
waves that do not harm the body. In this way the patient is placed in a very
strong magnetic field. This field causes the protons to rotate round that
axis (known as precession), so that any proton at any moment in time will
be pointing in some direction in the XY plane. These are the protons of
atoms in all body tissues (especially the protons in the nucleus of the water
molecule) along the lines of the MRI magnetic field. Certain radio waves
are then transmitted to the patient's body. These pulsed waves cause the
axis of the protons to rotate slightly. At the end of the radio pulse, the axis
of the proton rotates again along the lines of the magnetic field. This

reversal generates a new radio wave (electromagnetic) [19].

Secondary radio waves emitted from individual protons are then received
by the MRI receivers and transmitted to the computer. The received waves
are quickly analyzed and then images are made based on these analyses.
An MRI computer identifies what areas of the body have emitted the most
radio waves. The higher the intensity of the incoming wave, the higher the

proton density at that point and because the most abundant atom in the
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body is the hydrogen atom in the water molecule, so it has more water
wherever more radio waves are sent back. MRI can be used to lower the
left (coronal), the upper (axial) and even in the direction of oblique

imaging [20].

The signal strength generated by MRI depends on the two factors of proton
density which are T1 and T2 relaxation times. T1 is the time when 63% of
the longitudinal magnetic moment of a proton, after excitation, returns
from perpendicular to the field parallel to the magnetic field. T2 is the
period or time when the transverse magnetic moment of a proton drops to
37% of its initial value after excitation. In each context this time period is
different. For example, at 1.5 Tesla, the T1 constant is 260 milliseconds
for fat tissue and 920 milliseconds for gray matter. Most pathological
processes increase their T1 and T2 relaxation time and, therefore, have a
lower (darker) signal in T1-weighted images and higher signal in T2-
Wighted images compared to surrounding natural tissues. Depending on
what type of pulse sequence is selected, and how parameters such as
repetition time (TE) and reflection time (TR) are determined (Fig. 2-1),
the contrast with T1 and T2 can be illustrated and the ability of MRI to be
determined. This is the special property. For example, in one image the fat

is light and the other is dark [21, 22].
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A 4

TR TE

Figure 2-1: TR and TE in MRI Image [21, 22]

Each image slice is coded by the phase and frequency of the received
waves on the Y and X axes, respectively. Magnetic fields need to be
changed to perform encoding, which is produced at any given moment by
superconducting magnets. The information received is entered into a data
space called k space and is eventually transformed into image-based
instantaneous transformations. Signals received by MRI systems contain
a great deal of information that can be used to extract the physical and
chemical information of the body or tissue in question. According to the
desired information the MRI system is programmed and finally the
imaging is presented in one of the following ways or combined methods.
MRI images have different sequences, e.g. the one of most common ones

is the multi-echo gradient recalled echo (GRE), which is produced by a
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single RF pulse in conjunction with a gradient reversal. The GRE
formation is illustrated schematically [23]. Common techniques used to
diagnose MS include T1-W, T2-W, PD-W, and FLAIR® images, which

are described in the following sections below [24].

2-1-1- T1-W

This is a basic method of MRI scanning. For example, the
difference between the adipose tissue and the water in this imaging method
is that the water is darker than the adipose tissue in the echo gradient

imaging with short TE and short TR.

2-1-2- T2-W

This method is also one of the main methods of MRI imaging. In
this method, like the T1-weighted, the fat and water were separable, with
darker fat and lighter water appearing in the image. For example, in
studying the brain and spine, the cerebrospinal fluid appears more clearly
in the image. Also, in this method, the Eco gradient sequence with long
TE and long TR is used. In these images, MS lesions have the highest
brightness intensity in the image, because the amount of water in the

lesions is greater than the rest of the brain tissue.

8 Fluid-Attenuated Inversion Recovery
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2-1-3- PD-W

This method is also known as proton density. The contrast in the
images obtained by this imaging method is not dependent on the T1 and
T2 values and depended only on the density differences of the hydrogen
atom which spins in the tissues. Basically, when an MRI sequence is
placed to generate a PD-W image, it is the tissues with the higher density
of protons (hydrogen atoms) or concentration which produces the
strongest signals and is visible as the brightest on the image. In this method

TE is short and TR is long.

2-1-4- FLAIR

This method is capable of displaying small lesions properly. In this
image, the signal sent from liquids such as CSF is considered zero with
the appropriate TR selection. So, in this image, disturbances close to the
CSF?® are well visible. Figure (2-2) shows an example of PD, T2, T1 and
FLAIR images. In Figure (2-2), because of how these images are formed,
there is a high contrast between the main brain tissue, the gray area, the

white area, and the CSF part of the brain. The CSF area is darker in T1

9 Cerebrospinal Fluid
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and FLAIR images, while in T2 images is brighter and, in the PD images

the gray intensity is the same.

(©) (d)

Figure 2-2: (a) T1-w, (b) T2-w, (c) PD, (d) FLAIR [25]
The white area of the brain in T1 images is the brightest, in PD and T2
images the lowest brightness, and in FLAIR images the brightness is
almost the same as in the gray area. Finally, the gray area of the brain is
moderately bright in T1 and T2 images. Each image has its advantages
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and disadvantages, for example T1 images are suitable for tissue anatomy,
whereas lesions are more fluid than usual. T2 and FLAIR images have
higher brightness and are better detectable in case of lesions. PD images

are suitable for both, the study of anatomy as well as lesions.

2-1-5- Sequence MRI images

To obtain a patient's MRI images, many sequences of MRI images can be
produced. Each MRI sequence provides information on a specific stage of
MS lesions. Chronic lesions can be seen in T1-W images and other lesions
in FLAIR and T2-W images (Fig. 2-3). High inflammation, edema, and
demyelination, which are symptoms of an acute lesion which appears in
T1-W images with low signal changes. As a result of these symptoms, T1-
W images have the same or higher brightness intensity compared to the
white area of the brain. In addition, the boundaries of these lesions are
blurred and cannot be traced well. As the demineralization process
progresses as well as the chronicity of the disease, the symptoms gradually
become darker in T1-W images. Increased demineralization increases the
clearness of the lesion boundaries, and this process leads to the formation
of some of the chronic symptoms known as black holes. These plates will

appear as high-brightness areas in T2-W images [26].
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(a) (b) (c) (d)

Figure 2-3- A sample cut of MRI images with MS lesion a) T1-w, b) T2-w, c) PD, d)
FLAIR [26]

2-2- Segmentation MRI images for the diagnosis of MS

The task of white matter cells is to carry signals between the gray
matter areas and other parts of the body, where they are processed, and the
peripheral nervous system seldom engages. These white matter lesions are
visible on conventional MRI images. MS shows itself on MRI in the form
of numerous rounds, elliptical white spots on the white matter of the brain,
so-called plaque. Due to the non-invasive MRI monitoring, this technique
has been used extensively for clinical and investigational researches of
MS. It is difficult to accurately identify and diagnose MS lesions in MRI

images, and segmentation may be error-prone. An accurate alternative to
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brain segmentation is computer segmentation, which can be done more

accurately and in a shorter time for the physician.

In fact, segmentation of an image is the separation of the image into
different regions so that the pixels of each region share a specific property
(which can belong to an object). The most important feature in segmenting
a single image is the color intensity of the image in a color image (the
color components of that image). The edges of the image and its texture

are also important features in the segmentation [27].

The purpose of segmentation is to break down an image into different
fragments and to facilitate its analysis. Image segmentation is usually done
to find an object or a series of borders (lines, curves, etc.) more precisely
in images. Image segmentation is the process of assigning a label to each
pixel of an image, so that pixels with similar labels have similar properties

[27].

MRI segmentation means splitting the MRI image into several sections
(usually belonging to different tissues). One of the important pre-
processors is the processing and utilization of MRI images for various
applications such as diagnosis of disease and their process or examination

of the impact of treatment.

21



For several reasons, segmentation of MRI images faces problems that have
not been fully resolved, first of all, that data acquisition is always subject
to problems. In other words, the taken images are subject to various
damaging factors such as noise, non-uniformity of brightness, and so on.
This is especially true for MRI images, which essentially use magnetic

fields with high non-linear properties.

The second reason is that, tissue segmentation (especially soft tissue) is
fundamentally self-operative with uncertainty. There is generally no
definite boundary for the regions of each tissue and consequently no
definitive answer for their segmentation. This difficulty is not only
limited to automated methods. In semi- automated methods, human
experts may also have doubts about the segmentation of these images. It
may even be possible for an expert to differentiate a picture in different

ways.

2-2-1- Basic concepts

Before radiological equipment was visualized on film by experts
and specialists, the advancement of digital images in radiology
departments made it possible to manually segment the lesions and estimate
the Total Lesion Load (TLL). However, manual segmentation of the MS

lesion was time consuming and laborious. Several researchers have
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proposed semi-automated segmentation methods to reduce segmentation
time and reduce its variability [28]. Ultimately, the main goal is to obtain
an automated, repeatable segmentation method that can process hundreds

or thousands of images needed for scientific or clinical applications [16].

Due to the heterogeneity of the lesions and their diversity, no satisfactory
solution has been found in collecting magnetic resonance (MR) images.
Much work has been done to improve segmentation quality, and more
recent research on more sophisticated approaches to addressing variability
has been proposed. However, validation is still limited and is probably due

to the provision of a valid and appropriate framework.

Several comparisons have been made between different methods and only
a few are available for free. In 2011, a review article was presented that
included some semi-automated and automated segmentation methods
[29]. However, in this research, while a broad description of the different
methods presented, has a major limitation in which automated and semi-

automated methods are mixed.

In fact, segmentation of these images is one of the important ways to
diagnose diseases and also to evaluate how tumors grow in medical

imaging. Image segmentation involves two steps: first extract the
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appropriate features from the image and then classify these features using
a suitable method. So far, many studies have been done on the choice of
classification method. Some of the most important techniques used in
segmentation of MRI images are: Thresholding methods (dividing an
image into two or more classes of pixels), Area Growth, EM method,
Classifiers, Clustering methods, Artificial Neural Networks, and Shape
models, and in most cases, image brightness is used as a feature. However,
the noise as well as the heterogeneity caused by the radio frequency coils
have made the use of image brightness as a feature, not well suited for
image area in MRI [25, 30, 31]. Before discussing the methods briefly, it
is necessary to discuss the common steps of most methods, including pre-

processing and feature selection.

2-2-2- Pre-processing step

Conventional MRI techniques, such as T1-W, T2-W, are very
sensitive in detecting MS plaques and can provide a quantitative
assessment of the extent of the lesion and its activity [32]. As discussed in
the preceding section, it is difficult to classify MS in brain MRI images
because of varying imaging parameters, intensity overlap, noise, gestures,
echoes, blurred edges, normal anatomical changes, and so on [33]. Before

any procedure, two important preprocessing steps are needed: first,
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removing the damaging factors from the image and second, removing non-
brain tissues, such as the skull, from the image. What is clear is that MRI
imaging itself can also damage the image. However, in terms of image
processing, usually to solve all these problems, the light intensities for

each lesion are defined as follows:

Y=aX+p (2-1)

Where X is the true intensity, a is a smoothly increasing bias string
representing noise. S is a sequence of a Gaussian distribution. There are
various ways to correct a, as with many image processing applications,
the choice of all pre-processing steps is the balance between algorithmic
complexity (e.g. number of adjustable parameters), flexibility, and

processing speed.

2-2-3- Selection of features in segmentation of MS disease images

Based on the assumption that different brain tissues have different
gray surface intensities, common features are used to classify the lesion.
In addition, the appearance of the tissues and lesions depend on the image
used in MR. (as in Figure (2-1), which shows four samples of different
MRI scans of a patient with MS lesions). For example, white matter

appears as the brightest texture in T1 images, the darkest texture in T2
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images, and the average gray area in the FLAIR image. In contrast,
cerebrospinal fluid (CSF) is the brightest tissue in T2 images, whereas in
both T1 and FLAIR images is the darkest tissue. Gray matter (GM)
appears as a medium gray in both T1 and T2 images, while slightly
brighter than WM in the FLAIR image. On the other hand, in MRI images,
lesions can appear as light (white) or dark disturbance signals depending on

the properties of the lesion and the type of MR image used [25, 34].
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Chapter 3

Background and Related Work
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3-1- Literature Survey - Introduction

The main aim of this literature survey is to identify different related
issues in Multiple Sclerosis and MRI imaging and after expressing
clustering theories, SVM and CLA as algorithms, methods and techniques
in MS detection as well as identifying areas for future research. Although
in this research, many solutions were identified, it has become apparent
that much of the research is being done only relates to the theoretical side
of this issue. Thus, this review shows that, however many of the solutions
and technigues have been identified, the future research should focus more

on the practical implications.

3-1-1- Literature Search Method

The first stage is implemented to identify relevant literature. This
phase was conducted with the help of provided online database from
different publishers, universities, and search engines. The focus in this
search was to find the state of the arts regarding Multiple Sclerosis Lesion
Detection, Machine Learning Algorithm, Clustering, 3D to 2D MRI
Images and Binary Pattern Classification. It is very significant and
important to note that review of all the found results in different databases
and search engines is impossible from a practical standpoint. It is also

important to mention that based on the search way, search engines operate
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and order the results depend on the computer used for search and many

other search settings and factors. (Table 3-1) shows search keywords,

online research database and search engines which are used in this

literature study.

Table 3-1: Online research resources and keywords

Search
s Name
criterions
Publishers Taylor & Francis — Wiley- Springer — Elsevier
Online Scopus — ScienceDirect — Web of Science — IEEEXplore
database(s) — ACM Digital Library — DBLP — MathSciNet — arXiv
Search Google Scholar — Academic Search — Microsoft
engines Academic search — WorldWide Sience — CiteSeerX
Keywords relevance to:
Multiple Sclerosis Lesion Detection, CLA, SVM, Clustering
Binary Pattern Classification, 3D and 2D MRI

Figure 3-1 shows the inclusion and exclusion criterions in order to select
related studies for this literature review.

Include from
manual search 1

Duplicated 322

Excluded on the
bases of title and
abstract 905

Excluded after
reviewing the full
text 279

1227 Research

Selection criteria:
Relevant to MS
segmentation, clustering,
v SVM, K-means, CLA, 3D

320 full text

Select criteria: Relevant to
MS lesion, SVM, K-means
and CLA, Binary
classification

v

41 full text

Figure 3-1: The process of selected articles
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3-2- MRI Imaging Methods for MS Lesions

In this section, we will review some examples of brain MRI

imaging segmentation techniques for the diagnosis of MS lesions.

3-2-1- Region growing method

In this technique, sub-groups are gathered into larger areas based
on a predefined criterion. In fact, initially there is a set of grain points
created by adding pixels that are adjacent to the grain and this is based on
a predefined criterion that has similar properties to that grain which is
creating larger areas. In fact, the region growing technique is one of the
best techniques used to classify MRI images. In this way, the
interconnected areas of a brain tissue such as a tumor are extracted by a
predefined criterion, such as brightness information or brightness intensity
and so on. First, a small dot on the image is selected as the seed according
to the previous criteria by the operator. The operator's criteria for selecting
the seed can be to grow the seed in a particular area of the image until it
reaches the edge. Then all the pixels attached to the point that belong to a
particular texture are extracted. This method is usually suitable for
drawing simple and small structures such as tumors and wounds. This
method has many advantages, disadvantages and limitations. The major

limitation of this method is the need for the supervisor to accurately select

30



the seed spot, so that each seed that needs to be expanded in the image
needs to grow a seed spot. The new sensitivity is to create a cavity or

discontinuity in the image [35].

3-2-2- Segmentation by integration and division

Another convenient way to segment MRI images is to split and
merge. In split and merge, images are split into pieces and then merged to
satisfy a set of conditions. The algorithm first duplicates the image into
two parts and then merges adjacent areas if conditions are favorable. This

process continues until it is no longer possible to divide and merge.

3-2-3- Clustering method

Clustering is another practical way to segment MRI images. A
cluster is called a set of points or nodes. Clustering allows mapping to
multiple servers (cluster points). Clustering is generally a process that
organizes members of a larger set into sub-collections with similar
properties. Clusters act in many ways similar to segmentation but are of a
non-supervised type, this desirable clustering feature is not predefined.
This is due to the lack of sequential trained data between the data and the
properties that the cluster needs to be. These methods educate themselves
through existing data. Clustering has two major parameters. These two

parameters are intra-cluster and inter-cluster distance, one of which must
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be increased and the other to be reduced. In order to perform optimal
clustering, the inter-cluster distance should be maximized, and the intra-
cluster distance should be reduced to minimum, in which case the best
clustering is performed. Examples of conventional clustering methods are
the K-Means algorithm, the generalized K-Means, FCM algorithm, and
the EM algorithm similar to the FCM method. The number of classes for
MRI images of the human brain is set at three because the healthy human
brain contains the spinal cord tissue, the white part (white matter) and the

gray part (gray matter) [36].

3-2-4- EM Segmentation method

Another example of MS lesion segmentation methods is the EM
algorithm, in which the lesion is maximized using log likelihood between
MRI data (T1, T2, FLAIR) and a Gaussian model of ten classes CSF, GM,
WM and six GM / CSF partial classes and one off-bound data class. Figure
(3-2) shows an example of WM, GM and CSF masks using this algorithm.
In this way, the probability of each voxel belongs to different classes. The
EM algorithm repeats two steps after initial processing. At the
maximization stage, the parameters of each class (mean and covariance)
are calculated from the voxel intensities and their probabilities belonging

to different classes. Partial-volume class parameters are calculated as a
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scale of pure texture parameters, while class parameters are obtained with
outliers as part of the CSF parameters; therefore, in the second step, the
probability of each voxel belonging to the classes Variables are updated
using the Gaussian function with class parameters and previous

probability values.

(a) (b)

(©) (d)

Figure 3-2: (2) An MRI cut of the brain and symptoms of (b) white matter, (c)

gray matter, and (d) cerebrospinal fluid [25]
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Finally, when the algorithm converges, a two-dimensional Gaussian
distribution for each class including CSF, WM, GM and partial volume
values as well as all voxel probabilities associated with that distribution

are estimated [25].

3-2-5- Histogram (threshold) method

This method performs the zoning using a color histogram. In Fig.
(3-3) it is assumed that the image has different brightness levels that shows
the peak histories and valleys in the histogram and the boundaries of the
tissues are separated at the valley site, and several threshold levels can also

be used to select the commonly used method.

o S50 100 150 =200 =250

Figure 3-3: Histogram of image brightness [36]

The first stage uses visual processing tasks. In this case, the number of
zones considered for zoning is one unit greater than the threshold points.
This method is able to segment two healthy and tumor tissues into two

distinct classes. In fact, if the image resolution is appropriate, this method
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is able to clear the subject from the background. This method only uses
image histogram brightness information so it does not include image

location information [36].

3-2-6- Soft Computing method

Three different approaches to soft computing for segmentation of
MRI images that are most commonly used for comparison are: 1- Fuzzy-
based methods 2- Genetic algorithm-based methods and 3- Neural
Network-based methods. The following is a description of these methods

[37].

3-2-6-1- Fuzzy-based methods

The various components of fuzzy image processing allow us to
develop new image segmentation techniques. Fuzzy approaches to image
segmentation are: fuzzy clustering algorithms, fuzzy law-based
approaches, fuzzy integrals, fuzzy criteria, image information and fuzzy
geometry. The fuzzy set theory provides a mechanism to illustrate
ambiguities within an image. Each pixel of an image has a degree of
belonging to each of the areas or borders of the image. A number of
different fuzzy approaches to image segmentation are described in [38].
Fuzzy entropy is a function on the fuzzy set that decreases when the

resolution of the fuzzy set arguments improves. The concept of entropy in
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fuzzy set theory was first introduced by Luca and Termini. The fuzzy
entropy problem has many applications in image segmentation [39];
therefore, the segmentation problem can be formulated as an optimization
problem. In fact, fuzzy entropy of an image is chosen as the objective
function. One approach in designing such fuzzy systems is for an expert
designer to examine training data and thereby to manually create a set of
fuzzy rules. Two major disadvantages of such a method are: first, it is very
difficult and time consuming and second, there is no guarantee that the
produced fuzzy rules are the best possible ones, so to achieve such an
approach it is necessary to have fuzzy rules and membership functions
automatically created. Various methods have been proposed in the
literature for the automatic generation of fuzzy rules, including genetic
algorithms and ANFIS [40]. One of the drawbacks of these methods is that
there is no guarantee that the fuzzy laws will generate a large number of

processing and classification speeds [37].

3-2-6-2- Genetic Algorithm-based methods

The genetic algorithm is able to overcome many of the deficiencies
found in other optimization techniques, such as comprehensive
techniques, calculus-based methods, knowledge-based techniques (law

production system, and heuristics) [40]. Because of the generalizability of
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the genetic algorithm, it is independent of the image segmentation
technique and only requires a criterion to measure its performance that
relates to the quality of the segmentation. Genetic algorithms are used to
solve various problems in machine vision including image segmentation,
feature selection, image matching and object recognition. Recently,
researchers have used the genetic algorithm to solve the problem of image
segmentation. Many pattern recognition applications have used this
algorithm. One reason (among many other reasons) for using this approach
is the ability of the genetic algorithm to deal with complex search spaces
in situations where only minimal knowledge of the objective function is

available.

3-2-6-3- Neural Network-based methods

Neural networks are composed of several elements with links of
different weights. Artificial neural networks have wide applications in
pattern recognition. Their potential and nonlinear processing features are
used for clustering. Self-Organizing Feature Map (SOFM) is a powerful
tool for clustering. Jay and Park proposed an algorithm for image
segmentation based on Self-Organizing Map (SOM). This method detects

the areas of the image from the brightness component of the color image.
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The SOM network is used to solve this image segmentation problem in

[37].

3-3- Clustering and the Unsupervised Learning

Clustering is an unsupervised learning algorithm and a common
technique for data analysis that is widely used in image segmentation,
bioinformatics, pattern recognition, statistics, and so on. In fact, data is
clustered into meaningful groups or clusters. The contents of each cluster
are called clustering features that are similar and yet not identical to other
objects in other clusters. Such algorithms are used in large datasets and in
cases where there are many data attributes. This method of grouping-
similar-documents is based on their content so that documents that have
similar properties and features will be grouped together. The purpose of
clustering is to place similar documents in one cluster so that they are
different from those in the other clusters. The most important algorithms
used for clustering are the K-means algorithm. The difference between
clustering and classification is that at the beginning of the computation,
the clusters are not known and not predefined. In other words, it is not
clear in advance the clustering of the groups, and it is also unclear as to

which grouping properties [41].

38



3-3-1- Introducing the K-means algorithm

This is a basic method for clustering, which is used in the
development of other methods. This algorithm is implemented in different
ways but with a consistent procedure, the main purpose of this algorithm
is to cluster the data in such a way that there is the least inter-cluster
similarity and the highest intra-cluster resemblance. By cluster means the
distance between two centers of the cluster and by the cluster means the
distance between the center of the cluster and the points assigned to that
cluster. Initially, the value of K is given as input and a number of points
are randomly selected and an initial clustering is performed based on the
proximity of the points to the center of the clusters. The clusters are
updated and after updating the points. The center of the clusters is changed
using averaging, and the cycle is repeated again. This process will
continue until there is no change in taste. The most famous criteria for
calculating distance in the clustering method are Euclidean distance and

Hamming distance criteria [42].

3-3-2- Compare the work of researchers
In general, clustering algorithms are divided into two general

categories. The one that runs on a single machine, and the techniques that
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run on multiple machines that perform better in scalability and

responsiveness-time. They provide better users.

In 2013, Iglesias and Kastner, developed the BIRCH algorithm, which has
its own data structure and based on clustering. This algorithm has two
main steps that first identify the data points and place them in a tree
structure of memory and then perform clustering based on the leaves of

this tree structure [43].

In 2013, Shirkhorshidi et al., invented an algorithm called CURE, which
considers a set of scattered points as a cluster. This algorithm proceeds
hierarchically and first uses a point as a cluster and then integrates the
different clusters by calculating the distance between the points of the
different clusters and finding the minimum distance between the points

[44].

In 2013, Silva et al., Researched dimensionality methods, first calculating
the correlation matrix from the records in the original dataset, and then
extracting eigenvalues for that matrix. These eigenvalues will then be
multiplied by the initial matrix and eventually the element space attribute
will be mapped to a new space and these attributes will be sorted and based

on these attributes the clustering will occur [45].

40



In 2013, Anchalia et al., developed a non-self-parallel distribution
algorithm that, although complex in development, has been greatly
improved in terms of speed and efficiency. They used the DBDC
algorithm, which is a volume- and distribution-based algorithm. In this
algorithm, the distribution is based on the density of points. This method
uses compression clusters and is used when there are outliers in the data

[46].

In 2013, Barrachina et al., applied techniques to improve speed and
scalability; these algorithms consider data samples rather than clustering
the data as a whole and then Their clustering generalizes the results across
the data, and because they perform clustering algorithms on smaller pieces
of data, they increase speed and have less complexity. They used
clustering algorithms based on random sampling, commonly referred to as
CLARANS. This algorithm reduces the complexity and execution time

required for the total number of data objects and is complex [47].

In 2014, Yuwono et al., applied methods to optimize the K-means
algorithm to reduce dependencies and thus improve function performance.
This change in performance is based on the speed improvement in the

algorithm implementation. In this method, steps are implemented
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following the implementation of the mapping-reduction function to

optimally integrate the results [48].

In 2014, Chadha and Kumar, proposed a method that eliminates the
dependence on the value of K and does not need to be input to the
algorithm. In this case, two clusters are generated initially. Then, it is
based on the classical K-means algorithm, and then on each of these
clusters, a new data center computation and interval computation is

performed so that none of the clusters has a point out [49].

In 2015, Debatty et al, proposed a method to optimize the K-means
algorithm for implementation via the reduced mapping function. This
method makes changes to the initial selection of cluster centers to improve
function performance. In this method, the distance between the sample
points is calculated based on the Euclidean formula and stored in a matrix
called D. Set A is initialized on the basis of the lowest distances, and set
C is considered as the center of the clusters, then the next steps of the
algorithm are given by matrix D, and the second lowest distance in each
cluster is averaged. The distance between all points is compared, if it is
less than the average, is added as the least distance to set A and goes to the
third point in terms of the lowest value in matrix D, and if it was greater

than the average, then the title of the center of the cluster is added to C and
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there is no need to recalculate the distances between the sample points.
Repeat this operation until the number of C members is equal to the

number of clusters or K [50].

In 2017, Dierckens et al., presented a research, data science, and
engineering solution for fast data clustering of K-Means, designed in a
way called CluDataSE, based on exploratory and hybrid prototypes.
Clustering methods are based on spatio-temporal density and are also

faster than similar methods [51].

3-3-3- Select the appropriate method of clustering

The most well-known clustering algorithm was evaluated, based
on the work done, a method was evaluated to improve the initial input
clustering by eliminating the dependence on the K-input of the input
operation and to appropriately initialize the clustering speed and improved
performance and better accountability (Table 3-2). In comparison with the
work of the researchers listed in (Table 3-2), we also found that by
adjusting the initial clustering, the tolerance to error is also improved.

Therefore, the method (Dirkens et al., 2017) is a suitable method.
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3-4- Supervised learning and classification

SVM™¥ is one of the most supervised learning methods used for
classification and regression and can be said to be one of the most accurate
and robust data mining algorithms. The support vector machine approach
is that in the training phase, it tries to select the decision boundary in such
a way as to maximize its minimum distance to any of the categories
concerned. In this method, it is attempted to implement a system of
minimum capacity, or better yet, a system of minimum complexity to
obtain class boundaries. As a result, SVM can accurately estimate system
boundaries using less training data than competitors, without
compromising system generalizability. The support vector machine
algorithm falls into the category of pattern recognition algorithms and can
be used wherever it is necessary to identify patterns or classify objects in
specific classes. In the reference [52] to classify benign or malignant
tumors, support vector machine classification is used. In the reference [53]
an SVM classification method based on the features, extracted by the dual
complex wavelet transform was proposed, but they believed that it would

perform better in other approaches. In order to improve the classification

10 Support vector machines
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speed in SVM, reference [54], a textured energy criterion law of images is

considered.

Table 3-2; Comparison of researchers' work in the field of clustering

and reduce runtime

No. | Author/Developer Target Year Slmtuol §|t ion
Determine the effect of similarity
1 Iglesias and effects in clugterlng to detect agents 2013 Matlab
Kastner when correlations such as factor time
series are important.
Investigating the Process and
Shirkhorshidi et Advancement of Clustering
2 al. Algorithms to Counter Large Data AU e
Challenges
3 Silva et al. Work on dlmen_smnallty _reductlon 2013 Matlab
methods in clustering
Provides a parallel & non-parallel
4 Anchalia et al. distribution algorithm to improve 2013 Matlab
speed and efficiency
5 Barrachina et al. De5|gn|ng machine-based techm_ques 2013 Java
to improve speed and scalability
Optimization of k-means algorithm to
6 Yuwono et al. work on time aspects involved in data | 2014 Matlab
stream clustering
Reduce dependency on K value and
Chadha and design algorithm based on K-Means
! Kumar that does not require number of K AU, MG
clusters as input.
Optimization of the K-Means
Algorithm for Implementation
8 Debatty et al. through the Mapping Reduction 2015 Matlab
Function
9 Dierckens et al. Algorithmic design to increase speed 2017 Java
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3-4-1- Introduction to SVM

A support vector machine is one of the techniques for machine
learning to be used for both, categorization and for regression. This
method is based on Vladimir Vpnick’s statistical learning theory. The
basic idea of this classifier is to find an optimal super-page as a decision-
making level in such a way to maximize the margin between the two
classes. The data will be mapped to a higher dimensional space with a hon-
linear kernel if data is not linearly linear, and the optimal super-page will

be determined in the new space.

Suppose each data belongs to a group of two positive and negative groups.
L can be called educational data represented by the regularized pairs
(x;,¥:), so that x; is the vector of the n-dimensional property and y; €
(—1,4+1) is its label. The goal is to find the hyperplane that separates the
two classes with the -1 and +1 labels with the largest margin. This super-

page can be expressed by the equation.

wlp(x)+b=0 (3-1)
In this regard, the vector w is the vector perpendicular to the hyperplane,
b is the bias vector used to measure the distance from the hyperplane to
the source and the kernel, ¢(x) is for mapping the data to a higher-
dimensional space (Fig. 3-4).
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Figure 3-4: Maximizing the margin between two classes is equivalent to minimizing w,

which leads to solving the minimization problem.
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(3-2)

That parameter C is called the parameter in the backup vector machine.
The & > 0 variable is used to consider the noise in the data and the
interference between educational data. The existence of a condition
guarantees that the data is not in the margin. In support vector machine,
tags will be given as inputs to the problem. What makes clustering
differentiate the problem is that in the clustering problem, the
differentiation of the vector of the tags will be also considered as unknown

to the problem.
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Wnim = exp(_/lp”pn - pm”% - Acllcn - Cm”% ) (3-3)
Accordingly, the problem of optimizing a normal cut is given in the
following way to the similarity matrix, where L as a normal Laplacian
matrix will be:

min Etr(yTLy)

y N
(3-4)
101

L=1-D"2WD2
A differentiation clustering method seeks to solve an optimization
problem in which data is tagged in a way that produces the least error. In
the following, equation (3-5) represents a distinct unit cluster.
Subsequently, the combination of this relationship and the equation (3-4)
to the segmentation algorithm will be defined.

1 A
EU(y) = min -— I(Yn:A¢(xn)) +ﬁ”W”127

weRkxd N
berk ~ n=1

3-5
Ey(y) = tr(y" Ay) (3-5)

1 T -1 1 T
A= A<IN_N1TI,1TL)(N/11N+K) (IN_NlNlN)
Under the circumstances, the combination of this relationship and the
relation (3-4) to the segmentation algorithm will be defined. The

optimization problem limit must be defined in this manner as to make ideal

clusters in connection with the number of Data. The optimal clustering
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relationship is defined as the distinction for the segmentation problem as

follows:

yegr—lilpl}" y' (A * %L) ¥

(3-6)
ect to: Vi, A <~ (yyT 4+ 1178, 5.
Subject to: Vi, Agn;§; < 2 (yy 1nln)61 < An;6;

As we can see in the optimization question, the vector y defined as the

vector of the tags is considered to be the problem unknown.

3-4-2- The most important types of support vector machines
3-4-2-1- SMO™!

Sequential Minimal Optimization (SMO) is widely used to train
support machines and has been implemented by the very popular LIBSVM
package®2. The publication of SMOs in 1998 caused a great deal of public
acceptance by the SVM community®3, as existing methods for solving
SV Ms were costly and complex [55]. As a matter of fact, SMO is a simple
algorithm that quickly solves the QP* SVM problem without any matrix
storage and without the use of numerical solution and quadratic

programming optimization. The SMO selects the smallest problem in each

11 Sequential Minimal Optimization

12 _ibrary for Support Vector Machines

13 https://www.csie.ntu.edu.tw/~cjlin/libsvm/
14 Quadratic programming problem
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step for optimization. For the standard QP SVM problem, the smallest
possible optimization problem involves two Lagrange multipliers, since
the Lagrange coefficients must follow the equilibrium linear constraints.
At each step, the SMO selects two Lagrangian multipliers for
optimization. SMO continually detects two Lagrange coefficients that can
be optimized with reference to each other and analytically calculates the
optimal stage for these two. Hence, the original QP problem is solved,
when there are no two Lagrange multipliers to be optimized. The
advantage of the SMO method is that the solution of the problem for the
two Lagrange multipliers can be obtained analytically. Therefore,
throughout the solution QP optimization is numerically avoided.
Moreover, as mentioned, this method does not require memory to store the
matrix, so large training sets can also be managed by this method. The
amount of space required for SMOs is linear relative to the size of the
training set, which allows the SMO to manage large training sets. As this
method avoids matrix computation, the SMO falls between linear and
second order relative to the size of the training set, while in standard SVM,
it will fall between the second and third order. In the real world, SMOs
can be up to 5 times faster than the standard segmentation algorithm for

SVM [56].
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3-4-2-2- CVM®®

Vladimir Vapnik in 2013 introduced the Core Vector Machine
(CVM) method as a fast way to train SVM with very high-volume data.
The standard SVM has the training time of the Q(m?) time order and the
spatial complexity order Q(m?) (m is the size of the training set). The
CVM method can be applied to nonlinear kernels and has linear temporal
complexity of m and spatial complexity independent of m. Experimental
results have shown that in large amounts of data, CVM accuracy is as good
as SVM, while being able to handle large amounts of data at higher speeds.
The algorithm presented by CVM to optimize and find the best
approximate solution to the optimization problem is implemented by
obtaining a set of vectors called Core Vector. This algorithm, despite its
simplicity, guarantees an approximate solution, also has short time and

minimal spatial complexity [57].

3-4-2-3- Reduced SVM (RSVM)
The motivation for this approach is to solve large data set
management problems with SVM including non-linear Kernel. This

method selects a subset of data as backup vectors and solves the problem

15 Core Vector Machine
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of smaller optimization. Experimental results show that RSVM accuracy
is slightly lower than standard SVM but can be useful in problems with
tens of thousands of data volumes. Faced with a large body of data, RSVM
has been proposed as a solution to reduce computational complexity and

reduce model complexity [58].

3-4-2-4- RVM1®

Relevance Vector Machine (RVM) is a machine learning approach
that offers low-cost solutions to probabilistic regression and classification
using Bayesian inference. RVM has a functional form similar to SVM but

provides probabilistic classification [59].

3-4-2-5- TWSVMY/

TWSVM is a convenient machine learning approach and suitable
for classification and regression problems. The purpose of TWSVM is to
create two asymmetric pages for each class by optimizing a pair of QPPs®8,
In this way, each hyperlink is close to the data samples of one class and
away from the data of the other class [60]. Thus, TWSVM solves a pair of

smaller sized QPPs instead of a complex QPPs in conventional SVM.

16 Relevance Vector Machine
17 Twin Support Vector Machine
18 quadratic programming problems (QPPs)
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3-4-2-6- TBSVM?®

According to the machine, the dual boundary vector support is
linear and non-linear. This is an improved TWSVM approach and is a
significant feature of TBSVM over TWSVM in minimizing structural risk.
Experimental results related to this method show that the computation

time is low and the classification accuracy is high [61].

3-4-2-7- LSTSVMZ

In LSTSVM or at least squares of the support vector machine,
quadratic programming is used to solve the machine model. When we
calculate a large-scale problem, we may find it costly. In this regard, the
least squares method was designed for support vector machines. LSTSVM
has less computational complexity, higher accuracy and higher
generalizability than TWSVM but still has problems with over-resolution
and noise sensitivity. Subsequently, however, improved LSTSVM was
introduced, which reduced the problem of over-resolution. Following this
approach, the LSTSVM was tuned to perform better than the TWSVM and
eliminate the sensitivity to the noise effect but still has difficulty

depending on the choice of weight parameters. Finally, multi-class

19 Twin Bounded Support Vector Machine
20 |_east Squares Twin Support Vector Machine
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LSTSVM, which has lower computational complexity and higher
classification accuracy, was presented which has the problem of non-

classifying parts [62].

3-4-2-8- v-TWSVM

While TWSVM reduces the experimental risks associated with
training data patterns, v-TWSVM removes this weakness of TWSVM by
setting two parameters for margin error control, as well as reducing the
number of backup vectors. The generalizability of v-TWSVM s better

than conventional TWSVM [63].

3-4-2-9- DTTWSVM#

DTTWSVM is used for multi-class problem (K>2). In the decision
tree, higher nodes have a higher degree of efficiency in classification.
There are two things to creating a binary tree:  A) two groups of base
classes have the best resolution, when the two groups have a maximum
distance between all classes. B) Two groups of classes have the best
separation rule when these two groups have the lowest non-categorization

rate among all classes [60].

2L Decision tree based twin support vector machine
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3-4-2-10- MLTSVM??

A multi-label learning paradigm, which seeks to segment data that
potentially contains several categories. In 2016, Chen et al. Presented
MLTSVM for multi-label classification. MLTSVM defines multiple non-
parametric cloud to obtain multi-tag information embedded in the data.
Experimental results on real and fictitious multi-label datasets confirm
that this method is applicable and highly efficient. Learning in multi-label
data has also created challenges for traditional non-virtual cloud
compartments. In this method, we assume that each sample belongs to a
particular category only, and the decision-making process is based on the
distance of the samples to the cloud and overcomes the ambiguity of the

test procedure [64].

After comparing the work of the researchers listed (Table 3-3), assessment
is made of support vector machine algorithms, which according to the
table results, MLTSVM Multi-Label Learning Model (Chen et al., 2016)

is the best choice.

22 A novel twin support vector machine to multi-label learning

55



3-4-3- SVM and MRI for MS Detection

The brain MRI image processing using artificial intelligence (Al), were
the topic of numerous research papers. In Performance Analysis of
Machine Learning Classifiers for Brain Tumor MR Images investigated
cancerous and non-cancerous brain MRI images using ANN, SVM, K-
nearest Neighbor (KNN), Decision Tree (DT) and Naive Bayes (NB)
classifiers and compared the effectiveness of these methods. In this
research the final conclusion was that ANN reached the best accuracy
which is up to 87.4%, in case of binary brain tumor identification for low
grade and high-grade tumors. However, it must be noted that this accuracy
depends on the size of the dataset [65, 66]. At the Department of
Computer Science of the University of Cyprus a dataset is available
containing MS MRI Lesion Segmentation. The dataset for related research
was published all in the topics of texture analysis and classification. The
conclusion of these papers that MRI is indeed a powerful tool in MS
diagnosis and lesions which differentiate mild and severe MS can be
separated using texture analysis and classification methods [67-70]. The
article by Abdullah, Younis, Pattany and Saraf-Lavi, (2012 pg. 26)
provides comprehensive and detailed perspectives about the textural based

Support-Vector Machine (SVM) [71].
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Table 3-3: Comparison for support vector machine algorithms

No. Algorithm/techni Target Year Simulatio
que/model n tool
In each iteration two variables are selected,
SMO (Sequential and the problem is sqlveq an_alytlcally._The
- amount of space required is linear relative to
1 Minimal : . 1998 Matlab
Optimization) the size of th_e 'gralnlng set. In the mapagement
of large training complexes, SMO is faster
than SVM.
Maintains high performance and privacy of
RVM (Relevance SVM RVM using Bayesian inference offers
2 . . P . 2001 Matlab
Vector Machine) | low cost solutions for probabilistic regression
and classification.
In problems with large data volumes or with a
3 RSVM (Reduced | large number of b_ackup vectors, RSVM can be 2007 Matlab
SVM) useful as a solution to reduce computational
complexity and reduce model complexity.
Greater accuracy, reduced computational
4 v-TWSVM complexity, better generalization performance, | 2012 Java
smaller support vector than TWSVM
DTTWSVM Better generalizability compared to other
6 (Decision tree multi-class categorization methods, low 2013 Matlab
based TWSVM) | computational complexity, short learning time
TWSVM (Twin It's faster than traditional SVM. It is more
7 Support Vector accurate. It's relatively easy to teach. Good 2015 Matlab
Machine) scale for high dimensional data.
TBSVM (Twin -
8 | Bounded Support Faster than TWhiS\r/]lg/rI,attj:izcgcgeneral|zab|I|ty, 2015 Matlab
Vector Machines) 9 y
9 MLSTSVM The lower the computational (_:qmp_lexny, the 2016 Matlab
more accurate the classification.
10 MLTSVM Multiple non-parallel super-Page definitions 2016 Matlab

can be implemented and very effective
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The purpose of using the support vector machine is to ensure the all the
elements undertaken in the health institution are digitized. Therefore, the
application of this digitization technique is the fact that it provides the
users the chance to examine all the spinal features by making use of the
digital aspect rather than requiring manual conformation on whether the
entire process has been success. In addition, the digitization technique
happens to provide comprehensive and analytical information concerning

the situation of the region of interest (ROI) [72].

Another aspect which can be perceived from the implementation of the
system is the fact that it contains a post processing module, a feature which
adequately works to improve the segmentation quality. Specifically, the
article by Abdullah et al., (2011 pg. 26) provides a comprehensive
overview of the effectiveness of making use of his imaging technique in
address MS cases. The article makes use of primary data where 10 sets of
MRI images were used in training of the trained support vector machine
(SVM) [71, 73]. The fascinating aspect of the study is the fact that the
overall results showcased 0.68 for the level of sensitivity, 0.79 represented
the level for die similarity whereas 0.9 represented the overall percentage
of detected load of lesion. Therefore, from the statistics and explanations

it is correct to note that the stated data image processing technique can be
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applied in digital processing of MS cases [71]. The figures in that paper
showcases the lesion segmentation process. However, the statistics
showcase that there is adequate room for improvement that can be
undertaken in the research. Therefore, one can conclude that the textural
based aspect cannot be treated as the most viable technique that can be

applied in this case.

It is evident that the incorporation of computer aided systems is paramount
in this generation and thus, the same can be extended into the medical
facilities. The other comprehensive digital processing technique is the K-
Nearest Neighbor (K-NN). The K-NN can be described as one of the less
sophisticated classification techniques as it is used in the evolution of the
required data based on the voting function and the distance function [74,
75]. Specifically, the digital pattern tends to make use of a certain
statistical pattern so as to provide detailed information about the existing
MS condition. The statement can be evidenced by the fact that the image
classification technique happens to make use of a statistical recognition
method where there is a set of samples with already existing figures in a
pre-existing manner. Therefore, the health practitioner collecting sample
of the image from the patient with the MS condition happens to compare

the raw data with the existing sample which happens to contain K samples
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of learning. Thus, the practitioner needs to have sound and articulate
knowledge of the samples and thus, this provides the individual to
determine the condition of the patient by determining the closest sample

considering the Euclidean distance.

Another technique which has been proposed is the Ada-Boost Algorithm
which combines the statistics collected from other weak classifiers and
uses them to come up with a comprehensive and diagnostic assertion
concerning the MS condition in an individual. According to D’cruz and
KV (2015 pg.2) [76], the technique makes use of the linear combination
of the inputs from other weaker classifiers. The primary concept enshrined
in the imaging technique is that once the information from the weaker
classifiers has been merged the measure of central tendency can be
established and thus, this leads to the formation of a strong imaging
technique such as the SVM. Therefore, the examples of weak
classifications include the Bayesian networks and the decision trees.
Despite the fact, these procedures can be perceived as an effective imaging
technique, in the real sense, its application can be perceived as misplaced.
For instance, the decision trees are fundamental elements in the decision-
making process but one of the major demerits associated with such

procedures is the fact that there is high level of inaccuracy associated with
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such techniques [77]. In this case, the combination of the results from the
weak classifiers cannot be perceived as an appropriate technique
especially while aiming to treat individuals diagnosed with multiple
sclerosis [78]. Therefore, this shows that there is need to come up with
other comprehensive imaging techniques which can provide the health

practitioner an effective way of handling cases of multiple sclerosis.

3-5- Cellular Learning Automata (CLA)

Cellular Automata (CA) consists of a regular network of cells, and
each cell has a limited number of modes, such as on and off, unlike a paved
network. The network can have a limited number of dimensions. For each
cell, a set of cells is defined as the neighbor. In the initial mode (time t =
0), a state is assigned to each cell. A new generation (t of 1) is created by
some rules (in general, a mathematical function) when the new state of
each cell is determined based on the current state of the cell and the status
of the neighboring cells. Cell status updates are the same for each cell and
will not change over time and apply to the entire network simultaneously
[79]. CLA can be considered as a single object with finite number of
operations. The learning automaton operates by selecting an action from
its set of actions and applying it to the environment. The action is

evaluated by a random environment and automatically uses the
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environment response to select its next action. During this process,
automata learns to choose the optimal operation. How to use the
environment response to the automata selective action used to select the
next automata action is determined by the automata learning algorithm

[80].

CA cannot solve many of the collective problems. By combining the two
models of CA and LA, a new model called Cellular Learning Automata
(CLA) is made. The aforementioned mathematical model is very powerful
for solving many decentralized problems. CLA is a CA in which one or
more learning Automata are assigned to each cell. At the same time, the
CLA must operate under specific rules. These rules are set by the
neighboring learning atom using a booster signal in each cell. In addition,
in accordance with these rules and the preceding states of the neighbor,
the learning atom in each active cell receives a reward or a fine. Granting
a fine or reward updates the structure of the CLA [81]. In d dimension CA,
we have the structure of CLA = (Z%, ¢, A,N,F) where, Z% is a network
of d-tuples of an integer that can include a final network, a network be
infinite or semi-finite. ¢ = (1, ..., m) is a finite set of states. A is a set of

LA, each assigned to a CLA, each cell having at least one LA or more.
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N = (x;, %, ..., x,,) is a subset of Z¢ and is known as the neighboring

vector (x; € Z%), and F is the local law of CLA.

3-5-1- Clustering according to the Learning Automata

Clustering can be considered as the most important method in
unsupervised learning. In clustering, the concern is to divide the data into
clusters so that the similarity among the data of each cluster is at its
maximum, and the similarity within the clusters is at its minimum.
Clustering follows an iterative procedure that tries to estimate the
followings for a considering number of constant clusters: obtaining some
points as the centers of the clusters, that in fact these points are the means
of the points belonging to each cluster. Assigning each sample data to a
cluster where the data was closest to the center of the cluster [82, 83]. In
the simplified type of this method, first, depending on the number of
required clusters, some points are randomly chosen. Then, the data are
assigned to one of the clusters according to their nearness (similarity), and
thus new clusters are formed. By repeating this procedure, in every
iteration, through obtaining the mean of the data, new centers can be
calculated for the data, and they can be assigned to the new clusters again.
This procedure would go on until no change would take place among the

data [84-87].
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CLAs are a mathematical model for the systems that are dynamic,
complex and consist of very simple components, which have learning
capability, and behavior of each component is determined and corrected
by the behavior of its neighbors and its past experiences. The simple
components which form this model can show a complex and powerful

behavior through interacting with one another [83, 86, 88].

Pixel based methods judge whether a pixel is a lesion pixel only by its
color, while region based methods combines color and texture information
[89]. Since using neighborhood and texture information can be practical
in the skin detection, and since CLA can easily use neighborhood
information [83], it can therefore be a suitable candidate to be employed
for lesion detection. CLA is composed of the components that are in the
same neighborhood and the behavior of these components is defined
according to the current behavior of their neighbors and their own and
their neighbors’ experiences (reward and punishment that they receive for
their actions and reinforcement signals that they receive from

environment).

CLA is a hybrid model of two, learning automata and cellular automata.
In the following these two models are discussed. Cellular automata are a

mathematical model that can be used for the simulation calculations of the
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systems. Cellular automata are simple discrete systems that can exhibit
complex calculations and behavior through simple and local rules.
Locality in the cellular automata means that in determining the new value
of each cell, the cells in its neighborhood are used and more distant cells
would have no usage. Each cell has a set of states for itself and at every
moment, according to its own state and the state of the neighbors, it
decides to what state it goes. State switch rules are constant for cellular
automata and never change. Cellular network can have different
dimensions and be one, two or multi-dimensional [89]. According to the
values that cells can possess, cellular automata are classified to two types
of binary and multi-valued. Understanding the behavior of the cellular
automata from its rules is very difficult and requires simulation. One of
the problems of using cellular automata is designing rules that perform our
desired action [88]. There are different types of cell updating rules that
cause different types of cellular automata to be generated. For example,
the rules can be expressed in probabilistic and deterministic forms and
these two types of rules lead to two types of deterministic cellular
automata and probabilistic cellular automata. Characteristics of the
cellular automata can be briefly expressed as follows: automata are

homogeneous and updating would be performed synchronously. Of
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course, asynchronous updating would also be possible, i.e. we start
updating from one corner of the network and continue to the end, while in
the synchronizing state, all the cells become updated according to the
previous state of the neighbors not according to their present state.
Dominant rules are defined according to the neighbors of each cell and
can have deterministic or probabilistic form. Learning automata are
applied in many cases, such as physical processes simulations like
Brownian motion, dissolution, social processes simulation like rumor
dissemination, chemical phenomena simulation like fire spread and iron
corrosion, image processing, random number generation, and
cryptography [82, 85]. Given its rules, learning automata can show
complicated behaviors. Rules in the learning automata can be defined as a
bit string in which each bit represents the next state corresponding to the

number of the bit [90, 91].

Van Leemput et al. proposed a method of classifying intensity-based
tissues using a random model for normal brain image. This procedure
simultaneously identifies MS lesions as outliers that are not well described
by the model. He first diagnoses them as Outlier according to a statistical
model for MRI images. He then uses the brain atlas, which contains

information about the location needed for a variety of tissues. This method
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corrects the heterogeneity of MRI images and classifies the textual
information by the hidden Markov model. This is done on images
T1 weighted, T1 weighted, PD_weighted. The advantage of using it is
high correlation but has less spatial correspondence than the method

recognized by the experts [92].

De Boer et al. used PD_weighted and T1_ weighted images for
segmentation of CSF, WM, GM. Initially, the images were pre-processed
with non-uniform intensity correction and the images were recorded with
high and low illumination intensity. On average, they created a Tissue
probability Maps (TPMs) for all four tags (background, GM, WM, and
CSF). These TPMs were threshold for candidate training samples, with a
predefined probability of belonging to a specific label. In this method a
threshold of 0.7 is selected. A tree spanning a minimum of specimens is
created in the feature space to remove duplicate connections. Finally, all
unbound samples or those that are not in their original cluster are deleted.
It is then applied to the modified set of K-nearest neighbors (KNN)
classifiers. A histogram of voxels was created in images classified as GM.
This histogram is smoothed by Gaussian function and the peaks in the
histogram are defined as the region with the highest Voxel. This method

yields good segmentation results and has the advantage of being
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independent of a set of training. This method has the potential to be easily
applied to imaging data with new scanners or parameter settings of the

new scanner [93].

Abdullah et al. proposed a new technique for the automatic segmentation
of multiple sclerosis (MS) lesions on magnetic resonance imaging (MRI).
This is done with a trained Support Vector Machine (SVM). The
distinction is made between MS lesions and non-MS lesions on the basis
of tissue characteristics and other features. Support Vector Machine
(SVM) is a supervised learning algorithm that at its core generates a
method for generating a predictive function from a set of training data.
The radial basis function (RBF) is selected as the core. The main feature
of the proposed method in this paper is the use of textural properties. The
tissue characteristics used distinguish between white matter, lesions,
natural white matter and gray matter. Texture classification has also been
used for analysis. Shear classification was performed independently of
each section of brain MRI. The texture extraction method is based on an
optimized filter designed to identify the ROIS. MS lesion detection is a
fully automated approach. The texture-based SVM method proposed
using three datasets of MS, Synthetic Data, MS Subjects MRI Lesion

Segmentation Challenge 2008., Data Acquired at the University of Miami,
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simulated. Performance evaluation and comparison of results with other
automated techniques shows that this method provides competitive results

for the diagnosis of MS lesions [71].

Datta et al., propose a way to obtain images at higher resolution because
low resolution images result in misclassification. In the first step, the brain
is classified into GM, WM, CSF, and the lesion using non-parametric
techniques (Parzen classification). This method has poor performance in

people with low-volume lesions [94].

Roura et al. developed an algorithm consisting of two main steps. The first
stage is brain tissue segmentation according to gray matter (GM), white
matter (WM) and cerebrospinal fluid (CSF) in T1 weighted images and
the second stage is lesions as outliers in the GM region in FLAIR images.
Brain tissue segmentation is achieved using T1 weighted images. It is
then used to find the GM distribution in FLAIR images and to obtain the
lesion mask as a hyper-intense outlier vector. The method was investigated
on three databases: 5-T dataset, 3-T dataset, MICCAI2008. This method
achieves the best results in ranking using an unsupervised strategy. This
simple duplication strategy enhances performance, especially on the 3-T

dataset and challenges images with artifacts and abnormal intensity [95].
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Brosch et al., used a neural network approach consisting of two
interconnected paths. A convolution path abstractly describes high-level
image features and a deconvolution path that predicts segmentation at the
voxel level. Feature Extraction and Route Forecasting Tutorials are used
to automatically learn features at different scales for each combination of
image types. In addition, the shortcut key between these two paths allows
for high and low-level features that are capable of segmenting lesions.
This method is applied to two datasets MICCI2 2008, ISBI2015. The
results show that this method is higher than the other methods. Even when
a relatively small dataset is available for training. In addition, the
combination of nonlinear processing units is strong enough to learn
features that, under large variations, are crucial for the segmentation of
MS lesions. This method is performed with the network, at different
depths with and without the shortcut key, and the results show that
increasing the depth from three to seven layers improves performance and

increases accuracy by adding the shortcut connection [96].

3-6- Evaluation

Performance evaluation requires two stages of evaluation,
including segmentation performance evaluation and classification

evaluation. To evaluate the performance of segmentation and analyze the
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results of the segmentation method, the criteria of overlap and similarity

of two binary images of the relations 3-7 and 3-8 have been used.

2|A N B

DICE(A,B) = ———— 37
N T 37
L, _lanBl 59
Jaccar =AUB

A is the image of the fragmentation (real image) and B is the image of the
output of the new fragmentation technique. To evaluate the classification
performance of sensitivity, accuracy, Specificity and classification error,

the relations 3-9 to 3-12 have been used.

Sensitivity = — (3-9)
ensitivity = TP+ N
(TP +TN)
A - 3-10
COWracY = TP+ TN + FP + FN) (3-10)
TN

Specificity = — v 3-11

pecificity TN+ FP ( )
1 n

MSE = EZ(OL- _F)? (3-12)
i=1
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TP?® Correct identification of MS lesion as MS, TN?* correctly identifies
normal brain as normal, FP?® Misdiagnosis of normal brain as MS lesion,
FN? Misdiagnosis of MS lesion as normal brain, O is the target and F is

the output matrix [97].

3-7- Overview and Comparative Study

MRI imaging is able to display MS lesions at different intensities
than its surrounding tissues. Careful assessment of any MS lesion in MR
images manually for medical professionals is a laborious task and a
mentally divisive division. An attractive and accurate alternative to
manual segmentation is computer segmentation. This can be done more

accurately and in less time for the practitioner.

In their research, researchers have focused on improving the classification
of brain lesions, especially those from MS, which is a relatively difficult
task, using different algorithms, but in determining the edge. They have
problems, they use to solve the problem and divide based on the edges,

but in different areas it is possible to ignore and not label.

3 true positive

2 true negative
% false positive
% false negative
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The gap in previous research is the lack of using advanced learning
methods, so according to the research background, we have collected
methods for using various tools of learning methods, which have already
been used to diagnose MS lesions. In this study, we want to test other
combinations of these learning methods. To do and develop this, we start
with simple learning methods such as k-means to find MS lesions, and
then combine the different learning methods step by step to reach a
suitable result in the accuracy of the diagnosis. Therefore, a combination
of clustering, SVM and CLA methods is suggested which will be

discussed in Chapter 4.
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Chapter 4

Proposed Method
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4-1- Methodology - Introduction

In this chapter, after expressing clustering theories, SVM and
CLA, different algorithms combining these methods are proposed to find
an automatic and learning method for the automatic detection of MS
lesions and at the end of this chapter, different MS lesion detection

scenarios are outlined.

4-2- Unsupervised learning system and K-means method

The most important and widely used algorithm in clustering is the
K-means algorithm, which is one of the partitioning methods where each
cluster is represented by its mean objects (cluster center). This algorithm
works well when the clusters are separated into compact clouds. This
method is effective for relatively large databases, but often results in a
local optimization. One of the disadvantages of the method is to determine
the number of clusters that must be known in advance and no efficient
method has been provided. It is also not suitable for detecting clusters with
complex shapes. Another major disadvantage of this approach is its
sensitivity to remote data. These data easily change centers and may not

produce the desired results [97].

75



In the K-means algorithm, K first randomly selects a member (where K is
the number of clusters) and considers them as the centers of the clusters.
The remaining N - K members are then allocated to the nearest cluster.
After the allocation of all members, the cluster centers are recalculated,
and the members are allocated to the clusters according to the new centers,
which will continue until the cluster centers remain constant with no
change. In other words, if we have data sets of n data points (x;, ... x,,) and

number of k clusters (Cy, ..., Ci), k < n, the K-means goal is to minimize

the mean squared of the similarity interval ||x; — ¢;||” [98];

k
Min >3 |y - (4-1)
i=1xjEC;
In Eq. (4-1), to find the centers of the K cluster, the Euclidean mean
squared distance must be minimized, between a data point and the nearest
cluster center. The K-means algorithm provides an easy way to implement
an approximate solution of the equation. The reasons for the utility of the
K-means method are its ease, simplicity, scalability, convergence speed
and consistency with sparse data. The K-means clustering algorithm can

be considered as a slope or descending gradient method. Cluster centers

begin and regularly update cluster centers in order to reduce the objective
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function in the equation K-means always converges to the minimum

location.

The location of the minimum depends on the starting point in the center
of the cluster. The problem of finding the least universal is the problem of
completing the NP. The K-means algorithm updates the cluster centers
until the minimum location is found. The generalized pseudo-codes of the
K-means algorithm are shown in Figure (4-1). The exact value of L varies
depending on the starting state of the center of the cluster even in the same
dataset. Thus, the computational time complexity of the O (N) algorithm,
where n is the total number of objects in the dataset, K is the required
number of clusters we have identified and L is the number of iterations
(k <n,l <n) [99]. Implementation of the standard K-means involves
continuous and sequential repetition. Each iteration of the entire data set
visit is required to assign the data to the corresponding clusters. At the end
of each iteration the new centers are calculated so that the next iteration
uses the new centers. After a certain number of such duplicates the centers
will remain the same [100]. The operation of the algorithm must be such
that the boundary between the data set that is likely to be switched to
another cluster and the data that holds and maintains the cluster that it

owns during the next iteration is tracked.
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Step 1: Accept the number of clusters in the group data and then accept
the data set in the cluster as input values

Step 2: Initialize Clusters k

Take k samples or random sampling k

Step 3: Calculate the average figures of each cluster arranged in the
dataset

Step 4: K-means assigns each record in the dataset to only one of the initial
clusters, each record is assigned to the nearest cluster using a distance
measurement (e.g. Euclidean distance).

Step 5: K-means assigns each record in the dataset repeatedly and
repeatedly to the most similar cluster and again calculates the mean of all

the clusters in the dataset

Figure 4-1: Common code in K-means

As the implementation of the K-means algorithm progresses, the centers
get closer to their final position. As the number of iterations increases, the
centers become less divergent from their current position and

consequently fewer data items are controlled and reviewed [101].

According to the algorithm presented in Fig. (4-1), it is obvious that in the
case of data set, step 2 requires the highest time frame in the
implementation of the algorithm. The larger the data set, the more time
frame it takes to execute step 2 because it visits each data subject and
performs calculations on it. The question here is: Do we need to visit the

entire data space?
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In reality, most clustered data subjects or clusters whose centers move
slowly should not be affected by motion. They will remain part of the same
cluster at the next iteration and have fewer points of motion. The ability
to detect which data topics affect motion means that we do not need to
visit the entire dataset and only a small part of the dataset is sufficient.
Before deciding which data issues to include in the "demarcation”, we
need to determine the criteria that must be implemented by the data
elements in a way that is capable of incorporating the "demarcation™
element. Assume point p is part of cluster C (Figure 4-2). Point p is part
of cluster C and the distance between p and C boundary is less than its
distance to A and also less than its distance to B. We want to know how

far point p is to jump to another cluster. Clearly, the formula would be:

ep = Min(dpy — dpc,dpp — dpc) (4-2)
Where ep is the distance between p to the nearest boundary. It can be said
that point p is about the size of ep for switching to another cluster. At the
end of duplicate i, the centers need to be updated and updated according

to the new order.
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Figure 4-2: Three hypothetical clusters of data
Suppose center A has moved A and center B has moved B and C has moved

C. The worst-case scenario for point p is that boundary of point C is further
away from point p as it gets closer to point A and B, so what would be the

conditions for P to get closer to cluster C, conspicuously it will be as

follows:
ep > |CC| + |AA] (4-3)
ep > |CC| + |BB| (4-4)

To simplify the algorithm and reduce the computation we can combine

terms (4-3) and (4-4):

ep > 2 * Max(|AA|, |BB]|,|CC|) (4-5)
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Which is generally a way to determine whether a point is part of a
"demarcation” list or not [102]. Because check-and-control returns the
differences and inequalities for the data elements in each iteration where
we started. To avoid such computations, we can trace all of our data
elements at wider intervals for the value as shown in simplified Pseudo

Algorithm and block diagram (Figure 4-3). (Figure 4-4), as follows [51]:

Define constant WIDTH

Define intervals Ii = Ii * WIDTH, (i+1) * WIDTH and tag them with value i * WIDTH
Mark the entire data set to be visited

For each point to be visited

Compute e = min (dpci - dpcw) where Cw is the center of the winner (closest) cluster and
Ci i=1..k I#w stands for all other centroids

Map all points with i * WIDTH <e < (i+1) * WIDTH to interval i * WIDTH where i is a
positive integer

Compute new centroids Cj, where j=1..k and their maximum deviation D = max(/CjCj’/)
Update ij's tag by subtracting 2 * D (points owned by this interval got closer to the edge
by2*D)

Pick up all points inside intervals whose tag is less or equal to 0, and go to 4 to revisit them

Figure 4-3: Simplified Pseudo Algorithm
Algorithm group points with values so that we can execute it for the whole

group instead of visiting each data element and controlling it against the
distance near the edge and their boundary. The key to all optimization is
in compatibility performance. Wide compatibility has a great impact on

optimization.
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Define constant WIDTH

Define intervals Ii = 1i * WIDTH,

Mark visited dataset .
(i+1) * WIDTH

Do it for each point to be Compute e = min (dpci - dpcw) where Cw is
visited the center of cluster and Ci, [=1..k, Izw

Map all points with i * WIDTH <e < (i+1) * WIDTH, to
interval i * WIDTH, i is a positive integer

Compute new centroids (j, j=1..k,
maximum deviation D =

RN altal A

Update ij's tag by subtracting 2 * D

Pick up all points inside intervals <=
G5l 2

Figure 4-4: Simplified Pseudo Algorithm block diagram [111]
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If the value of the width is low, then the number of intervals increases and
therefore workload for checking and controlling and updating the intervals
in each iteration can be significantly increased. If the value is too wide,
the number of points increases for each distance, and although the number
of intervals decreases. The absence and loss of execution is obvious when
the long distances are re-marked. It is easily noticeable and clear to see
that the quality of the final clustering will not be affected by the proposed
optimization. In each iteration, clustering and sorting are exactly the same

as if standard k-means were used [103].

4-3- Determination of K-means Algorithm Starting Points by

Cellular Learning Automata

The choice is made by neighboring learning automata. Each
learning automata generates a boost signal vector that the other learning
automata determine each other's boost signal vector. In cellular learning
automata, learning automata are neighbors (a combination of learning
automata). Each learning automata forms its own environment, which is a
constant around the environment, since the neighborhood probability
vector is different [88]. The operation of the cellular learning automata is
that in the first step, the internal state of each cell is determined, and the

internal state of each cell is determined based on the probability vector of
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the static learning automata in each cell. The initial value may be randomly
selected or by past experience. In the second step, the rule of cellular
learning automata determines the amplification signal of the resident
learning automata in the cell, so each learning automata is updated on the
basis of the amplification signal it receives, and the probability of its action
is updated. This process continues until the desired result is achieved

[104]. The orders are as follows:

A) Determine the structure of the cellular learning automata: In the first
step, the dimensions of the cellular learning automata are determined. The
number of elements of one cellular learning automata is the number of
records. Each record is assigned a number. We then specify the number of
clusters and randomly select points for the number of clusters. The number
of elements is the number of clusters. If the number of clusters is k, the

cellular learning automata is calculated from (4-6).

Zn: CLA; = k (4-6)

i=1

In the above relation, n means the number of records.

B) Definition of Neighborhood in cellular learning automata: The

proposed neighborhood definition is that, every point with all points has a
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neighborhood. Because we can move the values of a CLA cell to its zero

point.

C) End of cellular learning automata: At each stage of the cellular learning
automata, the transfer science is performed. After each transfer step, the
CLA is evaluated according to the cellular learning automata and the best
clustering accuracy is stored. If the transfer occurs 100 times and the best
accuracy of the cluster is not changed, the cell learning automata stops (the
number 100 is calculated by trial and error). Genetic algorithm as input
receives cellular learning automata and with genetic algorithm determines
the starting points of K-means algorithm. The best chromosome with
output accuracy is selected, then the clusters are plotted, and the average
of the clusters is selected as the starting point of the K-means algorithm.

Then the K-means algorithm is implemented (Figure 4-5).

cellular learning cellular learning cellular learning
automata 1 automata 2 automata 3
Y Y Y
chromosome 1 chromosome 2 chromosome 3

Figure 4-5: Formation of chromosome structure by cellular learning automaton
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4-4- Proposed method: CLA with k-means clustering
Integration

CLA is defined as a unidirectional graph in which each vertex
represents a cell equipped with a LA. The CLA rule and the LA-selected
actions of the neighbor of a particular LA, amplify the LA signal residing
in a cell define. The neighboring LAs of each specific LA constitute the
local environment of that cell. The local environment is a non-stationary
cell because the probability vectors of neighboring LA action change
during CLA evolution [104, 105]. The Automata Behavior Assessment
Environment is P-Model. In the P-model environment, each action in each
iteration receives only a penalty or reward. If LA chooses an action such
as a; at n-th stage and receives a favorable response from the environment,
the probability of a; operation being p;(n) increases and the probability
of other operations decrease. Conversely, if the response from the
environment is undesirable, the probability of a; operation decreases and
the likelihood of other automated operations increasing. However,
changes are made so that the sum of p;(n) is always constant and equal to
one. In equations (4-7) and (4-8) the update of p;(n) operation a; in n-th
step is based on the fines and rewards received by the linear model

learning algorithm-P. Based on the favorable or unfavorable response of
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the environment, the equation (4-7) or equation (4-8) is used to update the

probability of automata being applied [88, 105].

pi(n+1) = p;(n) + a(1—p;(n)) )
pi(n+1) =0 —-a)p;(n),v;,j #i

pi(n+1) =1 —-a)p;(n)

b -
pi(n+1) =—=(1—b)p;(n),V;,j # i (4-8)

In equations (4-7) and (4-8), r is the number of acts, and the reward
parameter and b the penalty parameter. When a and b are equal, the
algorithm is called Lgp, when b is smaller than a, the algorithm is called
Lgep and when b equals zero, the algorithm is called Lg. In this study, the
number of Automata actions is set to the number of clusters. The reward
and penalty parameters are set to Lgp algorithm with a value of 0.1.
Euclidean distance is used to determine the neighboring cells and the
number of neighbors of each cell i is N; = 4. That is, at the beginning of
each run, the cell's N; Cellular Learning Automata is considered the
neighbor of the cell based on the lowest Euclidean distance. The steps of

the proposed algorithm are as follows:

1. Each data is stored on one cell and each cell is equipped with an

LA. The cells are then randomly distributed in space.
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2. The probability value of all the functions in Automata of each cell

is equal to 1/|K]|, Is set, where k is the number of clusters as

S, CLA; = k.

3. Foreach cell i, the neighboring N; with the least Euclidean distance

are selected as neighbors of that cell.

4. For a specified number of iterations (ITER) selects the following

Automata actions according to one of the following:

If ITER=1, it selects a random operation for each Automata in
each cell.

If ITER>1, it checks if the number of clusters obtained by CLA
is less than the number of clusters specified at startup, then
selects one operation for each Automata in each cell.

If ITER>1 and the number of clusters is equal to the number
specified by CLA, the action is most likely to be the next action
in each Automata.

The environmental response is influenced by the action chosen
by the neighbors of a cell. If the greater percentage of
neighbors agree on the current cell's selective action, meaning

they have chosen a similar action, then the selected action will
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be rewarded, otherwise it will be penalized. This is stated in
the following law:

e |f the action chosen is equal to the action chosen by n or more
than n, n = round(cN;) of the neighbors of the current cell,
then B;(n) = 0 otherwise B;(n) = 1, constant and some It has
a range of [0, 1], which refers to the neighborhood effect
coefficient and is usually greater than 0.5.

e Automata in each cell updates its probability based on the
response of the environment and the relationships (4-7) and (4-
8).

5. Repeat continues until the environment response to the selected
operation of all Automata is optimal. After the loop stops, the most
likely action in the Automata of each cell is selected as the data

label.

4-5- Image processing with CLA

In one image, some pixels in the image have certain properties that
distinguish them from their neighbors. These pixels are called feature
pixels. The purpose of feature extraction methods is to find and distinguish
these pixels from other pixels in the image. Detection of a pixel as a feature

pixel is done by cellular learning automata by applying local law to the
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neighboring space of each pixel. The image is first mapped to a cellular
learning automata so that each pixel is assigned to one of the cells of the
learning automaton. Each cell's automaton has two actions. One of the
actions is the existence of the search attribute and the other is the absence
of the search attribute in that pixel. Each cell automatically selects one of
its actions and compares it with the action of its neighbors and stabilizes
or modifies its action. The neighborhood space of any cellular learning
automata in a pixel such as p is a circular space at the center of p and radius

k [106].

The local law used to reward or penalize is defined as the number of pixels
that have a gray area near the central pixel. If the number exceeds a
threshold number, the selected action will be rewarded or fined otherwise.
The threshold number depends on the type of attribute desired. If a pixel
belongs to the boundary of an area, its neighbors will have a different gray
area than that pixel. Gray slope gradient is a good criterion for edge
detection. Edge detection gradients measure the gradient and direction of

the gray level adjacent to each pixel [107].

Each automata has two actions. Assume the first action equals one pixel
to the edge and the second act equals one pixel to the edge pixels. At first,

each automata randomly selects one of its possible actions. At startup, we
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consider the number of cars that choose the first action less than the ones
that choose the second. At each stage of repetition, each automata
compares its situation with that of its neighbors and corrects its behavior
on the basis of this comparison. Here's how each automaton is evaluated

and decided at each iteration step:

If a cell in the cellular learning automata chooses its first action, or in other
words, recognizes its corresponding pixel as the edge, and if the number
of adjacent octaves with the cell that chose the same action is between two
to four, then selected actions are appropriate and rewarded. In other words,
a pixel is an edge if it has an elbow between two to four neighbors. But if
a cell in the cellular learning automata chooses its second action or, in
other words, does not recognize its corresponding pixel as the edge, and if
the number of adjacent automata’s in the eight cells of that cell have
chosen the same action, or more than four, the action selected is
appropriate and will be rewarded. Otherwise, the selected action will be
incorrect and will be penalized. We will repeat the above actions until a
certain number of cells reach steady state or in some cases no automatic

change.

To detect horizontal lines of learning automata’s in each cell, a cellular

learning automata considers a pixel to be a horizontal line if the two
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automata, located on its right and left sides are on that horizontal line. In
other words, the gray area difference of a cell with the right and left cells
is very low and with many other neighboring cells. Also, the vertical
difference of the gray area of a cell with high and low cells should be very
low and with other neighboring cells very high. To distinguish oblique
lines or oblique edges in the image the difference between the gray areas
of a cell with its diameter, cells must be very low and with that of other

neighboring cells [108].

4-6- Different Scenarios for the Diagnosis of MS Lesions
using MRI Images

4-6-1- Semi-automatic method and use of K-Means
The method used in this section is the combination of Region
growing method and lesion clustering. Figure (4-6), shows the flowchart

and the job description step by step.

4-6-2- Automatic MS Segmentation Approach Based on Cellular
Learning Automata

In recent years, MS plaque detection based on color has attracted
the attention of the many scholars for its low computational complexity.

Most of these methods have a high error rate for not considering the
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texture of the lesion. In this paper, a novel method to detect MS lesions is
proposed. This method combines the image information in the gray area
and texture, detects the skin area by using Cellular Learning Automata
(CLA) [83, 85, 89]. Cellular Learning Automata (CLA), the combination
of Cellular Automata (CA) and Learning Automata (LA), is preferable to
both CA and LA individually [82], [109]. Unlike CA or LA, CLA tries to
learn optimal actions and it can improve the learning capability by using

a set of learning automata that interact with each other.

Preprocessing and Initial Determine the
Pictures of FLAIR, pro '9 determination of .
» Applying Primary > . » center points of
T Noise Filter lesions from MS areas
FLAIR images

A 4

Removal of lesions

- . Removal of lesions with a short . .
Filling holes inthe | P . . » Applying Regional
. < lessthan 4 mm [« Euclidean distance [« .
Lesion . Growth Algorithm
cube from the brain

(skull) margin.

A 4

Final presentation
of segmented lesion

A 4

Lesion clustering

Figure 4-6: algorithm of combination of region growing method and lesion clustering

In addition, CLA can optimize outside standard sequential processes
mapping real world solutions more accurately [90, 91, 109]. Firstly, the
candidate lesion regions are detected through defining a threshold, and

then these regions are assigned to a texture analyzing system. The output
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of texture analyzing system is the probability rate of being lesion for each
pixel. Then this probable mapping is given to a CLA. By using
neighborhood relations and texture information, CLA converges to a
steady state representing the final output of the proposed system. The
proposed algorithm is shown in Fig. (4-7), proposed Pseudo algorithm is

shown in Fig. (4-8) and Flowchart of the proposed algorithm in Fig. (4-9)

[111]:

Pre-processing Producing initial image Employing Automata
Extracting MS lesions Thresholding Determining candidate
parts

Figure 4-7: Block diagram illustrating the proposed CLA algorithm [111]
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Function (plaque detection function using cellular learning automata)
Establish an associative CLA.
Initialize the state of cells in CLA.
for each cell j in the CLA do
Let x be a data sample from the data set, give x to cell j
Let i be the class of data x
Cell j selects an action aj
ifCelljis in row i then
ifaj = 1 AND half or more neighbors of cell j selects action 1 then
Reward the selected action of LA in the cell j
else
Penalize the selected action of LA in the cell
end if
else
ifaj = -1 AND half or more neighbors of cell j selects action -1 then
Penalize the selected action of LA in the cell j
else
Reward the selected action of LA in the cell j
end if
end if

end for

Figure 4-8- The Pseudo algorithm of the proposed CLA algorithm [111]
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Figure 4-9- Block diagram of the proposed algorithm
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4-6-3- MS Segmentation Approach based on SVM and CLA integration
Gheshlaghi et al., Presented an approach to improve the detection
of MS lesions in brain MRI images using a hemispheric lesion detection
and fuzzy algorithm. This paper presents a method to improve the results
of MS lesion segmentation system in MRI images. This method consists
of pre-processing, feature extraction, classification and post-processing.
The skull preprocessor has been removed to improve system speed and
performance. In the next step, it is diagnosed to reduce the computational
volume of hemispheres with lesions. This is done by comparing the
histogram of each hemisphere with the standard histogram that is made up
of healthy hemisphere images. Before extracting attributes, each brain
image is populated by a slider and the attributes are extracted in each
window. The feature extraction section uses Gabor method (Gabor Filter).
In order to increase the accuracy of the system, the mean fuzzy algorithm
c is used in the post processing part. The SVM supervised method was
used to accurately evaluate the results of the feature extraction method

[110].

Moghadasi et al., the thesis author, showed that the segmentation of the
lesions was investigated using gray scale properties and dimensions of the

lesions. The researchers used contrast-enhanced MRI images of
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T1 weighted, T1 weighted, PD_weighted containing MS lesions. To
diagnose MS lesions, the pixels of MRI images were analyzed using the
Cellular Learning Automata (CLA) method. MS lesions showed white and

red anatomy of the brain on a black background [111].

An automated algorithm for the diagnosis and segmentation of lesions is
proposed to increase the accuracy of segmentation of MS lesions. The
algorithm consists of pre-processing parts, detecting MS-hemispheres,
feature extraction, classification and post-processing. In the pre-
processing section, the brightness intensity of the normalized images and
the brain region are first extracted. Then, to reduce the computational
volume, the lesions are diagnosed. In the feature extraction section, a
slider window is used, and the properties are extracted using the Gabor
method (Gabor Filter). In the classification section, the window is labeled
as a healthy area or MS and the image of the lesion is obtained. The result
in the post processing section is improved using the Cellular Learning

Automata (CLA) algorithm with k-means clustering (Fig. 4-10).
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Figure 4-10: Proposed algorithm CLA and SVM integration

In the Controlled High-Risk Subjects Avonex Multiple Sclerosis
Prevention Study (CHAMPS) showed, that patients who received early
treatment with IM IFNpB-1a developed clinically definite MS (CDMS)
with 44% lower probability than in patients who received placebo and
changes in lesion volume were significantly different between the two
groups. In addition, after 18 months, there were 58% fewer new or
enlarging lesions and 71% fewer Gd+ lesions in patients who received
treatment than in those who received placebo. A parallel study called Early
Treatment of Multiple Sclerosis (ETOMS) also confirmed the finding of
CHAMPS. ETOMS concentrated on the group of patients who had uni-

focal or multi-focal neurologic syndromes with certain type of lesions.
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ETOMS showed that after 2 years of treatment, 24% fewer patients who
received treatment developed CDMS than those who received placebo and
annual relapse rates were also lessened in the active treatment compared
with the placebo group (Miller, 2019) [112]. Before the use of MRI in the
clinical diagnoses, patients had to wait for years until receiving MS
diagnosis. As it was emphasized, early treatment has a significant role,
therefore earliest possible recognition of MS has a great importance
(Miller, 2019). Machine learning algorithms proved to be successful in the
past in brain MRI image analyzation. This thesis is the continuation of a
research by the author who aimed to create artificial models using support
vector machines (SVM) to classify MS and normal brain MRI images,
analyze the effectiveness of these models and their potential to use them
in Multiple Sclerosis (MS) diagnosis. In the published papers, a case study
presented at Infocommunications Journal, we intend to show that 3D
images can be converted into 2D and by considering machine learning
techniques and SVM tools. The first research work concluded that SVM
is a potential method which can be involved during MS diagnosis,
however, in order to confirm this statement more research and other
potentially effective methods should be included in the research and need

to be tested. As it is discussed in the previous chapters and literature
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review and methodology section, this study continues the research of SVM
used for classification and Cellular Learning Automata (CLA), then it
expands the research to other method such as Artificial Neural Networks
(ANN) and k-Nearest Neighbor (k-NN) and at that point compares the
results of these, and finally propose combined algorithm for better MS
lesion diagnosis. In this published study two approaches were used since
SVM is a binary classifier, however the current dataset can be divided into
four mutually exclusive classes. In order to resolve this, in the previous
study One-Against-One (1Al1) and One-Against-All (1AA) techniques
were introduced [113]. The goal of 1AA technique to divide the N class
dataset into N two-class cases, while 1A1 approach creates a model for
each pair of classes so N(N-1)/2 models are built. In this study each

method had an equal vote (Moghadasi et al., 2020) [114].
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Chapter 5

Results and Discussion
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5-1- Results & Discussion; Introduction

According to the algorithms presented in Chapter Three, this
chapter presents the results, and the algorithms are as follows: Semi-
automatic method and use of K-Means, Automatic MS Segmentation
Approach Based on Cellular Learning Automata, MS Segmentation
Approach based on SVM and CLA, Simulated Database 3D MRI to 2D

Images, using value of Binary Pattern Classification for MS Detection.

5-2- Results for Semi-automatic method and use of K-Means

5-2-1- Apply Primary Thresholding and Determination of Primary
Lesions

It can be said that it is based on the analysis and analysis of the
histogram of the intensity values. The image is made up of luminous
objects in a dark background, the gray scale histogram has two maxima.
A peak is produced by luminous objects and a courier by field points. If
the contrast between objects and context is high enough, the two maxima
in the histogram of the image are completely separate from each other, and
the threshold intensity is two maxima. In the original image all values
greater than Abba show all values less gray and equal to 0. This produces
a binary image where the points of the objects are represented by a value
of 1. If the image is made up of two components, the histogram has a
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maximum of 2 and the segmentation is performed with a few thresholds.
That is about 140 to 150 in our implementation plan. Table (5-1), shows
the photo parameters in the FLAIR channel and Fig. (5-1) is shown FLAIR

images and their initialized thresholding.

Table 5-1: FLAIR image parameters in channel in used tools

Repetition Time 9000 ms
Echo Time 103 ms
Inversion Time 2500
Matrix Size 256x204
Echo Train Length 17
Imaging Frequency 123

Figure 5-1: The top row is FLAIR images and the bottom line is the initialized

Thresholding of the image
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5-2-2- Finding Central Points (Lesion Gravity Center)
The center of gravity of each of the MS lesions obtained by
applying the thresholding algorithm is calculated, and each of these

centers is presented as an object (primary lesion).

5-2-3- Edge Detection

The edge image is rendered in MATLAB using the edge function;
it performs the threshold operation by partially deriving data from adjacent
pixels and points where the derivative values are maximal, as the edge of

the image is known [111, 113].

5-2-4- Find the center of MS lesion level in the image
Determining the center of the surface means that this point can be
a fixed point relative to the points on the edge. The center of gravity is

calculated using the functions available in MATLAB.

5-2-5- Apply the Regional Growth algorithm and find out the range of
the lesion

Another work used in image segmentation is Regional Growth,
which uses uniformity in the area. This procedure begins by selecting one
or more of the granular points and is diagnosed by the same number of

zones depending on the number of granular points. Then the similarity
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between the pixels is formulated. In fact, it can be said that this is a
measure of the pixels gray value. Two pixels are also called alike if the
magnitude difference of their gray values is less than the threshold value.
The area growth operation then begins by inspecting and controlling the
points that are enclosed within the dotted areas. If a point is sufficiently
similar to the grain points, it belongs to the area corresponding to that grain
point. For each area, the operation will continue to cover all points in the
image. To make more accurate decisions as well as identify the lesion of
each object center, we apply the regional growth algorithm to extract the
tissue properties of the lesion. In this step, we hand over the potential
lesion center we already acquired to the Regional Growth algorithm so
that it can provide us with a range of lesions as well as the number of

pixels detected as a second stage lesion.

5-2-6- Removal of lesions with a short Euclidean distance from the brain
(skull) margin

In fact, we remove lesions that are not restricted to the brain or MS
disease, such as lesions on the periphery or areas completely removed
from the brain. Areas on the margins are both very low in volume or are

specific to other diseases such as head trauma and so on (Fig. 5-2).
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Figure 5-2: Removal of lesions with a short Euclidean distance

5-2-7- Removal of lesions less than 4 mm?®

Removal of areas less than 4 mm? in volume is explained by the
lack of conformity of low volume lesions with MS and also by the
physician to remove low volume areas from the list of lesions. The new
initiative we used in this research is to use a graph of points. We divide
the zones obtained by applying the regional growth algorithm in each slice

into two groups:

e The first group is lesion that has an area of more than 32 pixels and
we consider them as lesion pools.

e The second group is a lesion with an area of less than 32 pixels.

The main operations are in relation to the second group. We compare each

existing pixel with our 26 neighbors and enter each tree in the growth zone

107



designated as MS area and next to the existing point. Next, for the newly
added nodes in the tree, we examine the 26 non-duplicate neighbors and
implement exactly the same procedure as before and continue until a new
node is added to the tree and if stopped increasing tree masses will be
removed from the loop and checked if all slides are not stopped. Next, we
count the nodes and make the following decisions according to the

following conditions.

1. If the nodules hit a lesion pool but the total nodes are less than 32,
we consider them a lesion.

2. If the nodes find a volume greater than 32 nodes, all of the docked
together will be considered as MS lesions and the collection will
also be recorded as a lesion pool and used for other generations.

3. If one of the above two conditions is not met, these nodes are

considered as backgrounds.

Because each voxel in our datasets is 0.5x0.5x0.5 mm?, it requires 8 voxels

to form one-millimeter cube, and we need 32 nodes for 4 mm?3 (Fig. 5-3).

The difference that we had with other research papers is that we did not
consider voxels as a 4 mm? in three consecutive slides, and we were

looking for fitting and bending in the 3D image collection [113].
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Figure 5-3: Removal of lesions less than 4 mm?®

5-2-8- Filling holes in the lesion

As can be seen from the medical diagnosis of MS, unlike other
diseases, MS is not one-sided and has an internal cavity, so doctors, if
present, consider the lesion as the sum of the lesion volume and in the
articles [29, 113, 114], We also consider internal cavities (black holes) to
be the main lesion and are structurally proportional to the lesion so we fill

these holes.

5-2-9- Lesion clustering with K-Means algorithm

From the results of the previous step we cluster the lesions in this
step using K-Means algorithm, in fact this clustering method separates the
lesion points into sets so that in each set of data points to the center of the

cluster they’re close. The K-Means algorithm has a K parameter that
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represents the number of clusters we consider. The K-Means algorithm is

as follows and the results are shown in Fig. (5-4).

1. Initialization of k: considers the point of lesions as the primary
centers.

2. Repeat

3. k forms the cluster by assigning all points to the nearest lesion

center.
4. The centers of each cluster are recalculated.

5. Until the lesion centers change.

Figure 5-4: The first row shows the original images taken from the brain and the second
row shows the segmented lesions and the third row shows the lesions with no other
details
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The average Dice Similarity Coefficient (DSC) for all MS edges in
recent research [115-117] is about 0.891. In this section, DSC = 0.84 is

obtained.

5-3- Results for Automatic MS Segmentation Approach Based

on Cellular Learning Automata

Irregular cellular learning automata (ICLA) are cellular learning
automata (CLA) which remove the restriction of rectangular grid structure
in traditional CLA. There are number of applications which cannot be
adequately modeled with rectangular grids. Each pixel represents a cell that
is equipped with a learning automaton. Learning automata are in fact a
specific cell that determines its state according to action probability vector

[86, 89, 118].

In many matters, learning cannot be correctly operated by using one
learning automaton, but the learning automata manifest their main power
when employed collectively. Given this issue and the defects enumerated
for cellular automata, by combining these two models, a new model called
cellular learning automata was generated. To use the algorithm, we first
need to have an initial image from the location of the MS plaque (Figure

5-5). The main objective of employing cellular learning automata is
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making use of neighborhood relations among the pixels of pseudo-skin
regions to increase the efficiency [85, 86, 119]. This is because a pixel
doesn’t necessarily denote the concept of being a plaque by itself, and a set
of pixels can define a skin region in a better way (Fig. 5-5 and 5-6). The
penalty and reward of each cell are according to the action chosen by the
central automata and its neighbors. If the number of the cells that choose
the appropriate action for plaque detection is more than 7, the central
automata will be rewarded. Therefore, if seven automata detect a texture as
plaque, the region around the central automata is taken as plaque region. If
the number of these automata is less than 4 (Fig. 5-6, b, c), the central
automata will be penalized [88, 104]. Using databases of the MS images,
the images are chosen that have desirable condition regarding the plaques
information. For the rate of detection, a formula is used to calculate the
percentage error: pixels mistakenly detected as plaques to the total
percentage of the detected pixels (Fig. 5-7, ¢). The aforementioned-phrase
is the assessment factor for the percentage error (Figure 5-8), (Table 5-2),
and this formula was examined in 40 images of the database and average

DSC=0.915 [111].
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Figure 5-5: MRI sequences depicting MS lesion. Lesions appear bright (hyperintense)
on the (a) Fluid-Attenuated Inversion Recovery (FLAIR) Image, (b) T2-Weighted and
(c) Proton Density (PD) images. (d) T1 hypointense lesions (black holes) appear dark in

the T1-weighted image, with examples indicated by red arrows [144].

(@) (b) (©)

Figure 5-6: a) Image Sample of MS, b) Infected sample, ¢) The resulted image in

MATLAB
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Output image of MS1 plaque using cellular

learning automata

Output of image MS2 plaque using Cellular

learning automata
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Image Sample of MS3 plaque

Output of image MS3 plaque using cellular

learning automata

Image Sample of MS4 plaque

Output of image MS4 plaque using cellular

learning automata

Image Sample of MS5 plague

Output of image MS5 plaque using cellular

learning automata

Figure 5-7: MS Images - Analyzed images [111]

Table 5-2: Analyzed images

Number of the
analyzed images

Error rate in finding the pixels that Error rate in finding the pixels that
were mistakenly detected as plaques | mistakenly weren’t detected as plaques

40 images

10% 7%
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The pixels depicting MS plaque can be found in the image. By visual
inspection, the plaque regions are specified by 1 and other regions are
specified by 0. Using ROC command in MATLAB, ROC curve is plotted
which is as it is presented below. This curve is used to compare two
classification methods. Its Vertical axis is the true positive rate (TPR) and
its horizontal axis is the false positive rate (FPR). This curve represents
the tradeoff between TPR and FPR for the two-classed classification of
MS and healthy plaques. To plot the curve, we assume a threshold; values
above the threshold will be considered as "Yes" and values below "No".
Conclusively, it is evident that there are various technigues which can be
applied in MS plague detection using the various imaging aspects. From
the author’s published research papers, it is clearly obvious that there are
various mechanical and operational advantages and disadvantages which
emanate from the use of the systems. In addition, the health practitioners
need to have a working knowledge of the different systems so that they
can be in different positions to adequately deliver as per the required
levels. Each technique has its specific advantage and disadvantage and
thus, health practitioners need to affirm the best mechanism to set in place
based on the gravity of the situation. Primarily, all these aspects can be

used in a health institution and it is recommendable for one to have enough
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background knowledge of the patient before deciding to embark on a

specific venture.

5-4- Results of MS Segmentation Approach based on SVM
and CLA Integration

5-4-1- Histogram normalization

Due to the difference in brightness, images are normalized before
any operation. Normalization of the intensity of light is essential for the
analysis of some tissues in MR images. According to the results obtained
from [69], the histogram normalization method works best, so using this
method and by changing the brightness of the original image, the resulting
histogram of the brightness of the image contains all gray values. Which

is defined as follows:

GWM — BWM

fexy) == (h(Y) = hmin) + BWM (5-1)

max ~ hmin

In the above relation h(x, y) histogram of the original image, f(x, y) the
new image histogram and h,,;,, and h,,,, are the lowest and highest gray
values available. GWM and BWM are the lowest and highest brightness

intensities of the new image.
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5-4-2- Skull segmentation

Since noise and image heterogeneity have major effects on non-
brain tissue such as skull and fat, it is best to remove non-brain tissue in
order to reduce computational time and increase the efficiency of
continuous steps. For this purpose, as shown in Fig. (5-8), since in the
FLAIR images the skull is highly illuminated, the initial image is initially
binary with an appropriate threshold limit. The objects in the binary mask
are then numbered in order of their area. This will separate the area of the

brain and skull.

5-4-3- Detection of lesions with hemispheres

The main idea in the diagnosis of MS lesions is asymmetry of the
histogram between healthy and lesions. So, the brain hemispheres must
first be extracted. Splitting the brain into two hemispheres is done by
finding the diameter of the oval containing the brain. The advantage of
this method is that it is resistant to patient rotation and movement during
imaging. For this purpose, after complete extraction of the brain, the
resulting image becomes binary. The resulting mask has an area that can
be separated into two right and left hemispheres by defining the ellipsoid

area and considering its large diameter as the midline of the brain [120].
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(b)

(©) (d)

Figure 5-8: Skull segmentation. (a) Initial image, (b) binary mask, (c) skull object, (d)
final image after skull removal

Also, to reduce the search space and remove the background of the image,
remove the black and white areas of the background of the image using

the large center and small diameter ellipses (Fig. 5-9).
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(@) (b)

Figure 5-9: (a) left hemisphere (b) right hemisphere

5-4-4- Feature Classification with SVM

In order to extract the feature, each hemisphere is first swept by a
window slider. The distance between the central pixel location of the
window and the next location of the pixel is assumed to be 2 pixels to
avoid slightly increasing the computation volume. As a result, the window
will overlap at the current and next location. In each window the attributes
are extracted, and the classifier will be trained to determine whether each
training window has a lesion. In the test phase, a window similar to the

training phase window is considered, moving across the brain and
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background area. Features are extracted and classified in this window and
wherever it is located. Based on the results of the window center
classifications, the mark is based on the location of the lesion or healthy
brain tissue. To determine the proper window size, three different

windows with sizes of 16x16, 24x24 and 36x36 are considered.

To calculate the histogram, each pixel is mapped to one of the channels
based on its gradient angle and casts to that channel. These votes are
weighted by the size of the gradient in that pixel. After calculating the
gradient histogram in each cell, this histogram is normalized by dividing
the sum of the block histograms to which it belongs. Thus, the vector
length of the feature extraction property for each block is equal to 32 and

for each window 24x24 is equal to 128.

In the training phase, the classification is trained using extractive features
and whether or not there is a lesion in each window. In the system
evaluation and testing phase, after extracting the features in each window,
the central pixel of each window is assigned a zero or one mark according
to the presence or absence of lesion in that window as determined by the
classification. In order to classify windows a MLTSVM supervised
classification method is used. Since the number of healthy windows is

much higher than the number of lesion windows which makes the training
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data not balanced, the number of healthy and patient windows are
considered equal and the training data for the healthy windows are
considered and selected at random. In the system testing phase to segment
the lesion, after extracting the features in each window and classifying it,
the central pixel is marked based on the classification result. If the window
belongs to the lesion site, its central pixel is set to 0, and if it is to healthy
tissue, the value is set to zero. Fig (5-10) shows the results of this method

and the extraction lesion contained in the database.

5-4-5- Post processing
MS lesions are located in the white area of the brain. In order to
increase the accuracy of the system, white matter is extracted using

Cellular Learning Automata (CLA) and k-means clustering.

(a) (b) (c)

Figure 5-10- Results of lesion extraction (a) Original image, (b) Histogram extraction

lesion and SVM, (c) Database extraction lesion
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The lesion is accepted and goes to the next stage, otherwise the lesion is

removed Fig (5-11).

Figure 5-11: Results of clustering by CLA algorithm

5-4-6- SVM Results

In the results of the proposed system implementation in order to consider
the noise effect, the images used were examined once with noise removal
by Gaussian filter and once with no noise removal. The results show that
it is better not to eliminate noise because of the loss of some of the
contextual information by noise removal (Table 5-3). Therefore, the
proposed system is implemented without noise removal. To evaluate the
effect of window size, three windows with sizes of 16x16, 24x24 and

36x36 were used and the results are investigated in three classification
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methods. According to (Table 5-4), the best result is the window size of

24x24 used in the proposed method.

Table 5-3- The effect of noise

No noise removal

Noise removal

SVM Classifier 95.6 87.7
Table 5-4- The effect of window size
16x16 24x24 36x36
SVM Classifier 90.6 97.3 92.4

System performance in post-processing modes using CLA with k-means

clustering and without its use is shown in (Table 5-5). As can be seen, with

the detection of lesioned hemispheres and post-processing with CLA with

k-means clustering results in significant improvement. Fig. (5-12) shows

the results of the implementation of this system.

Table 5-5- System performance using CLA with k-means clustering and without its use

Without CLA with k-

means clustering

Using CLA with k-

means clustering

SVM Classifier

93.2

96.4
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In this method, in this first step, to reduce the computational space, first,
based on the histogram of healthy and lesioned hemispheres, the lesioned
hemisphere is diagnosed, and then only lesioned hemispheres are
examined. An image slider with dimensions of 16x16, 24x24, and 36x36
is used to extract the image's feature and classification. The results show

that the most appropriate window size is 24x24.

To investigate the effect of noise, the proposed algorithm is implemented
once with noise removal and again without noise removal. The result is
better system performance without noise removal. In the post processing
step to reduce false positive and false negative error rates since the MS
lesion is located in the white area of the brain, this region is extracted by
the CLA with k-means clustering and the search space allocated to this
region. Based on the results of the study of hemispheres with lesions and
CLA with k-means clustering increase system accuracy and performance

by 96.4 and average DSC for 36x36 is 0.948.
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Figure 5-12: Results of lesion extraction by the proposed method on FLAIR images

5-5- Results of Simulated Database, 3D MRI to 2D Images

The first step of this section was to determine the appropriate
dataset for the machine learning algorithms. For this more source can be

appropriated, for instance the dataset used in the below mentioned MS MRI
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Lesion Segmentation research. This dataset is the MRI results of 38 MS
patients. The disadvantage of this dataset is that it does not contain normal
brain MRI images and additional data about the MS severity of the patients

[67-70].

Another possible source of the dataset is Brainweb. The Brainweb
repository provides a Simulated Brain Database (SBD) containing a set of
realistic MRI data volumes generated by an MRI simulator, based on two

types of models:

e Normal,

e Multiple Sclerosis (MS),

Brainweb MRI simulator provides full 3-dimensional data volumes, built
using three sequences (T1-, T2-, and proton-density- (PD-) weighted) and
a variety of slice thicknesses, noise levels, and levels of intensity non-
uniformity, available in three orthogonal views (transversal, sagittal, and
coronal), and can be downloaded [113]. The main advantages of using a
simulated database that extending the dataset is simple and basically
without limit, however from simulated images no important meta-
information can be processed, for instance age, gender and medical record

of the patients in Fig. (5-13), [66, 113, 114].

127



(a) (b) (c) (d)

Figure 5-13: BrainWeb: Simulated MRI Volumes for Brain with Multiple Sclerosis

Lesions [66, 113, 114]

To experiment with the machine learning algorithms, a simulated dataset
can be an acceptable option, since building a real dataset can be time-
consuming. Brainweb generates 3D images in binary format [114].
Normal, mild MS, moderate MS and severe MS simulations can be
generated using specific parameters mentioned above and three file formats
are supported: MINC, unsigned raw byte and 12 bits raw short. In this study
2D images are eligible for the plague detection, since the goal is to create
cellular automatas which are able to differentiate between normal and MS
brain MRI images. From the 3D dataset, 2D image dataset can be
generated, since every layer of the 3D dataset is a 2D image which can be
converted into grayscale images. To be able to do this, a MATLAB® script
was implemented. This can read and process the 3D dataset and produce

the corresponding 2D grayscale images. The dataset acquired from
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Brainweb is in MINC format, to be able to read and process this, an
additional third-party MATLAB® tool called loadminc written by Laszlo
Balkay, must be used [44]. The dimensioning of the elements of original
Brainweb dataset is 217x181x181, the dimension of corresponding 2D
image is 217x181, and acquired from the z axis of the original dataset using

the following logic:

length of Z)

d= d (
roun 5

(5-2)

With the script a dataset containing 72 Images has been generated, each

with the following parameters:

e MR pulse sequence:
o Slice thickness: 1
o Scan technique: SFLASH
o Repetition time: 18
o Inversion time: not used
o Flip angle: 30
o Echotime: 10
o Image Type: magnitude
¢ Imaging artifacts:
o Noise reference tissue: brigtest_tissue
o Noise level (%): 3
o Random generator seed: generated
o INU field: field A
o INU ("RF") level (%): 20
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The dataset can be segmented into four classes:

e normal brain,
e Dbrain with mild MS,
e brain with moderate MS,

e brain with severe MS,

Each containing 18 samples (Figures 5-13 & 5-14).

Figure 5-13- Generated images - Brainweb Simulation, Generated normal, mild MS

images

Figure 5-14- Generated images - Brainweb Simulation, Generated moderate MS,
Severe MS
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5-5-1- Results of using SVM

The most common use of SVM is binary pattern classification.
SVM aims to construct a hyperplane set in an infinite dimensional space
and find the hyperplane which represents the largest separation (margin)
between the binary classes, so the goal is to find the maximum-margin
hyperplane if it exists [114]. SVM is a binary classifier, however in the
current case four mutually exclusive classes can be found in the dataset. To
resolve this, One-Against-One (1A1) and One-Against-All (1AA) are
commonly used techniques. The 1AA divides the N class dataset into N
two-class cases, while 1Al approach creates a model for each pair of
classes so N(N-1)/2 models are built. In these methods every classification
method gives one vote to one class and the final class is determined by the
votes. Weights can be involved too in the voting process. The disadvantage
of the 1AA approach is its performance which can be compromised
because of the unbalanced training datasets [128-130]. With 1Al approach
the main disadvantage is the computation intensivity (the condition of

being intensive) due to the number of SVM pairs [131].

For building the model MATLAB® fitcsvm function was used with linear
kernel function with standardized predictor data. With each method 10 runs

were done, in each run 30% of the dataset (23 images) was selected
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randomly and used for model testing. The analysis of the results is

different, it depends on the model used for training [122].

With using 1AA technique, four models were built called Normal2All,
MildMS2AIl, ModerateMS2AIl and SevereMS2AIll. Assume that all
models have the same weigh during voting the result of the classification
can be seen in column 2AlIResults. This run is interesting because there
are samples which have multiply results (row 4, 8) or no result at all (row
10). In this case no class is assigned to the sample and this rate is also

counted in the comparison of the methods (Table 5-6).

Using 1A1 technique six models were built called Normal2MildMS,
Normal2ModerateMS,  Normal2SevereMS,  MildMS2ModerateMS,
MildMS2SevereMS and ModerateMS2SevereMS. Assume that all models
have the same weigh during voting the result of the classification can be
seen in column 20neResults. During this run, a class has been assigned to
every sample, however this is not the case in every run, though the number
of cases with multiple result or no result are less compared to the 1AA

technique (Table 5-7) [113, 114].
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Table 5-6- Example result of One-Against-All classification [113]

Expected Normal2All MiIdMSZAII‘ ModerateMS2All SevereMS2All 2AlIResult

normal normal all all all normal
normal normal all all all normal
normal normal all all all normal
normal all mild_ms all severe_ms more_results
normal normal all all all normal
normal normal all all all normal
normal normal all all all normal
normal normal all all severe_ms more_results
mild_ms normal all all all normal
mild_ms all all all all all
mild_ms normal all all all normal
mild_ms normal all all all normal
mild_ms all mild_ms all all mild_ms
moderate_ms all all moderate_ms all moderate_ms
moderate_ms all all all severe_ms severe_ms
moderate_ms all all moderate_ms all moderate_ms
moderate_ms all all moderate_ms all moderate_ms
moderate_ms all all moderate_ms all moderate_ms
moderate_ms all all moderate_ms all moderate_ms
moderate_ms all all moderate_ms all moderate_ms
severe_ms all all all severe_ms severe_ms
severe_ms all all all severe_ms severe_ms
severe_ms normal all all all normal
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Table 5-7- Example result of One-Against-One classification [113]

Expected No_rmal2 Normal2 Normal2 MildMS2  MildMS2 | ModerateMS2 20neResult
MildMS | ModerateMS | SevereMS ModerateMS SevereMS |  SevereMS
normal normal normal normal | moderate_ms | severe_ms | severe_ms normal
normal normal normal normal mild_ms mild_ms severe_ms normal
normal normal normal normal mild_ms severe_ms severe_ms normal
normal mild_ms normal severe_ms mild_ms severe_ms severe_ms severe_ms
normal normal normal normal mild_ms mild_ms severe_ms normal
normal normal normal normal mild_ms mild_ms severe_ms normal
normal normal normal normal mild_ms mild_ms severe_ms normal
normal normal normal severe_ms mild_ms severe_ms severe_ms severe_ms
mild_ms normal normal normal | moderate_ms | mild_ms severe_ms normal
mild_ms normal normal severe_ms mild_ms severe_ms severe_ms severe_ms
mild_ms normal normal normal | moderate_ms | mild_ms severe_ms normal
mild_ms normal normal normal moderate._ms | mild_ms severe_ms normal
mild_ms mild_ms normal normal mild_ms mild_ms severe_ms mild_ms
moderate_ms | normal | moderate_ms | severe_ms | moderate_ms | severe_ms | moderate_ms | moderate_ms
moderate_ms | normal normal severe_ms mild_ms severe_ms severe_ms severe_ms
moderate_ms | normal | moderate_ms | severe_ms | moderate_ms | severe_ms | moderate_ms | moderate_ms
moderate_ms | normal | moderate_ms | severe_ms | moderate_ms | severe_ms | moderate_ms | moderate_ms
moderate_ms | normal | moderate_ms | severe_ms | moderate_ms | severe_ms | moderate_ms | moderate_ms
moderate_ms | normal | moderate_ms | severe_ms | moderate_ms | severe_ms | moderate_ms | moderate_ms
moderate_ms | normal | moderate_ms | severe_ms | moderate_ms | severe_ms | moderate_ms | moderate_ms
severe_ms | normal normal severe_ms mild_ms severe_ms |  severe_ms severe_ms
severe_ms normal normal severe_ms | moderate_ms | severe_ms | severe_ms severe_ms
severe_ms normal normal normal | moderate_ms | severe_ms severe_ms normal
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To summarize the efficiency of the two techniques of SVM according to

the result of the 10 runs (Table 5-8), the 1AA (2AllResult) reached a

slightly better average accuracy than 1A1 (20neResult) and average Dice

similarity coefficient (DSC) for 1A1 (20neResult) is 0.739.

Table 5-8- Overall results for SVM using 1AA and 1A1 technique [113]

2AlIResult

Accuracy

20neResult 2AlIMore 20neMore

Accuracy

Result

Result

2AlINo
Result

20neNo
Result

Differences

1 |0.739130435 | 0.739130435 1 0 0 0 0.130434783
2 | 0.826086957 | 0.826086957 0 0 1 0 0.043478261
3 | 0.739130435 | 0.739130435 0 0 0 0 0
4 10.913043478 | 0.913043478 0 0 0 0 0
5 | 0.826086957 | 0.782608696 2 0 2 0 0.391304348
6 | 0.826086957 | 0.826086957 1 0 2 0 0.130434783
7 | 0.782608696 | 0.826086957 0 0 0 0 0.043478261
8 0.52173913 | 0.434782609 2 7 9 0 0.565217391
9 |0.956521739 | 0.913043478 0 0 0 0 0.086956522
10 | 0.652173913 | 0.652173913 2 0 1 0 0.130434783
AVG | 0.77826087 | 0.765217391 0.8 0.7 15 0 0.152173913

In all cases the accuracy of the 1A1 approach was the same or worse than

the 1LAA method. However, comparing the two techniques according to
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successfully produced result, LAA technique led to more undefined result
with average number of 0.8 when more results were produced and 1.5 when
no result was assigned to the sample. 1Al technique produced more results
at an average 0.7 times. Using 1A1 technique producing no result is
impossible since the decision is always between two existing classes from
the original sample, while in the case of 1AA there is an umbrella class for
all samples from the N-1 classes. Producing more result is the same for
both methods, if the same amount of vote arrives for the same class, that
means that more results were produced. In this case a certain logic can be
set in the future, for instance the more severe class can be accepted for the
sample or in case of a real dataset other information, like gender, age,
symptoms can be added to the model. In case of LAA no result is produced
when all votes from the models come from the ‘All’ category. The last
column ‘Differences’ from (Table 5-8) summarizes the rate of different
answers produced by 1AA and 1A1 techniques for the same sample. This
means, that when 1AA produced a ‘normal’ answer and 1Al produced
‘mild_ms’, it is considered a difference therefore it is counted here. This
rate shows that the accuracy of the models and the different answers
produced by the models do not correlate [113]. As mentioned, SVM is one

of the most widely used machine learning method for binary pattern
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classification. SVM aims to construct a hyperplane set in an infinite
dimensional space and find the hyperplane which represents the largest
separation (margin) between the binary classes, so the goal is to find the
maximum-margin hyperplane if it exists (Chao and Horng, 2015) [127]. In
the previous study two approaches were used since SVM is a binary
classifier, however the current dataset can be divided into four mutually
exclusive classes. In order to resolve this, in the previous study One-
Against-One (1A1) and One-Against-All  (1AA) techniques were
introduced. The goal of 1AA technique to divide the N class dataset into N
two-class cases, while 1Al approach creates a model for each pair of
classes so N(N-1)/2 models are built. In the previous study each method
had an equal vote. These approaches were reused for the new, fix dataset
and to be able to compare the results of the methods the implementation
was rerun to build models using the new trainsets and test-sets. For building
the model MATLAB® fitcsvm function was used with linear kernel

function and with standardized predictor data (Table 5-9)

The average accuracy of the LAA model is slightly worse compared to the
previous model, however the 1A1 model produced a slightly better result.
For the 2AlIResult (the accuracy of the 1AA models), the previous average

accuracy of the models was 0.77826087 while for 20neResult (the
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accuracy of the 1A1 models) models was 0.765217391. Therefore, this run,
20neResult has a slightly better average result and so far, it produced the
best results in this run. Another interesting fact that in these runs no sample
has been assigned to the ‘more results’ flag, so in this case with equal votes
for each method resulted in a deterministic result, however the number of
no results in the case of LAA method has a significant grow. In the previous
published paper, a rule for a voting system could be determined, which

could have been tested in this study [114].

Table 5-9- SVM results using linear kernel function

20ne 2AlIMore | 20neMore 2AlINo | 20neNo ST.
Result Result | Result Result ~ Result | Differences DEV

2All
. Result

0.739130435 | 0.652173913 | 0 0 0 10.391304 [0.061488
2 0.739130435 | 0.782608696 | 0 0 6 0 0.26087 0.030744
3 0.695652174 | 0.739130435 | 0 0 7 0 0.304348 | 0.030744
4 0.826086957 | 0.826086957 | 0 0 4 0 0.173913 |0
5 0.782608696 | 0.782608696 | 0 0 5 0 0.26087 0
6 0.739130435 | 0.782608696 | 0 0 6 0 0.26087 0.030744
7 0.739130435 | 0.739130435 | 0 0 6 0 0.26087 0
8 0.695652174 | 0.75 0 0 7 0 0.304348 |0.03843
9 0.782608696 | 0.826086957 | O 0 5 0 0.217391 | 0.030744
10 |0.695652174 | 0.782608696 |0 0 7 0 0.304348 |0.061488
AVG | 0.743478261 | 0.766304348 | 0 0 5.9 0 0.273913 |0.01614
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This was not explained in the previous study, but the system would have

been the following:

e 1AA method is used for the primary decision.

e if 1AA resulted in more results, the more severe result should be
used.

e if LAA resulted in no results, the 1Al result should be used.

e if 1Al has more results, the more severe should be used.

Table 5-10- SVM results using rbf kernel function

2All 20ne 2AlIMore | 20neMore 2AlINo 20neNo Differences ST.
Result Result Result Result  Result Result DEV
1 0.739130435 | 0.782608696 0 0 6 0 0.260869565 | 0.030744
2 0.739130435 | 0.782608696 0 0 6 0 0.260869565 | 0.030744
3 0.695652174 | 0.739130435 0 0 7 0 0.304347826 | 0.030744
4 0.826086957 | 0.826086957 0 0 4 0 0.173913043 0
5 0.782608696 | 0.826086957 0 0 5 0 0.217391304 | 0.030744
6 0.739130435| 0.739130435 0 0 6 0 0.260869565 0
7 0.739130435 | 0.739130435 0 0 6 0 0.260869565 0
8 0.695652174 | 0.782608696 0 0 7 0 0.304347826 | 0.061488
9 0.782608696 | 0.826086957 0 0 5 0 0.217391304 | 0.030744
10 [0.695652174 | 0.739130435 0 0 7 0 0.304347826 | 0.030744
AVG |0.743478261 | 0.778260870 0 0 5.9 0 0.256521739 | 0.024595
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This rule should be rejected, because of the 1A1 has produced a slightly
better result compared to the LAA method and because no sample got more
results in this case, so using such a technique wouldn’t improve the overall
results. For SVM, a different kernel function can be tested to examine the
method efficiency [114]. This kernel function is the radial basis function

(rbf) and the result can be seen in (Table 5-10).

A neural network (NN) is built from simple, connected processors called
neurons which form a sequence of real-valued activations. Special type of
neurons, called input neurons are activated through the environment, other
neurons are activated through the connected previously activated,
weighted neurons. The learning process of a neural network is finding the
optimal weights to be able to perform the desired results (Table 5-10). The
construction of a network depends on the problem and how the neurons
are connected [132]. MATLAB® provides easy to use, flexible tools to
create, test and analyze neural networks. In this study a simple artificial
neural network (for the exact parameters see Appendix A), with 15 layers
and 10 max epochs were trained using the sample train- and test datasets

which were used to build the SVM models [113, 114].
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Chapter 6

Conclusion, Suggestions and Future Works
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6-1- Conclusion

This dissertation practices the research of SVM used for classification and
CLA, then it expands the research to other method such as k-NN and ANN
and at that point compares the results of them. 3D images can be converted
into 2D and by considering machine learning techniques and SVM tools.
The work concludes that SVM is a potential method which can be involved
during MS diagnosis, however, in order to confirm this statement more
research and other potentially effective methods should be included and
need to be tested. And a combined algorithm for better MS lesion diagnosis
was proposed. In the feature extraction and feature selection stage, texture,
shape, and severity features were extracted from MS lesions. A number of
these features play a more important role in lesion diagnosis and were
selected for more accurate and effective classification. Figure (6-1) shows
the competency function. Counting matrix was used to classify and
evaluate its performance in detecting healthy tissue and Ms tissue from
MRI images of the brain. For this purpose, the features extracted from the
texture, shape and intensity of the image were used to prepare the samples
detected by the support vector machine. The classification performance
was evaluated for accuracy, precision, sensitivity and MSE. Accuracy,

precision, classification sensitivity with support vector machine in this
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study is 100% or zero MSE. The results of the feature selection

classification function and the support vector machine are shown in Table 6-1.
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Fitness function S=0.015564

generation=15

15

Figure 6-1- competency function for feature extraction and feature selection

Table 6-1- Performance classification performance results Select feature and backup

vector machine

Incorrect Correct MSE Specificity Sensitivity Accuracy
forecast prediction
0 1 0 1 1
Table 6-2- results of segmentation performance
T FN FP
Overlap Similarity False Negative False Positive
Pictures 0.8595 1 0.0081 0.0106
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The accuracy of segmentation (in terms of overlap and similarity) of the

output image with the real image was measured and evaluated based on the

application of logical operators on binary images. Table (6-2) shows the

results of segmentation performance. In this study two approaches were

used since SVM is a binary classifier, however the current dataset can be

divided into four mutually exclusive classes.

A) Integrated semi-automatic method and K-Means for detect MS

B)

An attractive and accurate alternative to manual segmentation is
computer segmentation. This can be done more accurately and in
less time for the practitioners. To make it easier for the doctors to
make a decision, the information obtained can be clustered and a
better picture of the disease can be provided. Using the K-means
algorithm, we clustered the division results, which made it much
easier for the specialist doctors to separate the lesions. The Dice
Similarity Coefficient (DSC) = 0.84 result shows that the
algorithm is reliable and can be used in clinics and medical centers

for MS.

Using Cellular Learning Automata (CLA) for automatic MS

segmentation
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C)

The segmentation of the lesions from one another is studied by
using gray scale features and the dimensions of the lesions. The
brain Magnetic Resonance Imaging (MRI) images in three planes
T1, T2, PD (weighted) containing MS disease lesions have been
used. Cellular Learning Automata (CLA) is applied on the MRI
images with a novel trial and error approach to set penalty and
reward frames for each pixel and average DSC = 0.915.

Integrated SVM, K-Means and CLA for segmentation of MS

lesions

In this first step, to reduce the computational space, first, based on
the histogram of healthy and lesioned hemispheres, the lesioned
hemisphere is diagnosed, and then only lesioned hemispheres are
examined. An image slider with dimensions of 16x16, 24x24, and
36x36 is used to extract the image's feature and classification. The
results show that the most appropriate window size is 24x24. To
investigate the effect of noise, the proposed algorithm is
implemented once with noise removal and again without noise
removal. The result is better system performance without noise
removal. In the post processing step to reduce false positive and

false negative error rates since the MS lesion is located in the white
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area of the brain, this region is extracted by the CLA with k-means
clustering and the search space allocated to this region. Based on
the results of the study of hemispheres with lesions and CLA with
k-means clustering increase system accuracy and performance by

96.4 and average DSC for 36x36 is 0.948.

D) Using value of binary pattern classification to MS detection from
simulated 3D MRI to 2D Images.
To be able to make better assumptions, more tests are needed.
Using Brainweb, images can be generated with different
parameters, which can change the parameters (contrast, brightness
etc.) of the images. In this study, only 2D images were generated
from 3D images, one by one, however for each 3D image more 2D
images can be generated using different axis or layer. Even models
using the whole 3D dataset can be built, if the proper hardware
resources are available. The 1AA (2AllIResult) reached a slightly
better average accuracy than 1Al (20neResult) and average DSC

for 1Al (20neResult) is 0.939.

Comparison of the results of different MS lesion detection methods is

shown in Figure (6-1), and the results show that integrated SVM, K-Means
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and CLA method (DSC=0.948) has better results than DSC = 0.891 from

previous research [115-117].

Dice Similarity Coefficient (DSC)

0.96
0.94
0.92
0.9105

0.9
0.88

0.86

0.84
0.82
0.8

0.78
Best DSC from  Cellular Learning Integrated SVM, Integrated semi- Binary Pattern  Average DSC of
previous research Automata (CLA) K-Means and CLA automatic Classification this researchwork
works method and K-  from simulated
means 3D MRI to 2D

Figure 6-1- Comparison of accuracy of different methods for diagnosing MS

6-2 Suggestions and future works

Our main focus in this study was on suggesting a novel machine
learning and classification algorithm to improve MS detection in MRI
images and to improve the performance of computational methods. Some
issues related to MS lesion detection and available algorithm, their
advantage and disadvantages need further research and have not been

addressed in this thesis.
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6-2-1 Design a mechanism for deep, layered and fast learning

Deep learning is introduced as a new concept and a subset of
artificial intelligence and uses neural networks to improve machine
behaviors such as speech recognition, computer vision, and natural
language processing. Deep learning simulates high-level abstract concepts
by learning at different levels and layers of a neural network. Neural
networks have an inner hidden layer, and any neural network that has
multiple dermal layers is called the deep network [132]. Deep learning is
usually used for images of cannabis networks and for textual data such as
natural language deep recursive networks, supervised learning,
unsupervised learning and semi-supervised learning [133-135]. In semi-
supervised learning, unlabeled data and labeled data are used
simultaneously to improve learning accuracy. In order to control the depth
of learning as well as its speed, an approach is suggested that the
supervised learning departments operate independently without
supervision. In other words, the learning process for the labeled and
unlabeled data is carried out in parallel and the learning algorithms of the
latest researches of the researchers are adjusted for each section and the
Fuzzy Min-Max Neural Network (FMNN) is used to further the learning

because of the aforementioned method to enhance learning. It is that in the
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MRI reports and the hospital information system, the share of
unsupervised learning is greater than that of supervised learning, yet both

types of data are involved in the final decision making.

6-2-2 Design of medical decision support system

Designing a medical decision support system for early detection of
MS is not only dependent on MRI reports and the hospital information
system, but physicians may need other patient information to make the
final decision, so we need to have a mechanism in place. Both patient
information can be easily searched for in a user-friendly environment,
using its decision-making system, and other patient information can be
reviewed if needed. Designers of a medical decision support system have
been designed by various researchers, for example Latifi and Ayed in a
study in 2016 suggested the use of an intuitive medical decision support
system in the medical field and examined the challenges of designing such
a system [136], the overview of the research of these researchers is shown

in Figure (6-2).

In a general perspective, the work of researchers in this field is to visualize
information. Information visualization is considered as a way of managing
large sets of scientific data and improving the ability to discover

relationships and phenomena in data. Visualization is a process in which
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data, information and knowledge are transformed visually and utilize
individuals' natural abilities to quickly recognize the visual pattern.
Effective user interfaces enable us to view, manipulate, search, browse,
discover, filter, identify, understand, and interact effectively with data to
discover hidden patterns. The impact of visualization is widespread and

fundamental, leading to new attitudes and effective decisions [137].

Figure 6-2: Suggested workflow for intuitive intelligent decision support system

Visualization is a new approach that enables the ability to make data-based
decisions faster, more accurately, and with less cognitive effort and
reduces the need for training to understand information [138]. The

visualization design approach can be divided into several steps. Chittaro

150



draws a six-step list, including: mapping, selection, presentation,
interactivity, usability, and evaluation that illustrate major visualization
activities for less accurate and error-prone design [139]. One of the areas
related to visualization is data visualization, which is graphical
representation designed to support the viewer in a qualitative
understanding of the information content. Information may be data,

processes, relationships, or concepts. [137-140].
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Appendix A

layers = [

imageInputlLayer ([217 181 17)

convolution2dLayer (3,8, 'Padding', 'same"')
batchNormalizationLayer
relulayer

maxPooling2dLayer (2, 'Stride', 2)

convolution2dLayer (3,16, 'Padding', "same"')
batchNormalizationLayer
relulayer

maxPooling2dLayer (2, 'Stride', 2)

convolution2dLayer (3,32, 'Padding', "'same"')
batchNormalizationLayer
relulayer
fullyConnectedLayer (4)
softmaxLayer
classificationLayer];

options = trainingOptions('sgdm',
'InitiallearnRate',0.01.
'MaxEpochs', 50.
'Shuffle', 'every-epoch',

'Verbose', false);
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