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1. Introduction

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
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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
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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.

1.1. 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) [1].
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
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 [2]. 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
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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. 1-1),
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 [3,
4].

Signal

-V

TR TE

Figure 1-1: TR and TE in MRI Image [3, 4]
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
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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 single RF pulse in conjunction with a gradient reversal. The
GRE formation is illustrated schematically [5]. Common
techniques used to diagnose MS include T1-W, T2-W, PD-W,
and FLAIR! images, which are described in the following
sections below [6].

1.2. 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

! Fluid-Attenuated Inversion Recovery
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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
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 [7]. 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 [8, 9]. 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
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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 [10, 11].

1.3. 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
[12, 13].

1.4. Supervised learning and classification

SVM2 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

2 Support vector machines
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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 [14] to classify
benign or malignant tumors, support vector machine
classification is used. In the reference [14, 15] 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 speed in SVM, reference [16,
17], a textured energy criterion law of images is considered.

2. Proposed 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
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disadvantage of this approach is its sensitivity to remote data.
These data easily change centers and may not produce the
desired results [18].

2.1 Unsupervised learning system and K-means

method

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
(x4, ... x,) and number of k clusters (Cy, ..., Cy), k < n, the K-

means goal is to minimize the mean squared of the similarity

interval ||x; — ;||* [19]:

k
Min ) " |l i’ 2-1)

i=1 xj€C;

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
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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 function in the equation K-means
always converges to the minimum location. 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 2-1). (Figure 2-2), as follows [20]:

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 Cj, i=1..k, Izw 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(/GjGj)

Update ij's tag by subtracting 2 * D (points owned by this interval got
closer to the edge by 2 * D)

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

to 4 to revisit them

Figure 2-1: Simplified Pseudo Algorithm
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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. 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 [16].
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Define constant WIDTH

Mark visited dataset Define intervalsli =1 *
WIDTH, (i+1) *WIDTH

Do it for each pomt to be Compute e = min (dpei - dpew) where (w
visited is the cemter of cluster and (i, I=1.k, Izw

Map all points with i * WIDTH <e < (i+1) * WIDTH,
fo interval | * WIDTH, iis a positive integer

Compute new centroids Cf j=1.k
maximum deviation D =

Update if’s tag by subtracting 2 * D

Fick up all points inside intervals <=
124

Figure 2-2: Simplified Pseudo Algorithm block diagram [15]
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2.2 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 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) [17, 18, 21].

Cellular Learning Automata (CLA), the combination of
Cellular Automata (CA) and Learning Automata (LA), is
preferable to both CA and LA individually. 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. In addition, CLA can optimize outside
standard sequential processes mapping real world solutions
more accurately. Firstly, the candidate lesion regions are
detected through defining a threshold, and then these regions
are assigned to a texture analyzing system. The output 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
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converges to a steady state representing the final output of the
proposed system. The proposed algorithm is shown in Fig. (2-
3), proposed Pseudo algorithm is shown in Fig. (2-4) and
Flowchart of the proposed algorithm in Fig. (2-5) [22]:

Pre-processing Producing initial image Employing Antomata

ExtractingMS lesions Thresholding Determining candidate parts

Figure 2-3: Block diagram illustrating the proposed CLA algorithm [15]
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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 j
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
end if
end if
end for

Figure 2-4- The Pseudo algorithm of the proposed CLA algorithm [15]
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Figure 2-5- Block diagram of the proposed algorithm
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2.3 Result

The proposed algorithm is benchmarked on 10
benchmark function [23]. And then to verify results, the results
are compared with three above optimization algorithms (GWO,
particle swarm optimization (PSO) [24] and Biogeography-
based optimization (BBO) [25]). The results are shown in the
following.

Table 2-6: Result of benchmark functions in number of iteration

200 and 72 Images and repetition time of 18

Function  Simulated GWO PSO BBO

Database,

Sphere 0 0 0.064355 | 0.045546
Chung 0 0 0 0.063455

Reynolds
Schwefel 2/22 0 0.049545 | 0.035231 | 0.902745
Schwefel 2/21 0.939634 0.015366 | 0.104434 | 0.223567
Cube 0 0.094653 | 0.873244 | 0.083556
Dixon & 0.891556 0.034444 0.742324 0.075743

Price

Griewank 0.948567 0.743433 0.047651 0.124456
Rosenbrock 0.910545 0.022655 | 0.107431 0.144677
Ackley 0.084238 0.872762 | 0.752764 | 0.934357
Rastrigin 0.915251 0.094749 0.774321 0.873534
Brown 0.075231 0.030769 | 0.060328 | 0.053567

20



2.4 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 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 [16]. The most common use of SVM is binary
pattern classification. 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 1A1 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. 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 randomly and
used for model testing. The analysis of the results is different, it

depends on the model used for training [16].
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Table 2-7- Example result of One-Against-All classification [16]

Expected | Normal2All | MildMS2AIl  ModerateMS2All | SevereMS2AIl  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 2-8- Example result of One-Against-One classification [16]

. . ModerateMS
Expected Normal2 Normal2 Normal2 MildMS2 MildMS2 2 20neResult
P 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_m .
s normal normal severe_ms mild_ms severe_ms severe_ms severe_ms
severe_m
s normal normal severe_ms | moderate_ms | severe_ms severe_ms severe_ms
severe_m
8 normal normal normal moderate_ms | severe_ms severe_ms normal
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Table 2-9- Overall results for SVM using 1AA and 1A1 technique [16]

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

To summarize the efficiency of the two techniques of SVM
according to the result of the 10 runs (Table 5-8), the 1AA

(2AlIResult) reached a slightly better average accuracy than

1Al (20neResult) and average Dice similarity coefficient
(DSC) for 1Al (20neResult) is 0.739.

In all cases the accuracy of the 1Al approach was the same or

worse than the 1AA method. The average accuracy of the 1AA

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 accuracy of the 1Al models) models was
0.765217391. This was not explained in the previous study, but
the system would have been the following:
¢ 1AA method is used for the primary decision.
e if LAA resulted in more results, the more severe result
should be used.
e if 1AA resulted in no results, the 1Al result should be
used.

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

This rule should be rejected, because of the 1A1 has produced
a slightly better result compared to the 1AA 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 [17].
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Table 2-10- SVM results using linear kernel function [17]

seOSETt 2'?)\IrlewI ZOQ:SI\LTI(:re s 202 Differences sgv
Result Result  Result

1 0.739130435 0.652173913 0 0 6 0 0.391304 | 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 0 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

Table 5-10- SVM results using rbf kernel function
D " One e | 20neMo 9 © D
Re Re R R D

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 | 0030744
AVG | 0.743478261 |0.778260870 |0 0 5. 0 0.256521739 | 0024595
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This kernel function is the radial basis function (rbf) and the
result can be seen in (Table 5-10). Comparison of the results of
different MS lesion detection methods is shown in Figure (5-
11), and the results show that integrated SVM, K-Means and
CLA method (DSC=0.948) has better results than DSC = 0.891

from previous research [15-17].

Dice Similarity Coefficient (DSC)

0.96
0.94
0.92

0.9
0.88
0.86
0.84
0.82

0.8
0.78

0.9105

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

Figure 5-11- Comparison of accuracy of different methods for diagnosing
MS
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3. Suggestion and future works

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 technigues and SVM tools. 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.

A) Design a mechanism for deep, layered and fast

learning

B) Design of medical decision support system

28



References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

J. Bogaert, S. Dymarkowski, A. M. Taylor, and V.
Muthurangu, Clinical cardiac MRI. Springer Science &
Business Media, 2012.

W. Schempp and W. Schempp, Magnetic resonance
imaging: Mathematical foundations and applications.
Wiley-Liss New York, 1998.

R. Failo, P. A. Wielopolski, H. A. Tiddens, W. C. Hop, R.
Pozzi Mucelli, and M. H. Lequin, "Lung morphology
assessment using MRI: a robust ultra-short TR/TE 2D steady
state free precession sequence used in cystic fibrosis
patients,” Magnetic Resonance in Medicine: An Official
Journal of the International Society for Magnetic Resonance
in Medicine, vol. 61, no. 2, pp. 299-306, 2009.

M. Van Walderveen et al., "Correlating MRI and clinical
disease activity in multiple sclerosis: relevance of
hypointense lesions on short-TR/short-TE (T1-weighted)
spin-echo images," Neurology, vol. 45, no. 9, pp. 1684-1690,
1995.

T. Yokoo et al., "Nonalcoholic fatty liver disease: diagnostic
and fat-grading accuracy of low-flip-angle multiecho
gradient-recalled-echo MR imaging at 1.5 T," Radiology,
vol. 251, no. 1, pp. 67-76, 2009.

M. Cabezas et al., "Automatic multiple sclerosis lesion
detection in brain MRI by FLAIR thresholding," Computer
methods and programs in biomedicine, vol. 115, no. 3, pp.
147-161, 2014.

J. K. Udupa, L. Wei, S. Samarasekera, Y. Miki, M. A. van
Buchem, and R. I. Grossman, "Multiple sclerosis lesion
quantification using fuzzy-connectedness principles," IEEE
Transactions on medical imaging, vol. 16, no. 5, pp. 598-
609, 1997.

A. Jog, A. Carass, D. L. Pham, and J. L. Prince, "Random
forest FLAIR reconstruction from T 1, T 2, and P D-weighted
MRI," in 2014 IEEE 11th International Symposium on
Biomedical Imaging (ISBI), 2014, pp. 1079-1082: IEEE.

29



[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

B. A. Abdullah, A. A. Younis, P. M. Pattany, and E. Saraf-
Lavi, "Textural based SVM for MS lesion segmentation in
FLAIR MRIs," Open Journal of Medical Imaging, vol. 1, no.
2, p. 26, 2011.

R. Rouhi and M. Jafari, "Classification of benign and
malignant breast tumors based on hybrid level set
segmentation," expert systems with Applications, vol. 46, pp.
45-59, 2016.

A. Tirtajaya and D. D. Santika, "Classification of
microcalcification using dual-tree complex wavelet
transform and support vector machine,” in Advances in
Computing, Control and Telecommunication Technologies
(ACT), 2010 Second International Conference on, 2010, pp.
164-166: IEEE.

J. Dheeba and S. T. Selvi, "Classification of malignant and
benign microcalcification using SVM classifier,” in
Emerging Trends in Electrical and Computer Technology
(ICETECT), 2011 International Conference on, 2011, pp.
686-690: IEEE.

K. Wagstaff, C. Cardie, S. Rogers, and S. Schrodl,
"Constrained k-means clustering with  background
knowledge,” in Icml, 2001, vol. 1, pp. 577-584.

K. E. Dierckens, A. B. Harrison, C. K. Leung, and A. V.
Pind, "A Data Science and Engineering Solution for Fast K-
Means Clustering of Big Data," in Trustcom/BigDataSE/ICESS,
2017 IEEE, 2017, pp. 925-932: IEEE.

Mohammad Mohammad Moghadasi and Dr. Gabor Fazekas,
“An Automatic Multiple Sclerosis Lesion Segmentation
Approach based on Cellular Learning Automata”
International Journal of Advanced Computer Science and
Applications(IJACSA), 10(7), 20109.
http://dx.doi.org/10.14569/1JACSA.2019.0100726
Mohammad Moghadasi and Gabor Fazekas, "Multiple
sclerosis Lesion Detection via Machine Learning Algorithm
based on converting 3D to 2D MRI images",
Infocommunications Journal, Vol. XII, No 1, March 2020,
pp. 38-44. http://dx.doi.org/10.36244/1CJ.2020.1.6

M. Moghadasi and G. Fazekas, "Multiple Sclerosis Detection
via Machine Learning Algorithm, Accurate Simulated

30



[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Database 3D MRI to 2D Images, using value of Binary
Pattern Classification - A Case Study," 2019 10th IEEE
International Conference on Cognitive Infocommunications
(CogInfoCom), Naples, Italy, 2019, pp. 233-240, doi:
10.1109/CoglnfoCom47531.2019.9089962

Mohammad Moghadasi, Seyed Majid Mousavi and Gabor
Fazekas, “Cloud Computing Auditing” International Journal
of Advanced Computer Science and Applications(ijacsa),
9(12), 2018.
http://dx.doi.org/10.14569/IJACSA.2018.091265

S. M. Mousavi, M. Moghadasi and G. Fazekas, "Dynamic
resource allocation using combinatorial methods in Cloud: A
case study," 2017 8th IEEE International Conference on
Cognitive Infocommunications (CoglnfoCom), Debrecen,
2017, pp. 000073-000078, doi:
10.1109/CoglnfoCom.2017.8268219.

J. Kennedy: Particle swarm optimization. In Encyclopedia
of machine learning, 2011, pp. 760-766. Springer US.

R. Farivar, D. Rebolledo, E. Chan, and R. H. Campbell, "A
Parallel Implementation of K-Means Clustering on GPUs,"
in Pdpta, 2008, vol. 13, no. 2, pp. 212-312.

H. Beigy and M. R. Meybodi, "Cellular learning automata
with multiple learning automata in each cell and its
applications," IEEE Transactions on Systems, Man, and
Cybernetics, Part B (Cybernetics), vol. 40, no. 1, pp. 54-65,
20009.

A. A. Abin, M. Fotouhi, and S. Kasaei, "A new dynamic
cellular learning automata-based skin detector," Multimedia
systems, vol. 15, no. 5, pp. 309-323, 2009.

S. M. Vahidipour, M. R. Meybodi, and M. Esnaashari,
"Learning automata-based adaptive petri net and its
application to priority assignment in queuing systems with
unknown parameters,” IEEE Transactions on Systems, Man,
and Cybernetics: Systems, vol. 45, no. 10, pp. 1373-1384,
2015.

Jamil, M., Yang, X. S: A literature survey of benchmark
functions for global optimisation problems. International
Journal of Mathematical Modelling and Numerical
Optimisation, 2013, 4(2), pp.150-194.

31



UNIVERSITY AND NATIONAL LIBRARY
UNIVERSITY Of UNIVERSITY OF DEBRECEN

D E B R E c E N H-4002 Egyetem tér 1, Debrecen
Phone: +3652/410-443, email: publikaciok@lib.unideb.hu

Registry number: DEENK/25/2021.PL
Subject: PhD Publication List

Candidate: Mohammad Moghadasi
Doctoral School: Doctoral School of Informatics
MTMT ID: 10073022

List of publications related to the dissertation

Foreign language scientific articles in Hungarian journals (1)
1. Moghadasi, M., Fazekas, G.: Multiple sclerosis Lesion Detection via Machine Learning Algorithm
based on converting 3D to 2D MRI images.
Infocommun. J. 12 (1), 38-44, 2020. ISSN: 2061-2079.
DOI: http://dx.doi.org/10.36244/1CJ.2020.1.6

Foreign language scientific articles in international journals (2)
2. Moghadasi, M., Fazekas, G.: An Automatic Multiple Sclerosis Lesion Segmentation Approach
based on Cellular Learning Automata.
Int. J. Adv. Comput. Sci. Appl. 10 (7), 178-183, 2019. ISSN: 2158-107X.
DOI: http://dx.doi.org/10.14569/IJACSA.2019.0100726

3. Moghadasi, M., Mousavi, S., Fazekas, G.: Cloud Computing Auditing: roadmap and process.
Int. J. Adv. Comput. Sci. Appl. 9 (12), 467-472, 2018. ISSN: 2158-107X.
DOI: http://dx.doi.org/10.14569/IJACSA.2018.091265

Foreign language conference proceedings (1)

4. Moghadasi, M., Fazekas, G.: Multiple Sclerosis Detection via Machine Learning Algorithm,
Accurate Simulated Database 3D MRI to 2D Images, using value of Binary Pattern
Classification: A Case Study.

In: Proceedings of the 10th IEEE International Conference on Cognitive Infocommunications :
CoglnfoCom 2019. Szerk.: Péter Baranyi, leee-Inst Electrical Electronics Engineer%.m\\
Piscataway, 233-240, 2020. ISBN: 9781728147932 2 !

G



N

UNIVERSITY AND NATIONAL LIBRARY
U N IVE RSITY Of UNIVERSITY OF DEBRECEN

7‘ D E B R E c E N H-4002 Egyetem tér 1, Debrecen
Phone: +3652/410-443, email: publikaciok@lib.unideb.hu

List of other publications

Foreign language conference proceedings (2)
5. Mousavi, S., Moghadasi, M., Fazekas, G.: Dynamic resource allocation using combinatorial

methods in Cloud: A case study.

In: 8th IEEE International Conference on Cognitive Infocommunications: CoginfoCom 2017 :
Proceedings : September 11-14, 2017 Debrecen, Hungary, IEEE Computer Society,
Piscataway, 73-78, 2017. ISBN: 9781538612644

6. Amini, M. R., Moghadasi, M., Fatehi, |.: A BFSK Neural Network Demodulator with Fast Training
Hints.
In: Second International Conference on Communication Software and Networks :
proceedings. Ed.: Desheng Wen, Ruofeng Wang, Jianhong Zhou, IEEE Computer Society,
Washington, 578-582, 2010. ISBN: 9781424457274

The Candidate's publication data submitted to the iDEa Tudéstér have been validated by DEENK on
the basis of the Journal Citation Report (Impact Factor) database.

19 January, 2021




