IJE TRANSACTIONS B: Applications Vol. 36, No. 08, (August 2023) 1556-1568

International Journal of Engineering

Journal Homepage: www.ije.ir

Segmenting the Lesion Area of Brain Tumor using Convolutional Neural Networks

and Fuzzy K-Means Clustering

S. Fooladi, H. Farsi®, S. Mohamadzadeh

Department of Electrical and Computer Engineering, University of Birjand, Birjand, Iran

PAPER INFO ABSTRACT

Paper history:

Received 10 May 2023

Received in revised form 13 June 202
Accepted 14 June 2023

Keywords:

Brain Tumor

Convolutional Neural Networks
Fuzzy K-Means

Segmentation

Brain tumor Segmentation is one of the most crucial methods of medical image processing. Non-
automatic segmentations are broadly used in clinical diagnosis and medication. However, this kind of
segmentation does not have accuracy in medical images, especially in terms of brain tumors, and it
provides a low level of reliability. The primary objective of this paper is to develop a methodology for
brain tumor segmentation. In this paper, a combination of Convolutional Neural Network and Fuzzy K-
means algorithm has been presented to segment the lesion area of brain tumor. It contains three phases,
Image preprocessing to reduce computational complexity, Attribute extraction and selection and
Segmentation. At first, the database images are pre-processed using adaptive filters and wavelet
transform in order to recover the image from the noise state and reduce the computational complexity.
Then feature extraction is performed by the proposed deep neural network. Finally, it is processed

through the Fuzzy K-Means algorithm to segment the tumor region separately. The innovation of this
article is related to the implementation of deep neural network with optimal parameters, identification of
related features and removal of unrelated and repetitive features with the aim of observing a subset of
features that describe the problem well and with minimal reduction in efficiency. This results in reduced
feature sets, storage of data collection resources during operation, and overall data reduction to limit
storage requirements. This proposed segmentation approach has been verified on BRATS dataset and
produces the accuracy of 98.64%, sensitivity of 100% specificity of 99%.
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NOMENCLATURE

v (t) Mother wavelet function ¢ showed the purpose

X (t) signal wavelet transform Ter correlation mean value

Y5 wavelet function Trr one-to-one mean value of correlation
(% Feature vector Tepi and 7p;p; variables

X, rinput channel N the number of data points

W, the kernel for input M the fuzzy parameter

X the input to the ReL U function n positive and small number

1. INTRODUCTION

Image segmentation is defined as dividing a digital image
into several sections (a collection of pixels also, known
as superpixel). The purpose of segmentation is to
simplify or/and create a change in displaying pixels to
those that are more meaningful and simpler for analysis.
Segmentation is usually used for finding the location of
objects and boundaries (lines, curves, etc.) in the image.

*Corresponding Author Email: hfarsi@birjand.ac.ir (H. Farsi)

In other words, image segmentation means the process,
in which a label is allocated to each pixel so that the
pixels with the same labels have similar features.

Cancer can be defined as abnormal and uncontrolled
growth and division of body cells. This occurrence means
the abnormal growth and divisions of the cells in the
brain tissues as a mass, and it is called a brain tumor.
Brain tumors are not very common; however, they are
from very deadly types of cancers [1]. Brain tumors
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might have various shapes and sizes, and they grow
enough until the diagnosis time. The most common brain
tumor among adults is glioma which is made of glial cells
and has the highest rate of mortality prevalence [2]. This
type of brain tumor is divided into High-Grade Glioma
and Low-Grade Glioma based on the severity of the
glioma and its origin [3]. Low-Grade Glioma has a less
aggressive effect and penetration compared to High-
Grade Glioma [4]. At the moment, brain tumor
segmentation usually depends on the personal and
scientific experience of the doctor. This situation presents
various segmentation results due to the different
professional knowledge of the doctors, in addition to
wasting much time and human mistakes. Further, brain
tumor segmentation is challenging because of the
different shapes and similarities of the Gray Level
between the tumor tissue and its adjacent organs. Thus,
the method of accurate and efficient segmentation of
brain tumors has been a critical research method using
deep neural networks [5]. Recognizing the tissues of
brain lesions and determining the situation of these
tissues in the medical images are accounted as significant
issues in medical images. Analyzing the pathology
presents an important role in diagnosing, predicting, and
medical planning for brain tumors. Today, great
achievements have been provided by studies about brain
tissues and their molecular understanding. At the present,
some tools can be created for analyzing these
complicated images automatically, using digital
pathology, such as digital scanning and saving the tumor
tissue sections in patients. Therefore, analyzing image
data has attracted a lot of attention in recent years. Kernel
segmentation from the tissue images is necessary,
especially for the approaches relevant to the biological
characteristics. The type of tissue, the difference in color,
and the type of cell present various visual features, and
they lead to many difficulties for segmentation
algorithms of the traditional images that work
appropriately for all of these cases.

The non-automatic analysis of the many sampled
slides of the tissue by the doctors is an intensive and
expensive process. Thus, the computerized diagnosis
systems that are being converted into influential tools are
used by doctors to discover and diagnose tumors [6, 7].
The most common method for brain tumor medication is
surgery. However, some methods, such as radiotherapy
and chemotherapy are used to reduce the speed of tumor
growth. Brain tumor segmentation in images might have
a significant effect in diagnosing the tumor properly,
predicting its growth speed, and also, planning for the
medication. Some tumors, such as meningioma can be
easily segmented. Nevertheless, defining the location of
tumors such as glioma is much more difficult. These
tumors are always more scattered with swelling around
them, and they have poor contrast with the healthy tissues
around themselves. In addition, they spread with

tentacle-like structures that make their segmentation
difficult. The other basic problem in brain tumor
segmentations is their different shapes and sizes
anywhere in the brain [8]. Brain tumor segmentation
performed by seasoned radiologists is considered a
standard reference. However, the semi-automatic and
full-automatic computer segmentation methods result in
improving the speed of segmentation and reproducibility
of the results. Moreover, the full-automatic segmentation
removes inconsistency between the observer and within
the observer as the result of some factors, such as
differences in expertise, attention, and errors due to
visual fatigue [9-11]. Besides, significant progress has
been achieved in increasing the similarity of
segmentation in the manual and automatic methods with
segmentation algorithms using deep neural networks
[12].

Healthy brains are usually made of three types of
tissue: white matter, gray matter, and cerebrospinal fluid.
The purpose of brain tumor segmentation is to diagnose
the area and prevent the development of the tumor area,
meaning the tissue area of active tumor of necrotic and
edema. This action is performed by identifying the
abnormal areas compared to the natural tissue [13, 14].

In this study, the researchers segment the MRI
(BRATS) images, in which the data are directly
controlled as a section of the learning process of the
neural network via the proposed deep neural network
architecture. Afterward, we observed more accuracy with
increasing speed by comparing this model to several
common algorithms used in this field.

In this research, by using the fuzzy K-means
clustering method, structural similarity is considered as
an index and this index is used as an important parameter
to find the similarity between segmented results and
ground truth images.

Next, in order to select the appropriate feature, we
extract the feature that contains information around the
target and define a set of features that have a high
correlation with the target feature as a suitable set. This
definition of the Deep Neural Network with optimal
parameters and high learning power at a suitable speed is
one of the innovative aspects of this research.

One of the advantages of using deep neural networks
is the automatic adjustment of parameters and weights at
every moment of training. The mechanism of sharing the
weights in each feature also makes it possible that the
number of parameters in each layer of the neural network
is reduced and the computational load on the processor is
avoided.

The structure of this study is as follows:

Section two reviews some studies that have been
conducted in this field, section three introduces the
proposed method, and section four presents the results of
this study. Finally, this study ends with a general
conclusion in section five.
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2. RELATED WORKS

Many methods have been introduced by researchers for
automatic and semi-automatic segmentation of brain
tumors in recent years. Making difference among the
body tissues in medical images manually is boring and
results in human mistakes. The crucial purpose of each
method is to identify and classify the tumor area properly.
Many studies have been carried out about the automatic
segmentation of brain tumors using deep learning
considering the success of deep neural networks in terms
of medical image processing.

Togacar et al. [15] have performed the process of
feature extraction for effective segmentation using the
architectures of ALEXnet and VGG16. Thus, in the first
stage, they enhanced the outstanding features via Hyper
column technique, and in the second stage, they
combined the extracted features from both architectures.
In this method, recurrent feature elimination was utilized
to select the most appropriate features. Ultimately, a
support vector machine was applied for the segmentation.
This method eventually reported 96% accuracy for this
study.

Amin et al. [16] used a deep learning algorithm by
focusing on preprocessing and MRI image segmentation
before presenting it as an input. Their idea was to sharpen
the images; thus, they used the median filter which is one
of the non-linear filters in digital filtering to remove
noise. After that, the tumor area was segmented with
accurate adjustment using the growing area to give it as
the input to a model of stacked sparse autoencoders
(SSAE). This model was trained and examined on the
collection of BRATS data. The results indicated the
accuracy and sensitivity improvement of the proposed
techniques compared to other methods.

Islam et al. [17] focused on multi-level
segmentations, and first, they preprocessed the database
images to extract the efficient features from the MRI
scans of the brain tumors. Afterward, they segmented the
areas of brain tumors using methods of thresholding,
watershed algorithm, and morphological operations. In
this method, the features were extracted from the
convolution, and the database images were classified as
two cancer and non-cancer classes via the K-SVM
method. The proposed algorithm reported an accuracy of
87.4%.

Zhang et al. [18] investigated brain tumor
segmentation from MRI images via multiple encoders.
This model reduced the difficulty of feature extraction by
defining several encoders and improving segmentation
accuracy. Besides, this model presented Categorical Dice
Loss which provided various weights for different areas
of segmentation to solve the problem of unbalanced data.
The proposed method illustrated the accuracy of 88.2%
for the segmentation.

Hasan et al. [19] proposed an improved model of U-
net which was introduced by substituting an inverse
convolution stage with an algorithm that was the nearest
neighbor for the increased sample. Besides, an elastic
transformation was used to enhance the collection of
training data to empower the model for database image
segmentation.

Rajan and Sundar [20] implemented a system based
on a combination of K-Means with FCM methods, and
they used the active contour as a post-processing for brain
tumor segmentation. Standardizing the image severity
was the main purpose of using active contour. The
function of the proposed method was evaluated based on
the black-and-white pixels and the tumor locations. This
study provided a comparable function to other
approaches.

The other effective study was conducted by Begum
and Lakshmi [21] with the title of combining statistical
wavelets and recurrent neural networks for brain tumor
segmentation. This study classified and segmented the
brain tumor via statistical features. To do so, it
preprocessed the images for noise removal, and then, it
extracted the statistical features, using longitudinal
navigation of tissue and GLCM matrix. Afterward, the
features were reduced via gravitational search algorithm
(OGSA) and were given to the recurrent neural network
to classify the images as tumor and non-tumor classes.
After that, the images were entered into the next
implementation step for the area segmentation. In this
case, the algorithm of modified region growing was used
for the segmentation stage.

Thaha et al. [22] introduced the enhanced convolution
neural network (E-CNN) by Loss function optimization
and using the BAT algorithm to segment the
abnormalities from the MRI images of the brain.
Therefore, the results of accuracy improvement of the
segmentation were shown via intelligent optimization.

Gao and Qian [23] focused on one of the methods of
artificial neural networks called as DeepLab. This
method made difference between lesion and background
using the semantic-based and patch-based segmentation
approaches. In the following, it accurately adjusted the
borders of the lesion area by combining some other
methods, such as conditional random fields (CRF).

Emadi et al. [24] have proposed a new method for
improving brain tumor segmentation accuracy based on
super-pixel and fast primal dual (PD) algorithms. The
proposed method detects brain tumor tissue in Flair-MRI
imaging in BRATS2012 dataset. This method detects the
primary borders of tumors using a super-pixel algorithm,
and improves brain tumor borders using fast PD in
Markov random field optimization. Then, post-
processing processes are used to delete white brain areas.
Finally, an active contour algorithm was employed to
display tumor area. Different experiments were carried
on the proposed method and qualitative and quantitative
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criteria such as sensitivity, accuracy and F-measure were
used for evaluation. The obtained results showed the
efficiency of the proposed method in the accuracy and
sensitivity are 86.59% and 88.57% and F1-Measure
86.37%.

Azimi et al. [25] presented a fully-automated method
based on graph shortest path layer segmentation and fully
convolutional networks (FCNs) for fluid segmentation.

This research presented a fully-automated method for
fluid segmentation based on fully convolutional networks
(FCNs) applied to OCT scans and their corresponding
regions of interest computed by graph shortest path in
neutrosophic (NS) domain. From the results of this
research, it can be concluded that in the future will be
train FCN with augmented training data by random
translation, reflection, rotation, flipping and cropping to
achieve more accurate results.

Khan et al. [26] have presented the segmentation
process for brain tumor images by using the K-Means
clustering method and deep learning by increasing the
combined data, focusing on the non-invasive feature of
MRI images and better display of internal tumor
information.

Rai et al. [27] merged CNN with the full fuzzy
specialist (NS-CNN) neutrosophic, confident entropy to
diagnose brain tumors. These images were then added to
the CNN for the extraction of characteristics and finally,
extracted features are fed in the SVM classification to be
classified as benign or malignant with an averaged
95.62% accuracy.

We carefully find out in related works that the
reported methods often used traditional approaches and
pre-trained networks and researchers try to classify the
created classes and finally the desired segmentation. The
proposed method tries to provide an efficient technique
with high accuracy and applicable at a suitable speed on
ordinary processors. Therefore, we define the proposed
research in 3 sections: pre-processing, feature extraction
and selection, and segmentation. In the pre-processing
stage, a method is presented to remove noise and reduce
computational complexity, and further, by using the
concepts of deep learning and the definition of
convolutional neural network, the high-level features of
medical images are extracted, which can be of great help
in accurate segmentation. Finally, using the Fuzzy K-
Means algorithm, we will try to minimize the distortion
and the best clustering for the final segmentation of the
images.

3. THE PROPOSED METHOD

Algorithm 1 illustrates the general segmentation process
of the lesion area of a brain tumor. First, in the proposed
method, the proposed CNN extracted the critical features
of the images from the preprocessed images by the

adaptive filters. Afterward, the features with high
significance were selected via correlation-based feature
selection. Finally, the tumor area was extracted from the
primary images via the fuzzy K-Means algorithm.

In algorithm 1, database images that are manually
segmented are considered as input.

Algorithm 1: Algorithm of the proposed method.
Input:
1) trainlmgSet: The medical images Set, with segmented
brain tumor areas manually in theirs;
2) targets = The segmented brain tumor areas manually in
trainlmgSet.

get N = The number of images in trainmgSet

get wavelet = The wavelet transform according to Equation
1.2)

get th_w = The threshold limit of wavelet transform

get CNN = Our Convolutional Neural Netwprk

get FKM = The fuzzy-kmeans algorithm

get K = The number of clusters needed to feature clustering
in FKM

7. get th_k = The threshold limit of FKM

NP

o0 AW

8. fori=1toNdo:

9. WTI[i]= wavelet(trainimgSet[i])

10. WT_b[i]= remove coefficients less than th_w in WT[i]
11. Im_wt[i]= inverse wavelet(WT_b[i])

12. RI=Divide Im_wt[i] into 9 equal areas

13. CNN_Features=[]

14. for regioninthe Rl do :

15. RCI=CNN(region)
16. add RCI to CNN_Features
17. Selcted_features= Applying feature selection algorithm

on CNN_Features according to Equation 8,9
18. Segmented_features=FKM(Selcted_features,K,th_k)

Output:
Segmented_features = an image, that tumor pixels are
distinguished.

The designed convolution network was regarded based
on Table 1, and the N variable was the number of training
images. The k variable was the number of required
clusters for clustering the image pixels (with and without
tumors).

th_w is the threshold limit of the defined wavelet
transform, and th_k equaled the threshold limit of K-
Means of X variable for each parameter or other network
that has been already determined in this study. The
wavelet transform on the image has been applied
according to formulas 1 and 2. Afterward, the
coefficients less than the y parameter were removed, and
the inverse wavelet transform (denoised image) was
applied. Correspondingly, the image was divided into
nine equal areas. The selected features were chosen based
on the formula of eight and nine references by applying
CNN transform to each area and extracting the features.
The fuzzy K-Means were applied to the selected features
based on k and z (dividing them into two classes).
Ultimately, the output of an image similar to the original
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TABLE 1. The Proposed Architecture of CNN for Extracting Feature

Layer number Layer type Filter size Stride filters Fc unit Input
Layer 1 convolution 3*3 1*1 64*64 - 4*33*33
Layer 2 convolution 3*3 1*1 64*64 - 64*66*33
Layer 3 convolution 3*3 1*1 64*64 - 64*33*33
Layer 4 Max-Pooling 3*3 2*2 - - 64*33*33
Layer 5 convolution 3*3 1*1 128*128 - 64*16*16
Layer 6 convolution 3*3 1*1 128*128 - 128*16*16
Layer 7 convolution 3*3 1*1 128*128 - 128*16*16
Layer 8 Max-Pooling 3*3 2%2 - - 128*16*16
Layer 9 FC 256 6272
Layer 10 FC 5 256

image, in which the tumor pixels were determined was oo fr

displayed as the final purpose of this study. TE D= ,x0 v (T)dt )

3. 1. Preprocessing Pre-processing steps,
including normalization in order to prevent to lose
features and wavelet transformation, a process that
reduces unnecessary information for the convolutional
neural network and leads to optimal use of the proposed
convolutional neural network. And finally, the structure
of the adaptive filter, which is used with fixed and
predetermined  specifications  for  pre-processing
operations in order to reduce the computational
complexity.

First, we cut the images relevant to the database in
this study to reduce the computational complexity and
create a model for better evaluation. After that, we
adjusted the image brightness to understand the proposed
network from the database images better. Adaptive filters
are filters that can change their parameters in some ways
despite the traditional filters with fixed and
predetermined specifications. Therefore, they can
respond to the changes in their surrounding environment,
considering specific purposes. Wavelet transform is a
method for displaying the image in two dimensions of
time and frequency. All the wavelet functions have been
made of a wavelet called a mother wavelet. Wavelet
transform is a function of scale that is related to the
inverse frequency and transform which has been shown
in Equation (1).

The modified and extended versions of the mother
wavelet can be demonstrated as the signal wavelet
transform of x (t) with the mother wavelet function of

w( [28].

Vsr = %‘//(%) (1)

Signal wavelet transform of x (t) and wavelet function of
s, are displayed as follows [28]:

Wavelet transform is a combination of two low-pass and
high-pass filters that are applied to the input image during
various stages. Two small and large scales were used to
introduce the high and low frequencies in these
transforms. The purpose of small scales was to achieve
the short-term behaviors of the image, and the purpose of
large scales was to access the long-term behavior of the
image. To do so, this transform used an image and
selected one mother wavelet that this study had used a
Daubechies  wavelet.  Correspondingly,  wavelet
transform presented images with high frequency,
representing image details, and images with low
frequency, approximately representing input image in
each stage. Therefore, the input image was achieved from
the output of the approximation low-pass filter, and
details of the input image were achieved from the output
of the high-pass filter in this study. These filters reported
the wavelet coefficient and scaling function. Sub-band
coding, including the sequence of the filtering process
and reduction of sampling rate, was used in this study. In
the first stage, the input image was filtered by two high-
pass and low-pass filters. After that, the output of both
filters was reduced in sampling by factor 2. In the second
stage, the output of the low-pass filter in the first stage
was filtered by those low-pass and high-pass filters and
its rate was reduced by factor 2 so that the output
sequence was produced with a length of N/4. This
process of filtering the output of the low-pass filter and
rate reduction continued. The database images were
decomposed into the wavelet coefficient, using wavelet
transform. To do so, the Daubechies wavelet of db2 was
used to extract the features. Wavelet thresholding was
performed to recover the image from the noisy mode in
the wavelet transform method. Therefore, the small
coefficient of the wavelet was adjusted to zero, and the
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coefficients compatible with the image remained. This
process decreases the unnecessary information for the
CNN, and it leads to optimized use of the proposed CNN.
Figure 1 shows the block diagram of image preprocessing
and deep neural network training in order to reduce
computational complexity and to create a better
evaluation model.

The block diagram of Figure 1 shows the combination
of pre-processing and deep network training. The
purpose of normalization in this section is that all features
are involved in our decision-making and features with
large values do not remove other features. Wavelet
transform parameters are changed in such a way that they
are able to respond to the changes in their surroundings
according to specific goals and the short-term and long-
term behaviors of the images are known. In this block
diagram, suitable features are extracted using deep neural
network and after denormalization, the output is provided
to the K-means Fuzzy algorithm for segmentation.

3. 2. The Proposed Deep Neural Network  In this
section, the proposed method based on CNN has been
introduced to extract the appropriate features of brain
tumors. Training network is minimizing the error
function based on the real outputs of the network
compared to the appropriate outputs of the network. This
process was done by modifying free network parameters,
meaning weights and biases. The method of training used
in the current proposed structure was the training method
with an observer. Thus, a supervisor observed the
behavior of the learners and reminded them to do the
proper action. In other words, the learner system is a set
of data pairs, consisting of network input and appropriate
output. After applying the network input, its output was
compared to the appropriate output. Besides, the learning
error of computation was used to modify the network
parameters in a way that if it was given to those input
networks once again, the network output was closer to
the appropriate output. The Loss function should have
reached its lowest limit despite being non-linear to train
the CNN. In the following, a sliding window (filter) was
considered in all the image sections to make difference
between the normal areas and tumor areas or the cancer
cell nucleus. Therefore, each area of the image

Input | Normalization 4/'@—

Output for segmentation

DWT CNN || Denormalization J

\ 4

<«

Figure 1. Block diagram of preprocessing the image and
training the deep neural network

determined the local tissue from the image pixels via
these windows and introduced them to the CNN. All the
information and features received from the local tissues
determined by the windows helped identify the tumor
area and cancer cell nucleus more accurately. Further, a
more accurate decision could be made to identify the
healthy and damaged tissues from that image by putting
the features of these sections together. In this case, the
brain tumor tissues were completely observable. In this
stage, the features were extracted from the determined
areas of each image using the proposed CNN. The filter
size in the convolution layers was considered 3*3; thus,
the image resolution might have decreased during this
path. Each feature vector of O ¢ was related to one or
several kernels, concerning the convolution filters. The
feature vector was achieved from the following equation
[29]:

Os = bg+Xr Wer * X, ©)]

X, was the r®input channel, W, was the kernel for
input, * showed the convolution operator, and b ; was
considered the bias number. In other words, the
convolution operation was performed for each feature
vector. The collection of convolution filters was added to
each pixel by the sum of one number as bias that provided
the location of each pixel. However, feature extraction in
the traditional methods depended on one fixed
instruction. The excellence of the proposed CNN to these
methods was due to their ability in learning weights and
extracting specific features in particular jobs.
Correspondingly, a non-linear element was applied to the
convolution results to achieve the transformed non-linear
features of the input. In this study, an activation function
of ReLU was used because the network could train more
quickly without making difference in accuracy due to
computational efficiency. This function was very
effective in terms of computation and let the network be
converged quickly. The reason was that its relationship
was linear; thus, it was faster than the Sigmoid and Tanh
functions.

The mathematical relation of this function was as
follows:
Parameter X was the input to the ReLU function, and
here, the values of computed pixels were in the
convolution layer [30].

f(x) = max (0, x) 4

The purpose of using non-linear activation functions
in the proposed CNN was to create a complex mapping
between the inputs and outputs. In other words, these
functions provided our model the possibility to adapt
itself to complex and non-linear data. The pooling layer
was periodically put among the convolution layers in the
proposed CNN at certain intervals after each convolution
layer. The purpose of putting the pooling layers in this
study was to decrease the mapping size of features and



1562 S. Fooladi et al. / IJE TRANSACTIONS B: Applications Vol. 36, No. 08, (August 2023) 1556-1568

parameters of the deep neural network. The function of
this layer was to reduce the spatial size of the image to
decrease the parameter numbers and computations inside
the network, and finally, to control the overfitting. The
most common form of using this layer was using the
layers with filters by size and Max_Pooling.

The Max_Pooling layer was used after the activation
function. This action selected the maximum value in each
window of the feature vectors. Thus, it kept the number
of feature pages; however, the size of the feature page
decreased. The computation relation of this action has
been stated in relations 5 and 6 [29]:

Zsij= max{os,i,j' Oss1,i,jr =» 05+K—1,i,j} (5)

Hs,i,j = max Zs,i+p,j+p (6)

In relation 5, the p symbol indicated the size of the
Max_Pooling window. Max_Pooling actions reduced the
size of feature vectors. This action was performed under
the built-in windows by controlling the regarded pooling
size and the steps in the vertical and horizontal modes.
Figure 2 shows one stage of the blocks of the convolution
layer, activation functions, and pooling layer.

The convolution networks could extract a hierarchy
of increasingly complex features that made them more
attractive. This process was performed by processing the
feature vectors achieved from the output of a convolution
layer that was used as the input of the lateral convolution
sublayers. As it is obvious from the fully-connected
layer, all the neurons of this layer were connected to the
previous layer. The main duty of the fully-connected
layer was combining the local feature in the bottom layer,
especially the local feature in the top layers. Dropout was
used to prevent overfitting in the fully-connected layer.
The way of working this layer was that in each stage of
training, some nodes of the network were removed with
the probability of p-1, and other nodes remained with the
probability of p. Therefore, a decreased network
remained that prevented overfitting.

Loss function was used in this study, and it was tried
to reach in minimum in training and testing. To do so,
Categorical Cross-entropy has been used. The C symbol

Figure 2. The blocks of the convolution layer, activation
functions, and pooling layer

indicated the probable predictions, and C showed the
purpose [31].

H = _Zjevoxels Yk eclasses Cj,RIOQ (Cj: k) @)

Table 1 illustrates the used layers in the architecture
of the deep neural network. The size of digital filters of
all layers was considered 3*3 in this study. First, the
Max_Pooling layer was used after three convolution
layers and an activation function. The size of the steps
was 1*1 in the convolution layer, and 2*2in the
Max_Pooling layer. If we define these layers as a box,
another box is made of the three convolution layers and
the activation function same as the first box in the
following. Ultimately, two fully-connected layers and no
network overfitting were used.

3. 3. Feature Selection Feature selection can be

defined as the procedure of identifying relevant features

and removing irrelevant and repetitive features.

Correspondingly, the purpose is to observe a subset of

features that defines the issue clearly with a minimal

reduction in efficiency degree. This method has various

advantages that have been explained in this study as

folows:

= Improving the efficiency of machine learning
algorithms

= Understanding the data, achieving knowledge about
the procedure, and helping its visualization

= Decreasing the general data, limiting requirements,
and saving and probably helping costs decrease

= Decreasing the features collection, saving the
resources in the following period, and collecting
data during the use

= Having the simplicity and capability of using
simpler models and gaining speed

To recognize a feature relevant to the issue, this
definition was used so that one feature is relevant if it has
information about the purpose.

The method of correlation-based selection feature
was used in this study. In this method of feature selection,
the subsets of features were considered good subsets, in
which the features had a high correlation with the target
feature on one hand, and they were uncorrelated on the
other hand. The merit or being good of a subset of
features was computed via the following relation in this
study [32].

Kfcr

AL ®)

In this relationship, 7., was the correlation mean
value that was computed between the target feature and
all the features in the data set. Further, 7 was the one-
to-one mean value of correlation computed among the
features. Finally, the correlation-based method was
formulated as follows [32]:

Merit,, =



S. Fooladi et al. / IJE TRANSACTIONS B: Applications Vol. 36, No. 08, (August 2023) 1556-1568 1563

Tef1¥Tefattropy

9
k42 (papa+7fipjt+Tfrf1 ( )

In this relation, the variables of r.s; and 75;¢; were
regarded as the correlation variables. Further, the
correlation-based method was used to select the best
features.

CFS = max,

3. 4. Segmentation by Fuzzy K-Means This
method was considered an exclusive and flat method in
this study. Different forms have been defined for this
algorithm; however, all of them had a repetitive
procedure that tried to estimate the following items for a
fixed number of clusters.

Gaining some points as the cluster centers. These
points were actually those point means that belonged to
each cluster.

Attributing each given data to a cluster where the data
had the shortest distance to the center.

This method was used to reduce distortion [33].

j=E 12 —1Ui;di (10)

In this relation, the N indicated the number of data
points, and the m showed the fuzzy parameter which
equaled 2. The cluster numbers were displayed as the K
symbol that represented the square of Euclidean distance
between selected pixels in the image with a clustering
center. u;; should have regarded this limitation for the
above relation according to this relation [33].

L uj=1 i=1toN (11)

Reducing the Euclidean distance was the first priority
of this study to segment the database images, considering
that the purpose of Euclidean distance was the target
function. Therefore, the distortion was reduced in the
target function. The FKM algorithm started clustering by
a collection of the primary centers in a way that these
centers have been selected completely randomly, and
none of the two or several clusters had the same cluster
center. Afterward, the function components were updated
to compute the new centers using the Euclidean distance.
A group was made between those image pixels and the
nearest center of the cluster after computing the new
centers. Thus, a repetitive procedure was done. The new
cluster centers changed their locations for each repetition
until the cluster center was stable. Correspondingly, the
fuzzy K-Means algorithm reduced the Euclidean distance
between image pixels and cluster centers which were our
target function. By minimizing the Euclidean distance,
the distortion reached its lowest degree. Therefore, the
distortions were reduced in the target function. In this
technique, the function of the new membership was
determined by gaining the value mean of the previous
membership function.

2 www.kaggle.com/datasets/dschettler8845/brats-2021-task1

The K-Means algorithm worked in a way that it first,
selected a set of primary clusters randomly and adjusted
P=1. Afterward, the square of the Euclidean distance of
d;; was computed, and the membership function of u;;
was updated using mathematical relations [33].

<(le) e (= )L1>_1 12)

In this mode, | #j, if the d;; <n, and u;; = 1 is adjusted,
where the n is a positive and small number.
In the next step, the new set of cluster centers was
computed using the following equation [33].
ZIiV:1 ultX,
G = g

Finally, ||C; — C;_4||< € is stopped for repeating j=1
to N, otherwise, p+1—p was adjusted, and the second
stage was repeated.

The computation complexity for the third step was
higher than the fourth step. In this algorithm, the ideal
condition was provided, and the repetition stopped after
10 stages of repetition

(13)

4. RESULTS

4. 1. Database The purposive evaluation received
from numerous and new methods of brain tumor image
segmentation was more difficult. However, a widely
accepted criterion was used for the automatic
segmentation of brain tumors to develop the BRATS
criteria. At the moment, purposive comparison of
numerous methods of brain tumor segmentation was
possible, using this common database. The BRATS
database contains 274 MRI scans of glioma patients,
which are divided into HGG and LGG levels, this version
was segmented by an expert manually so that the
proposed system function was evaluated by these scans.
The image dimensions were decreased to 254*254 pixels
to increase the processing speed. Some examples of the
database are shown in Figure 32.

4. 2. Evaluation Criteria In this section, the
output data of deep learning was compared to the

Figure 3. Some Examples of the Database Images [2]
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diagnostic data in society by specialist doctors, and
finally, the efficiency of the proposed methods was
validated. Ultimately, the function of the proposed brain
tumor segmentation was evaluated by using various
criteria, such as sensitivity and accuracy.

TN: Represented the number of records, of which the
real cluster was negative, and classification algorithms
recognized their cluster as negative properly.

TP: Represented the number of records, of which the
real cluster was positive, and classification algorithms
recognized their cluster as positive properly.

FP: Represented the number of records, of which the
real cluster was negative, and classification algorithms
recognized their cluster as positive by mistake.

FN: Represented the number of records, of which the
real cluster was positive, and classification algorithms
recognized their cluster as positive by mistake.

The ability to assess the sick and healthy cases from
other cases was called accuracy. The following relation
has illustrated this concept [33].

TN+TP

Accuracy= TN+FN+TP+FP

(14)

The accuracy criteria did not make difference
between FN and FP. Thus, the precision criterion was
defined to solve this problem.

The ability of one method to find sick cases, lesion
areas, and cancer nuclei is called sensitivity. To compute
the sensitivity of a test, the proportion of the true positive
rate to the sum of the true positive rate and negative false
should be computed which is been shown in the
following relation [34].

TP
TP+FP

sensitivity= (15)

4. 3. The Output Results In this section, the
efficiency of the proposed method was compared to other
methods that indicated effective parameter improvement
in database image segmentation. The purpose of using
the K-Means algorithm in the proposed method was to
implement this algorithm easily and quickly. Considering
the sensitivity of this algorithm to the primary cluster
centers, it could produce a locally optimal response. This
algorithm was one of the valid methods of clustering that
performed clustering means based on the shortest
distance of each data from a cluster center. Table 2 shows
the implementation of segmenting lesion areas of brain
tumors by various methods that depended on selecting
features from the images. It was observed that the
proposed method had more segmentation accuracy and
precision compared to other methods. This was related to
the method of high-level feature extraction, using CNN
and the correlation-based feature selection among the
feature.

TABLE 2. Comparing the Results of Lesion Area
Segmentation of Brain Tumors with Other Methods

Accuracy  Sensitivity ~ Specificity
Methods (%) (%) (%)
ALEX-Net + VGG16 [15] 96 99 98.1
Stacked Sparse
Autoencoders [16] 892 883 922
CNN+Multilevel
segmentation [17] 87.4 %0 %0
Multi Encoder — Net (ME-
Net) [18] 88.2 90.1 89
Modified U-Net [19] 91 93 90
K-means + FCM [20] 89
Optimal Wavelet Staistical
+ RNN+ Modified Region 96 100 92
Growing [21]
Enhanced-CNN [22] 92 92 87
K-means + deep learning 94.06 89.9 90.01
[26]
NS-CNN feature fed to
SVM classifier [27] 95.62
Deep Lab+CRF [23] 85.7 87 86.7
Proposed method 98.64 100 99

Figures 4 and 5 report the increasing procedure of
accuracy and Loss function minimization in two stages
of training and testing. The purpose of using fuzzy logic
in this study was to develop the classical set theories in
mathematics. The elements’ membership followed a zero
pattern and a binary pattern. However, the theory of fuzzy

Loss
»

Figure 4. The Progress Procedure in the Training Stage
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Figure 5. The progress procedure in the testing stage

sets developed this concept and introduced graded
membership. Therefore, one element could be a member
of a set to some degree and not completely. This concept
helped increase image segmentation accuracy and Loss
function minimization.

Figures 4 and 5 show the process of maximizing the
accuracy of the proposed method and minimizing the loss
pan. In this process, there is a period or epoch when the
entire data set is transferred back and forth through the
neural network only once. Since an era is too large to be
entered into the system at once, we divide it into several
smaller categories called epochs.

In this study, the fuzzy neural networks clusterer was
used as the best separator, and training the network was
based on using images segmented and indexed by the K-
Means algorithm as the input in this network. Afterward,
computing the white points of various brain areas,
diagnosing the different brain areas, estimating the tumor
area, and diagnosing the exact location of the brain tumor
were done by fuzzy clustering. Therefore, the exact
location of the tumor could be computed by extracting
the best features from the image. In this study, it was tried
to help the doctors’ diagnosis via computer techniques
and tools due to the high significance of diagnosing brain
tumors in the later stages of treating the patient. Figures
6 and 7 illustrate the output of this research, showing the
lesion area and the area of different tumor types in
advanced mode.

In Figure 6, only the tumor and non-tumor area are
specified. This figure shows the original image, the
image diagnosed by the medical doctor, and the final
output image segmented by the proposed method, which
shows a more comprehensive and accurate diagnosis than
the one specified by the medical doctor. Meanwhile in
Figure 7, in addition to identifying the tumor area,
different types of tumors are also identified.

In this research, convolutional neural network is
trained in order to extract suitable features in database
images. In the following, by defining the feature selection
method based on correlation, a subset of features are
created that have correlation with the target feature and
are not correlated with each other. We consider this type
of feature selection as the process of identifying related
features and removing unrelated and repetitive features.
The use of fuzzy logic enables a process-oriented view of
the result along with the use of various conditions. Since
fuzzy K-Means segmentation is important in this
research from the point of view that in the images, we
consider points as cluster centers, and the average points
belong to the cluster. This increases the accuracy of
segmentation. On the other hand, in this case, we assign
each data sample that has the smallest distance to the
cluster centers to that cluster, which increases the speed
of segmentation. The advantage of this regularization
method under the Gaussian criterion is to obtain suitable
cluster centers, which reduces non-homogeneous
interference and better segmentation.

I background

Tumor

Predicted

Real Image

Figure 6. The output image and the segmentation of brain
lesion area

GT and Image

Figure 7. The output image and the segmentation of brain
lesion area
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5. CONCLUSION

In clinical practice, segmenting the area of a brain tumor
in the image still depends on the human operators;
nevertheless, manual segmentation is a time-consuming
process, and its quality completely depends on the
operator’s experience. In this field, finding a complete
automatic segmentation method is necessary to
determine the brain tumor area in measuring the tumor
exactly. Some progresses have recently been done in the
semi-automatic and fully-automatic algorithms to
segment brain tumor. However, there are main
challenges for this process due to the many varieties of
brain tumors in size, shape, location, and heterogenous
appearance. The diagnosis speed presented in the method
is much faster than the proposed methods in other studies
that use low-level learning methods. In addition, the
diagnosis method is performed by a person. This subject
can be known as the result of using hierarchy learning of
the proposed method that led to deep learning. Further,
selecting features with high significance by the method
of correlation-based feature selection and decreasing the
size of the feature vector were other consequences. The
modern world has made it possible to receive and store
images digitally. Sometimes, in order to obtain better
results, it is necessary to make changes for the purpose of
processing, analyzing and understanding the image. In
this context, using the science of mathematics and needs
assessment in the field of medicine with the use of
artificial intelligence, goals such as optimizing deep
learning networks through a combined method,
considering algorithms to minimize the variance of
images with the aim of reducing the avoidable
differences in terms of the fact that the network needs less
data for training and focusing on optimal feature
selection can be considered as a research approach for
researchers.

5. REFERENCES

1. Yogananda, C.G.B., Shah, B.R., Vejdani-Jahromi, M., Nalawade,
S.S., Murugesan, G.K., Yu, F.F., Pinho, M.C., Wagner, B.C.,
Emblem, K.E. and Bjgrnerud, A., "A fully automated deep
learning network for brain tumor segmentation”, Tomography,
Vol. 6, No. 2, (2020), 186-193. doi: 10.18383/j.tom.2019.00026.

2. Soomro, T.A., Zheng, L., Afifi, A.J., Ali, A., Soomro, S., Yin, M.
and Gao, J., "Image segmentation for mr brain tumor detection
using machine learning: A review", IEEE Reviews in Biomedical
Engineering, (2022). doi: 10.1109/RBME.2022.3185292.

3. Liu,Z,Tong, L., Chen, L.,Jiang, Z., Zhou, F., Zhang, Q., Zhang,
X., Jin, Y. and Zhou, H., "Deep learning based brain tumor
segmentation: A survey", Complex & Intelligent Systems, Vol.
9, No. 1, (2023), 1001-1026. doi: 10.3390/app122311980.

4.  Magadza, T. and Viriri, S., "Deep learning for brain tumor
segmentation: A survey of state-of-the-art", Journal of Imaging,
Vol. 7, No. 2, (2021), 19. doi: 10.3390/jimaging7020019.

10.

11.

12.

14.

15.

16.

17.

18.

Somasundaram, S. and Gobinath, R., "Current trends on deep
learning models for brain tumor segmentation and detection—a
review", in 2019 International conference on machine learning,
big data, cloud and parallel computing (COMITCon), IEEE.
(2019), 217-221.

Biratu, E.S., Schwenker, F., Ayano, Y.M. and Debelee, T.G., "A
survey of brain tumor segmentation and classification
algorithms", Journal of Imaging, Vol. 7, No. 9, (2021), 179. doi:
10.3390/jimaging7090179.

Devunooru, S., Alsadoon, A., Chandana, P. and Beg, A., "Deep
learning neural networks for medical image segmentation of brain
tumours for diagnosis: A recent review and taxonomy", Journal
of Ambient Intelligence and Humanized Computing, Vol. 12,
(2021), 455-483. doi: 10.1007/s12652-020-01998-w.

Zhang, W., Wu, Y., Yang, B., Hu, S., Wu, L. and Dhelim, S,,
"Overview of multi-modal brain tumor mr image segmentation”,
in Healthcare, MDPI. Vol. 9, (2021), 1051.

Karimi, D. and Salcudean, S.E., "Reducing the hausdorff distance
in medical image segmentation with convolutional neural
networks", IEEE Transactions on Medical Imaging, Vol. 39,
No. 2, (2019), 499-513. doi: 10.1109/TM1.2019.2930068.

Arabi, H., Dowling, J.A., Burgos, N., Han, X., Greer, P.B.,
Koutsouvelis, N. and Zaidi, H., "Comparative study of algorithms
for synthetic ct generation from mri: Consequences for mri-
guided radiation planning in the pelvic region", Medical Physics,
Vol. 45, No. 11, (2018), 5218-5233. doi: 10.1002/mp.13187.

Arabi, H., Zeng, G., Zheng, G. and Zaidi, H., "Novel adversarial
semantic structure deep learning for mri-guided attenuation
correction in brain pet/mri", European Journal of Nuclear
Medicine and Molecular Imaging, Vol. 46, (2019), 2746-2759.
doi: 10.1007/s00259-019-04380.

Bahrami, A., Karimian, A., Fatemizadeh, E., Arabi, H. and Zaidi,
H., "A new deep convolutional neural network design with
efficient learning capability: Application to ct image synthesis
from mri", Medical Physics, Vol. 47, No. 10, (2020), 5158-5171.
doi: 10.1002/mp.14418.

Angulakshmi, M. and Deepa, M., "A review on deep learning
architecture and methods for mri brain tumour segmentation”,
Current Medical Imaging, Vol. 17, No. 6, (2021), 695-706. doi:
10.2174/1573405616666210108122048.

Isensee, F., Kickingereder, P., Wick, W., Bendszus, M. and
Maier-Hein, K.H., "Brain tumor segmentation and radiomics
survival prediction: Contribution to the brats 2017 challenge", in
Brainlesion: Glioma, Multiple Sclerosis, Stroke and Traumatic
Brain Injuries: Third International Workshop, BrainLes 2017,
Held in Conjunction with MICCAI 2017, Quebec City, QC,
Canada, September 14, 2017, Revised Selected Papers 3,
Springer. (2018), 287-297.

Togagar, M., Comert, Z. and Ergen, B., "Classification of brain
mri using hyper column technique with convolutional neural
network and feature selection method", Expert Systems with
Applications, Vol. 149, (2020), 113274. doi:
10.1016/j.eswa.2020.113274Get rights and content.

Amin, J., Sharif, M., Gul, N., Raza, M., Anjum, M.A., Nisar,
M.W. and Bukhari, S.A.C., "Brain tumor detection by using
stacked autoencoders in deep learning”, Journal of Medical
Systems, Vol. 44, (2020), 1-12. doi: 10.1007/s10916-019-1483.

Islam, R., Imran, S., Ashikuzzaman, M. and Khan, M.M.A,
"Detection and classification of brain tumor based on multilevel
segmentation with convolutional neural network", Journal of
Biomedical Science and Engineering, Vol. 13, No. 4, (2020),
45-53. doi: 10.4236/jbise.2020.134004.

Zhang, W., Yang, G., Huang, H., Yang, W., Xu, X., Liu, Y. and
Lai, X., "Me-net: Multi-encoder net framework for brain tumor
segmentation”, International Journal of Imaging Systems and



19.

20.

21

22.

23.

24.

25.

26.

S. Fooladi et al. / IJE TRANSACTIONS B: Applications Vol. 36, No. 08, (August 2023) 1556-1568

Technology, Vol. 31, No. 4, (2021), 1834-1848. doi:
10.1002/ima.22571.

Hasan, S.K. and Linte, C.A., "A modified u-net convolutional
network featuring a nearest-neighbor re-sampling-based elastic-
transformation ~ for brain  tissue characterization and
segmentation”, in 2018 IEEE Western New York Image and
Signal Processing Workshop (WNYISPW), IEEE. (2018), 1-5.

Rajan, P. and Sundar, C., "Brain tumor detection and
segmentation by intensity adjustment”, Journal of Medical
Systems, Vol. 43, (2019), 1-13. doi: 10.1007/s10916-019-1368-
4&.

Begum, S.S. and Lakshmi, D.R., "Combining optimal wavelet
statistical texture and recurrent neural network for tumour
detection and classification over mri", Multimedia Tools and
Applications, Vol. 79, (2020), 14009-14030. doi:
10.1007/s11042-020-08643.

Thaha, M.M., Kumar, K.P.M., Murugan, B., Dhanasekeran, S.,
Vijayakarthick, P. and Selvi, A.S., "Brain tumor segmentation
using convolutional neural networks in mri images", Journal of
Medical Systems, Vol. 43, (2019), 1-10. doi: 10.1007/s10916-
019-1416-0.

Gao, X. and Qian, Y., "Segmentation of brain lesions from ct
images based on deep learning techniques", in Medical Imaging
2018: Biomedical Applications in Molecular, Structural, and
Functional Imaging, SPIE. Vol. 10578, (2018), 610-615.

Emadi, M., Jafarian Dehkordi, Z. and Iranpour Mobarakeh, M.,
"Improving the accuracy of brain tumor identification in magnetic
resonanceaging using super-pixel and fast primal dual algorithm",
International Journal of Engineering, Transactions C: Aspects,
Vol. 36, No. 3 (2023), 505-512. doi:
10.5829/1JE.2023.36.03C.10.

Azimi, B., Rashno, A. and Fadaei, S., "Fully convolutional
networks for fluid segmentation in retina images”, in 2020
International Conference on Machine Vision and Image
Processing (MVIP), IEEE. (2020), 1-7.

Khan, A.R., Khan, S., Harouni, M., Abbasi, R., Igbal, S. and
Mehmood, Z., "Brain tumor segmentation using k-means
clustering and deep learning with synthetic data augmentation for
classification", Microscopy Research and Technique, Vol. 84,
No. 7, (2021), 1389-1399. doi: 10.1002/jemt.23694.

27.

28.

29.

30.

3L

32.

33.

34.

1567

Rai, H.M., Chatterjee, K. and Dashkevich, S., "Automatic and
accurate abnormality detection from brain mr images using a
novel hybrid unetresnext-50 deep cnn model”, Biomedical Signal
Processing and Control, Vol. 66, (2021), 102477. doi:
10.1016/j.bspc.2021.102477.

Engineering, J.O.H., "Retracted: Brain tumor detection and
classification by mri using biologically inspired orthogonal
wavelet transform and deep learning techniques”, Journal of
Healthcare Engineering, Vol. 2023, (2023), 9845732. doi:
10.1155/2023/9845732.

Obeidavi, M.R. and Maghooli, K., "Tumor detection in brain mri

using residual convolutional neural networks", in 2022
International Conference on Machine Vision and Image
Processing (MVIP), IEEE. (2022), 1-5.

Dubey, S.R., Singh, S.K. and Chaudhuri, B.B., "Activation

functions in deep learning: A comprehensive survey and
benchmark", Neurocomputing, (2022). doi:
10.1016/j.neucom.2022.06.111.

Clough, J.R., Byrne, N., Oksuz, I., Zimmer, V.A., Schnabel, J.A.
and King, A.P., "A topological loss function for deep-learning
based image segmentation using persistent homology”, IEEE
Transactions on Pattern Analysis and Machine Intelligence,
Vol. 44, No. 12, (2020), 8766-8778. doi:
10.1109/TPAMI.2020.3013679.

Balasubramanian, K. and Ananthamoorthy, N., “Correlation-
based feature selection using bio-inspired algorithms and
optimized kelm classifier for glaucoma diagnosis", Applied Soft
Computing, Vol. 128, (2022), 109432. doi:
10.1016/j.as0c.2022.109432.

Nawaz, M., Mehmood, Z., Nazir, T., Nagvi, R.A., Rehman, A.,
Igbal, M. and Saba, T., "Skin cancer detection from dermoscopic
images using deep learning and fuzzy k-means clustering",
Microscopy Research and Technique, Vol. 85, No. 1, (2022),
339-351. doi: 10.1002/jemt.23908.

Musallam, A.S., Sherif, A.S. and Hussein, M.K., "A new
convolutional neural network architecture for automatic detection
of brain tumors in magnetic resonance imaging images", |IEEE
Access, Vol. 10, (2022), 2775-2782. doi:
10.1109/ACCESS.2022.3140289.



1568 S. Fooladi et al. / IJE TRANSACTIONS B: Applications Vol. 36, No. 08, (August 2023) 1556-1568

COPYRIGHTS
©2023 The author(s). This is an open access article distributed under the terms of the Creative Commons @ ®
Attribution (CC BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, as

long as the original authors and source are cited. No permission is required from the authors or the publishers.

Persian Abstract

ol S

350 2l Oloss 5 pasnis 55 03 208 5b 4 SSbosl 1o s o e 355 o Dled 4 (S pslad (231 Sla o) cn Fets 3| S S ke oS (g Akl
S o wal b 1y slezel Sl 1l a5 3, VU S35 3R g 4 b pslal o st (S sl 3 S e g5 ol S o 13 eslind
U Sdupands 51 36 Krmeans oo, S5 o2 J 38 a4 51 oS 5 e cnl 55 Sl (S H3a 5 (S el (12 (hg) Axen 5 e ) ool s
e (1) (S5 sl 5 il (1) lobon Sy (8l Sl sl G313 i (1) il b o s Juld 2in s ) ol o ) (5500 55055 ansls
Bgh o g S Sl Sy S 5 58 S ) s 3L e 4 S e Jids 5 e sla s Sl eslial b esls oL sl ol s sy
bs S gl Al G 335 0 D3NS e S 5 gy sslitl e 5 350 RIS s 0 Gl 60508 8 SN el sl il )
ol Sosls &S st S8 sb a |y g0 e b B s e 53l K-Means 36 oz, 80 b 5lacaly 53 353 e ol (3Lt Goos e oS
B S 55 5l s gazms 5 edaline Gua b (1S5 5 Jas b sla S5 Sl 5 Jas e sla S5 alalid cvp sla bl b Gaee e 4K gl 2l 0 b g e Wllis
solles Jsb s Laesls _;),I@,T b lae 3 dla S g a0 samme SEalS 4 e o) opl S o o5 LS RIS Bl b s s 4 ) dies oS S
BRATS (slaesls a2 gomms (535 1 (53lentn (upumil 35055 onl 358 o0 Lo 3o (288 @ poie WBlate 5 (3lno 3 (SLa3ls 05 S 3 oma  slaie 4y Laesls JS 2alS

S o ol 15 88 (S5s TV e ol JAANE S35 5 0t 4 S ol




