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Abstract—Currently, the MRI brain image processing is a vast
area of research, several methods and approaches have been used
to segment these images (thresholding, region, contour,
clustering). In this work, we propose a novel segmentation
approach, which is based on fuzzy clustering and also it allows to
combine cooperatively expectation maximization algorithms and
possibilist c-means. To validate our approach, we have tested
successfully on several databases of real images MRI. Thus, to
show the performance of our method, we compared our results
with different segmentation algorithms: k-means, fuzzy c-means,
possibilist c-means and expectation maximization.

Index Terms— MRI, clustering, k-means, FCM, PCM, EM

L INTRODUCTION

Image segmentation is a technique that allows to partition
the image into homogeneous regions. It is used in several
areas : pattern recognition, artificial intelligence, medicine [1].

The segmentation of medical images is an essential
diagnostic tool for doctors, there are several types of medical
images, such as: Radiography (X-Ray), Ultrasound, Magnetic
Resonance Image (MRI). Indeed MRI is a technique that is
based on nuclear magnetic resonance, it is widely used for
brain images, because it is a non-invasive technique and it also
provides anatomical images of high resolution (1 mm) and
excellent accuracy. Thus, MRI allows for high contrast images
of different sections of the brain: sagittal (side view of the
brain), coronal (frontal view of the brain) and axial (a top view
of the brain) [1][2].

The segmentation of brain MRI can detect tumors and to
know the evolution of various pathologies and also analyze and
study the different brain tissues: gray matter (GM), white
matter (WM) and cerebrospinal fluid (CSF ).

In recent years, several segmentation methods and
approaches have been developed to segment the internal tissues
of the brain (MG, MB, LCR), examples:

e Thresholding approach: The basic principle of this
method is to find the optimal threshold value (or
optimal values, where there are multiple levels)[3][4].

®  Region approach: This technique involves extracting
a region of interest of the image by growing a region

from one or more elements constituting a subset of the
searched area[5][6][7].

e Approach based on contours: This technique is to
identify the discontinuities that separate different
regions of the image, this approach seeks
dissimilarities [8-11].

o Clustering approach: Technique which assigns each
pixel of the image to a cluster and group pixels of the
same property [12][15]. In this work, we are
interested in clustering segmentation. The quality of
the segmented image depends on the cluster used, and
also the selection of the relevant parameters of the
segmentation [13][14].

We propose in this article, in the sixth section, a new
approach to segmentation (MFCM), which is based on fuzzy
clustering and combining with both algorithms, expectation
maximization (EM) and possibilist c-means (PCM). To
validate our segmentation approach, we applied our method on
several real image data bases MRI, and we also compared our
results with other segmentation algorithms: K-means, Fuzzy c-
means (FCM), PCM and EM. Indeed, the comparative results
are presented in section seven. Thus, in sections two, three,
four and five, we present the segmentation methods in the
order k-means, FCM, PCM, EM. Finally, in the last section, we
conclude with a conclusion.

II.  AvrcoritiME K-MEANS

A. Presentation

The k-means algorithm is the most widely used in the
clustering, because of its simplicity in implementation. It can
group the image pixels into K clusters. Each cluster of the
partition is defined by its objects (pixels) and its centroid [16].

The k-means is an iterative algorithm that minimizes the
sum of the distances between each object (pixel) and centroid
of the cluster [16][17]. It changes the objects cluster until the
sum can not decrease more. The result is a set of clearly
separated and compact clusters, provided that we have chosen
the correct value of K number of clusters.
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B. Basic principle

The principle of K-means algorithm is to minimize the
objective function J :

JXV)=Y LY ALY )

where :
X Pixel j of cluster i
Vi: Centroid of cluster i
L;: Number of elements in the cluster i
d(X,",Y)): Distance between X;” and Y;

K-means Algorithm

e Step 1:
- Choose a number of classes
- Define the random K centroids

e Step 2:
while intra-class inertia in (1) is not stable
- Assign each level of gray to the cluser
whose center is nearest
- Calculate the cluster centers of gravity
of the new classification C'
- Ce ("
end while

e Step 3:
- View the result of the clustering

We see that among the limitations and criticisms that gives
the k-means algorithm, it takes the value of K fixed in the input
parameters, this implies that the number of classes is known a
priori. Thus, the initialization of the centers of inertia of a
random influence the clustering process, each point of
diversion causes an immediate change of the corresponding
center. Indeed, to overcome the limitations of k-means, other
clustering algorithms have been developed, such as FCM and
ISODATA which are based on the principle of k-means.

III. Fuzzy C-MEANS ALGORITHM

FCM (fuzzy C-means) is an iterative algorithm that based
on the principle of fuzzy clustering, it allows classify each data
element (pixel) in several classes in a degree of membership
[18-20]. The principle of FCM is to minimize the objective
function J :

K

-1

J=1 i=1

J(X,Y,U) rd* (X, Y] )
Where:

X=(X; , i=1..N)

K : Number of cluster

N : Total number of pixels

Y, : Centre of cluster i

d’(X,Y)): Distance between Y; and the pixel X;

Uj" : Degree of membership and

m : the fuzzy degree

The matrix U satisfies the conditions in (3) and (4) -
0<U,<1, Vie {1,.,N} and Vje {1,..Kk}  (3)

Z U,=1 Vie {l,.,N} 4)

J=1

Vie {1,..N}] ©)

K
S upx,
Y, = =% vje {l,...K} (6)
2 Uy
i=1
FCM Algorithm
e Step 1:
Initialize the parameters:
- X=X, i=1..N)

- K : number of cluster
- m: degree of fuzzy
- € : threshold representing the convergence error
e Step 2:
- Initialize the matrix U by membership degrees
random values in the interval [0,1] and it also
satisfies the condition in (4).

e Step 3:
Repeat
- Update the matrix Y cluster centers in (6).
- Update the matrix U degree of membership in (5).
To obtain the stability of the matrix Y

yrew Yo/dH <e

We see that the parameter m, which was introduced by
Bezdek [19], represents the degree of fuzziness of the partition.
Indeed, the choice of this parameter influences the process of
FCM algorithm, according Besdek [19][20] the parameter m
must be strictly greater than 1.

IV. PosssiLisTic C-MEANS ALGORITHM

The main advantage of the PCM algorithm is to eliminate
the probabilistic constraint is imposed by the FCM algorithm
and define degrees of membership in a relative manner . These
membership degrees represent measures of similarity absolute
between individuals and cluster centers [21][22]. The function
objective is J :

K N K N
JOT D=3 Y updie Y 0 Y uy o
=1

J=1 i=1 j=1 i



Where:
dy : Distance between the j" cluster center V; and the
i" pixel X;

V; : Centroid of cluster j

U; . Degree of membership of the i* pixel to the j"

cluster.

m : Degree of fuzzy.

n; . Positive number which determines the distance
that the degree of membership of a vector
belongs to the j" cluster.

K : Number of the clusters.

N : Total number of pixels.

The matrix U satisfies the conditions -

0<U <1, YVie {1,.,N} and ¥je {I,..K}  (8)

-1
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PCM algorithm
e Step 1:
Initialize the parameters:
-X=(X; ,i=1..N)

- K : Number of cluster
- m: Degree of fuzzy
- n;: Degree of weight
- & : Threshold representing the convergence error
e Step 2:
- Initialize the matrix U by membership degrees
random values in the interval [0,1].
e Step 3:
Repeat
- Update the matrix V cluster centers in (10).
- Update the matrix U degree of membership in (9).
To obtain the stability of the matrix V ;

ey < g

V. ExeectatioN Maxmization: EM

The Expectation Maximization is an algorithm proposed by
Dempster [23][24]. It is an algorithm to clustering and also to
estimate the parameters of a mixture model. It combines two
steps:

e  Expectation (E): This step determines the expectation
of the likelihood based on the past observed variables.

e Maximization (M): this step is to maximize the
likelihood of step (E).

EM Algorithm
Input: X={x;, i=1..N}
X, : Intensity of pixel i

Tl A priori probability of pixel i; belonging to cluster k

Output :

Ui sY . Parameters of the Gaussian associated with
each cluster.

vl 4 posterior probability of pixel i; belonging to

cluster k
e Step 1:
- Initialize the value V| by @ ,k
o Step 2 :
- parameter calculation : H ,2 k
N k
_ ) i1 li Xi (11)
.uk - N i
Z i:l}/i
N K T
Zk_Zizlyi(xi_‘uk)(xi_:uk) (12)
= Z N,
i:lyi
e Step 3: X
- Updating the posterior probabilities | ;
k
TG X,
I C) (13)
LG, (%)
=17 i ‘ul,z* i
e Step 4 :

- Iterate (Stepl) and (Step2) until convergence.

Indeed, EM algorithm can make the classification by
maximizing the likelihood of observed variables, this allows to
find the optimal partitions. In our approach, we have integrated
this algorithm.

VI.  Improvep FCM Arcoritim : MFCM

In the previous sections, each algorithm was presented has
its advantages and limitations. To improve the performance of
segmentation, we propose a new approach to segmentation
(MFCM), which is based on fuzzy classification and
combination of two algorithms: EM and PCM. Thus, our
approach MFCM reduces errors classification and also estimate
the number of clusters, which overcomes the limitations of
FCM algorithm for initializing clusters number. Indeed, we
present our approach in detail in the following steps:

MFCM Algorithm

e Step 1:
Initialize the parameters
—  Maximum iteration
—  Initial number of clusters (nC=2 is the initial value)




—  Maximum number of clusters nCMax

—  Initialize Vj (cluster centers)

- Initialize U={u;] matrix, U”

—  Degree of fuzzy (m=1.5 is the initial value)

e Step 2 :
- FCM
- Ati-step:
- Calculate the vectors U,V
- Calculate the objective function (F_obj)
- EM
- Optimum matrix (M_opt[i])
- Qi+l
- ifnCis less than nCMax go to step(2) else go to
step(3)
e Step 3 :
—  opt=min(M opt[i])
—  nC=opt
o Step 4 :
- FCM
—  Calculate the vectors U,V
—  Calculate the objective function (F_obj)
e Step 5:
- PCM
¢ End step
nC=1
Tnput mage  —— 1M
m
u.v
' Caleul du
FCM === [ 7] vecteur des distances
| [
U,V.{ OB Evaluation de la Matrice
('appartenance
_M_opt[i] |
Adaptation
des Centres

ouL nC <nCMax
NON
opt=min(M_op[i

Exiraction des classes

U.V.f0B]

PCM

Figure 1: Algorithm MFCM

VII. ExpermMENTAL RESULTS

In our study, the validation performance of our algorithm
has been tested on real MRI brain images. The images are
acquired: T1-weighted, T2-weighted and PD (proton density)
with size 150x256x256 voxels (and ImmxImmxImm for each
voxel).

Figure 2 shows the results of classification of different
brain tissues (WM, GM, CSF): Images (b), (¢), (d), (¢) and (f)
are the results of segmentation by k-means, FCM, PCM, EM
and MFCM succession. Figure 3 shows the histogram for the
different brain tissues (MG, MB, CSF) using EM algorithm.
Indeed, the evaluation of the performance of the methods was
done by calculating the accuracy in the classification (in %).
The table 1 shows the comparative results of classification for
the five algorithms, we tested the algorithms on nine of
datasets MRI brain images.

(b) K-means

(d) PCM

(e) EM () MFCM

Figure 2 : clustering of the MRI image with algorithms

Figure 3 : probability distribution with EM



TABLE 1 : PerrorMANCE OF THE MFCM ALGORITHM

Test Segmentation Algorithms

Datasets K-means FCM PCM EM MFCM

(%) (%) (%) (%) (%)
Dataset] 61,54 85,44 82,90 83,20 94,79
Dataset2 63,67 85,03 83,55 84,32 98,22
Dataset3 67,34 91,83 87,87 90,95 95,21
Dataset4 62,25 87,40 85,98 87,57 95,74
DatasetS 67,10 83,85 81,48 84,91 97,75
Dataset6 69,94 90,77 87,81 89,17 96,98
Dataset7 72,43 86,69 85,92 87,69 97,99
Dataset8 64,79 88,05 86,63 88,17 96,98
Dataset9 60,77 89,76 87,34 88,58 95,74
Average 65,54 87,65 85,50 87,17 96,60

According the results in the table 1, we see that our method
MFCM gives a better classification rate than the other
algorithms. Indeed, we can also view these results on a graph,
figure 4, where we can clearly see the stability of our approach
and also see the excellent classification accuracy.

100 T T T T T T T

K-means

Data set
Figure 4: Comparative Performance of Accuray Classification (%)

VIIL

In this article, we presented some classification algorithms,
as well as common principles to them. Hence the interest to
combine these algorithms to overcome the limitations of each
one. Indeed, our approach is based on the principle of fuzzy
clustering and also it combines two algorithms: EM and PCM.
The performance evaluation of our method has been
successfully tested on real MRI brain images. In future work,
we will use optimization techniques in the selection of input
variables to improve the quality and performance of our
approach.

CONCLUSION
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