International Conference on Artificial Intelligence and Information Technology, ICA2IT'19

A Hybrid Method for Image Segmentation Based on
Modified Bat Algorithm and Fuzzy C-Means
Clustering

Souhil Larbi Boulanouar
Laboratory of Analysis of Signals and Systems (LASS)
University of Med Boudiaf
M'sila, Algeria

Chaabane Lamiche
Computer science department
University of Med Boudiaf
M'sila, Algeria

Abstract— Image segmentation is rapidly applied in the
field of image processing. Fuzzy c-means (FCM) clustering is
one of the popular clustering algorithms for medical image
segmentation. However, FCM sensitive to the noise and, falling
into local optimal solution easily, because of the random
initialization of the cluster centers. To solve these problems, we
proposed a hybrid method, named MFBAFCM (modified
fuzzy Bat algorithm for FCM) uses the MFBA to get the initial
cluster centers of FCM by using a new fitness function which
combines fuzzy cluster validity indices with intra cluster
distance. The MFBAFCM was evaluated on several MRI brain
images corrupted by different levels of noise and intensity non-
uniformity. Experiment results show that the proposed method
has improves segmentation results and gives better result than
the standard FCM.

Keywords—MRI segmentation, FCM, Bat algorithm, hybrid
method.

. Introduction

Image segmentation which goal is to divide an image
into regions that are homogeneous with respect to one or
more characteristics [1]. It is a hotspot and difficulty in
medical image technology field and it has been useful in
many applications, such as: detection of tumors, surgical
planning, heart image extraction from cardiac cine
angiograms, etc [2][3]. It plays a vital role in numerous
biomedical-imaging applications such as the quantification
of tissue volumes, diagnosis and computer integrated

surgery [4][5].

One of the most widely used algorithms in the area of
image segmentation [6][7] is the fuzzy c-means (FCM).
FCM is the mainstream algorithm in fuzzy clustering
method. It has advantages of unsupervised, simple
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implementation, no threshold set, and practicality, but at the
same time it has several disadvantages such as vulnerability
to initialization sensitivity, getting stuck in the local minima
and low convergence rate [8][9][10].To overcome the
shortcomings of the standard FCM, many works using bio-
inspired techniques were proposed such as: Artificial Bees
Colony Algorithm (ABC) [11] Genetic Algorithm
(GA)[12], ant colony optimization (ACO) [13], Particle
Swarm Optimization (PSO)[14], Firefly Algorithms(FA)
[15].

In this paper the segmentation is done by using and
modifying the standard bat algorithm, which developed by
Xin-She Yang in 2010 [16], [17]. The main characteristics
in the BA are based on the echolocation behavior of
microbats. As BA uses frequency tuning, it is in fact the
first algorithm of its kind in the context of optimization and
computational intelligence. First we defined the fuzzy Bat
algorithm FBA to initialize the cluster centers of FCM
algorithm, then we proposed a modified fuzzy Bat algorithm
MFBA to improve the convergence speed and quality of the
solution. The hybrid methods generally use the objective
function of FCM given in Eq. (1) as a fitness function of
PSO algorithm. Therefore, in our method, we present a new
fitness function which combines fuzzy -cluster validity
indices with intra cluster distance.

The remaining part of the paper is organized as follows.
Section II, the standard FCM algorithm is presented with the
cluster validity indices and intra cluster distance used to
evaluate the quality of clustering. The basic bat algorithm ,
the fuzzy bat algorithm (FBA) and a modified bat algorithm
(MFBA) are presented in section III . The proposed
algorithm is described in Section IV. The experimental



results is discussed in section V and section VI is the
conclusion.

n. FCM algorithm and cluster
validity indices
A. Fuzzy c-means algorithm

The Fuzzy C Means (FCM) clustering algorithm was
proposed by Dunn [9] and improved by Bezdek [10]. This
method is mainly used for pattern recognition. The basic
FCM algorithm can divide the image data into several
partition ¢ (2 < ¢ < N). It is done by minimizing the cost
function. The FCM algorithm assigns pixels x= {x,,,,,,xy}t0
each category by using fuzzy memberships. The algorithm
is an iterative optimization that minimizes the cost function
defined as follows [18]:
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Where u; is the membership of pixel x; in the j-th cluster, z;
is the j-th cluster center, I.l is a norm metric, and m (m>1) is
a constant. The parameter m controls the fuzziness of the
resulting partition. The membership functions and cluster
centers are updated by Eq. (3) and Eq. (4) respectively.
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Starting with an initial guess for each cluster center, the
FCM converges to a solution for z representing the local
minimum or a saddle point of the cost function.
Convergence can be detected by comparing the changes in
the membership function or the cluster center at two
successive iteration steps [19].The steps of the FCM
algorithm are as follows:

Algorithm 1.the standard FCM algorithm

1. Input ¢, m, itermax and the termination
criteria.

2. Randomly initialize cluster centers z;.
for 1 to itermax do

Update u, by Eq. (3)

»
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Calculate z, by Eq. (4)
Calculate the objective function by Eq. (1)
ifthen
break
end if
10. end for

© ® =2 W

B. Cluster validity Indices

The cluster validity indices is necessary to evaluate the
quality of the partitions resulted by FCM algorithm, we
describe four indices, which are presented as follows:

1) Partition coefficient (PC): measures the amount of
"overlapping" between clusters. It is defined by Bezdek [20]
as follows:

N ¢
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PC index has maximum value while the cluster partition is
the optimal.

2) Classification Entropy (CE): it measures the fuzziness
of the cluster partition only [21].
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The best clustering is achieved when the value CE is
minimal.

3) Partition Index (SC): It is a sum of individual cluster
validity measures normalized through division by the fuzzy
cardinality of each cluster [22].
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A lower value of SC indicates a better partition.

3) Separation Index (S): the separation index uses a
minimum-distance separation for partition validity [22].
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A lower value of S indicates a better partition.

m. Bat Algorithm



A. Standard bat algorithm

Bat algorithm (BA) is a heuristic algorithm proposed by
Yang in 2010. It is based on the echolocation capability of
micro bats guiding them on their foraging behavior, the used
idealized rules in BA are [16]:

e All bats use echolocation to sense distance and the
location of a bat x; is encoded as a solution to an
optimization problem.

e Bats fly randomly with velocity v, at position x; with
a varying wavelength A and loudness A or a varying
frequency (from f,,, to f,..) to search for prey.

e Loudness varies from a large positive value 4, to a
minimum constant value 4,,,.

For each bat, its position x; and velocity v, in a d-
dimensional search space should be defined. x; and v, should
be subsequently updated during the iterations. The rules for
updating the position and velocities of a virtual bat are given
asin[17].

ﬁ :ﬁ1[n+ﬁ (ﬁnax _ﬁnin) (9)
V; =v;*1+(xf—x*)f,. (10)
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Where £ indicates a randomly generated value, x. is the
current global best location (solution). A new solution for
each bat is generated locally using random walk given by
Eq. (12)

' (12)

Where is a randomly generated value ranging from -1 to
1, while ‘is the average loudness of all the bats at this time
step. In addition, the loudness and pulse emission rates can
be varied during the iterations:

A" =ad; (13)
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Where 0 <a< 1 and y> 0 are constants. As t—o0, we
have —0 and —.Rank the bats and find the current best x.

B. Fuzzy bat algorithm

The standard BA needs some changes to be able to solve
fuzzy clustering problem. In this sub-section, we present the
FBA (fuzzy bat algorithm):

e The position of bat X, represented by matrix ¢ rows
and N columns and it is similar to the membership
matrix U

Ull UlN
u., ... U, (15)

e The velocity V also represented by matrix ¢ rows
and N columns.

o £, fun maws A, T, represented by real numbers.

Because of this change, the rules of updating the
position, velocities and generating new local solution
will be:

(16)
(17)
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Where the symbols @ and “denote the addition and
subtraction between matrices respectively, the symbol &
denote a multiplication between a matrix and a real number.
After updating the position matrix X and generating new
local solution by Egs. (17-18), the constraints given in Eq.
(2) may violated. Therefore, it is necessary to normalize the
position matrix X [23] by:

e Change all negative elements in matrix X to zero.

e If matrix X become a null,it must Re-evaluated by
following this transformation without violating the
constraints [23]:
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C. A modified Fuzzy bat algorithm

In this paper, we propose a modified Fuzzy bat
algorithm MFBA to avoid falling into local solution and to
improve the quality of the solution, we do that by replacing
each bat its fitness value does not change 4 times
sequentially by new random solution, in MFBA each bat
have:

normal —

e X (c x N matrix) represent the position of the bat
o V(¢ x N matrix) represent the velocity of the bat

e f., A, r represent the frequency, loudness, emission
rate respectively

e rep, parameter to save how many time the fitness
value repeated, the steps of the MFBA are as
follows:

Algorithm 2. MFBA

1. Define the objective function F(x)



2. Initialize bat population X; and velocity V,
i(l....... Np), Np is number of bats

3. Initialize pulse rates »; and loudness 4,

4, repeat

5. for i1 to Np do

6. Adjust frequency by Eq. (9)

7. Update velocity by Eq. (16)

8. Update locations/solutions by Eq. (17)

9. if (rand >7;) then

10. Select a solution among best solutions
Generate a local solution y around the
selected best solution by Eq. (18)

11. end if

12. if (rand < 4, and F(y) < F(xi))then

13. Accept the solution , xi <y

14. Decrease A, increase r; ,by Eqgs.
(13,14)

15. end if

16. end for

17. ifthen

18. ‘ rep,«—rep+1

19. else

‘ rep;«— 0

20. end if

21. if rep, = 4 then

22. ‘ Replacing X; by new solutions randomly

23. end if

24. Rank the bats and find the current best X.

25. until termination criteria is met.

v. Proposed method

A. Fitness function

Fitness function is a particular type of objective function
that is used to determine how close a given solution is to
achieving the set aims. We propose a new fitness function
defined as follows:

intra _cluster +SC
PC

Fitness =

Where SC is the partition Index given in Eq. (7), PC is
the partition coefficient given in Eq. (5) and the intra cluster
[24] is calculated using the equation given below:

(20)
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B. Modified bat Algorithm for Fuzzy c-Means Clustering

The aim of the study is to develop a hybrid method in
order to improve the segmentation process of the MRI
images and treat the drawbacks of the traditional FCM using
the MFBA to minimize the new fitness function given in
Eq. (20) to get the initial cluster centers. After that, these
centers are used as the initial seed of the standard FCM.
Note that fitness is minimized when the value of (intra_
cluster + SC) should be low and the value of PC should be
high.The steps of the MFBAFCM algorithm are as follows:

Algorithm 3. MFBAFCM

1.  input: original image
2. Input ¢, m, itermax, NP, fra frin

3. Initialize bat population X,, velocity V; pulse rates
r, and loudness 4,

I Step 1: MEBA /1170y

4.  repeat

5. for i1 to Np do

6. Adjust frequency by Eq. (9)

7. Update velocity by Eq. (16)

8. Update locations/solutions by Eq. (17)

9. if (rand > r;) then

10. Select a solution among best solutions
Generate a local solution y around the
selected best solution by Eq. (18)

11. end if

12. if (rand < 4, and F(y) <F(xi)) then

13. Accept the solution , xi «y

14. Decrease A,, increase r;, ,by Egs.
(13,14)

15. end if

16. end for

17. ifthen

18. ‘ rep,«—rep+1

19. else

‘ rep.«— 0

20. end if

21. if rep,= 4 then

22. ‘ Replacing X; by new solutions randomly

23. end if

24. Rank the bats and find the current best X-




25. until termination criteria is met.
TITHIIIStep 2: ECMIITITTTTTITT
26. Get z; from X.

27. for t<1 to itermax do

28. Update u; by Eq. (3)

29. Calculate z by Eq. (4)

30. Calculate the objective function by Eq. (1)
ifthen

31. break

32. end if

33. end for

34. Use U to reshape new image
35. output: segmented image

v. Experimental results

The experiments are based on the computer with Intel
Core i3, 4GB RAM, and were performed in Matlab 2016a
compiler. We compare the standard FCM algorithm with
our proposed algorithms FBAFCM and MFBAFCM on a 70
simulated MRI brain images from 55" to 120",
downloaded from Brainweb [25]. the testing images
(181x217 pixels) are from T1 modality, corrupted by
different levels of white Gaussian noise (0%, 3%, 5%) and
intensity non-uniformity (RF)(0%, 20%, 40%).The study
was performed using the following parameters: The number
of cluster ¢ is equal to 4: background, gray matter (GM),
white matter (WM), cerebrospinal fluid (CSF), m =2,
itermax =100, e=10° | f.=1, f..=4, Np=20, 1<4< 2 ,
0<r<I.

The results of FCM, FBAFCM and MFBAFCM on T1
are given in terms of mean values of four indices PC, CE,
SC, S respectively given in Eq. (5), Eq. (6), Eq.(7) and Eq.
(8). Results after 20 independent runs of simulation are
listed in Table 1, Table 2.The best values are shown in bold.
It can be seen in these tables that the PC values of
MFBAFCM are larger than FBAFCM and FCM in different
levels of noise and RF, meanwhile, the CE, SC and S values
of the MFBAFCM algorithm are smallest than FBAFCM
algorithm and the FBAFCM algorithm are smaller than
FCM algorithm, indicating that the proposed algorithm
MFBAFCM is capable of generating more compact and
well-separated clusters.

TABLE L. RESULTS OF FCM, FBAFCM AND MFBAFCM ON 3% NOISE

RF Noise 3%
index FBAFCM FBAFCM MFBAFCM
0% PC 0.869886 0.931852 0.959372
CE 0.257768 0.114628 0.081357
e 0.552025 0.467455 0.442906
S 0.000018 0.000015 0.000014

PC 0.873017 0.923371 0.953209
CE 0.239087 0.150049 0.12887
20%
Ne 0.551966 0.466733 0.415632
S 0.000020 0.000017 0.000015
PC 0.852002 0.928762 0.950032
CE 0.254832 0.129866 0.092081
40%
SC 0.629433 0.53774 0.475731
S 0.000021 0.000018 0.000016
TABLE II. RESULTS OF FCM, FBAFCM AND MFBAFCM ON 5% NOISE
RF Noise 5%
index FBAFCM FBAFCM MFBAFCM
PC 0.842002 0.912376 0.947439
CE 0.274532 0.113966 0.092081
0%
SC 0.605823 0.503575 0.466051
S 0.000019 0.000017 0.000016
PC 0.876784 0.945682 0.979039
CE 0.260878 0.102988 0.082531
20%
Ne 0.580298 0.474955 0.431180
S 0.000020 0.000017 0.000015
PC 0.870561 0.928644 0.959985
CE 0.259745 0.154381 0.119201
40%
e 0.605467 0.527844 0.458872
S 0.000022 0.000018 0.000017
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Fig.1 present a comparison of segmentation results on
simulated MRI brain images with different Gaussian noise
levels (0%, 3%, 5%) respectively, as shown in Fig.1
(a)(e)(i) . The segmentation results obtained by FCM, are
shown in Figs. 1(b)(f)(j).Figs.1(c)(g)(k) show the segmented
images provided by FBAFCM., Figs.1(d)(h)(i) show the
segmented images provided by MFBAFCM. The
MFBAFCM algorithm achieves a good segmentation effect
and provides more detail than FBAFCM algorithm, and the
FBAFCM algorithm provides more detail than FCM
algorithm.

Fig. 1. Segmentation results on (RF=20%).




Fig.2 present a comparison between MFBAFCM
algorithm and FBAFCM algorithm by evaluate the fitness
values in terms of number of iterations, the results show that

MFBAFCM faster and get fitness value less
FBAFCM.
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Fig. 2. Comparison between MFBAFCM and FBAFCM. (a)
Fitness value of MFBAFCM algorithm in in terms of number
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vi. Conclusion

In this paper we have proposed a modified fuzzy bat

algorithm MFBA and used it's result to improve the
initialization step of the FCM algorithm by using new
fitness function combined fuzzy cluster validity indices with
intra cluster distance. Experiment results show that the
proposed algorithm MFBAFCM can segment MR images
more accurately, and it outperforms the conventional FCM
algorithm in term of the quality of solution. Our future work
will focus on finding a better fitness function to make
MFBAFCM more efficient against noise .

(1]

[2]

[3]

[4]

[3]

[6]

[7]

(8]

91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

References

Bezdek. J, Hall. L, Clarke. L, "Review ofMR Image segmentation
using pattern recognition," Med Phys 20: 1033-1048, 1993.J. Clerk
Maxwell, A Treatise on Electricity and Magnetism, 3rd ed., vol. 2.
Oxford: Clarendon, 1892, pp.68-73.

1 A. Goshtasby, D. A. Turner, “Segmentation of Cardiac Cine MR
Images for extraction of right and left ventricular chambers,” IEEE
Trans. Med. Imag., vol. 14, No. 1, pp. 56-64, 1995.

Brzakovic, X. M. Luo, P. Brzakovic, “An approach to automated
detection of tumors in mammograms,” IEEE Trans. Med. Imag.,
vol.9, No. 3, pp. 233-241, 1990.

L.P.Clarke, R.P.Velthuizen, et.al, 1995, ‘MRI segmentation:Methods
and Applications’, Magnetic resonance Imaging,Elsevier Science,
Vol. 13, No. 3: pp. 343-368.

J C Bezdek, Hall LO, Clarke LP, 1993, “Review of MR image
segmentation using pattern recognition”, MedicalPhysics, Vol. 20,
No. 4, pp. 1033-48.

G. B. Coleman and H. C. Andrews, “Image segmentation by
clustering,” Proceedings of the IEEE, vol. 67, no. 5, pp.
773-785,1979.

P. Takur and N. Madaan, “A survey of image segmentation
techniques,” International Journal of Research in Computer
Applications and Robotics, vol. 2, no. 4, pp. 158-165, 2014

M. S. M. Rahim, A. Norouzi, I. B. M. Amin, and A. E. Rad, “Current
methods in medical image segmentation and its application on knee
bone,” Archives des Sciences Journal, vol. 65,n0. 9, 2012.

J. C. Dunn, “A fuzzy relative of the ISODATA process and its use in
detecting compact well-separated clusters,” Cybernetics and Systems,
vol. 3, no. 3, pp. 32-57, 1973.

J. C. Bezdek, Pattern Recognition with Fuzzy Objective Function
Algorithms, Plenum Press, New York, NY, USA, 1981

S. Mutasem K. Alsmadi , 2015. MRI Brain Segmentation Using a
Hybrid Artificial Bee Colony Algorithm with Fuzzy-C Mean
Algorithm. Journal of Applied Sciences, 15: 100-109.

Jansi, S., &Subashini, P. (2014). Modified FCM using genetic
algorithm for segmentation of MRI brain images. 2014 IEEE
International Conference on Computational Intelligence and
Computing Research.

P. Krishnan and P. Ramamoorthy,"FUZZY CLUSTERING BASED
ANT COLONY OPTIMIZATION ALGORITHM FOR MR BRAIN
IMAGE SEGMENTATION," Journal of Theoretical & Applied
Information Technology, vol. 65, 2014

A. Mekhmoukh and K. Mokrani,"Improved Fuzzy C-Means based
Particle Swarm Optimization (PSO) initialization and outlier rejection
with level set methods for MR brain image segmentation,"

W. K. Alomoush; S.S. Abdullah; S. Sahran; R.I. Hussain
Segmentation of MRI Brain Images Using FCM Improved by Firefly
Algorithms Journal of Applied Sciences;2014, Vol. 14 Issue 1, p66
January 2014

X.-S. Yang, A new metaheuristic bat-inspired algorithm, in: J.
Gonzlez, D. Pelta, C. Cruz, G. Terrazas, N. Krasnogor (Eds.), Nature



[17]

(18]

[19]

[20]
[21]

[22]

(23]

[24]

[25]

Inspired Cooperative Strategies for Optimization (NICSO 2010), Vol.
284 of Studies in Computational Intelligence, Springer Berlin
Heidelberg, 2010, pp. 65-74.

B. Xing and W.-J. Gao. Bat inspired algorithms. In Innovative
Computational Intelligence: A Rough Guide to 134 Clever
Algorithms, pages 39-44. Springer, 2014.

Jiayin KANG, Lequan MIN, Qingxian LUAN, Xiao LI, and Jinzhu
LIU, Novel modified fuzzy c-meansalgorithm with applications,
Digital Signal Processing, 19(2):309 — 319, 2009.

Chuang. K, Tzeng. H, Chen. S, Wu. J, Chen. T, "Fuzzy c-means
clustering with spatial information for image segmentation",
Computerized Medical Imaging and Graphics 30 (2006), 9-15.

J. C. Bezdek. Pattern Recognition with Fuzzy Objective Function
Algorithms. Plenum Press, 1981

James C. BEZDEK, Cluster validity with fuzzy sets, Journal of
Cybernetics, 3(3):58-73, 1973.

A.M. Bensaid, L.O. Hall, J.C. Bezdek, L.P. Clarke, M.L. Silbiger,
J.A. Arrington, and R.F. Murtagh. Validity-guided (Re)Clustering
with applications to imige segmentation. IEEE Transactions on Fuzzy
Systems, 4:112-123, 1996.

Hesam IZAKIAN and Ajith ABRAHAM, Fuzzy c-means and fuzzy
swarm for fuzzy clustering problem, Expert Syst. Appl.,
38(3):1835-1838, 2011.

Chen, J., Zhao, Z., Ye, J., and Liu, H. Nonlinear adaptive distance
metric learning for clustering. In Proceedings of International
Conference on Knowledge Discovery and Data Mining, pages
123-132, 2007.

http://www.bic.mni.mcgill.ca/brainweb/.[Online; accessed 2018

247



	Preamble
	Welcome

	Conference Program
	Data Mining Applications
	A comparative study of semi-supervised clustering methods with pairwise constraint
	On The Use Of KStar Algorithm For Predicting Object-Oriented Software Maintainability
	Datawarehouse-based approach for the analysis of terrorism-related activities in social networks

	Artificial Intelligence Applications
	Metrics for the Rationality of Jadex-Based Applications
	Threshold Optimization in Distributed TM-CFAR Adaptive Acquisition Serial Search System Using Particles Swarm Optimization Technique Identical case 
	Spurious Trip Rate Modelisation and Quantitative assessment of Emergency ShutDown system in the oil and gaz industry

	Scheduling Problems
	Two-machine job shop scheduling problem with two competing agents
	Just in time multicriteria scheduling problem in two-machine flow shop
	MIP models for a two-machine open shop problem and a server with set-up times
	Scheduling conflicting jobs: application and new results

	Ontology Engineering
	Towards Building and Enriching Web Service domain Ontology
	Ontology-based Temporal Context Reasoning Approach For Saving Energy in Smart Building
	Rules-Based Approach To Convert Class Diagram Operations To Ontology

	Poster session 1
	Development of Artificial Neural Network models for predicting permeability: case study of Sif Fatima oil field, Berkine basin (Southern of Algeria)
	A Genetic Based Recommender System
	Optimal Design of Welded beam structure using hybrid Meta-heuristic Algorithm 
	A GA-VNS based algorithm for the multi-objective spanning tree problem
	A Multi-Agent Framework for Multi-Criteria Business Intelligence driven Smart Data in a Big Data Environment
	Development approach of an accessibility environments for the Visually Impaired 
	Proposed Design Of Smart Greenhouses For Sustainable Agriculture In The South Of Algeria

	March 5th, 2019
	Networks and security
	Optimal path routing algorithm for Wireless sensor networks
	A Conditional Distributed K-means Cluster-based Routing Scheme for Wireless Sensor Networks
	Intrusion Detection System based on MDT

	Applications of Computer Vision
	Modified Particle Swarm Optimization Approach applied to MRI Brain Image Clustering
	Scores and average extraction from Algerian baccalaureate transcripts
	Digital administrative documents forgery detection using One-class SVM

	Combinatorial Optimization Problems
	Approximate Solutions for Balanced Arc Routing Problem
	Sudoku grids technique for the drugs assignment in an automated dispensing cabinets
	Solving the Multi-Robot Task Allocation Problem using Firefly, Artificial Bee Colony and Quantum Genetic Algorithms
	A Guided Genetic Algorithm for the Single Machine Total Weighted Tardiness Problem  author

	Internet of Things
	Authentication Schemes in Internet of Things: A review 
	Design and Realization of a Intelligent Lighting System for a Smart city Based on Ultrasonic Waves
	Security for Internet of Things: A State of the Art on existing Protocols and Open Research Issues

	Combinatorial Problems
	The equitable chromatic numbers of some graphs
	Efficient optimization to the N Queens Problem
	On the Complexity of the K-way Vertex Cut Problem
	Ordered Tree Compression

	Image Retrieval, Segmentation, and Object detection
	A novel information Retrieval Approach based on Recursive Query Shifting
	An Overview of Deep Learning-Based Object Detection Methods
	A Hybrid Method for Image Segmentation Based on Modified Bat Algorithm and Fuzzy C-Means Clustering

	Poster session 2
	Optimizing the parameters of a progressive image transmission system Using Swarm Intelligence (SI)
	Automatic Recognition of Descriptors helping to Cause Diabetes in Algeria
	Image Classification Using Texture Features and Support Vector Machine (SVM)
	Proposed clustering model based on sequential rules in the web mining
	Automatic recognition of plant leaves using serial combination of classifiers 
	A Ubiquitous Application for Arabic Speech Recognition
	Can Handwriting Style Help Strengthen the Person Identity?


	March 6th, 2019
	Pattern Recognition
	A supervised probabilistic model for visual object recognition 
	A Comparative Study on Arabic Handwritten Words Recognition Using Textures Descriptors
	Abnormal human activities recognition : brief synthesis of vision based fall detection

	Complex Networks and Web Service
	Extracting Behavioral Models from Executions Data in Web Services Environments
	An Agent and multi-criteria methods based approach for Web service selection
	Taxonomy of Community Models and Applications in Complex Networks


	Index of Authors

