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C-MEANS CLUSTERING
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Abstract: With the rapid development of the uncertain or hesitant and fuzziness
datasets, an entropy-based intuitionistic fuzzy c-means clustering (EIFCM) method
is proposed based on the intuitionistic fuzzy sets (IFS)for the clustering problems.
Utilizing the advantages of the intuitionistic fuzzy sets and fuzzy sets, which are
combined in the proposed method, to overcome some drawbacks of the conventional
FCM in handling uncertainties or hesitant and also resolve the fuzziness.
Experimental results show that the proposed algorithm is better than the traditional
fuzzy clustering algorithms.
Keywords: Fuzzy sets, Intuitionistic fuzzy sets, Intuitionistic, Fuzzy c-means clustering, Entropy-Based
ntuitionistic.

1. INTRODUCTION

Clustering technique is applied in many fields such as data mining, pattern
recognition, image processing etc. It is used to detect any structures or patterns in
the data set, in which objects within the cluster level data show certain similarities.
Clustering algorithms have different shapes from simple clustering as k-means and
various improvements [1], [2], [3], [4], development of a family of fuzzy c-mean
clustering (FCM) [7]. With the framework of fuzzy theory, fuzzy techniques are
suitable for the development of new clustering algorithms because they are able to
remove vagueness/imprecision in the data [8].

Recently, the intuitionistic fuzzy set (IFS) was introduced [9] and used for
representing the hesitance of an expert on determining the membership functions
and the non-membership functions. This capability has created a different research
direction to handle the uncertainty based on IFS [15]. IFSs also have been recently
used for the clustering problem [16]. In [10], the incomplete nutrient-deficient crop
images with missing pixels is segmented by an intuitionistic fuzzy clustering
algorithm with good results. An other application of the intuitionistic clustering is
to evaluate the sport tourism event problem with corporate social responsibility
(CSR) and developing a novel Intuitionistic Fuzzy Importance performance
Analysis (IFIPA) [11].

Besides, an other type of intuitionistic fuzzy clustering is introduced in [12], the
possibilistic intuitionistic fuzzy C-Means clustering algorithm which is the
combination of the fuzzy c-means (FCM), possibilistic c- means (PCM) algorithms
and intuitionistic fuzzy sets. This algorithm is applied for MRI brain image
segmentation with impressive results. In [14], the intuitionistic possibilistic fuzzy
c-means clustering algorithm which is proposed to hand the information regarding
membership values of objects to each cluster by generalizing membership and non-
membership with hesitancy degree.

However, the intuitionistic fuzzy clustering methods which were previously
introduced, only based on the various distance and similarity measures among
intuitionistic fuzzy sets (IFS) [13] and have difficulties in deciding the most
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suitable for measuring the degree of distance or similarity. In addition, they did not
care about the entropy of the IFS.

Through the overview of intuitionistic fuzzy clustering presented above, we
found an outstanding method of fuzzy sets and intuitionistic fuzzy sets which can
be combined in one objective function for handling the hesitant and uncertainties.

Remain of the paper is organized as follows: Section II briefly introduces about
some backgrounds about intuitionistic fuzzy sets and fuzzy clustering; Section III
proposes the intuitionistic fuzzy C-means clustering algorithm; Section IV offers
some experimental results and section V concludes the paper.

2. BACKGROUND

2.1. Intuitionistic Fuzzy sets

Intuitionistic fuzzy sets (IFS) were introduced by Atanassov as an extension of
the fuzzy set theory in 1986 as follows:([9]):

Let X be an ordinary finite non-empty set. An IFS in X is an expression A given
by: A={x,1;(x),v,(x)):xe X} where pi: X — [0; 1] vi: X — [0;1] satisfy the

condition wj(x) + vi (x) < I for all x € X. The numbers w4(x) and v;(x) denote
respectively the degree of membership and the degree of non-membership of the
element x in set A. Considering IFSs(x) as the set of all the intuitionistic fuzzy sets
in X. For each IFS 4 in X, The values ma(x) = 1 — pa (x) — vVa (x) is called the
degree of uncertainty of x to 4, or the degree of hesitancy of x to 4.

Note that for an IFS 4, if ui(x) = 0, then v4(x) + mi(x) = 1, and if u4(x) = I then
vi(x)=0 and 7 i(x) = 0.
2.2. Entropy on intuitionistic fuzzy sets

Most of the fuzzy algorithms select the best threshold t using the concept of
fuzzy entropy. In this paper, we will focus on the definition and characterization of
the Intuitionistic fuzzy entropy. The entropy on IFSs is defined as a magnitude that
measures the degree of IFS that a set is with respect to the fuzziness of this set
which satisfies the following conditions:

1. The entropy will be null when the set is a FSs(x),

2. The entropy will be maximum if the set is an AIFS; that is, u(x) = v(x) = 0 for all
x €X,

3. As in fuzzy sets, the entropy of an IFS will be equal to its respective
complement

4. If the degree of membership and the degree of non-membership of each
element increase, the sum will as well, and therefore, this set becomes fuzzier, and
therefore the entropy should decrease. One of the simplest expressions that satisfy
the conditions previously mentioned in [17]

IE(IZI)Z%I{Z:‘HA(X,C) (1)

Equation 1 is a base for segmentation algorithm.
2.3. Entropy on intuitionistic fuzzy sets

Fuzzy c-means (FCM) was first introduced by Bezdek in [7]. It is a method of
clustering which allows a data point can belong to more than one cluster with
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different membership grades. It assumes that a number of clusters ¢ is known in
prior and minimizes the objective function (J,,) as:

1 U =3 1,)"(dy)? )

k=1 i=1

1/2
d
4, = d(s =) =]~ - {zw ﬁ
j=1

and m is a constant, known as the fuzzifier, which controls the fuzziness of the
resulting partition and can be any real number greater than 1 but generally, it can be
taken as 2.

Predefined parameters to the problem: the number of clusters ¢ (1 < ¢ < n),
fuzzifier m(l < m < +ow) and error ¢. This algorithm can be briefly described as
follows:

Algorithm 1: Fuzzy C-means algorithm

1 Step 1: Initialize centroid matrix » =[VU_J;V<°> eRY<;j=0, by choosing

Where:

randomly from dataset X={x,., X € RM},izl,,n and the membership matrix P by

using the equation:

2 u, =————,1<i<c1<k<n 3)

(g,
3 Where d, =d(x, —v,) =|x, —v[is the Euclidian distance from object x; to the
ik k i k i .]
cluster center v;

4 Step 2:
5 Repeat:
6 Update the centroid matrix () _[.(» ) (] by: \
14 —[vl IR VSR T ] S ik,
y, =4 ,J<i<c

> ()"
7 Update the membership matrix U” by using (3)
8 Assign data x; to cluster ¢; if data (u; (x;) > ux (x7)), k=1,..., candj # k.

9 until : Max(”U(jH) _U(./')") <e

10 Step 3: Return U and V.

3. ENTROPY-BASED INTUITIONISIC FUZZY
C-MEANS CLUSTERING

As an enhancement of classical FCM, the EntropyBased Intuitionisic Fuzzy C-
means Clustering(EIFCM) use the intuitionistic fuzzy sets with the aim to better
handle the hesitant data. The general idea of this algorithm is both to minimize the
distance from data points to cluster centroids such in FCM and minimize the
hesitant to the IFS or entropy on IFS (Eq.l1). Next, the hesitant of the IFS is
integrated with fuzzy membership in FCM to handle the fuzziness.
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The first step is to build the objective function to minimize the hesitant to an
intuition of the IFS or entropy on IFS (Eq.1) and the distance between all of the
data points to the clusters, simultaneously. Thus, an objective function in IFCM is
formed as follows:

e » e »
lezl:;(l—ﬁy) d;+;/z;(7zij) (4)
where 7;; 1s the hesitant of the /™ data point to the i” cluster, dij =||x; — vi|| 1s
Euclidean distance between the data point x; and the centroid v;, ¢ is number of
clusters, n is number of data points, p is a weighting exponent for the hesitant
membership (p > 1), the scale parameter fi of each cluster.

To minimize the objective function J1 (Eq.4), the first component with the
distance between all of the data points to the cluster centroids is as small as
possible, while the second component requires the hesitant of IFS or entropy of
IFS is also as small as possible. The scale parameter fi for each the i" cluster is
determined depending on the size of the i cluster and can be determined as
follows:

n
P 2
2 d,
=

ﬂi = n P

The main idea of the Entropy-Based Intuitionisic Fuzzy C-means Clustering

(EIFCM) algorithm is the combination of the fuzzy membership and the hesitant.

Thus, the objective function for the hesitant (Eq.4) is considered as a distance

measurement and integrated with the fuzzy membership of the FCM, we have the
objective function of the EIFCM as follows:

oo 53u((1=ny ) die B )] ©

i=1 j=1

()

¥y u;((l—mj jpd§+iﬂiu§(”z‘1)P] (7

i=1 j=1 i=1 j=1

in which: u; is the fuzzy membership of the data point x; to the i" cluster and m is a
constant as in FCM.

Theorem 3.1: The JEIF CM in Eq.7 attains its local minima when U = [uij]cxn
and Q = [zij]c xn are assigned the following values:

Uy ZW (8)
i

N T 9)
1+(ﬁlJ
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In whichi=1,2,.., ¢;j=1, 2, ..., n; ¢ is the number of clusters and # is the
number of patterns and
d,=(1-n,)'d; +pr} (10)
with dj; is the Euclid distance between data point xj and the centroid vi which is
defined as:

IACEAES
V=4 (11)
2uy(=m,)"
Jj=1
the scale parameter for each i” cluster is determined depending on the size of the i
cluster can be determined as follows:

g, =L (12)

The proof of Theorem 3.1 can be easily done with lagrange multiplier with the

constraint _c
u, =1
i=1
Because of applying the fuzzy membership and the hesitant to the EIFCM
algorithm with the constraint u; + 7; < 1, if u;; + m;; > 1 then the uij and zij will be

normalized as

ui’ ﬂ'[“
t=ugu; = —and 7;=—>
U; +7; L+,
In defuzzification step, the combined membership u; is usually as follows:
Uy =Uy + 7T, (13)

Where: u; is the membership and 7; is the hesitant of the j data point to the i
cluster.

However, Eq.13 seems ineffective, we take a simple example as follows:
Predefined a data x, a set A. To assess a membership function of x in set 4 based
on intuitionistic fuzzy theory. Let u is the membership function, v is the non-
membership function and the hesitation degree 7 (u+v+z=1)

Case 1: Assuming that: u = 0.6, v = 0.1 and = = 0.3 we have u” = 0:9 according
to Eq.13

Case 2: Assuming that: u = 0.8, v=0.1 and = = 0.1. we also have u” = 0.9
according to Eq.13

One can easily realize that: case 2 is better than case 1. However, with the above
Eq.13, the aggregate membership functions " are 0.9 in both two cases and we cannot
determine the better one.

Remark: The fact that hesitation degree 7 usually is not affect performance
results. We are only interested in two factors that affect the decision are the
membership function u and the non-membership function v.

Therefore, we propose a new way to define the aggregate membership functions

u” satisfying properties: the maximum membership function and the minimum
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non-membership function
Uy =uy; = vy (14)
Where: uij is the membership function Eq.3 and vij is the the non-membership
function of the jzh data in i cluster.
Substituting vij = 1 - uij - @ij in Eq.14, we have:

Uy = u; =V, (15)
=u; —(l-u; —7,) (16)
=2uij +7, (17)

The experiments are completed for several Machine Learning data
(http://archive.ics.uci.edu/ml/)

Table 1. Characteristic of heart disease datasets.

Dataset No of Instance | Class
Cleveland 303 5
Hungarian 294 5
Switzerland 123 5
Long Beach VA 200 5
Table 2. Characteristic of breast cancer diagnostic datasets.
Dataset No of Instance | Class
Bregst—canf:er- 699 )
Wisconsin
WDBC 569 2
WPBC 198 2

Parameters m = 2 for FCM, IFCM, fuzifier m = 2, p = 2 for EIFCM, the number
of clusters c is the number of classes and error parameter € = 0.00001.
The resulting classification performance of the classification is evaluated by the
accuracy rate CT as follows:
TR
T=""
=77 (18)

Where: TR is the number of correctly classified data and TT is the total number
of data points.

The clustering results of the clustering or the quality of classification are
reported in terms of index CT, which are shown in Tab.3 and Tab.4

Table 3. Clustering results of heart disease datasets.

Dataset FCM | IFCM | EIFCM
Cleveland 85.6 | 87.6 92.1
Hungarian 789 | 85.5 91.4
Switzerland 76.5 |90.1 90.1
Long Beach VA | 87.8 | 88.9 94.3
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Table 4. Clustering results of breast cancer diagnostic datasets.

Dataset FCM | IFCM | EIFCM
Breast-cancer- 903 [874 |928
Wisconsin

WDBC 89.8 &9.3 93.4
WPBC 77.8 81.7 90.9

These experimental results in Tab.3 and Tab.4 show that the effectiveness of the
algorithm EIFCM is better than FCM and IFCM with the accuracy rate CT is
always over 90%.

Experiment: The experiments are done based on well-known images with the
predefined the number of clusters images in TableV and Fig.1. The results were
measured on the basis of several validity indexes to assess the performance of the
algorithms on the experimental images.

Table 5. The number of clusters.

Image Number of cluster

Rose 3

Wolf 3
Mountain 4

Figure 1. Test Images: a) Rose image; b) Wolf image, c) Mountain image.

Table 6. The various validity indexes on the experimental images.

Validity .
Index Rose Image Wolf Image Mountain Image
FCM IFCM EIFCM | FCM | IFCM EIFCM | FCM | IFCM EIFCM
DB-I 1.4357 | 1.3252 1.2132 2.3122 | 1.5631 1.3822 1.5352 | 1.3312 1.2532

XB-1 0.5281 |0.2741 0.1936 0.7214 | 0.2431 | 0.1811 | 0.9854 | 0.9414 | 0.8653

S-1 0.9641 | 09172 0.8382 0.9221 | 0.4943 | 0.1654 | 0.7158 | 0.4261 0.3862

CE-1 0.8432 | 0.7531 0.6287 0.8131 | 0.7352 | 0.6028 | 0.8643 | 0.5243 | 0.5341

PC-1 0.8890 | 0.8912 0.8912 | 0.8998 | 0.9310 | 0.9413 | 0.9229 | 0.9321 | 0.9591

These test images were clustered by the FCM, IFCM [5/ and EIFCM
algorithms with predefined parameters: the exponential parameters m = 2 for FCM
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and IFCM, m = 2; p = 2 for EIFCM, the number of clusters ¢ is the number of
classes and error parameter ¢ = 0:00001. The different validity indexes is used to
assess the clustering results such as the Bezdeks partition coefficient (PC-I), the
Dunns separation index (Dunn-I), the Davies-Bouldins index (DB-I), and the
Separation index (S-I), Xie and Beni’s index (XB-I), Classification Entropy index
(CE-D) [6]. The various validity indexes are shown in the Tab.6.

Note that: The validity indexes are proposed to evaluate the quality of
clustering. The better algorithm has smaller T-I, DB-I, XB-I, S-1, CE-I and larger
PCI. The results in Table 6 show that the EIFCM (the proposed algorithm) have
more good performance or higher quality clustering times than the FCM, IFCM
algorithms.

4. CONCLUSION

This paper presented a fuzzy c-means clustering algorithm based on
intuitionistic fuzzy sets, which improved the clustering results and overcome the
drawbacks of the conventional clustering algorithms in handling the hesitant. The
proposed approach has solved the problem of combining between IFSs and fuzzy
clustering to improve the quality of clustering results. The experiments are done
based on some well-known datasets with the statistics show that the proposed
algorithm generates better results than the traditional method like FCM. The next
goal is some researches related to use the general type-2 intuitionistic fuzzy sets to
better improvement of quality.
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TOM TAT
PHAN CUM C-MEANS MO TRUC CAM DUA TREN ENTROPY

Voi su phat trién nhanh chong cua cac bo dir liéu khong chdc chdn, mot
phirong phdp phén cum C-means mo triee cam entropy (EIFCM) dwoe dé xudt
dua trén co so cdc tap mo truc cam (IFS) cho cac bai toan phan cum. Cdc uu
diém cia cia cdc tap mo tryc cam va cdc tdgp mo- dugc két hop véi nhau trong
phwong phdp dé xudt dé khdc phuc mot s6 han ché ciia phwong phdp FCM
trong viéc xir Iy dit liéu khéng chdc chdn hodc do dw cing nhuw giai quyét tinh
mo. Cdc két qud thuc nghiém cho thay thudt todn dugc dé xudt tot hon so voi
cdc thudt todn phan cum mo truyén thong.

Twr khoa: Tap mo, Tap mo truc cam, Truc cam, Phan cym C-means mo, Tryc cam dua trén Entropy.
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