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Abstract: Performance testing of an algorithm is necessary to ascertain its
applicability in real data and to evolve software. Clustering of a data set could be
either fuzzy (having vague boundaries among the clusters) or crisp (having well-
defined fixed boundaries) in nature. The present work is focused on the
performance measure of some similarity-based fuzzy clustering algorithms,
where three methods and each method having three different approaches are
developed. In the first method, cluster centers are decided based on the minimum
of entropy (probability) values of different data points [10]. In the second
method, cluster centers are selected based on the maximum of total similarity
values of data points and in the third method, a ratio of dissimilarity to similarity
is considered to determine the cluster centers. Performances of these methods
and approaches are compared on three standard data sets, such as IRIS, WINES,
and OLITOS. Experimental results show that entropy-based method is able to
generate better quality clusters but at the cost of little more computations.
Finally, the best sets of clusters are mapped to 2-D using a self-organizing map
(SOM) for visualization.
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1. Introduction

Performance assessment of an algorithm is one of the key steps in the development of
successful software. Clustering algorithms remain useful for mining necessary
information from a multi-dimensional data set. Clustering methods are able to partition a
data set into a number of subsets and in a particular sub-set, the elements are similar to
each other. Moreover, the elements of a cluster are dissimilar from those of another
cluster. Clustering algorithms are able to deal with data involving various types of
variables, such as continuous variables, binary variables, nominal variable (a
generalization of binary variable), ordinal variable (order of data is the most important
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criterion) and mixed variables. Due to the above merits, clustering remains an enticing
and emerging area of data mining research.

Clustering algorithms are basically classified into two groups, namely hard clustering
algorithms and soft clustering algorithms. Hard clustering algorithms can determine crisp
or fixed boundaries among the clusters, whereas soft clustering algorithms are able to
generate vague boundaries among the clusters. Hard clustering algorithms include hard C-
means clustering, k-means clustering, hierarchical clustering, and others. On the other
hand, fuzzy C-means or ISODATA algorithm, fuzzy K-nearest neighborhood algorithm,
probabilistic clustering algorithm, and others come under the umbrella of soft clustering
algorithms. The present paper focuses only on the similarity-based fuzzy clustering
algorithms.

Fuzzy clustering aims to yield fuzzy partition instead of crisp partition, where the
relationships among the data points are fuzzy in nature [1]. There are several methods of
fuzzy clustering [2-5], out of which, fuzzy C-means clustering (FCM) is the most popular
one [6]. FCM is an iterative approach, where a data point is a member of each of the pre-
determined number of clusters with the corresponding membership values. It has already
been applied in medical fields [7]. Moreover, Yager and Filev [8] proposed mountain
method, where the potential of each data point is determined based on its distance from
other data points. In Chiu’s modification [9] of the mountain method, data points having
more affinity among each other are assumed to have high potential and vice versa. The
data point having the highest potential is selected as the first cluster center. After getting
the first cluster center, other cluster centers are determined from the remaining data points
iteratively. Both the mountain method as well as Chiu’s modification of it, are
computationally extensive, as each time the remaining data points are taken into account
to find out the center of the corresponding cluster. In place of potential measurement for
fuzzy clustering, Yao et al.[10] suggested an entropy measurement. Entropy of a data
point indicates its chance of being selected as a cluster center. The present work starts
with the work of Yao et al. [10], and it is further extended to get better clusters. Moreover,
two other methods are developed for determining cluster centers. Thus, we have
developed three methods and each method has three different approaches. Comparisons of
these method-approach combinations are made, while doing clustering on three different
data sets. Moreover, higher dimensional clustered data are mapped into 2-D for
visualization.

The rest of the text is organized as follows. Section 2 presents an overview of the
work done by Yao et al.[10]. In Section 3, the proposed extensions of Yao et al.[10]’s
work are discussed. Results of different methods are stated and discussed in Section 4.
Some concluding remarks are made in Section 5.

Notation

C Number of valid clusters
Dij Euclidean distance between two data points i and j

_

D Mean distance
DSRi Dissimilarity to similarity ratio for ithdata
DF Discrepancy factor
Ei Entropy of ith -point
M Dimension of the data points
N No. of data points
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OL Outlier
P No. of experiments
Sij Similarity between two data points i and j
Si Total similarity of ith point
t User time in seconds
tav Average user time
[T] Hyperspace
 Numeric constant
 Similarity threshold

2. An Overview of Yao et al. [10]’s Work

The principle of entropy-based fuzzy clustering (EFC) proposed by Yao et al. [10] is
explained as follows:

Let us consider N data points in M dimensional [T] hyperspace, where each data
point Xi (i =1, 2, 3, 4,…, N) is represented by a set of M values (i.e., Xi1, Xi2,…XiM).

The Euclidean distance between any two data points (e.g., i and j) is calculated as follows,





M

K
jkikij XXD

1

2)( (1)

There is a maximum of 2N distance values among N data points and out of which

2CN distances belong to Dij (where i<j) and Dji each. Moreover, there are N diagonal
values, which are equal to zero (where i=j). Similarity between any two points (i.e., i and
j) may be determined like the following,

ijD
ij eS  , (2)

where αis a numerical constant. Thus, similarity value between any two points lies in
the range of 0.0 to 1.0. The value of αis calculated based on the assumption that the
similarity value Sij is set equal to 0.5, when the distance between two data points (i.e.,

ijD ) becomes equal to the mean distance D . Now, from equation (2), αcan be

calculated as follows:

D
5.0ln

 . (3)

Now, entropy (Ei) of each data point with respect to other data points is calculated
using the following expression:







ij

xj
ijijijiji SSSSE ))1(log)1(log( 22 (4)

During clustering, the data point having the minimum entropy value is selected as the
cluster center. The clustering algorithm is discussed below.
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2.1 Clustering Algorithm

The clustering algorithm consists of the following steps:

1. Calculate Ei (i =1, 2, 3, 4,…, N) for each iX lying in [T],
2. Determine minimum Ei and select Xi, min as the 1st cluster center,
3. Put Xi, min and the data points having similarity with Xi, min greater than β

(threshold value for similarity) in a cluster and remove them from [T].
4. Check whether [T] hyperspace is empty. If yes, terminate the program, else go to

step 2.

In the above algorithm, Ei has been calculated in such a way that a data point, which
is far away from the rest of the data points, may also be selected as a cluster center. To
overcome this, another parameter called (in %) is introduced, which is nothing but a
threshold used to declare a cluster to be a valid one. If the number of data points present in
a cluster becomes greater than or equal to N/100, we declare it as a valid cluster.
Otherwise, these data points will be treated as outliers.

3. Proposed Extensions of Yao et al. [10]’s Work

Yao et al.[10] proposed an entropy-based method (say, Method 1), in which entropy
values of the data points are calculated only once and these are not updated after a cluster
is formed. Thus, entropy values are not recalculated for the remaining data points, which
are not yet included in the clusters. Moreover, the constant α(refer to equation (3)) is
determined only once. Thus, in their approach, they considered the fixed values of α(used
to calculate similarity) and entropy and we call it Approach 1 .

To extend their work, two other approaches (Approaches 2 and 3) are developed. In
Approach 2, entropy values are calculated only once but the similarity values are updated
iteratively using the remaining data points in [T], after some clusters are formed. In
Approach 3, both the entropy as well as similarity values are updated iteratively from the
leftover points in [T], after a particular cluster is determined.

In the present work, not only the above two approaches are proposed, but also two
other methods (e.g., Method 2 and Method 3) are suggested to determine the cluster
centers, which are discussed below.

Method 2: Determination of cluster centers based on total similarity of the data points. It
is developed based on the philosophy that a data point having the maximum (total)
similarity with other data points may be selected as a cluster center. Total similarity of a
data point is calculated as follows.







ij

xj
iji SS (5)

The similar idea might be used indirectly in Method 1 also, for determining the cluster
center. But, in this method, this philosophy has been explicitly used. All the three
approaches have been developed as discussed above. As a simpler expression (refer to
equation (5)) is used in this method, compared to that in Method 1 (i.e., equation (4)), it is
expected to be faster than Method 1.
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Method 3: Determination of cluster centers based on dissimilarity-similarity ratio (DSR).

In this method, a ratio of dissimilarity to similarity is calculated for each data point by
considering its similarity with all other points by using the following expression.
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)S(1
DSR (6)

The point having the minimum DSR is selected as the cluster center. As it is a simple
expression, it avoids a lot of computation involved in equation (4). Thus, this method also
is expected to be computationally faster than Method 1. All the three approaches as
discussed above have been developed in this method.

In the present work, the performances of these method-approach combinations are
compared among themselves, on three standard data sets. Moreover, the obtained clusters
are mapped to 2-D for visualization by using a self-organizing map (SOM) [11].
4. Results and Discussion

The performances of the above method-approach combinations are compared on three
standard data sets, such as IRIS [12], WINES [13] and OLITOS [14], having the
dimension (1503), (1783) and (1204), respectively. Both the IRIS as well as WINES
data sets are ideally clustered into three groups. IRIS data set contains 150 data, whose
first 50 elements belong to iris setosa, the next 50 elements come under iris versicolour
and the last 50 data are denoted as iris verginica. IN WINES data set, there are 178
elements, out of which the first 59 data are under the first cluster, the next 71 data belong
to second cluster and the last 48 data are grouped under third cluster. On the other hand,
OLITOS data set consisting of 120 data, are distributed in four groups. We tested the
performances of three methods (each having three approaches) by checking whether the
obtained clusters match perfectly with ideal clusters (already known). As the performance
of a clustering algorithm depends on the threshold value of similarity β, experiments are
carried out for all the method-approach combinations by varying β. It is observed that the
number of clusters increases with βat first and then suddenly drops with a further increase
in βvalues, as obvious. Results of three methods and approaches of clustering on the
mentioned three data sets are stated and discussed below.

4.1. Clustering on IRIS data

While doing experiment on IRIS data by using Approach 1 of Method 1, almost similar
clusters are obtained for different βvalues, as reported by Yao et al. [10]. Table 1 shows
the best set of clusters obtained by a particular combination of method and approach, for
the above standard data sets. The obtained clusters are compared with the known ideal
clusters for these data sets, to determine a discrepancy factor DF, which is expressed as
follows.








  


sclusterofnomax

1i
ii OL)BA(

2
1DF , (7)

where Ai indicates the number of wrong elements included in ith cluster, Bi denotes
the number of right elements missed by ith cluster and OL represents the number of
outliers.

Therefore, for an ideal set of clusters, DF becomes equal to zero. It is important to
note that the best set of clusters for IRIS data has been generated by Approach 1 of
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Method 3, corresponding to a β-value of 0.675 and the DF is found to be equal to 18 (refer
to Table 1). This set of clusters is mapped into 2-D, for the purpose of visualization by
utilizing the SOM (refer to Fig. 1).

4.2. Clustering on WINES data

For WINES data, the best set of clusters is yielded by Approach 3 of Method 1 (refer to
Table 1) and DF comes out to be equal to 54.5. Approach 3 seems to be a more practical
one, as both the entropy as well as similarity values of the data points, which have not yet
entered into the clusters, are updated after one set of cluster is formed. The above-
mentioned best set of clustered data is mapped to 2-D for visualization (refer to Fig. 2).

4.3. Clustering on OLITOS data

For OLITOS data set, Approach 1 of Method 1 determines the best set of clustered data
(having the DF value equals to 59). Table 1 shows the above best set of clusters.

Table 1: Best sets of clusters on IRIS, WINES and OLITOS Data Sets.

IRIS WINES OLITOS

 = 0.675

00 00 50

50 00 00

09 32 00

OL = 09 , DF = 18

 = 0.575

57 00 00

34 02 23

00 44 00

OL = 18, DF = 54.5

 = 0.3875

10 03 05 32

01 02 04 18

04 20 07 03

05 03 01 02

OL = 0, DF = 59

Fig. 3 shows 2-D mapping of the best set of clustered data as achieved by the SOM. It
is important to note that all the four different clusters of multi-dimensional data are clearly
identified in 2-D. It happens due to the fact that SOM is a topology-preserving mapping
tool.

Fig. 1: SOM-based 2-D mapping of the best set of clusters (obtained by
approach 1 of Method 3) on IRIS data.
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Fig. 2: SOM-based 2-D mapping of the best set of clusters (obtained by
Approach 3 of Method 1) on WINES data.

Fig. 3: SOM-based 2-D mapping of the best set of clusters (obtained by
Approach 1 of Method 1) on OLITOS data.

In our experiments, we have found that for IRIS data, Method 3 shows the best
overall performance, followed by Method 1 and Method 2. For WINES data, Method 1
gives the best overall performance, followed by Method 2 and Method 3. For OLITOS
data, Method 1 and Method 2 show the best and worst performance, respectively. Thus,
both Method 1 and Method 3 have proved their supremacy over Method 2.
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While comparing the performances of different approaches for generating clusters on
the above data sets, the following observations are made. In case of IRIS data, Approach 1
(of Method 1) has got the best set of clusters and in general, both Approaches 1 and 3
have performed better than Approach 2. For WINES data, Approach 3 of Method 1 has
shown the best clustering. Once again, both Approaches 1 and 3 have maintained their
supremacy over Approach 2. In case of OLITOS data, the best set of cluster is found to
obtain, using Approach 1 of Method 1. But, considering the average performance of
different approaches (on three methods), both 1 and 3 are seen to perform better than
Approach 2. From the above observation, it may be concluded that Approach 3 has shown
overall more consistent results compared to two other approaches on all three data sets. It
is obvious because Approach 3, in which both entropy as well as similarity values are
updated iteratively, is a more practical approach.

4.4 Comparisons in terms of computational time

Computational time of the above method-approach combinations is determined on the
above three data sets, on a P-IV PC.

Fig. 4 shows the comparisons of different method-approach combinations, in terms of
user time (CPU) values, while carrying out clustering on three data sets having
dimensions of (1503), (1204) and (1783). It is interesting to note that Approach 3 of
Method 1 is found to be the slowest of all. On the other hand, Approach 1 of Method 2 is
found to be the slowest of all, except for the data set having size of (1204), i.e., OLITOS.
Except for a few combinations, the user time values are found to increase with the data
size, in general. But, the reverse trends have been noticed in Approaches 2 and 3 of
Method 1, Approach 2 of Method 2 and Approach 3 of Method 3 and it could be due to
the fact that computational time depends on not only the size but also the type of the data.
From the above observations, we can conclude that the computational time of Method 2 is
the least, as it involves a less amount of computation compared to other methods. Method
1 is found to take the maximum CPU time, as it deals with more arithmetic operations
involving some logarithmic terms also. As far as the approaches are concerned, the
computational time is found to be the least in Approach 1, as the similarity and entropy
values are calculated only once, whereas Approach 3 takes the maximum computational
time, as it involves more computations to update the similarity and entropy values
iteratively.

5. Conclusions

Performance studies in terms of the quality of the clusters made and computational time
have been carried out, to determine the most appropriate method-approach combination.
From the above study, conclusions have been drawn as follows:

 Performances of the clustering methods and their different approaches are data-
dependent, as obvious.

 Considering overall clustering performance on all the data sets, Method 2 is
found to be the worst of all.

 Approach 2 is seen to be the worst of all approaches, in terms of the quality of
the clusters made.

 Approach 3 is a more practical one, as both entropy and similarity values are
updated iteratively, after one cluster is formed.

 Method 1 and Method 2 are found to be the slowest and the fastest of all,
respectively, in terms of CPU time.
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Fig. 4: User-time (seconds) Calculated on IRIS, WINES and OLITOS Data.

 Approach 3 is a little bit more expensive computationally compared to other two
approaches and Approach 1 is seen to be the fastest of all.

 Approach 1 of Method 2 will be the fastest of all, but its performance is not up to
the mark.

 Approach 3 of Method 1 will be the most practical approach, but at the cost of a
little bit more computation (in fact, it is the slowest of all methods and their
approaches)

In the present work, an attempt is made to study the performances of three
similarity-based clustering methods and each having three different approaches. Fuzzy
reasoning algorithms will be developed in future from the best set of clusters thus
obtained.

References

[1]. Klir, G. J., and B. Yuan, Fuzzy Sets and Fuzzy Logic: Theory and Applications,
Prentice-Hall, Englewood Cliffs, NJ, 1995.

[2]. Yuan, B., G. J. Klir and J. F. Swan-Stone, Evolutionary Fuzzy C-means Clustering
Algorithm”, Proc. FUZZY-IEEE, pp. 2221-2226, 1995.



S. Chattopadhyay, D. K. Pratihar and S. C. De Sarkar200

[3]. Kamei, K., D. M. Auslander and K. Inoue, A Fuzzy Clustering Method for
Multidimensional Parameter Selection in System with Uncertain Parameters, Proc.
FUZZY-IEEE, pp. 355-362, 1992.

[4]. Choe, H., and J. B. Jordan, On the Optimal Choice of Parameters in a Fuzzy C-
means Algorithm, Proc. FUZZY-IEEE, pp. 349-354, 1992.

[5]. Cheng T. W., D. B. Goldgof and L. O. Hall, Fast Clustering with Application to
Fuzzy Rule Generation, Proc. FUZZY-IEEE, pp. 2289-2295, 1995.

[6]. Bezdek, J. C., Cluster Validity with Fuzzy Sets, Journal of Cybernetics, pp. 58-71,
1974.

[7]. Berks, G., D. G. V. Keyserlingk, J. Jantzen, M. Dotoli and H. Axer, Fuzzy
Clustering - a Versatile Means to Explore Medical Databases, Proc. ESIT, Aachen,
Germany, 2000.

[8]. Yager, R. R., and D. P. Filev, Generation of Fuzzy Rules by Mountain Clustering,
Journal of Intelligent and. Fuzzy Systems, Vol. 2, pp. 209-219, 1994.

[9]. Chiu, S. L., Fuzzy Model Identification based on Cluster Estimation, Journal of
Intelligent and Fuzzy Systems , Vol. 2, pp. 267-278, 1994.

[10]. Yao, J., M. Dash, S. T. Tan and H. Liu, Entropy-based Fuzzy Clustering and Fuzzy
Modeling, Fuzzy Sets and Systems, Vol. 113, pp. 381-388, 2000.

[11]. Kohonen, T., Self-Organizing Maps, Springer-Verlag, Heidelberg, Germany, 1995.
[12]. Fisher, A., Annals of Eugenics, Vol. 7, pp. 179-188, 1936.
[13]. Forina, M., C. Armanino, M. Castino and M. Ubigli, Vitis, Vol. 25, pp. 189, 1986.
[14]. Armanino, C., R. Leardi, S. Lanteri and G. Modi, Chemometrics and Intelligent

Laboratory System, Vol. 5, pp. 343-354, 1989.

Subhagata Chattopadhyay received his MBBS and postgraduate diploma in gynecology
and obstetrics in the year 1991 and 1996 from Medical College, Calcutta, under
University of Calcutta, India. He obtained his masters in Bioinformatics from Sikkim
Manipal University, India in 2004. Presently he is attached to B. C. Roy Technology
Hospital, Indian Institute of Technology, Kharagpur, India and is pursuing doctoral
research in School of Information Technology, Indian Institute of Technology, Kharagpur.
His area of interest is medical data mining and knowledge discovery.

Dilip Kumar Pratihar received his B.E. (Hons.) and M.Tech. in Mechanical Engineering
from National Institute of Technology, Durgapur, India, in the year 1988 and 1994,
respectively and Ph.D. from Indian Institute of Technology, Kanpur, India, in the year
2000. He is working, at present, as Associate Professor, in the Department of Mechanical
Engineering, IIT Kharagpur, India. His research areas include soft computing, robotics
and manufacturing science. He has published around 60 papers in different journals and
conference proceedings. His email address is: dkpra@mech.iitkgp.ernet.in

S. C. De Sarkar obtained his M. Tech. and Ph.D. degrees from University of Calcutta,
India. In 1971, he joined University of Calcutta as Lecturer. In 1977, he moved to Indian
Institute of Technology, Kharagpur, India as a faculty member, where he continued up to
Feb’2006. He served the Institute in Electronics and Electrical Communication
Engineering Department, Department of Computer Science. He also served as Head of the
Department of Computer Informatics Center, Computer Science and Engineering and
founder Head of School of Information Technology and finally as the Deputy Director of
the Institute. He has joined Kalinga Institute of Industrial Technology – Deemed
University, Bhubaneswar, India, as the Vice-Chancellor. His areas of interest include
artificial intelligence and expert systems, algorithm and compiler design.

mailto:dkpra@mech.iitkgp.ernet.in

