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ABSTRACT Cluster analysis aims at identifying groups of similar objects, and helps to discover distribution of patterns and 
interesting correlations in large data sets. A common approach for evaluation of clustering results is to use validity 

indices. Clustering validity approaches can use three criteria: External criteria (evaluate the result with respect to a pre-specified structure), 
internal criteria (evaluate the result with respect to information intrinsic to the data alone), Relative criteria (evaluate the result by compar-
ing it with result obtained through other clustering algorithm). Different types of indices are used to solve different types of problems and 
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validity indexes. Results obtained in this study indicate that internal indexes are more accurate in group determining in a given clustering 
structure. Five internal indexes were used in this study: PC, PE, MPC, FS, XB and Three external indexes (F-measure, Entropy, and Purity). 
The clusters that were used were obtained through Fuzzy c means clustering algorithm. 
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I.INTRODUCTION 
 

Clustering is one of the most useful tasks in data 
mining process for discovering groups and identifying 
interesting distributions and patterns in the underlying 
data. Clustering problem is about partitioning a given 
data set into groups (clusters) such that the data points 
in a cluster are more similar to each other than points 
in different clusters (Guha et al., 1998).For example, 
consider a super market database records containing 
items purchased by customers. A clustering procedure 
could group the customers in such a way that 
customers with similar buying patterns are in the same 
cluster. The conventional (hard) Clustering methods 
restrict each point of the data set to exactly one cluster. 
Since Zadeh [13] proposed fuzzy sets that produced 
the idea of partial membership of belonging described 
by a membership function. Hence In fuzzy clustering 
data point belongs to more than one cluster with 
different degree of membership values range in the 
interval [ 0,1].The most popular and commonly used 
fuzzy clustering algorithm  is fuzzy-c-means clustering 
algorithm. Once the partition is obtained by a clustering 
method, the validity Index can help us to validate 
whether it accurately presents the data structure or not. 
This is called cluster validity. Indices of cluster validity 
can be divided into two categories: external and 
internal. External validity indices measure how well the 
clustering results match with the prior knowledge of the 
data. Internal validity indices measure the clustering 

results based on the information available in the 
dataset. In this paper we present the comparative 
study of these two approaches.  

The rest of the paper is organized as follows: 
section 2 presents Fuzzy C Means Clustering 
Algorithm. Section 3 offers a various internal and 
external validity indices. Section 4 presents the study 
comparative; results obtained and discuss some 
findings from these results. Finally, we conclude by 
briefly showing our contributions and further works.  
 

II. CLUSTERING ALGORITHM 
A. Fuzzy C Means Clustering Algorithm 

Main objective of fuzzy c-means algorithm is to 
minimize: 

2

1 1
i j

N C
m

m ij
i j

J u x c

 


                [1]    

 

where, 
           ||xi – vj||' is the Euclidean distance 

between ith data and  jth cluster center. Algorithmic 
steps for Fuzzy c-means clustering: 
 

Let  X = {x1, x2, x3 ..., xn} be the set of data 
points and V = {v1, v2, v3 ..., vc} be the set of centers. 

 
1) Randomly select ‘c’ cluster centers. 
2) Calculate the fuzzy membership 'µij' using: 
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3) Compute the fuzzy centers 'vj' using: 
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            4) Repeat step 2) and 3) until the minimum    'J' 
value is achieved or ||U (k+1) – U (k)|| < β.                             
 where,         
     β  is the termination criterion between [0, 1].  
      U = (µij)n*c’ is the fuzzy membership matrix.  
       ‘J’ is the objective function. 
        K is the iteration step 
 

III.ANALYSIS OF INDICES 
 

In this section, we offer an overview of internal 
and external validity indexes of fuzzy clustering that 
were used in our study. 

 
A. Internal Validity Indices 
 
 Partition Coefficient(PC) 

      Bezdek proposed in [8] the partition    
coefficient, which is defined as, 

 
                 PC=1

𝑁𝑁 ∑ ∑ 𝑢𝑢𝑢𝑢𝑢𝑢2𝑛𝑛𝑐𝑐
𝑖𝑖=1

𝑁𝑁
𝑖𝑖=1                    [4]   

      
The PC index indicates the average relative amount of 
membership sharing done between pairs of fuzzy 
subsets in U, by combining into a single number, the 
average contents of pairs of fuzzy algebraic products. 
The index values range in [1/c, 1], where c is the 
number of clusters. 
 
Partition Entropy(PE): 

  Bezdek proposed the partition entropy (PE) 
[8–10] was defined as, 
 PE=1

𝑁𝑁 ∑ ∑ 𝑢𝑢𝑢𝑢𝑢𝑢 log𝑎𝑎 𝑢𝑢𝑢𝑢𝑢𝑢𝑛𝑛𝑐𝑐
𝑖𝑖=1

𝑁𝑁
𝑖𝑖=1         [5] 

 
The PE index is a scalar measure of the amount of 
fuzziness in a given U. According to [10], the limitation 
of the PE can be attributed to its apparent monotonicity 
and to an extent, to the heuristic nature 

of the rationale underlying its formulation.  
 
Modified Partition Coefficient(MPC) 

Both PC and PE possess monotonic 
evolution tendency with c. Modification of the PC index 
proposed by Dave [11] can reduce the monotonic 
tendency and was define as 

 
        MPC=1- 𝑐𝑐

𝑐𝑐−1(1-PC)                        [6] 
 
 Fukuyama and Sugeno (FS) Index 

      A validity function proposed by 
Fukuyama and Sugeno (FS) [9] was defined by 

 
F=∑ ∑ 𝑢𝑢𝑖𝑖𝑖𝑖

𝑚𝑚𝑛𝑛
𝑗𝑗=1

𝑐𝑐
𝑖𝑖=1 ‖𝑥𝑥𝑗𝑗 − 𝑣𝑣𝑖𝑖‖2-∑ ∑ 𝑢𝑢𝑖𝑖𝑖𝑖
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𝑐𝑐
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                                                                               [7] 
       Where 𝑣̅𝑣=∑ 𝑣𝑣𝑖𝑖

𝑐𝑐
𝑖𝑖=1 /c 

 
The first term is Jm (u, v), which combines the 
fuzziness in U with the geometrical compactness of the 
representation of X via the c prototypes V. The second 
term, Km (u, v), combines the fuzziness in each row of 
U with the distance from the ith prototype to the grand 
mean of the data. 
 
.Xie-Beni Index (XB) 
     Xie and Beni proposed a validity function [10] 
and it is defined as 
                
                                ∑ ∑ 𝑢𝑢𝑖𝑖𝑖𝑖

2𝑛𝑛
𝑗𝑗=1

𝑐𝑐
𝑖𝑖=1 ‖𝑥𝑥𝑗𝑗 − 𝑣𝑣𝑖𝑖‖2 

                  XB = -------------------------------     [8]     
                    n x min i≠ 𝑗𝑗(‖𝑣𝑣𝑖𝑖 − 𝑣𝑣𝑗𝑗‖)   
This index XB focused on two properties: compactness 
and separation. In this equation, the numerator 
indicates the compactness of the fuzzy partition, while 
the denominator indicates the strength of the 
separation between clusters. 
  
B.External Validity Indices 
 
 F-measure 

It combines the precision and recall concepts 
from information retrieval. We then calculate the recall 
and precision of that cluster for each cluster as: 
          Recall (i,j)    = 𝑛𝑛𝑖𝑖𝑖𝑖

𝑛𝑛𝑖𝑖
                            [9] 

          Precision (i,j)= 𝑛𝑛𝑖𝑖𝑖𝑖
𝑛𝑛𝑗𝑗

                          [10] 

F-measure= 2* Recall(i,j) * Precision(i,j)  [11] 
                   Recall(i,j) +  Precision(i,j) 
 
Purity 

        Purity[14] is very similar to entropy. We 
calculate the purity of a set of clusters. First, we cancel 
the purity in each cluster. For each cluster, we have the 
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purity 𝑝𝑝 𝑗𝑗= 1
𝑛𝑛𝑗𝑗
𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖(𝑛𝑛𝑗𝑗𝑖𝑖)

 is the number of objects in j 

with class label i. In other words, Pj   is a fraction of the 
overall cluster size that the largest class of objects 
assigned to that cluster represents. The overall purity 
of the clustering solution is obtained as a weighted sum 
of the individual cluster purities and given as: 
                Purity=∑ 𝑛𝑛𝑗𝑗

𝑛𝑛
𝑚𝑚
𝑗𝑗=1 Pj                                  [12] 

Where nj is the size of cluster j, m is the number of 
clusters, and n is the total number of objects. 
 
Entropy 

Entropy[10] measures the purity of the clusters 
class labels. Thus, if all clusters consist of objects with 
only a single class label, the entropy is 0. However, as 
the class labels of objects in a cluster become more 
varied, the entropy increases. To compute the entropy 
of a dataset, we need to calculate the class distribution 
of the objects in each cluster as follows: 

       Entropy=∑ 𝑛𝑛𝑗𝑗
𝑛𝑛

𝑚𝑚
𝑗𝑗=1 Ej                        [13]   

Where nj is the size of cluster j, m is the number of 
clusters, and n is the total number of objects. 
 

IV.COMPARITIVE STUDY 
 

In this section, we show experimentally tested 
results using the Fuzzy C Means clustering algorithm. 
We used 8 synthetic data sets. These data sets were 
used by WeinaWanga, Yunjie Zhanga[12]. To find the 
best partition, we have used the Fuzzy C Means 
algorithm with its input parameters (K) ranging 
between 2 and 8. Table 1 presents a summary of the 
tests carried out in the datasets that were clustered 
with the FCM algorithm, using internal clustering 
validity indices; from there we can see that PC,XB 
indexes identified the correct number of groups in 7 of 
the trials, and FS index gave wrong results in datasets 
2, 4 and 7. Additionally, none of the indexes identified 
the correct number of clusters of the datasets 2 and 8. 
Table 2 presents a summary of the tests carried out in 
the datasets that were clustered with the FCM 
algorithm, using external cluster validity indexes; from 
where we can see that the F-measure index correctly 
identified the number of groups in all trials and Entropy 
only gave correct results in Dataset1,3. In conclusion, 
from these tests it can be said that internal validity 
indexes are more accurate in the identification of 
correct group numbers in clusters formed with the FCM 
algorithm.  
 
 

 
Fig.1.Data Set-1 

 
 

 

 
 

Fig.2.Data Set-2 
 
 
 

 
 

Fig.3.Data Set-3 
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Fig.4.Data Set-4 

 
 

Fig.5.Data Set-5 
 

 
 

Fig.6.Data Set-6 
 

 
 

Fig.7.Data Set-7 

 
 

Fig.5.Data Set-8 
 

Table 1. Overview of the results obtained with 
internal validity indexes applied to Fuzzy C Means 

Clustering algorithm. 
 

DataSet PC PE MPC FS XB 
 

Dataset-1 √ √ √ √ √ 
 

Dataset-2 √  √  √ 
 

Dataset-3 √ √  √ √ 
 

Dataset-4 √ √ √   
 

Dataset-5 √ √ √ √ √ 
 

Dataset-6 √   √ √ 
 

Dataset-7 √ √   √ 
 

Dataset-8  √ √ √ √ 
 

Total 
 

7 6 5 5 7 
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Table 2. Overview of the results obtained with 
external validity indexes applied to Fuzzy C 

Means clustering algorithm. 
 

DataSet F-Measure Purity Entropy 
 

Dataset-1 √ √ √ 
 

Dataset-2 √ √  
 

Dataset-3 √   
√ 

Dataset-4 √   
 

Dataset-5 √   
 

Dataset-6 √   
 

Dataset-7 √ √  
 

Dataset-8 √ √  
 

Total 
 

7 4 2 

 
 

VI. CONCLUSION  
 
This paper presents a comparison between two 
clustering validity index approaches, internal and 
external; carrying out analysis of three external indices 
and five internal indices. Here 8 datasets were used, 
which were clustered using FCM algorithm. Each 
dataset was clustered with different K values (K= 
1,….,8 groups). Out of 40 (8*5) cases where the results 
of the FCM algorithm using internal indices, correct 
group numbers were obtained 86% of the time, and in 
51.9% when external indices(8*4) were used. When 
clusters of the FCM algorithm were clustered using 
internal indices, 76.9% of accuracy was obtained; 
and61.5% with external indices. From which we can 
infer that, internal indices are more precise in real 
group number determination than external indices 
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