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Abstract 
 

Data clustering method is a process of putting 

similar data into groups. A clustering method 

partitions a data set into several groups such that 

the similarity within a group is larger than among 

groups. It has been playing an important role in 

solving many problems in image processing and 

pattern recognition. In this paper, a new method 

called hybrid clustering method is obtained by the 

most representative clustering methods, and 

considered by a new validity measure. We define Y 

as a clustering validity function which measures to 

selecting optimal number of clusters using the 

measurement value of Y, which is coverage area. It 

is compared with conventional validity functions, 

partition coefficient PC and compactness and 

separation validity function G in several data sets. 

 

1. Introduction 
 

Data clustering is grouping of objects into 

homogenous groups based on same object features; 

and it is considered an interesting approach for 

finding similarities in data and putting similar data 

into groups. This approach is an important for 

image processing; remote sensing, data mining, 

and pattern recognition. Generally speaking, 

clustering is one method to find most similar 

groups from given data, which means that data 

belonging to one cluster are the most similar; and 

data belonging to different cluster are the most 

dissimilar. In the literature, researchers have 

proposed many solutions for this issue based on 

different theories, and many surveys focused on 

special types of clustering algorithm have been 

presented [1], [2], [3], [4], [5]. 

Clustering algorithms are used not only to 

categorize data, but are also useful for data 

compression and model construction. By finding 

similarities, similar data can be represented with 

fewer symbols. Also, if we can find groups of data, 

we can build a solution based on those groupings. 

In this paper, the most representative clustering 

techniques are reviewed; and by improving of 

existing clustering techniques and combining by 

hard clustering and subtractive clustering, we 

propose a new hybrid approach. This method is 

called “hybrid clustering method” and it is the 

subject of this paper. 

The number of clusters in data is related to 

cluster validity problem which is how well it has 

identify the structure that is present in the data. 

Several validity functions such as partition 

coefficient [6], classification entropy [6], 

proportion exponent [6], [7], csc index [8] and so 

on, have been used for measuring validity 

mathematically. The common approach to find 

optimal number of clusters in data is to record the 

value of validity functional as a function of c and 

choose as optimum the number of clusters for 

which large change occurs in the values. 

Therefore, it requires human interpretation and 

subjective analysis of what is to be considered a 

large change in the values. For improving hybrid 

clustering method, we define Y as validity function 

which measures optimal coverage area of clusters 

and propose a new fuzzification method which is 

the independent on human interpretation by using 

Y function.  

 

2. Data Clustering Overview 
 

In this section, a detailed discussion of each 

technique is investigated. Hard clustering, which is 

also called K-means clustering, is an algorithm 

based on finding data clusters in a data set such 

that the cost function of dissimilarity measure 

minimized. In most cases this dissimilarity 

measure is chosen as the Euclidean distance [6], 

[9]. 

A set of n vectors xj are to be partitioned into c 

groups Gi (where i=1,…,c and j=1,…,n). The cost 

function, based on the Euclidean distance between a 

vector xk in group j and the corresponding cluster 

center ic , can be defined by: 
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where Ji is the cost function within group i. The 

partitioned groups are defined by a nc×  binary 

membership matrix U, where the element iju is 1 if 

the jth data point xj belongs to group i, and 0 

otherwise. Once the cluster centers ic  are fixed, 

the minimizing iju  for (Eq. 1) can be derived as 

follows: 
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This means that xj belongs to group i if ci is the 

closest center among all centers. On the other hand, 

if the membership matrix is fixed, i.e. if iju is fixed, 

then the optimal center ci that minimizes (Eq. 1) is 

the mean of all vectors in group i: 
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where iG  is the size of iG  , or ∑ =
=

n

j iji uG
1

. 

The method determines the cluster centers ci 

and the membership matrix U iteratively. The 

performance of the K-means algorithm depends on 

the initial positions of the cluster centers, thus it is 

advisable to run the algorithm several times, each 

with a different set of initial cluster centers [3]. 

        Fuzzy C-means clustering relies on the basic 

idea of K-means clustering. But, each data point 

belongs to a cluster with a degree of membership 

while in K-means every data point either belongs to 

a certain cluster or not. So fuzzy clustering employs 

fuzzy partitioning such that a given data point can 

belong to several groups with the degrees of 

membership between 0 and 1. However, Fuzzy 

clustering also uses a cost function. In this method, 

the membership matrix U is allowed to have 

elements with values between 0 and 1. Thus the 

summation of degrees of membership of a data 

point to all clusters is always equal to 1 [3], [6], [7]: 
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       The cost function for FCM is a generalization 

of (Eq. 1): 
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where iju is between 0 and 1; ci is the cluster center 

of fuzzy group i; jiij xcd −=  is the Euclidean 

distance between the ith cluster center and the jth 

data point; and [ ]∞∈ ,1m  is a weighting exponent. 

The necessary conditions for (Eq. 5) to reach its 

minimum are 
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The algorithm works iteratively through the 

preceding two conditions until the no more 

improvement is noticed. As in HCM, the 

performance of FCM depends on the initial 

membership matrix values. Thereby it is advisable 

to run the algorithm for several times with different 

values of membership degrees of data points [3]. 

Subtractive clustering method is based on a 

measure of the density of data points in the feature 

space [1]. The idea is to find regions in the feature 

space with high densities of data points. The point 

with the highest number of neighbours is selected 

as center for a cluster. Since each data point xi is a 

candidate for cluster center, a density measure for 

first cluster center 1c  is defined as 
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where ar  is a positive constant representing a 

neighbourhood radius. Hence, a data point will have 

a high density value if it has many neighbouring 

data points. The first cluster center xc1 is selected as 

the point having the largest density value Dc1. Next, 

the density measure of each data point xi is revised 

as follows: 
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where br  is a positive constant which defines a 

neighbourhood having measurable reductions in 

density measure. Therefore, the data points near the 

first cluster center xc1 will have significantly 

reduced density measure. After revising the density 

function given by (Eq. 9), the next cluster center is 

chosen as the point having the greatest density 

value. This process continues until a sufficient 

number of clusters are attained [6].  

The cluster validity functions which have been 

used as a measure of the quality of clustering are as 

follows [6], [10]. 

 

•   Partition Coefficient ( PC ): 
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•  Compactness and separation validity function 
(G): 
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The compactness and separation validity function is 

defined as the ratio of separation index D to the 

compactness index C, i.e., CDG /= . 

 

3. Hybrid Clustering Method 
 

In general clustering techniques, according to 

the dimension of data and the number of clusters, 

desired result may not be reached for many 

applications. In hard clustering, if the number of 

clusters is sufficient, then this algorithm can obtain 

optimum result, otherwise can not. Thus, optimum 

result is related to the algorithm’s truth, directly. 

Cluster centers detected by algorithms are fault 

when the number of clusters is given incomplete or 

excess.  

Hybrid clustering method offered by this study 

is a new approach to finding the number of clusters 

and allowing being reduced computation times, 

significantly. This new approach uses both of K-

means and Subtractive clustering methods. First, it 

is started by using Subtractive clustering to detect 

the initial cluster center points for K-means. Next, 

K-means method detects certain cluster centers by 

using them.  

Hybrid clustering method also uses the cost 

function. However, the problem of detecting 

optimum number of clusters in the others is 

removed by this new approach. While the 

performance of common clustering methods 

depends on the initial membership matrix values 

and the number of clusters; it removes this problem. 

Thus, we propose an approach to select optimal 

number of clusters. When cn  is equal to 1 it is used 

(Eq. 8) and otherwise (Eq. 9), where cn  is the 

number of iterations used for hybrid clustering; and 

when 1−= ii cc  is provided then the computation is 

stopped and done 1−= inc . The final of obtained 

value is the number of clusters. 

The cost function J and the membership matrix 

U are computed according to (Eq. 1 and 2), 

respectively. If the cost function J is below a certain 

tolerance value, iteration is stopped; and the cluster 

centers are updated according to (Eq. 3).  

Distances among cluster centers are computed 

then minimum (R1) and maximum (R2) values 

detected by using Euclidean distance, and R is the 

coverage area described in (Eq. 13). Each data point 

belongs to all cluster centers with the ratio of 

distances from each cluster centers. Thus, a new 

membership matrix U is calculated by using (Eq. 

10). But, it is supposed that a data point which is 

more distant from any cluster center than R2 value 

is affected by a lost cluster center. Therefore, R2 

must be taken account of (Eq. 14 and Eq. 15). 
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This approach determines the cluster centers ci and 

the membership matrix U using the following steps: 

 

Step1. Normalize the data points. 

Step2. Calculate the density measure of each data 

point according to (Eq. 8 and 9). 

Step3. Select as ncth cluster center the point having 

the largest density value, and continue until 

the number of clusters nc is detected. 

Step4. Initialize the cluster centers with computed 

in Step 3. 

Step5. Compute the hard membership matrix U 

using by (Eq. 2). 

Step6. Calculate the cost function according to (Eq. 

1). Go to step 8 if it is below a threshold 

value. 

Step7. Update the cluster centers according to (Eq. 

3). Go to Step 5. 

Step8. Determine the fuzzy membership matrix U 

using by (Eq. 15). 

 

4. �umeric Examples 
 

To show the validity of the proposed method, 

we prepare data sets, iris data and blood pressure 

data.  For this experiment, we examine K-means, 

subtractive clustering and hybrid clustering 

methods by adding validity measures. We compare 

our approach with validity strategies which find 

optimal number of clusters using PC, G and R 

defined as (Eq. 10, 11 and 14), respectively.  

Figure 1 shows subtractive clustering method 

for different number of clustering. Whereas, Figure 

4 shows hybrid clustering techniques finding 

optimum number of clusters and detecting cluster 

centers without very long calculation times. 



 

 
Figure1. Subtractive Clustering Method for  

                      blood pressure data set 

  

 
Figure 2. Hybrid Clustering Method for  

                 blood pressure data set 

 

According to the result of numeric examples, it 

is clear from the results that choosing nc small or 

big are resulted in poor accuracy, whereas hybrid 

approach offered in this paper results the highest 

accuracy. 

        Example 1. Anderson Iris Data set [10] 

consists of 150 four dimensional vectors. This data 

set has often been used as a standard for testing 

clustering algorithms and validity function [6], [11]. 

Result for this data set is summarized in Table 2, 

and it shows the optimal number of clusters using 

PC is 2 whereas using PC and R is 3, which is equal 

to the already known optimal number. When the 

number of clusters is 2, R1 is equal to R2 , so this 

situation is not taken into account. 

 

Table 1. Measurement values for the iris data 

C PC G R 

c=4 0.46 1.42 0.22 

c=3 0.57 1.78 * 0.43 * 

c=2 0.69 * 1.69 - 

 

        Example 2. Blood pressure data set [10] 

consists of 53 two dimensional vectors that have 

three clusters. This data set has often been used as a 

standard for testing clustering algorithms and 

validity function [6], [11]. Result for this data set is 

summarized in Table 3. It shows the optimal 

number of clusters using G is 2, whereas using PC 

and R is 3 which is equal to the already known 

optimal number. 

 

Table 2. Measurement values for the blood pressure 

data 

C PC G R 

c=6 0.33 0.84 0.26 

c=4 0.43 0.95 * 0.33 

c=3 0.47 * 0.84 0.47 * 

 

Table 3 shows the cluster centers obtained by hard 

clustering, fuzzy clustering, subtractive clustering 

techniques and a new hybrid approach. 

 

Table 3. The cluster centers obtained by those 

methods 

 

5. Conclusion 
 

The issue of validity for fuzzy clustering has 

been neglected with few notable exceptions. 

However, if cluster analysis is to make a 

significant contribution to engineering   

applications, much more attention must be paid to 

fundamental questions of optimal number of 

clusters. Hybrid clustering method offered by this 

study is a new approach to finding the number of 

clusters and allowing being reduced computation 

times, significantly. This new approach uses both 

of K-means and Subtractive clustering methods. 

In this paper, we have defined R as a clustering 

validity criterion. It measures the overall coverage 

area of all clusters. Moreover we have proposed a 

new approach to selecting optimal number of 

clusters combined with K-means and subtractive 

clustering methods. We have tested this approach 

on the two data sets. Compared with the validity 

 Hard Clustering Fuzzy Clustering 

 

Log of 

dose 

Blood 

pressure 

Log of 

dose 

Blood 

pressure 

Cluster1 2.46 74.33 2.36 69 

Cluster2 1.71 66 2.04 68 

Cluster3 2.05 61.44 1.72 59 

 Subtractive Clust. Hybrid Clustering 

 

Log of 

dose 

Blood 

pressure 

Log of 

dose 

Blood 

pressure 

Cluster1 1.9 67 1.91 68.43 

Cluster2 2.7 73 2.46 74.33 

Cluster3 1.81 52 1.78 58.33 



strategies using PC and G, we have noted that the 

proposed approach produce more valid result.  
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