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Abstract: Data clustering is an important data exploration technique with many applications in data 
mining. k-means algorithm is well known for its efficiency in clustering large datasets. But basic k-
means method is insufficient to extract meaningful information because of the incredible growth of 
huge dimensional dataset and its output is very conscious to initial positions of cluster centers. In this 
article, basic k-means technique hybridized with principal component analysis, z-score standardization 
and cluster centre Initialization methods. The proposed method overcomes the drawbacks of the basic 
k-means method. Experimental analysis shows that the number of iterations is reduced and elapsed 
time is improved with proposed method when compared with the basic k-means clustering method and 
a simple bar chart measures the normality of the proposed method. 
 
Key words: data standardization, center initialization, cluster analysis, k-means algorithm, principal  
                    component analysis. 

 
INTRODUCTION 

 
The huge amount of data collected and stored in databases increases the need for effective analysis methods 

to use the information contained implicitly there. One of the primary data analysis tasks is cluster analysis, 
which helps the user to understand the natural grouping or structure in a dataset. Therefore, the development of 
improved clustering algorithms has been receiving much attention. The goal of a clustering algorithm is to group 
the objects of a database into a set of meaningful subclasses (Ankerst et al. 1998). 

Dataset are generally pre-processed via data integration, data cleaning, data transformation, data selection 
and make ready for the exploration process. The exploration of the dataset can be carried out with different 
kinds of databases and information repositories, though the type of pattern available are laid out in numerous 
data exploration capabilities such as concept/class, association, description, prediction, correlation analysis, 
classification and cluster analysis etc. 

Clustering is the process of partitioning or grouping a given set of patterns into disjoint clusters. This is 
done such that patterns in the same cluster are alike, and patterns belonging to two different clusters are 
different. Clustering has been a widely studied problem in a variety of application domains including data 
mining and knowledge discovery (Fayyad et al. 1996) 

Among clustering formulations that are based on minimizing a formal objective function, perhaps the most 

widely used and studied is k-means clustering. Given a set of n data points in real d-dimensional space, dR , 

and an integer k, the problem is to determine a set of k points in dR , called centers, so as to minimize the mean 
squared distance from each data point to its nearest center. Although the k-means method has a number of 
advantages over other data clustering techniques, it also has drawbacks; it converges often at a local optimum 
(Anderberg, 1973), the final result depends on the initial starting centers. 

The two relatively easy strategies for k-means clustering centre initialization are, either to decide on the 
initial values randomly, or to select the first k samples from the data items. Rather than, different set of initial 
figures are selected (from the data items) also any set, that is nearest to optimal, is selected. Then again, 
examining various initial set is recognized as impracticable criteria, particularly for a huge number of clusters 
(Ismail and Kamel, 1989). Thus, various techniques have been presented in literature by (Pena et al. 1999). Also 
the computational intricacy of the basic k-means method is very high, especially for huge datasets. Furthermore, 
the number of distance calculation increase due to the increases of the dimensionality of the dataset. Usually 
small number of dimension is relevant to certain clusters, although dataset in the insignificant dimension may 
possibly produce very much noise and conceal the real clusters to be discovered. However if dimension 
increases, the dataset normally turn out to be increasingly sparse, due to which data items positioned at various 
dimensions can be viewed as all equally distanced likewise the distance estimate, which, basically for clustering, 
turns into meaningless. For this reason, dimension reduction is an important data pre-processing task with regard 
to k-means clustering with huge amount of features. 

Dimension reduction is the transformation of huge dimension dataset into a significant representation of 
reduced dimensions correspond to the intrinsic dimensions of the dataset (Davy and Luz, 2007., Maaten et al. 
2007). It is categorized into two, the feature reduction and feature selection. The feature selection method is 
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obtaining a subset of the most representative features in accordance with some objective functions in discrete 
space; this method is always greedy. That is, at times they cannot discover the optimum solutions in the discrete 
space. The feature reduction method is extracting features through projecting the original huge dimension 
dataset to a lower dimension space via algebraic transformations. It is getting an optimum solution of a problem 
in a continuous space, but the computational intricacy is higher compared with feature selection method. 
Different feature reduction techniques were developed. In terms of reducing the reconstruction error principal 
component analysis is the most commonly utilized feature reduction technique. 

Generally, the basic k-means method does not work well for huge dimension dataset and the outcomes may 
not be very correct due to noise coupled with outliers associated with the original dataset. However the 
computational intricacies increase speedily as the dimension increase. Therefore to enhance its effectiveness, we 
proposed a technique to pre-process the original datasets and a novel technique of getting the initial center 
points to increase the performance of the basic technique. 

A number of efforts have been made by research workers to improve the performance of the basic k-means 
algorithm. Yeung and Ruzzo (2000) carried out an exploration on principal component analysis for clustering 
gene expression dataset. Chao and Chen (2005) proposed a technique for dimensions reduction for microarray 
data analysis employing Locally Linear Embedding. Alshalabi et al. (2006) designed an experiment to test the 
effect of different normalization methods on accuracy and simplicity. The experiment results suggested 
choosing the Z-score normalization as the method that will give a much better accuracy. Karthikeyani and 
thangavel (2009) extended k-means clustering algorithm by applying global normalization before performing 
the clustering on distributed datasets, without necessarily downloading all the data into a single site. The 
performance of proposed normalization based distributed K-Means clustering algorithm was compared against 
distributed K-means clustering algorithm and normalization based centralized K-Means clustering algorithm. 
The quality of clustering was also compared by three normalization procedures, the Min-max, Z-score and 
decimal scaling for the proposed distributed clustering algorithm. The comparative analysis shows that the 
distributed clustering results depend on the type of normalization procedure, but in all of the methods above the 
initial center points were selected at random. 

Yuan et al. (2004) presented an approach to find the initial center points, but his approach does not suggest 
virtually any improvement to the time complexity of the k-means algorithm. Su and Dy (2004) motivate the use 
of a deterministic divisive hierarchical method, which they refer to as PCA-Part (principal components analysis 
partitioning) for initialization and the method leads to faster the convergence of the k-means clustering with less 
number of iterations compared to random initialization methods. 

Belal and Daoud (2005) proposed a novel approach for cluster center initialization by findings a set of 
medians extracted from a dimension with maximum variance. Arai and Barakbah (2007) propose a new 
approach to optimize the initial centroids for k-means. The approach utilizes all the clustering results of k-means 
in certain times, even though some of them reach the local optima and then, transform the result by combining 
with Hierarchical algorithm in order to determine the initial center points for k-means. The experimental results 
improved the clustering quality as compared to some clustering methods. Zoubi et al. (2008) presented a novel 
technique to improve the performance of the basic k-means by staying away from unnecessary distance 
computations through the partial distance logic. Deelers and Auwatanamongkol (2009) presented an enhanced 
algorithm for k-means clustering using the data partitioning technique used for color quantization. The 
technique carries out data partitioning across the data axis with the highest variance. Al-Shboul and Myaeng 
(2009) proposed two algorithms to solve the initialization problem, genetic algorithm initializes k-means 
(GAIK) and k-means initializes genetic algorithm (KIGA). A new model was build to enhances the quality of 
the clustering (reduces the upcoming error), and comparative study was done among GAIK, KIGA, genetic-
based clustering algorithm (GCA) indicating that KIGA is better than the others, as shown by the results on all 
datasets KIGA is ready to achieve high clustering accuracy if compared to other algorithms. 

Fahim et al. (2009) presented an essential approach to select an effective initial solution through 
partitioning datasets into blocks and also applying k-means to each block. Unfortunately the time intricacy here 
is slightly more. Although the techniques above can facilitate in obtaining effective initial centres for some 
extent, they may be extremely complex while some use the basic k-means method as part of their techniques, 
which still have to use the random center initialization method. Furthermore Xu et al. (2009) stipulate a new 
initializations scheme to select initial cluster centres by reverse nearest neighbor search. Nazeer and Sebastian 
(2009) presented a new k-means method, which combines a systematic method for obtaining initial centroids 
and an effective strategy for assigning data items to cluster. The approach guarantees the entire process of 
clustering in O(n2) time without sacrificing the accuracy of clusters. But all the techniques above do not perform 
well with huge dimensions dataset. 
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K-means Clustering Algorithm: 
The basic step for k-means clustering is simple. In the beginning we determine the number of clusters k and 

we assume the centroid or center of these clusters. We can take any random objects as the initial centroids or the 
first K objects in sequence can also serve as the initial centroids.  

Then the K-means algorithm will do the three steps below until convergence  
Iterate until stable (= no object move group):  
1. Determine the centroid coordinate. 
2. Determine the distance of each object to the centroids.  
3. Group the object based on minimum distance. 

 
Principal Component Analysis: 

The principal component analysis is an unsupervised feature reduction method for projecting high 
dimensional data into a new lower dimensional representation of the data that describes as much of the variance 
in the data as possible with minimum reconstruction error (Yan et al., 2006., Valarmathie et al., 2009). It is 
defined mathematically as an orthogonal linear transformation that transform a dataset into different coordinates 
system such that the highest variance by any projection of the dataset comes to lie on the first coordinate (that is 
first principal component), the second highest variance to the second coordinate etc. It transform a numerous 
possibly correlated variables to a compact quantity of uncorrelated variables known as principal components. 
Therefore, principal component analysis is a technique in statistics for determining key variables in a high 
dimensional datasets that explain the difference in the observation also can be applied for the visualization of 
high dimensional datasets to simplify the analysis, with minimal lack of information’s. 

 
MATERIALS AND METHODS 

 

Let 1 2{ , ,..., }nY X X X  imply d-dimensional raw dataset. Therefore a data matrix will be n × d matrix, 
written: 
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           (1) 

The z-score may be utilized in adjusting standard variants to normal score type. Provided some raw dataset 
Y, the z-score standardization method can be seen as: 

  ij j
ij ij
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x x
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             (2) 

In which 
x j , j

 consist of the sample mean as well as standard deviation on the jth features, respectively. 
A standardized variable can take the mean of 0 with variance 1. The position as well as scale information with 
the initial variables has been missed (Jain and Dubes, 1988). An essential limitation with the z-score 
standardization z is that, it is used for global standardization rather than within-cluster standardization (Milligan 
and Cooper, 1988). 
 
Principal Component Analysis: 

If v = 
 ', , ...,1 2v v vd  is the vector for d random variables, in which 

'
 is a transpose function. Step one is to 

discover linear function 1
'a v

 within the components of v which enhances the variances, at which 1a
 is a d-

dimensional vector 
 '

11 12 1, ,..., da a a
 therefore 

1 1
1

' .
n
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              (3) 

After finding 
' ' '
1 2, ,..., j ia v a v a v , we check to get a linear function 

'
ja v

 which is uncorrelated having 
' ' '
1 2, ,..., j ia v a v a v  also features optimum variance. We then obtain these linear functions after d ways. A jth 

resulting element is the jth PC. Basically, almost all variations within v are taken into account through the initial 
few PCs.  
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To obtain the type of the PCs, you must find out a covariance matrix   for v. For many authentic 

instances, the covariance matrix   is not known, and will also be substituted with the sample covariance 

matrix. Specifically for j = 1, 2, . . . , d, it can be proven that the jth PC is: 
'

j jz a v
, in which ja

 is the 

eigenvector for   corresponds to jth main eigenvalue j . 

Basically, within the initial stage, 
'
1z a v

 can be obtained through working out below optimization 
problems: 

Maximize var
 '

1a v
 subject to 

'
1a a

 = 1,  

Whereby var
 '

1a v
  can be calculated as 

var
 ' '

1 1 1a v a a 
. 

Work out these optimization problems, a strategy for Lagrange multipliers works extremely well. Say λ is a 
Lagrange multiplier. We should maximize 

 ' '
1 1 1 1a a a a  

.             (4) 

Differentiating Equation (4) with regard to 1a
, we have 

1 1 0a a  
, 

Or 

  1 0dI a  
, 

As dI
 stands as d × d identity matrix. 

Hence λ will be an eigenvalue for   as well as 1a
 as the corresponding eigenvector. Given that 

1 1 1 1
' 'a a a a   

, 

1a
 Is the eigenvector corresponds with a main eigenvalue of  . Basically, this can be proven that the jth 

PC is 
'
ja v

, whereby ja
  is the eigenvector of   corresponds to the jth largest eigenvalue j  (Jolliffe, 2002). 

 
Singular Value Decomposition: 

If D = { 1 2, ,..., nx x x
} regarded as a numerical dataset in a d-dimensional space. Therefore D could be 

symbolized with n × d matrix X since, 

 ij n d
xX




 , 

Whereby ijx
 will be the j-component value of ix

 . 

Let 
 1 2, ,..., d   

 be the column mean of X, 

1
, 1, 2,...,
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j ij
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And let ne
 be regarded as a column vector of size n with all elements equals to one. Therefore the SVD 

states nX e 
 such that  

 
T

nX e USV 
              (5) 

At which U is an n×n column orthonormal matrix, that is., 
TU U  = I is an identity matrix, S is an n×d 

diagonal matrix that contains the singular values, while V is a d×d unitary matrix, that is.,  
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HV V  = I , whereby 
HV  is the conjugate transpose of V . The columns of the matrix V are the 

eigenvectors of the covariance matrix C of X; specifically, 
1 T T TC X X V V
n

    
            (6) 

Considering C is the d×d positive semi definite matrix, then there is d nonnegative eigenvalues as well as d 
orthonormal eigenvectors. With no losses in general, consider eigenvalues of C in decreasing order: 

1 2 ... d    
. And  j

 (j = 1, 2, . . . , d) as a standard deviation for the jth column of X, that is., 
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A trace   of C is invariant under rotation, that is., 
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Noticing 
T
ne X n

 also 
T
n ne e n

  from Equations (5) and (6), provides 
T T T T TVS SV VS U USV  

   T
n nX e X e   

  
T T T T T T

n n n nX X e X X e e e      
 

T TX X n    
TnV V                (7) 

 
As V happens to be orthonormal matrix, through Equation (7), a singular value is based on the eigenvalues 

with:
2 , 1, 2,...,j j j dS n 

. 
The eigenvectors comprise the principal components of X, and uncorrelated features will be obtained 

through a transformation of 
 nY X e V 

 . Principal component analysis picks the features with the 
largest eigenvalues. 
 
K-means Clustering: 

Provided some series involving observations (x1, x2, …, xn), in which each observation is known as a d-
dimensional real vector, k-means clustering is designed to partition an n observations to k units (k = n) S = S1, 
S2, …, Sk as a way to reduce the within-cluster sum of squares (WCSS): 

2arg min / / / /
1

k
x j iS i x Sj i

 
 

           (8) 
At which µi stands out as the mean for items within Si. 
 

The Proposed Algorithm: 
The algorithm is of two phases, the first phase is as follows: 
Input all the sets of data items (say T) and determine the number of clusters. 
Arrange the sets of the data into a matrix form 
Apply z-score to re-scale the data set 
Apply principal component analysis on the re-scaled data set 
Take the principal components with highest variances 
Form a transformation matrix from the above principal components 
Form a reduced data set (say X) 
Phase 2: 
The stairways for the k-means clustering center point initialization are highlighted below: 
Stage 1: Center point initialization 
1. Set m=1. 
2. Work out the distance among each data points from the set X. 
3. Select any two data points xi and xj in a way that distance (xi, xj ) is at the maximum. 
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4. Cen[m] = yi ; Cen[m+1] = xj ; m=m+2 ; 
5. Eliminate xi , xj from the set X. 
6. IF(m <= k) 
for i = 1 to m-1, obtain a distance of each object in X to Cen[i],. 
Obtain an average of the distances to the centroid for each object in X. 
Pick the data object xo acquiring highest average distance from earlier centroids. 
Cen[m] = xo ; m = m+1; 
Eliminate the object xo out of X. 
Stage 2: K-means clustering considering the initial centroids succumbed Cen[ ]. 
7. Find the nearest cluster center for each data point in X from the list of Cen, which is closest, than 

assign that data point to the corresponding cluster.  
8. Update the cluster centers in each cluster using the mean of the data points, which are assigned to that 

cluster. 
9. Re-iterate the steps 7 and 8 up to the point there is little or no further variations in the centroids. 

 
RESULTS AND DISCUSSIONS 

 
In this section, we implemented the proposed center point initialization method and compared the analyzed 

result with the random initialization method. We equivalently evaluate the accuracy of the two approaches, 
whereby accuracy is measured by the error sum of squares for the intra-cluster distance, that is a distance 
between data vectors in a cluster and the centroid of the cluster, the smaller the sum of the differences is, the 
better the accuracy of clustering. The experimental result of the proposed initialization approach outperforms the 
basic clustering algorithm method. 
 
Table 1: The original datasets with 20 data objects and 8 attributes 

 X1 X2 X3 X4 X5 X6 X7 X8 
Day 1 9 6 4 3 2 5 2 1 
Day 2 7 5 5 5 1 1 1 3 
Day 3 7 2 3 2 2 3 2 3 
Day 4 6 3 2 1 1 3 2 2 
Day 5 10 5 3 3 3 2 5 1 
Day 6 12 5 6 1 5 2 4 1 
Day 7 8 3 2 3 1 2 3 1 
Day 8 9 2 3 1 1 3 3 1 
Day 9 11 3 2 1 7 1 3 2 
Day 10 7 7 2 2 1 2 1 2 
Day 11 10 5 7 9 1 6 1 1 
Day 12 13 9 5 4 3 2 5 1 
Day 13 11 3 4 3 1 2 3 1 
Day 14 8 2 3 5 2 1 2 2 
Day 15 7 3 1 2 1 2 3 3 
Day 16 15 4 3 4 2 1 3 2 
Day 17 9 4 1 7 2 3 1 1 
Day 18 14 3 2 2 1 1 2 1 
Day 19 15 2 3 8 1 2 2 1 
Day 20 9 5 1 1 2 2 1 2 

 
Table 2: The variances cumulative percentages 

 Variances Percentage of Variances Cumulative Percentage of Variances 
PC1 2.2727 28.4088 28.4092 
PC2 2.0346 25.4325 53.8421 
PC3 1.1806 14.7575 68.6000 
PC4 0.7914 9.8925 78.4921 
PC5 0.6627 8.2837 86.7752 
PC6 0.5350 6.6875 93.4624 
PC7 0.3141 3.9265 97.3882 
PC8 0.2089 2.6112 100.0000 

 

Table 2 presents the variances, the percentage of the variances and cumulative percentage which 
corresponds to the principal components of the original dataset. 

Table 3 presents the reduced principal components that have variances greater than mean variance. But the 
number of principal components found is the same with the number of the original dataset, here we present only 
the eighty percent (applying pareto law) to be considered for further analysis. 
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Table 3: Reduced principal components 
PC1 PC2 PC3 PC4 PC5 
0.4533 -0.1835 0.5140 -0.1944 0.1108 
0.3228 0.0358 -0.5673 -0.2449 0.6863 
0.4559 0.2170 -0.2707 -0.3110 -0.3893 
0.2302 0.4772 0.3449 -0.4203 -0.0625 
0.2133 -0.4609 -0.2340 -0.1613 -0.5043 
0.1603 0.5117 -0.3092 0.4568 -0.2823 
0.3425 -0.4589 -0.0883 0.2393 -0.0219 
-0.4909 -0.0739 -0.2523 -0.5805 -0.1638 

 
Table 4: The reduced dataset with 20 data objects and 5 attributes 

 X1 X2 X3 X4 X5 
Day 1 1.0138 1.4300 -1.3632 1.0157 0.0394 
Day 2 -1.2300 0.9742 -0.8015 -2.2844 0.0745 
Day 3 -1.9341 0.1725 -0.6831 -0.1909 -1.2645 
Day 4 -1.7823 0.3215 -0.6716 0.9849 -0.1303 
Day 5 1.3276 -1.3779 -0.3584 0.6914 0.2175 
Day 6 2.2886 -1.7366 -0.9953 -0.0643 -0.9875 
Day 7 -0.4555 -0.0791 0.4903 1.1052 0.3142 
Day 8 -0.2591 -0.0398 0.2934 1.6813 -0.4171 
Day 9 -0.1070 -2.9462 -0.2386 -0.4974 -1.4578 
Day 10 -1.2239 0.5107 -1.2592 -0.3359 1.6031 
Day 11 2.1184 3.9972 -0.5116 -0.2817 -1.0310 
Day 12 3.1675 -1.0375 -1.2102 -0.6025 1.3251 
Day 13 0.5897 -0.0158 0.7215 0.5170 -0.0368 
Day 14 -1.0760 0.0168 0.7459 -0.7207 -0.6518 
Day 15 -2.2945 -0.5396 -0.3456 0.0001 0.1014 
Day 16 0.6047 -0.9815 1.2208 -1.1093 0.3802 
Day 17 -0.3022 1.3812 0.8661 0.2468 0.3512 
Day 18 0.0336 -0.6991 1.7731 0.3133 0.8160 
Day 19 1.0005 0.9373 2.7306 -0.5172 -0.1246 
Day 20 -1.4798 -0.2883 -0.4036 0.0486 0.8789 

  
Table 4 presents the transformed dataset having 20 data objects and 5 attributes which are generated using 

the reduced principal component analysis and the original dataset shown in Table 3 and 1 respectively. 
 
Table 5: Centers for the basic k-means algorithm 

X 8.0000 2.8333 2.7500 1.8333 12.6250 3.5000 2.8750 3.3750 
Y 3.9167 3.4167 1.4167 1.8333 4.2500 3.2500 1.6250 1.2500 

  
Table 5 presents the all the centers selected randomly by the basic k-means algorithm,  the algorithm will 

also randomly select one point on the x-axis, one point on y-axis as the first centroid attached to cluster 1 and 
one another point on the x-axis, one point on the y-axis as second centroid attached to cluster 2. 
 
Table 6: Maximum and minimum center points 

Maximum centers value Minimum centers value 
12.6250 1.2500 
8.0000 1.4167 

 
Table 6 presents the maximum and minimum values generated by the basic k-means algorithm for both 

cluster 1 and cluster 2 
 

Table 7: Centers for the proposed technique 
X -0.4854 0.1054 1.4563 -0.3163 0.0348 
Y 0.5387 0.1055 -1.6160 -0.3164 -0.1045 

 
Table 7 presents all the centers selected by the new technique of center point initialization for clustering k-

means algorithm, the technique will also select the points that has a maximum distance among all the points as a 
centroid of that cluster. 

 
Table 8: Maximum and minimum centers values 

Maximum centers value Minimum centers value 
0.5387 -0.4854 
1.4563 -1.6160 
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Table 8 presents the maximum and minimum center points that are also selected in plotting the cluster 
formation of the new center point initialization technique shown in Figure 2. 
 
Table 9: Summary of error sum squares and time taken 

Basic k-means algorithm Proposed technique 
SSE 175.00 74.01 
Time taken (ms) 83 48 

 
Table 9 presents the error sum squares and respective time taken obtained for both basic k-means clustering 

algorithm and the proposed technique. The result also shows that the new technique provides better error sum 
squares and the time taken for the execution also reduced. 

 
Fig. 1: Basic k-means algorithm 

 
Figure 1 presents the result of the basic k-means algorithm using the original dataset having 20 data objects 

and 8 attributes as shown in Table 1. Indicating three points attached to both cluster 1 and 2 are out of the cluster 
formation, indicating the presence of outliers. The intra-cluster distance is very high while the inter cluster 
distance is also very small with the error sum of squares equal 175.00 

 
Fig. 2: Proposed k-means clustering technique. 

 
Figure 2 presents the result of the basic k-means algorithm using the reduced dataset, having 20 data objects 

and 5 attributes as shown in Table 4. The intra-cluster distance is very small and the inter cluster distance is very 
high with the error sum of squares equal 74.01 
 
Testing The Algorithm Towards Normal: 

A multivariate normal random data set with N = 1000 data points and 5 variables was simulated from 
normal distributions N(3, 8) to test the normality of the algorithm. We also conduct an experiment to draw up (in 
terms of mean, median, mode and standard deviation) the probability distribution of the SSE values of the final 
clusters returned by the proposed k-means method. The closeness of the mean and mode indicates the 
correctness of the method also the probability of 95% and 99% shows the quality of the proposed method. 

6 7 8 9 10 11 12 13 14 15
2

3

4

5

6

7

8

9

 

 

X: 8
Y: 3.917

X: 12.63
Y: 4.25

Cluster 1

Cluster 2

Centroids

-3 -2 -1 0 1 2 3 4
-3

-2

-1

0

1

2

3

4

 

 

X: -0.4854
Y: 0.5387

X: 1.456
Y: -1.616

Cluster 1

Cluster 2

Centroids



Aust. J. Basic & Appl. Sci., 7(8): 120-129, 2013 

128 

Mean = 1698.44,  Mode = 1699.58, STD = 17.5638 

( 2 )p SSE S   0.95, that is 1698.44 ± 2(17.564) = 1733.568 or 1663.312 

( 3 )p SSE S   0.99, that is 1698.44 ± 3(17.564) = 1751.132 or 1645.748 

 
Fig. 3: A bar chart of ESSs showing the normality 

 
Figure 3 presents a simple bar chart of error sum of squares when the proposed technique is run one 

hundred times, indicating that the outcome of the errors sum squares is normal and also shows the convergence 
of the proposed technique follows normal distribution. 
 
Conclusion: 

A number of applications rely upon the clustering techniques. One of the most widely used clustering 
approaches is k-means clustering. In this paper a novel method of k-means center point initialization is proposed 
to produce optimum quality clusters. Comprehensive experiments on infectious diseases datasets have been 
conducted and simulated datasets to test the normality of the proposed technique in a manner that the sum of the 
total clustering errors was reduced as much as possible whereas inter distances between clusters are preserved to 
be as large as possible for better performance. The result of the cluster analysis shown in Figure 1 & 2 by using 
basic k-means algorithm with the original data set and proposed k-means clustering method respectively shows 
the effectiveness and reliability of the proposed method. 
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