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Abstract: 

Advances in scientific data collection methods have resulted in the large scale accumulation of promising data pertaining to 

diverse fields of science and technology. Owing to the development of novel techniques for generat ing and collecting data, the 

rate of growth of scientific databases has become tremendous. Hence it is practically impossible to ext ract useful informat io n 

from them by using conventional database analysis techniques. Effective mining methods are absolutely essential to unearth 

implicit in formation from huge databases Cluster analysis is one of the major data analysis methods and the k-means clustering 

algorithm is widely used for many practical applications. But the original k -means algorithm is computationally expensive and the 

quality of the resulting clusters heavily depends on the selection of initial centroids. In this paper, we extend the K-means 

algorithm by adding well known radial basis function (RBF) kernel also known as Gaussian kernel and find b etter performance 

than classical K-means algorithm. It is a critical issue for RBF kernel; how can we select a unique parameter for optimum 

clustering task. The proposed technique provides modified distance calculation and the efficient and accurate data modelling. 

Additionally promises to reduce the processing time of the algorithm.  

 
General Terms: Your general terms must be any term which can be used for general classification of the submitted material such 

as Pattern Recognition, Security, Algorithms et. al. 
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I. INTRODUCTION 

 

Data mining is the analysis of data and the use of software 

techniques for finding patterns and regularities in the set of 

data [1]. Data mining involves  the use of sophisticated data 

analysis tools to discover previously unknown, valid pattern 

and relationship in large data set [2]. Data mining, a synonym 

to “knowledge discovery in databases” is a process of 

Analyzing data from different perspectives and summarizing it 

into useful information. Clustering [3] is useful technique for 

the discovery of data distribution and patterns in the 

underlying data. Clustering is an example of unsupervised 

classification. Classification refers to a procedure that assigns 

data objects to a set of classes. Unsupervised Classifications 

means that clustering does not depend on predefined classes 

and no external teacher set is used. In clustering we measure 

the dissimilarity between objects by measuring the distance 

between each pair of objects. These measure include the 

Euclidean, Manhattan and Minkowski distance clustering 

method convert that information into various clusters where 

object in that cluster having similar p roper-ties as compare to 

other but not same to other clusters properties. There are 

various efficient techniques used to solve the problem for 

large data clustering. Clustering techniques and 

implementation used for getting scalability and performance 

in such data analysis. By using cluster analysis techniques  it is 

very easy to handle complex data sets and K-means is widely 

used for producing clusters in many application. It  is also used 

for automat ically organized data, compression form and 

finding some hidden structure [4][5][6]. In the figure 1 shows 

basic cluster formation from given dataset when we applying 

K-means algorithm. In first stage by selecting random init ial 

centroid and clusters the data object in the dataset. Now in 

stage second recalculating centroid from first iteration due to 

this as figure shows some of the data object move from one 

cluster to another. In third stage of the figure centroid remain 

constant which means convergence is found. In this way all 

data object is clustered as respective cluster hence selection of 

initial centroid is main task in cluster formation  

 
Figure. 1. Depiction of Cluster Formation 

 

A. Requirements of Clustering in Data Mining 

 
Here are the typical requirements of clustering in data 

mining: 

 
Scalability - We need highly scalable clustering algorithms to 

deal with large databases. 
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Ability to deal with di fferent kind of attributes - 

Algorithms should be capable to be applied on any kind of 

data such as interval based (numerical) data, categorical, 

binary data. 

Discovery of clusters with attribute shape - The clustering 

algorithm should be capable of detect cluster of arbitrary 

shape. That should not be bounded to only distance measures 

that tend to find spherical cluster of s mall size.  

 
High dimensionality - The clustering algorithm should not 

only be able to handle low- dimensional data but also the high 

dimensional space. 

 
Ability to deal with noisy data - Databases contains noisy, 

missing or erroneous data. Some algorithms are sensitive to 

such data and may lead to poor quality clusters. 

 
Interpretability - The clustering results should be 

interpretable, comprehensible and usable 

 
In rest of the paper is organized as Section II discuss related 

work of existing K-means algorithms. The section III stated 

the proposed new concept in algorithmic form of Hybrid 

Clustering of K- means algorithm. Furthermore section IV i.e. 

Result analysis shows the performance of the proposed work 

and in last section summarize d iscussion of overall study . 

 
II. LITERATURE S URVEY 

 

Several attempts were made by researchers to improve the 

effectiveness and efficiency of the k-means algorithm. A 

variant of the k-means algorithm is the k-modes method which 

replaces the means of clusters with modes. 

 
Fahim A M et al. [5] proposed an efficient method for 

assigning data-points to clusters. The original k-means 

algorithm is computationally very expensive because each 

iteration computes the distances between data points and all 

the centroids. Fahim’s approach makes use of two distance 

functions for this purpose- one similar to the k-means 

algorithm and another one based on a heuristics to reduce the 

number of d istance calculations. But this method presumes 

that the initial centroids are determined randomly, as in the 

case of the original k-means algorithm. Hence there is no 

guarantee for the accuracy of the final clusters. 

 
Fang Yuan et al. [6] proposed a systematic method for finding 

the initial centroids. The centroids obtained by this method are 

consistent with the distribution of data. Hence it produced 

clusters with better accuracy, compared to the original k-

means algorithm. However, Yuan’s method does not suggest 

any improvement to the time complexity of the k-means 

algorithm. 

 
In this paper, Renato Cordeiro de Amorim et al. [7] represents 

another step in overcoming a drawback of K-Means, its lack 

of defense against noisy features, using feature weights in the 

criterion. The Weighted K-Means method is extended to the 

corresponding Minkowski metric for measuring distances. 

Under Minkowski metric the feature weights become 

intuitively appealing feature rescaling factors in a 

conventional K-Means criterion. To see how this can be used 

in addressing another issue of K-Means, the initial setting, a 

method to initialize K-Means with anomalous clusters is 

adapted. The Minkowski metric based method is 

experimentally validated on datasets from the UCI Machine 

Learn ing Repository and generated sets of Gaussian clusters, 

both as they are and with additional uniform random noise 

features, and appears to be competitive in comparison with 

other K-Means based feature weighting algorithms. 

 
In this paper, Shi Yu et al. [8] p resents a novel optimized 

kernel k-means algorithm (OKKC) to combine mult iple data 

sources for clustering analysis. The algorithm uses an 

alternating minimization framework to optimize the cluster 

membership and kernel coefficients as a nonconvex problem. 

In the proposed algorithm, the problem to optimize the cluster 

membership and the problem to optimize the kernel 

coefficients are all based on the same Rayleigh quotient 

objective; therefore the proposed algorithm converges locally. 

OKKC has a simpler procedure and lower complexity than 

other algorithms proposed in the literature. Simulated and 

real-life data fusion applications are experimentally studied, 

and the results validate that the proposed algorithm has 

comparable performance, moreover, it is more efficient on 

large-scale data sets. 

 
In this article, Nam Nguyen Vinh et al. [9] present an 

algorithm based on genetic algorithm (GA) and R-t ree 

structure to solve a clustering task in spatial data mining. The 

algorithm is applied to find a cluster for a new spatial object. 

Spatial objects that represent for each cluster computed 

dynamically and quickly according to a clustering object in 

the clustering process. This improves the speed and accuracy 

of the algorithm. The experimental results show that our 

algorithm yields the same result as any other algorithm and is 

accommodated to the clustering task in spatial data 

warehouses. 

 
Web Data Mining is the primary solution source model of 

semi-structured data and semi-structured data model, query 

and integration issues. The basic idea of clustering is to define 

the similarity between the distance, the distance that 

represents the data between the data to measure the similarity 

of the size o f the data are classified, until all the data gathering 

is completed. In this paper GuoFangKuang, et al. [10] 

proposes the web data min ing based on clustering and 

partitioning algorithm. Finally, the paper verifies the proposed 

algorithm, and the results show the new method to 

compensate for the previous clustering algorithms in the 

analysis of the data type shortcomings. 

 
Subspace clustering finds sets of objects that are 

homogeneous in subspaces of high-dimensional datasets, and 

has been successfully applied in many domains. In recent 

years, a new breed of subspace clustering algorithms, which 

we denote as enhanced subspace clustering algorithms, have 

been proposed to (1) handle the increasing abundance and 

complexity o f data and to (2) improve the clustering results. In 

this survey, Kelv in Sim et al. [11] present these enhanced 

approaches to subspace clustering by discussing the problems 

they are solving, their cluster defin itions and algorithms. 

Besides enhanced subspace clustering, they also present the 

basic subspace clustering and the related works in high-

dimensional clustering. 

 
III. PROPOS ED S YS TEM 

 

The data mining techniques needs improvement according to 

the concerned applications. Therefore according to the 

application the changes on existing techniques are required to 
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make. In this chapter the proposed improved k-means 

clustering algorithm is provided which is implemented for 

structured data formats. So, the chapter includes the system 

overview, proposed methodology, and the required algorithm.  

 
3.1 System overview 

 

The data mining supports the computational algorithms for 

analyzing the data automatically. Therefore the algorithms are 

implemented on data according to the nature of data and 

requirements of applications. Basically there different kinds of 

data mining techniques are available such as classification, 

association pattern mining, clustering and others. But in this 

work the key focus is placed on clustering based data analysis 

technique. The clustering is also termed in general discussion 

as grouping or categorization. Basically the clustering is an 

unsupervised manner of data analysis. In this technique the 

data features are compared each other for finding the suitable 

clusters. In other words the clustering techniques measure the 

internal similarity among the data objects for creating clusters. 

In this context the similarity measurements between objects 

are computed either in terms of their similarity using the 

cosine similarity, and others or using the dis -similarity by 

computing the distance between two data objects using 

Euclidean distance or others. But the key motive is to find 

how similar an object is, from other objects. In most of the 

time for computing the clusters the distance functions are used 

in linear manner but the linear distance is not much suitable 

for different applications. Thus in this presented work the 

Gaussian kernel is used for differentiat ing the data objects. In 

addition of that the some issues relevant to the clustering is 

also tried to improve such as optimization of centroid 

selection process for improv ing the fluctuating accuracy issue 

in k-means clustering.    

      

3.2    Algorithm Study 

 

In this section the algorithms are described that are help to 

implement the proposed technique of enhanced clustering 

algorithm. 

  
3.2.1.     Gaussian Kernel  

 

The belief is that a classificat ion problem cast into a higher 

dimensional space becomes more likely separable than in a 

lower d imensional space. RBF network can be used find a set 

weights for a curve fitting problem. The weights are in higher 

dimensional space than the original data. Learning is 

equivalent to finding a surface in high dimensional space that 

provides the best fit to training data. Hidden layers provide a 

set of functions that constitute an arbitrary basis for input 

patterns when they are expanded to the hidden space; these 

functions are called rad ial basis functions. 

 
A Gaussian Radial Basis Kernel provides a kernel based on a 

Gaussian radial basis function with a fixed variance 

parameter. As a kernel function, it unfolds into an infinite-

dimension Hilbert space. The radial basis kernel function of 

radius is defined between vectors   and  as follows: 

 

 
 

Where distance  is the Euclidean distance, as defined 

in the class documentation for Euclidean Distance. In this 

formulat ion, the radius r is related to the variance  by 

 
There are three basic classes of radial basis functions: 

Multi-quadrics 

For some c and  

Inverse Multi-quadrics 

For some c and  

Gaussian functions, 

For some  and  

Gaussian functions are probably the most used. In general, the 

selection depends on the application.  

 
Support vectors are a set of training samples extracted by the 

algorithm used to find the optimal p lane. The distance 

between the separating hyper plane and the closest data point 

is called the margin of separation. The goal of a support vector 

machine is to find the particular hyper plane that maximizes 

the marg in of separation. Furthermore, the goal is to determine 

such a separating hyper plane which is optimal.  

 
3.2.2       K-means Clustering  

 

The idea is to classify a g iven set of data into k number of 

disjoint clusters, where the value of k is fixed inadvance. The 

algorithm consists of two separate phases: thefirst phase is to 

define k centroids, one for each cluster. Thenext phase is to 

take each point belonging to the given dataset and associate it 

to the nearest centroid. Euclidean distanceis generally 

considered to determine the distance betweendata points and 

the centroids. When all the points areincluded in some 

clusters, the first step is completed and anearly grouping is 

done. At this point we need to recalculatethe new centroids, as 

the inclusion of new points may lead toa change in the cluster 

centroids. Once we find k newcentroids, a new binding is to be 

created between the samedata points and the nearest new 

centroid, generating a loop. 

 
As a result of this loop, the k centroids may change their 

position in a step by step manner. Eventually, a situation will 

be reached where the centroids do not move anymore. This 

signifies the convergence criterion for clustering. Pseudo code 

for the k-means clustering algorithm is listed as 

Algorithm.Square error criterion for clustering 

 

 

Is the sample j of i-class, is the center of i-class, i is the 

number of samples of i-class.K-means clustering algorithm is 

simply described as: 

 
Table .1. shows the K-mean algorithm steps 

 

Input: N objects to be cluster  the number of 

clusters k; 

Output: k clusters and the sum of dissimilarity between 

each object and its nearest cluster center is the smallest; 

Process: 

1. Arbitrarily select k objects as initial cluster 

centers ; 

2. Calculate the distance between each object Xi and each 
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cluster center, then assign each object to the nearest 

cluster, formula for calcu lating distance as: 

 
is the distance between data i and cluster j. 

3. Calcu late the mean of objects in each cluster as the 

new cluster centers, 

 
 is the number of samples of current cluster i;  

4. Repeat 2) 3) until the criterion function E converged, 

return Algorithm terminates.  

 

3.3       Algorithm Design  

 

In order to improve the k-means clustering technique a new 

model for clustering is proposed. The proposed clustering 

algorithm is motivated from the implementation of SVM 

(support vector machine) on which for improving the 

classification ability the kernel function is used. In this context 

to increase the separate ability of the patterns the kernel 

function is implemented with the k-means clustering. The 

methodology to utilize and develop the clustering technique is 

described in figure 2. 

 

 
Figure. 2 : Proposed Clustering Technique  

 
Assumptions  

 
This section contains the assumption made for designing the 

proposed algorithm. There are two key assumption are made 

for successfully implementation. 

1. Processing with the numerical datasets 

2. Assumed each data set has some amount of 

noise  

 
Clustering flow 

 

The proposed model consists of different phases of data 

processing these phases are reported as: 

 

Input dataset: the clustering techniques are unsupervised in 

nature therefore these algorithms are able to accept the 

machine learn ing datasets. In the presented work the UCI 

repository based experimental datasets are considered. They 

provide the datasets in CSV and ARFF (attribute relationship 

file format). In this experiment the CSV format o f data is 

used. Therefore a provision is made in order to accept the 

datasets. 

 
Pre-processing data: the pre-processing is key phase of the 

data mining techniques, in this technique the data is refined 

and filtered to enhance the quality of data. Therefore the 

system implements the missing value instance removal option 

by which the instances with null values are reduced from the 

dataset. 

 
Centroid selection: in itially  the k-means algorithm selects the 

centroids in random basis. Due to this the performance 

relevant issues in clustering is observed i.e. fluctuating 

accuracy, long running time and others. Therefore in this 

proposed approach the cluster centroid technique is regulated 

on the basis of mean of means. In order to perform the 

required technique the following steps are followed.  

 
1. Input the number of centroid required  

2. Compute the mean of all part icipating attributes  

3. Create new instance of data  

4. Using this new instance of data the required centroids 

are selected. 

The example can explain the required centroid selection 

process for 2 and 3 centroids: 

 
Let an attribute contains the following values: 

 
1, 2, 3, 4, 5, 6, 7, 8, 9, 10 

Now the mean of this attribute is 5.5.  

1. In order to select 2 centroids  

 

 
2. Similarly for the 3 centroids we use 5.5 also as the 

initial centroid  

 
Variance computation: now the entire input dataset is again 

used and the variance of data is computed using the following 

formula. 

 

 
Where N is the number of instances in dataset 

= the value of attributes  

= mean value of attribute  

Radius computation: using the previous phase variance 

computation and the selected centroids the radius of the kernel 

function is computed. The radius is used to compute 

difference between the centroid and the dataset instances 

using the formula: 

 

 

Where, = the selected centroids  

= the dataset instances  

R the computed radius 
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Cluster assignment: using the previous phase the rbf based 

distance among the selected centroid and the available data 

instances in the dataset. By using this distance the cluster 

assignment is performed over the data. Validation: after 

preparing the clusters the validation of the clusters are 

performed, in two d ifferent cases: 

 
1. if the algorithm runs first time then the current 

performance is measured and stored 

2. and again the entire process is performed over the 

dataset finally the performance of both the iterations are 

compared if the first performance is better than current 

performance the validation is passed if it is lower than 

the validation is failed and again need to compute the 

entire process. 

 
IV. RES ULT ANALYS IS 

 
4.1. Memory Usage 

 

The amount of main memory required to evaluate the data 

using the given algorithm is known as the memory usage of 

the algorithm. The figure 3 shows the memory 
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Figure. 3: Memory Usage 

 

Usage of the implemented algorithms, the according to the 

given figure 3. X axis contains the amount of data to be 

process in increasing size. Similarly the Y axis contains the 

memory usage in terms of KB. According to the given results 

the memory requirement of the proposed system is higher as 

compared to base clustering approach.  

 
4.2. Time Consumption 

 

The amount of time required to evaluate the entire data and 

produces the clusters are given here as the time consumption 

of the algorithm. The utilized time of the algorithms are 

evaluated and given in terms of milliseconds. In this diagram 

the Y axis contains required time in MS and the X axis 

contains the amount of data to be processed. According to the 

given results the proposed method consumes less amount of 

time as compared to base clustering method. 

 

0

50

100

150

200

50 100 200 300 500 700 1000

T
im

e
 in

 M
S

Dataset size

Proposed Method Base Method

Figure. 4:Time consumption 

 
4.3. Accuracy 

 

The accuracy of the algorithm provides the estimation about 

accurately distinguishing the groups of data. Therefore that is 

an essential parameter for any data analysis algorithm. This 

parameter can be evaluated using the following fo rmula.  
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Figure. 5. Accuracy 

 
Figure 5 and shows the evaluated performance in terms of 

accuracy. In this figure the amount of dataset instances for 

evaluation is given in X axis and the Y axis shows the 

percentage accuracy obtained by the system. According to the 

obtained performance the accuracy of the proposed clustering 

algorithm is efficient as compared to the Base K-means 

clustering algorithm. The combined results over the different 

size of dataset shows the higher percentage of gain as 

compared to the traditional method additionally able to 

produce the accuracy 78-89%. 

 
4.4. Error Rate 

 

The Error Rate is an amount of data that is not properly 

recognized during the automated data analysis. That can be 

evaluated using the following formula: 

 
Or 
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Figure. 6: Error Rate  

 
The error rate in terms of percentage of both the implemented 

algorithms is given using figure 6. In this figure the size of 

datasets is given using X axis and the Y axis shows the 

percentage error rate. According to the given results the 

proposed Method produces less error rate as compared to the 

Base technique of clustering optimization. Additionally the 

Error Rates of both the systems are reducing that is a good 

significant with increasing size of data. In addition of that for 

justifying the results the mean error rate percentage is  also 

estimated. According to the obtained results the proposed 

technique produces less error rate as compared to the Base 

algorithm. Thus the proposed technique is much adoptable 

than classical approach. 

 
V. CONCLUS ION 

 

In this paper, we propose a novel algorithm for performing k-

means clustering with RBF kernel. Our experimental results 

demonstrated that our scheme can improve the direct k-means 

algorithm by an order to two orders of magnitude in the total 

number of distance calculations and the overall time of 

computation and for enhanced distance calculation. In the 

proposed technique where first the data is pre-evaluated and 

pre-processed for improving the data quality. After enhancing 

the quality of data the data normalizat ion is performed to scale 

entire data in a similar scale and finally the optimal cluster 

centers (centroids) are estimated. Finally these centroids are 

used to perform clustering in data or making groups of the 

available data point available. This approach promises to 

provide the accurate clustering of data by improving the data 

quality and optimum centro id selection 
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