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Abstract- The K-means clustering is a popular clustering algorithm in the pattern recognition and machine learning 
communities. It has been used in a vast of applications. However, it suffers from the problem of initialization and poor 
performance for the non-linear clusters. To overcome these limitations, several attempts have been proposed in literature. 
Kernel K-means can be considered in that category. In this paper, we proposed a two-step scheme to improve the 
performance of the K-means algorithm. In the first step, the transformation of the low dimensional input space to a high 
dimensional feature space is carried out. This transformation is carried out via the hidden layer Radial basis function (RBF) 
network. The second step of our proposal is standard K-means algorithm. To analyze the validity of the proposed scheme, 
we present experimental results that compare the kernel K-means on artificial data sets. The experimental results show that 
this simple new scheme is efficient in clustering non-linearly separable clusters. The obtained accuracy is higher than the 
kernel K-means algorithm.  
 
Index Terms- K-Means Clustering, Feature Transformation, RBF Network. 
 
I. INTRODUCTION 
 
Data clustering is an important paradigm in 
identifying the natural groupings that exists in a given 
dataset. The goal of data clustering is to partition data 
into different groups. Data clustering has been 
successfully applied in pattern recognition, computer 
vision and data mining communities [1]. K-means is 
deduced as one of the most popular clustering 
algorithm [2], where natural groups are identified by 
minimizing the objective function defined as the sum 
of the squared Euclidean distances between each data 
set point and the corresponding cluster center. K-
means have two serious drawbacks. First, the resulting 
groups heavily depend on the initializations of the 
algorithm. The second drawback is that K-means can 
only find linearly separable clusters. The first 
limitation can be eliminated by the use of multiple 
restarts, where the centers of the clusters are randomly 
placed at different initial positions. To deal with the 
second problem, various methods have been proposed 
[3-5]. Kernel K-means was proposed as an extension 
of the standard K-means algorithm to tackle with the 
second limitation of the K-means algorithm [3]. It 
maps data from the original feature space into a new 
feature space through a nonlinear transformation and 
minimizes the clustering error in the new feature space 
[4]. In this paper, we propose a new scheme to 
overcome the second drawback of the standard K-
means algorithm. The proposed scheme is composed 
of two steps. In the first step, the transformation of the 
low dimensional input space to a high dimensional 
feature space is carried out. This transformation can 
be likened to the feature mapping of kernel K-means 
algorithm. But, the feature space transformation of our 
proposal is different than kernel K-means approach 
because we use the hidden layer Radial basis function 

(RBF) network for transformation process [6]. A 
radial basis function network is an artificial neural 
network that uses radial basis functions as activation 
functions. The output of the network is a linear 
combination of radial basis functions of the inputs and 
neuron parameters. Typically, RBF networks have 
three layers: an input layer, a hidden layer with a non-
linear RBF activation function and a linear output 
layer. The second step of our proposal is standard K-
means algorithm. The high dimensional feature space 
is feed into the K-means clustering for constructing 
the clusters. To analyze the validity of the proposed 
scheme, we present experimental results that compare 
the kernel K-means on artificial data sets. The 
experimental results show that this simple new 
scheme is efficient in clustering non-linearly separable 
clusters. The obtained accuracy is higher than the 
kernel K-means algorithm. 
This paper is organized as follows; in the next section, 
we briefly review the K-means and kernel K-means 
algorithms. In section 3, we give the proposed 
scheme. In section 4, the experimental works and the 
related comparisons can be found. In section 5, we 
conclude the paper. 
 
II. PRELIMINARIES 
 
A. K-means clustering 
K-means algorithm is summarized as follows [1, 7]. 
Suppose a data set X={x1,x2,…,xN}, xnRd is given 
and we want to partition this data set into M disjoint 
clusters  C1,C2,…,CM . The K-means algorithm finds a 
partition of data by minimizing the objective function. 
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µij is the degree of membership of xi in the cluster j, so 
µij is 1 if xi belongs to cluster j, 0 otherwise and xi is 
the ith of d-dimensional measured data, vj is the d-
dimension center of the cluster Cj, and ||.|| is a norm. 
The algorithm of K-means is given as follows; 
 

TABLE I.  THE K-MEANS ALGORITHM 

 
 
B. Kernel K-means clustering 
Kernel K-means can be considered as a generalization 
of the K-means algorithm where input data points are 
transformed to a higher dimensional feature space 
through a mapping procedure [8]. The results in linear 
separators in feature space which corresponds to 
nonlinear separators in input space. Thus, the second 
limitation of the standard K-means algorithm can be 
solved. The objective function that kernel K-means 
tries to minimize is the clustering error in feature 
space [4]. A kernel matrix KRNxN, where 
Kij=(xi)T(xj) and taking advantage of the kernel 
trick, the squared Euclidean distances can be 
computed without explicit knowledge of the 
transformation . Any positive-semi definite matrix 
can be used as a kernel matrix. Notice that in this case 
cluster centers vk in feature space cannot be 
calculated. Usually, a kernel function K(xi,xj) is used 
to directly provide the inner products in feature space 
without explicitly defining transformation, hence 
Kij=K(xi,xj). Kernel K-means is described as follows: 
 

TABLE II.  THE KERNEL K-MEANS ALGORITHM  

 

 

III. PROPOSED METHOD 
 
As it is clear in section B, the kernel K-means 
algorithm solves the second limitation of the standard 
K-means algorithm by transforming the input data to a 
higher dimensional feature space with a nonlinear 
mapping procedure. Our proposal also carries out such 
a feature mapping by using the hidden layer of a RBF 
network. The proposed scheme is given in Fig. 1. The 
proposed method is composed of two separate block 
sets. In the first block, the d dimensional input data 
feed into the RBF network for obtaining an L 
dimensional feature space.  L is the number of the 
hidden nodes used in the feature mapping of the RBF 
network. gi is the output of the ith hidden node and wid 
is a d-dimensional weight vector between the input 
and the ith hidden-node, bi is the bias of the ith hidden-
node. As the activation function of RBF hidden node 
is a Gaussian function, gi can be calculated as 
following; 
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Fig. 1.  Proposed method 

 
Thus, d dimensional input vector is transformed to an 
L dimensional feature space. After this transformation 
procedure, the obtained feature space is feed into the 
K-means clustering block for further clustering 
procedure. The overall procedure is given as follows; 
 

TABLE III.  THE PROPOSED METHOD  

 
 
IV. EXPERIMENTAL WORKS 
 
In this section, we study the performance of the 
proposed method by testing it on several artificial 
datasets that are not able to be linearly separable. We 
also compare our results with the standard kernel K-
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means algorithm. The artificial datasets are given in 
Fig. 2. 

 
Fig. 2.  Artificial datasets 

 
In the first artificial dataset, there are 3 circular 
clusters which are defined with the same centroid. 
Each circle has 50 data points, thus totally there are 
150 data points in the first dataset. In the second 
artificial dataset, there is an ear shaped, three clustered 
data points. There are totally 326 data points and each 
cluster has 199, 65 and 62 data points respectively. In 
the third dataset, there are four clusters where various 
shapes are incorporated. There are totally 181 data 
points. In the last dataset, there are two half-moons. 
Each moon has 250 data points. The cluster numbers 
are assigned manually and the number of the hidden 
layer nodes is selected as 500. Before, running the 
proposed method, we normalized data into the same 
range. In Kernel K-means algorithm, we used the 
Gaussian kernel function. The linear and polynomial 
kernels were also used, and their performances are 
similar.  
 

 
Fig. 3.  Clustering results of our proposal 

 
In Fig. 3, we give the clustering results of our 
proposal. We run the simulations several times and 

almost in each run, the proposed scheme obtained the 
same clusters 
 

 
Fig. 4.  Clustering results of kernel K-means 

 
 The kernel K-means results are shown in Fig. 4. 
Compared with the standard K-means results, our 
proposal can construct natural clusters for three 
artificial dataset (Fig.3 (a), (b) and (d)). Only for Fig. 
3 (c), our proposal yielded wrong clusters. On the 
other hand, the standard kernel K-means just obtain 
natural clusters as can be seen in Fig. 4 (d), other 
artificial datasets are wrongly clustered. So, it is 
evident from the related figures, our proposal yields 
better results than the compared kernel K-means 
algorithm. 
 
CONCLUSIONS 
 
In this paper, we proposed a new data clustering 
scheme to improve the standard K-means algorithm 
where it sacks when the data sets have non-linear 
clusters. The proposed scheme is composed of two 
steps. In the first step, the transformation of the low 
dimensional input space to a high dimensional feature 
space is carried out. The second step of our proposal is 
standard K-means algorithm. We conducted several 
experiments to validate our proposal and we compared 
our proposal with kernel K-means method. According 
to the obtained results, our method outperformed the 
kernel K-means method. 
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