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   Abstract- Fast retrieval of the relevant information from the 

databases has always been a significant issue. Different 

techniques have been developed for this purpose; one of them is 

data clustering. Clustering is the unsupervised classification of 

patterns (observations, data items, or feature vectors) into 

groups (clusters). The clustering problem has always been a 

focus of many researchers in many fields and disciplines and has 

a broad attraction and usefulness as one of the steps in 

exploratory data analysis. Many problems in business, science, 

industry, and medicine can be treated as clustering problems. 

Some of the examples include bankruptcy prediction, credit 

scoring, medical diagnosis, quality control, handwritten 

character recognition, image processing and speech recognition. 

This paper presents and discusses some of the advancements in 

competitive and self organization learning algorithms for data 

clustering and presents their suitable applications in different 

fields. 

   Keywords- Clustering, Competitive Learning, Dead Units, 

K-Means Clustering, Self Organization. 

 

I. INTRODUCTION 

Clustering is a main task of explorative data mining, and a 

common approach for analysis of statistical data used in 

many fields, including machine learning, pattern 

recognition, image analysis, information retrieval, and 

bioinformatics etc. Cluster analysis is not an algorithm but 

the general task to be solved. It can be achieved by various 

algorithms that differ significantly in their notion of 

constituting a cluster and how to efficiently find them. 

Popular notions of clusters include groups with low distances 

among the cluster members, grouping of unlabeled data, 

dense areas of the data space and multivariate normal 

distributions. Main focus of clustering analysis is to 

determine the cluster number, explore the properties of each 

cluster and find a structure in a collection of unlabeled data. 

During the last twenty years several algorithms have been 

developed. One of the algorithms developed is k-means 

algorithm [1] which starts with K random cluster center and 

divides a collection of objects into K subsets. But it has a 

problem of ―dead units‖ i.e. if a centre is inappropriately 

chosen, it may never be updated, thus it may never represent 

a class. Another algorithm developed was frequency 

sensitive competitive learning [11] which tries to remove the 

problem of ―dead units‖ but it also has a same problem as 

k-means i.e. selecting the number k in advance means it also 

needs to know the exact number of clusters. Thus the Rival 

penalized competitive learning RPCL [8] was introduced 

which was based on idea that, for each input, not    only the 

winner among the seed points is updated to adapt to the 

input, but also its nearest rival (i.e., the second winner) is 

de-learned by a smaller learning rate (also called de-learning 

rate). But being sensitive to pre-assigned de-learning rate, it 

fails to perform better and correct clustering. After RPCL 

some of its variants were developed like DPRCL [14] and 

RPCCL [15]. After competitive learning algorithms a 

concept of self organization was introduced. Based on this 

concept Self Organization Maps [17] were developed to 

perform clustering. In SOM, the similar data in the input 

space under a measurement are placed physically close to 

each other on the map. But the problem with SOM was the 

initialization of learning rate in order to achieve the 

convergence. At last the concept of rival penalization self 

organization maps RPSOM [21] was developed which 

utilizes the constant learning rate and hence achieves better 

convergence in clustering. 

II. APPROACHES DESCRIPTION 

This section describes the various clustering approaches 

that have been discussed in this paper. These approaches are 

shown in figure 1.        

 

A. K-MEANS CLUSTERING ALGORITHM AND 

ITS VARIANTS 

The term "k-means" was first used by James MacQueen in 

1967 [1] and was published in 1991. K-means algorithm is 

one of the most popular clustering algorithms used in variety 

of domains. It is a typical competitive learning algorithm 

which partitions the input data set into k categories (called 

clusters) each finally represented by its centre, that change 

adaptively, starting from some initial values called seed 

points [2].  The basic idea behind K-means algorithm is to 

choose K patterns as initial centers firstly (k is the user set 

parameter and is the number of final pattern cluster). This 

algorithm assigns each point to its closest center to form K 

clusters, then re-computes the center of each cluster, repeats 
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the assignment and compute until no clusters change, or, 

until the center remain the same [3]. The K-means algorithm 

has higher efficiency and scalability and converges fast when 

dealing with large data sets; therefore it is widely used in 

cluster analysis. Although it can be proved that the procedure 

will always terminate, the k-means algorithm does not 

necessarily find the most optimal configuration, 

corresponding to the global objective function minimum i.e. 

the algorithm ends in local minimum [4]. Another problem 

of the k-means algorithm is that it needs to know the exact 

number of clusters k, before performing data clustering. 

Otherwise, it will lead to a poor clustering performance. 

Unfortunately, it is often hard to determine k in advance in 

many practical problems. The k-means algorithm has also 

the ―dead units‖ problem, which means that if a centre is 

inappropriately chosen, it may never be updated, thus it may 

never represent a class. 

Variants of the k-means algorithm are Lloyd‘s k-means 

clustering algorithm and Progressive Greedy k-means 

clustering algorithm. Being relatively faster and fairly 

straight forward algorithm, the Lloyd‘s algorithm often 

converges to a local minimum of the squared error distortion 

rather than the global minimum [5]. One of the variant of the 

k-means algorithm, the k-means incremental algorithm 

performs clustering without knowing the clusters. It 

gradually increases the number of clusters under the control 

of a threshold parameter, which is however difficult to be 

decided. Some successful applications of K-means algorithm 

are: color quantization, data compression, and image 

segmentation.   

B. FREQUENCY SENSITIVE LEARNING 

ALGORITHM 

The frequency sensitive competitive learning (FSCL) 

introduced in 1990 [6] is an extension of the k-means 

algorithm to remove the problem of ―dead units‖. It does so 

by introducing the parameter called the relative winning 

frequency or ―conscience‖ into the similarity measurement 

between an input and the seed points (or centers). The chance 

of the center to win the competition is directly proportional to 

the conscience. The FSCL algorithm reduces the chance of 

frequent winner winning the competition by reducing their 

learning rate i.e. the larger the winning frequency, the larger 

is the chance of being penalized. So, in training process all 

the units have the opportunity to be updated. Although the 

FSCL algorithm works well and can almost successfully 

assign one or more seed points to a cluster without the ―dead 

units‖ problem, but it suffers from the same problem as of 

k-means. It also needs to know the exact number of clusters 

i.e. its performance deteriorates rapidly if k is not well 

specified. Some successful applications of the FSCL 

algorithm are feature extraction [6] and image compression 

[7].  

 

 

C. RIVAL PENALIZED COMPETITIVE LEARNING 

The adaptive version of FSCL called rival penalized 

competitive learning algorithm (RPCL) was proposed by Xu 

et al. in 1993 [8]. RPCL can be regarded as an unsupervised 

extension of Kohonen‘s supervised LVQ2. RPCL performs 

appropriate clustering without knowing the clusters number 

and it also solves the ―dead units‖ problem. The basic idea 

behind this algorithm is that, for each input, not only the 

winner of the seed points is updated to adapt to the input, but 

also its nearest rival (i.e., the second winner) is delearned by 

a smaller learning rate( also called de-learning rate).  It 

performs the rival penalization for each input without 

considering the distance of the rival from the winning unit 

[8]. In fact, the rival should be more penalized if its distance 

to the winner is closer than the one between the winner and 

the input. The idea of RPCL is similar to the social scenario 

in our daily life. For example, the competition between two 

candidates called X and Y (we assume that X is the final 

winner and Y is therefore the rival) in an election campaign 

will become more intense if their public opinion polls are 

closer. Otherwise, X will be almost sure to win the election 

with little attack against (i.e., little penalizing) Y during the 

election campaign [9].  

The algorithm is quite simple and provides a better 

convergence than the k-means and the FSCL algorithms and 

introduced some speedup to the learning process. But being 

sensitive to pre-assigned de-learning rate, it fails to perform 

better and correct clustering. One of the variant of RPCL 

algorithm is Stochastic RPCL (S-RPCL) algorithm, which 

penalizes the rivals by using the same rule as the RPCL, but 

the penalization is performed stochastically. Other variants 

of RPCL are Rival Penalization Controlled Competitive 

Learning (RPCCL) [9] and Distance sensitive RPCL 

(DSRPCL) [10]. Some applications of the RPCL algorithm 

are nonlinear channel equalization [11], color image 

segmentation [12], images features extraction [13]. 

D. THE DYNAMICALLY PENALIZED RIVAL 

COMPETITIVE LEARNING ALGORITHM 

The DPRCL [14] is a variant of the RPCL algorithm [8]. It 

performs appropriate clustering without knowing the clusters 

number, by automatically driving the extra seed points far 

away from the input data set. It dynamically controls the 

selection of de-learning rate and introduces a new term called 

penalization strength.  If the distance between the winning 

centre and its first rival is smaller than the distance between 

the winning centre and the input then the penalization 

strength will be maximum, of value 1; otherwise the 

penalization will be gradually attenuated up to zero, as the 

distance, between the winner and its first rival increases. The 

DRPCL algorithm is actually a generalization of the RPCL 

algorithm, which moves away the undesired centers much 

faster than the RPCL algorithm i.e. having the fast and better 

convergence, because its de-learning rate is greater. DPRCL 

finds its application in adaptive clustering of fast varying 

signals corrupted by noise. 
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E. RIVAL PENALIZED CONTROLLED 

COMPETITIVE  LEARNING 

Like DPRCL, rival penalized controlled competitive 

learning (RPCCL) [15] is also a variant of RPCL [8] 

introduced by Yiu-ming Cheung. In order to control the rival 

penalization, RPCCL fully penalizes the rival if its distance 

to the winner is closer than the distance between the winner 

and the input otherwise the penalization strength will be 

gradually attenuated when the distance between the winner 

and the rival increases. In RPCCL for each input, not only the 

winner seed point is modified to adapt to the input, but also 

its rival (the 2nd winner) is de-learned by a smaller learning 

rate. The de-learning rate needs to be re-selected 

appropriately not only for different clustering problems, but 

also for different initial positions of the seed points. The 

problem with RPCCL is the instability of clustering results 

i.e. if the initialized clustering centers are close to the actual 

ones, it can cluster accurately and fast and if not then it will 

perform more slowly and even lead to local minima. Another 

problem is of the updating process. The rivals‘ and winners‘ 

displacements are not only in relation to the distances 

between input point and the two seed points, but also in 

relation to the input point location. That is if the input point 

is close to a clustering center, it should attract winners more 

tightly to make it converge as soon as possible. Also it should 

repel the rival more greatly so that the rival leaves the 

clustering center more quickly. If the input point is located at 

a cluster margin, the repelling force is smaller to keep the 

winner moving away from the clustering center [15]. To 

overcome the problems in original RPCCL, a new algorithm 

was proposed in [16]. While original RPCCL works well 

when the number of initialized seed point is same as the 

actual number, but it needs more computing costs, this new 

algorithm takes advantage of influence of sample distribution 

into account, and perform correct clustering faster and more 

accurately, and the clustering results are more reliable. 

F. SELF ORGANIZING MAPS 

Self-Organizing maps were developed by Prof. Teuvo 

Kohonen in the early 1980‘s. SOM is used to categorize and 

interpret large, high- dimensional data sets. Self-organizing 

map (SOM) [17] and its variant [18][19], are one of the 

popular data visualization techniques that provide a 

topological mapping from the input space to the output space. 

Typically, an SOM map possesses a regular one or 

two-dimensional (2-D) grid of nodes. Each node (also called 

neurons) in the grid is associated with a parametric real 

vector called model or weight that has the same dimension as 

the input vectors. The task of SOM is to learn those models so 

that the similar high-dimensional input data are mapped into 

one-dimensional (1-D) or 2-D output space with the topology 

as unchanged as possible. That is, the similar data in the 

input space under a measurement are placed physically close 

to each other on the map. However the SOM algorithm 

spends lots of time to learn because of many factors such as 

large map size, large quantity of input data, and many 

dimensions in data, etc. The topology preservation feature 

i.e. the input vectors which are placed near in input domain 

are placed near in map of SOM. This makes it a good cluster 

analyzing tool for high dimensional data. When SOM is 

applied to clustering problems, the classification results 

sometimes depend on the initial learning rate and initial 

weight vectors, even the sequence of the input samples when 

the input training samples are not more enough. SOM needs 

to initialize a learning rate whose value decreases over time 

to ensure the convergence of the map. Usually, a small initial 

value of learning rate is prone to make the models stabilized 

at some locations of input space in an early training stage. As 

a result, the map is not well established. 

If we reduce the learning rate very slowly, the map can 

learn the topology of inputs well with the small quantization 

error, but the map convergence needs a large number of 

iterations and becomes quite time-consuming. On the other 

hand, if we reduce the learning rate too quickly, the map will 

be likely trapped into a local suboptimal solution and finally 

led to the large quantization error. To circumvent the 

problem of selection of appropriate learning rate and it‘s 

decreasing monotonically decreasing function, a variant of 

SOM is introduced i.e. 2-phase SOM [20] in which training 

is done in 2 phases uses 2 learning rates. In the first phase, it 

keeps a large learning to obtain the rough topological 

structure of the training data quickly. In the second phase, a 

much smaller learning rate is utilized to the trained map 

from the first phase, which achieves the fine-tuning 

topological map to ensure the map convergence. But the 

performance of the training algorithm is still sensitive to the 

time-varied learning rate [21].Some applications of SOM are   

visualization [22], image analysis [23], data mining [24], 

and so forth. 

G. RIVAL PENALIZED SELF ORGANIZING MAPS 

RPSOM [21] is inspired by the idea of RPCL [8] and 

RPCCL [15]. To elude the problems of selecting learning rate 

and decreasing function in SOM, for each input, the RPSOM 

adaptively chooses several rivals of the best-matching unit 

(BMU) and penalizes their associated models a little far away 

from the input. Instead of specifying the decreasing function 

of learning rate, RPSOM utilizes the constant learning rate to 

elude the selection of monotonically decreased function for 

the learning rate and achieves good convergence of map. 

Several experiments have shown that RPSOM has better 

convergence, neuron utilization and has less quantization 

error [25]. 

III. CONCLUSION 

This paper discusses the several algorithms based on the 

competitive learning and self organization learning for 

clustering problems. On the basis of study of several 

algorithms it was found that the quality of results obtained by 

clustering method depends on the similarity measures, by its 

ability to discover some or all of hidden patterns, on the 

definition and representation of clusters chosen i.e. 

predefined number of clusters and properties of each cluster, 
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learning and de-learning rate, neighborhood considered, 

topology preservation etc. The main focus of all the 

algorithms is to determine how well the input feature is 

matched with the already existing features in several clusters 

and then how that input is placed within respective cluster. 

Among all the algorithms presented it has been observed that 

if parameters like learning rate, neighborhood function, 

distance measures are suitably chosen and implemented  then 

the performance achieved in clustering the dataset has better 

results in case of RPSOM algorithm. Some points of focus: 

1. K-means focuses on choosing K initial clusters and 

hence does not give better performance due to the 

existence of ‗dead units‘ and hence leads to local 

minima problem.. 

2. FSCL tries to remove problem of dead units by 

selecting the parameter called the ‗conscience‘ but 

again suffers from the same problem as k-means i.e. 

selection of appropriate centers. 

3. RPCL exploits the concept of rival penalization and 

hence speeds up the learning process therefore 

providing better convergence than k-means and 

FSCL.  But the problem is of selecting appropriate 

learning rate. 

4. DPRCL exploits the penalization strength without 

knowing exact number of clusters and hence 

achieves better convergence. 

5. RPCCL enhances the convergence and provides 

better clustering results by setting the de-learning 

rate for rival smaller than winner‘s learning rate. 

But the problem faced is instability of cluster results. 

6. To be a good cluster analyzing tool for high 

dimensional data SOM focuses on appropriate 

initial learning rate and initial weight vectors. 

Being sensitive to initial values of learning rate and 

weight vectors SOM may lead to local suboptimum 

and quantization error. 

7. RPSOM utilizes the constant learning rate and hence 

achieves better convergence and lesser quantization 

error and also achieves greater neuron utilization.   
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