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Abstract 

 The science of analytics has evolved to keep pace with the massive collection of 

available data.  As oceans of data continue to be generated from various sources, analytics 

plays a very important role to utilize and implement the data. K-means Clustering is an 

unsupervised data mining technique which makes inferences from datasets using only input 

vectors without referring to known or labelled outcomes. One of the most important issues in 

the K-means Clustering Algorithm is the initialization procedure that ultimately determines 

which part of the solution space will be searched and handling the data with constraints. In 

order to overcome this narrow span of search with constraints, in this paper, Self Organizing 

Map (SOM) is used for different initialization procedure with proper training parameters. The 

proposed algorithm is validated using five different datasets with various performance 

evaluation metrics. The experimental result shows that the proposed algorithm results in better 

classification than the standard K-means clustering technique. 
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I. INTRODUCTION 

 K-means Clustering is an unsupervised clustering algorithm which groups the input 

data points into multiple classes based on their similarity measures between each other. The 

grouping is done by minimizing the sum of squared distances between the data points. Two 

main types of measures used in K-means Clustering are distance measures and similarity 

measures. The distance measures are used to determine the similarity or dissimilarity of the 

pair of the objects. Since K-means is the simplest form of clustering, it clusters the data only 

as the crisp set and it has its own limitations when handling the high dimensional data and the 

data with constraints. In the real world, with the development of information technology, 

volumes of data processed by many applications is crossing the peta-scale threshold and so 

clustering of very large scale data becomes a challenging task nowadays. In this paper, in order 

to improve the efficiency of K-means Clustering, a Self Organizing Map, which is a form of 

Artificial Neural Network, is proposed to handle the data with constraints. For effective 
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validation, the proposed algorithm is applied to five different datasets namely Iris, Wine, Lung 

cancer, Yeast and Glass. The performance metrics used for validating the proposed algorithm 

are Precision and Recall, Error Rate and Accuracy and Execution Time.  The experimental 

result shows that the proposed algorithm  offers better opportunity for an early exploration of 

the search space, and as the process continues it gradually narrows the search for constrained 

data. 

II. RELATED WORKS 

Trujillo et al., [5] proposed a combining K-means based grid clustering approach. 

Clustering is widely used in various applications which include data mining, information 

retrieval, image segmentation, and data classification. A clustering technique for grouping data 

sets that are indexed in the space is proposed in this paper. This approach mainly depends on 

the k-means clustering technique and grid clustering. K-means clustering is the simplest and 

most widely used approach. The main disadvantage of this approach is that it is sensitive to the 

selection of the initial partition. Grid clustering is extensively used for grouping data that are 

indexed in the space. The main aim of the proposed clustering approach is to eliminate the high 

sensitivity of the k-means clustering approach to the starting conditions by using the available 

spatial information. A semivariogram based grid clustering technique is used in this approach. 

It utilizes the spatial correlation for obtaining the bin size. The author combines this approach 

with a conventional k-means clustering technique as the bins are constrained to regular blocks 

while the spatial distribution of objects is irregular. An effective initialization of the k-means 

is provided by semivariogram. From the experimental results, it is clearly observed that the 

final partition protects the spatial distribution of the objects. 

Yanfeng Zhang et al., [3] proposed an Agglomerative Fuzzy K-means clustering 

method with automatic selection of cluster number (NSS-AKmeans) approach for learning 

optimal number of clusters and for providing significant clustering results. High density areas 

can be detected by the NSS-AKmeans and from these centers the initial cluster centers with a 

neighbour sharing selection approach can also be determined. Agglomeration Energy (AE) 

factor is proposed in order to choose a initial cluster for representing global density relationship 

of objects. Moreover, in order to calculate local neighbour sharing relationship of objects, 

Neighbors Sharing Factor (NSF) is used. Agglomerative Fuzzy K-means clustering algorithm 

is then utilized to further merge these initial centers to get the preferred number of clusters and 

create better clustering results. Experimental observations on several data sets have proved that 

the proposed clustering approach was very significant in automatically identifying the true 

cluster number and also providing correct clustering results 
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Zhang Zhe et al., [1] proposed an improved K-means clustering algorithm. K-means 

algorithm [8] is extensively utilized in spatial clustering. The mean value of each cluster 

centroid in this approach is taken as the Heuristic information, so it has some limitations such 

as sensitive to the initial centroid and instability. The enhanced clustering algorithm referred 

to the best clustering centroid which is searched during the optimization of clustering centroid. 

This increases the searching probability around the best centroid and enhanced the strength of 

the approach. The experiment is performed on two groups of representative dataset and from 

the experimental observation, it is clearly noted that the improved K-means algorithm performs 

better in global searching and is less sensitive to the initial centroid 

Huang et al., [6] put forth the automated variable weighting in k-means type clustering that can 

automatically estimate variable weights. A novel approach is introduced to the K-means 

algorithm to iteratively update variable weights depending on the present partition of data and 

a formula for weight calculation is also proposed in this paper. The convergency theorem of 

the new clustering algorithm is given in this paper. The variable weights created by the 

approach estimates the significance of variables in clustering and can be deployed in variable 

selection in various data mining applications where large and complex real data are often used. 

Experiments are conducted on both synthetic and real data and it is found from the experimental 

observation that the proposed approach provides higher performance when compared the 

traditional k-means type algorithms in recovering clusters in data. 

In order to support the visual analysis of spatiotemporal data, Andrienkoet al., (2010) 

suggest a framework based on the “Self-Organizing Map” method combined with a set of 

interactive visual tools supporting both analytic perspectives. SOM can be considered as a 

combination of clustering and dimensionality reduction. In the first perspective, SOM is 

applied to the spatial situations at different time moments or intervals. In the other perspective, 

SOM is applied to the local temporal evolution profiles. The integrated visual analytics 

environment includes interactive coordinated displays enabling various transformations of 

spatiotemporal data and post-processing of SOM results. The SOM matrix display offers an 

overview of the groupings of data objects and their two-dimensional arrangement by similarity. 

This view is linked to a cartoFigureic map display, a time series Figure, and a periodic pattern 

view. The linkage of these views supports the analysis of SOM results in both the spatial and 

temporal contexts.  

Chattopadhyayet al., (2012) proposed a visual clustering approach for machine part cell 

formation using self organizing map algorithm, an unsupervised neural network to achieve 
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better group technology efficiency measure of cell formation as well as measure of SOM 

quality. The work also has established the criteria of choosing an optimum SOM size based on 

results of quantization error, and average distortion measure during SOM training which have 

generated the best clustering and preservation of topology. To evaluate the performance of the 

proposed algorithm, this work has tested the several benchmark problems available in the 

literature.   

Ecological data are considered to be difficult to analyse because numerous biological 

and environmental factors are involved in a complex manner in environment organism 

relationships. The Self-Organizing Map has advantages for information extraction (i.e., without 

prior knowledge) and the efficiency of presentation (i.e., visualization). It has been 

implemented broadly in ecological sciences across different hierarchical levels of life. Recent 

applications of the SOM, which are reviewed here, include the molecular, organism, 

population, community, and ecosystem scales. Further development of the SOM is discussed 

regarding network architecture, spatio-temporal patterning, and the presentation of model 

results in ecological sciences are given in Chon and Tae-Soo (2011). 

III. METHODOLOGY 

In this paper, in order to improve the efficiency of K-means Clustering, a Self 

Organizing Map, which is a form of Artificial Neural Network, is proposed to handle the data 

with constraints 

K-means Clustering using Self Organizing Map 

The Self-Organizing Map (SOM) is a clustering and data visualization technique based 

on neural networks. SOM can be viewed as a vector quantization technique where the reference 

vectors are learned by training a neural network. Thus, like vector quantization, the goal of 

SOM is to find a set of reference vectors and to assign each point in the data set to the “closest” 

reference vector. With the SOM approach, each reference vector is associated with a particular 

neuron, and the components of that reference vector become the “weights” of that neuron. As 

with other neural network systems, a SOM neural net is trained by considering the data points 

one at a time and adjusting the weights (reference vectors) so as to best fit the data. 

The final output of the SOM technique is a set of reference vectors which implicitly 

defines clusters. (Each cluster consists of the points closest to a particular reference vector.) 

However, while SOM might seem very similar to K-means or other vector quantization 
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approaches, there is a fundamental conceptual difference. During the training process, SOM 

uses each data point to update the closest reference vector and the reference vectors of nearby 

neurons. In this way, SOM produces an “ordered” set of reference vectors. In other words, the 

reference vectors of neurons which are close to each other in the SOM neural net will be more 

closely related to each other than to the reference vectors of neurons that are farther away in 

the neural net (Ismail et al., 2011). Because of this constraint, the reference vectors in SOM 

can be viewed as lying on a smooth, elastic two-dimensional surface in m dimensional space, 

a surface which tries to fit the m dimensional data as well as possible.  

The basic idea of a SOM is to map the data patterns onto an-dimensional grid of neurons 

or units. That grid forms what is known as the output space, as opposed to the input space 

where the data patterns are. This mapping tries to preserve topological relations, i.e., patterns 

that are close in the input space will be mapped to units that are close in the output space, and 

vice-versa. So as to allow an easy visualization, the output space is usually 1 or 2 dimensional.  

The proposed SOM training algorithm can be described as follows: 

Let X be the set of n training patterns x1, x2,..,xn 

W be a p q grid of units wijwhere i and j are their coordinates on that grid 

 be the learning rate, assuming values in [0,1], initialized to a given initial learning rate 

r be the radius of the neighbourhood function h(wij,wmn,r),initialized to a given initial 

radius 

1      Repeat 

2   For k=1 to n 

3  For all wij�W, calculate dij = || xk- wij|| 

4  Select the unit that minimizes dij as the winner wwinner 

5  Update each unit wij�W: wij = wij + h(wwinner,wij,r) || xk - wij || 

6  Decrease the value of  and r 

7  Until  reaches 0 

The neighbourhood function h is usually a function that decreases with the distance (in 

the output space) to the winning unit, and is responsible for the interactions between different 

units. During training, the radius of this function will usually decrease, so that each unit will 

become more isolated from the effects of its neighbours. It is important to note that many 

implementations of SOM decrease this radius to 1, meaning that even in the final stages of 
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training; each unit will have an effect on its nearest neighbours, while other implementations 

allow this parameter to decrease to zero. 

SOMs can be used in many different ways, even within clustering tasks. In this work it 

is assumed that each SOM unit is a cluster centre, and thus a k-unit SOM will perform a task 

similar to K-means. It must be noted that SOM and K-means algorithms are rigorously identical 

when the radius of the neighbourhood function in the SOM equals zero. In this case the update 

occurs only in the winning unit just as happens in K-means (step 4). 

Self Organizing Maps are iterative algorithms that discover a set of representatives. The 

SOM algorithm for K-means clustering is a special case of a SOM; in this case, the 

representatives tend toward the means of clusters defined by a popular squared error criterion. 

Interpretation is complicated by the difficulty of identifying a specified SOM with an error 

criterion that it might be considered to minimize. The derivation of the SOM algorithm for  

K-means clustering appears to be a special case analysis of SOMs. 

In general, however, SOMs cannot be interpreted as algorithms that minimize a fixed 

error criterion to the process of discretizing��.  Here each bin is represented by averaging the 

xi that lie within it. SOMs offer a compromise between discovering structure in the data 

(clustering the xi) and imposing structure upon the data (discretizing��). 

The signature feature of SOMs is the imposition of an external topological ordering on 

the set of representatives. This is usually accomplished by identifying the representatives with 

a regular grid in one or two dimensions. The topology of the grid is then used to define 

neighbourhoods of representatives. As the idea is that the representatives (called `weights') are 

spatially correlated, so that representatives at nearby points on the grid are more similar than 

those which are widely separated. Generalizing the SOM algorithm for K-means clustering, 

"on-line" SOMs update all of the representatives in a neighbourhood of m*(x). This work 

illustrates this kind of methodology, and explores some of its implications, with a trivial 

example. 

 

IV. EXPERIMENTAL RESULTS 

The datasets used in this work are taken from the UCI Machine Learning Repository 

which is a collection of databases, domain theories, and data generators used by the machine 

learning community for the empirical analysis of machine learning algorithms. In this work, 
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iris dataset, wine dataset, lung cancer dataset, glass dataset and yeast dataset are used for the 

experiment and the performance is evaluated based on accuracy and execution of the algorithm, 

precision and recall measures and the error rate metrics. These three metrics are very important 

to evaluate the performance and efficiency of any algorithms. The performance of the K-means 

is based on the clustering with Self Organizing Maps on these datasets. Vectors, dimensions 

and clusters for all the datasets are shown in Table 4.1.  

Table 4.1   Vectors, Dimensions and clustering of the datasets 

 Datasets  Vectors   Dimensions Clusters  

Iris  150 4 3 

Wine  178 13 3 

Lung cancer 32 56 5 

Glass  214 9 7 

Yeast  1484 8 10 

  

 

  Figure 4.1 Training Datasets with Vectors, Dimensions and Clusters 

4.1 Performance Evaluation Measure 

4.1.1 Accuracy and Execution Time 

 Table 4.2 shows the accuracy and execution time of K-means clustering and     
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K-means with SOM with five datasets. 

Table 4.2   Accuracy and Execution Time for SOM 

Datasets 

K-means K-means with SOM 

Accuracy 

(%) 

Execution 

Time (Seconds) 

Accuracy 

(%) 

Execution 

Time (Seconds) 

Iris 56 38 78 32 

Wine 62 34 81 29 

Lung cancer 77 30 85 26 

Glass 79 28 89 23 

Yeast 83 23 93 16 

Figure 4.2 shows the accuracy of K-means clustering with SOM. The comparison of 

K-means clustering and K-means with SOM  proves that the values  78, 81, 85, 89 and 93 of 

SOM has high accuracy in proposed method when compared with the K-means clustering 

algorithm 

 

         Figure 4.2   Accuracy and Execution time of K- Means and SOM 

 

4.1.2 Precision and recall 

The precision percentage and Recall percentage of Self Organizing Map is tabulated in 

Table 4.3  
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Table 4.3   Precision and Recall Percentage of SOM 

Datasets 

K-means Clustering K-Mean with SOM 

Precisi

on (%) 

Recall (%)  Precision 

(%) 

Recall (%)   

Iris 63 73 76 70 

Wine 68 71 79 69 

Lung 

cancer 

74 68 76 65 

Glass 79 63 81 58 

Yeast 83 54 88 43 

 

           

Figure 4.3   Precision and   Recall Percentage of K-means and K-means with SOM 

 

 

4.1.3 Error Rate 

In Table 4.4 the error rate in percentage is described for calculating the K-Mean 

clusters using various datasets are Iris, Wine, Lung Cancer, Glass and Yeast. 
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Table 4.4    Error Rate of SOM 

Datasets 
Error Rate (%) 

K-means clustering  K-Mean with SOM 

Iris 36 24 

Wine 27 21 

Lung cancer 21 19 

Glass 19 12 

Yeast 11 8 

  

The error rate for clustering techniques is shown in Figure 4.4.  Error rate is very less 

in proposed SOM technique than K-means approach and thus it is proved that the K-means 

with SOM has better performance than the K-means Clustering Algorithm. 

 

 

Figure 4.4 Error Rate of K-means and K-means with SOM 

 

V. CONCLUSION 

The need of analyzing and grouping of data is required for better understanding and 

examination of data.  This can be solved by using the clustering technique which groups the 

similar kind of data into a particular cluster.  In K-means Clustering, the initial centroid is 
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generated randomly before clustering. If the dataset used is large, then the performance of K-

means will be reduced and also the time complexity is increased. The major limitation of  K- 

Means Clustering Algorithm is the initialization procedure that ultimately determines which 

part of the solution space will be searched and handling the data with constraints. In order to 

overcome this, the Self Organizing Map(SOM)  is used for different initialization procedures 

with proper training parameters. The proposed algorithm is validated using five different 

datasets with various performance evaluation metrics. The experimental result shows that the 

proposed algorithm results in better classification than the standard K-means clustering 

algorithm. 
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