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Abstract: Clustering techniques have obtained adequate results when are applied to data mining problems. 

Clustering is the process of subdividing an input data set into a desired number of subgroups so that members 

of the same subgroup are similar and members of different subgroups have diverse properties. Many heuristic 

algorithms have been applied to the clustering problem, which is known to be NP Hard. Genetic algorithms 

have been used in a wide variety of fields to perform clustering, however, the technique normally has a long 

running time in terms of input set size.  In this paper we investigate the use of Genetic Algorithms to determine 

the best initialization of clusters, as well as the optimization of the initial parameters. The genetic algorithm 

uses the most time efficient techniques along with preprocessing of the input data set.  The experimental results 

show the great potential of the Genetic Algorithms for the improvement of the clusters. The techniques of 

clustering are most used in the analysis of information or Data Mining, this method was applied to Data Set at 

mining 

_______________________________________________________________________________________ 

 

I. INTRODUCTION 

 

In the area of clustering, there are many tasks involved in the process of identifying a cluster, which 

need appropriate parameter selection and definite criteria in complex spaces in order to obtain optimum 

solutions. Therefore, the application of Genetic Algorithms for solving certain problems of clustering (which 

need optimization of computational requirements, and robust, fast and close approximate solution) appears to be 

appropriate and natural. Recently, an application of Genetic Algorithms has been reported in the area of 

clustering [14][24][19][2]. When the only data available are unlabeled, the classification problems are 

sometimes referred to as unsupervised classification. Clustering is an important unsupervised classification 

technique where a set of patterns, usually vectors in a multidimensional space, are grouped into clusters in such 

a way that patterns in the same cluster are similar in some sense and patterns in different clusters are dissimilar 

in the same sense [52]. Since our aim is to propose a clustering technique based on Genetic Algorithms, a 

criterion is required whose optimization would provide the final clusters. However, unlike the K-means 

algorithm, which may get stuck at values, which are not optimal [47], the proposed technique should be able to 

provide good results irrespective of the starting configuration.  

 

II. Genetic Algorithm 

The genetic algorithm is a search algorithm based on the mechanics of natural selection and natural 

genetics [41]. As summarized by Tomassini [25], the main idea is that in order for a population of individuals to 

adapt to some environment, it should behave like a natural system. This means that survival and reproduction of 

an individual is promoted by the elimination of useless or harmful traits and by rewarding useful behavior. The 

genetic algorithm belongs to the family of evolutionary algorithms, along with genetic programming, evolution 

strategies, and evolutionary programming. Evolutionary algorithms can be considered as a broad class of 

stochastic optimization technique [58]. An evolutionary algorithm maintains a population of candidate solutions 

for the problem at hand. The population is then evolved by the iterative application of a set of stochastic 

operators. The set of operators usually consists of mutation, recombination, and selection or something very 

similar. Globally satisfactory, if sub-optimal, solutions to the problem are found in much the same way as 

populations in nature adapt to their surrounding environment. 

 

The evolutionary cycle can be summarized as follows [25]: 

_________________________________________________________ 

generation = 0 

seed population 

while not (termination condition) do 

generation = generation + 1 
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calculate fitness 

selection 

crossover 

mutation 

end while 

 

III. CLUSTERING 

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. Some applications of 

Data Clustering are Data Mining using Data Clustering, pattern recognition and marketing research. Data 

clustering is a method in which we make cluster of objects that are somehow similar in characteristics. The 

criterion for checking the similarity is implementation dependent. Clustering is often confused with 

classification, but there is some difference between the two. In classification the objects are assigned to pre 

defined classes, whereas in clustering the classes are also to be defined.  

A. K-Means Clustering Algorithm [59] 

  k-means clustering is a method of cluster analysis which aims to partition n observations into k 

clusters in which each observation belongs to the cluster with the nearest mean. K-means clustering is an 

effective algorithm to extract a given number of clusters of patterns from a training set. Once done, the cluster 

locations can be used to classify patterns into distinct classes.  

 

B. Clustering Problem and the k-means Algorithm 

According to [53], clusters analysis aims at solving the following very general problem: given a set X 

of N entities, often described by measurements as points of the real d-dimensional space, find subjects of X 

which are homogeneous and/or well-separated. Homogeneity means that entities in the same cluster must be 

similar and separation between entities in the same cluster must be similar and separation between entities in 

different clusters must differ one from the other. These concepts can be made precise in a variety of ways, which 

lead to as many clustering problems and even more heuristic or exact algorithms, so clustering is a vast subject 

The work of [16] provides a good survey on the issue of clustering and provides a set of key references. Among 

the clustering algorithms based on minimizing an objective function or the squared error, perhaps the most 

widely used and studied is called the k-means algorithm. This algorithm has been discovered by several research 

across different disciplines, most notably [49], [54] and [56]. 

 

C. Algorithm K-means Advantages 

The process, which is called “k-means”, appears to give partitions which are reasonably efficient in the 

sense of within-class variance, corroborated to some extend by mathematical analysis and practical experience 

[54]. Also, the k-means procedure is easily programmed and is computationally economical, so that it is feasible 

to process very large samples on a digital computer. K-means algortihm is one of first which a data analyst will 

use to investigate a new data set because it is algorithmically simple, relatively robust and gives “good enough” 

answers over a wide variety of data sets. 

 

D. Algorithm K-means Shortcomings 

 

The algorithm's sensitivity to initial conditions: The number of partitions, the initial centroids.According to [16] 

there is a universal and efficient method to identify initial patterns and the number k of clusters. In [26] briefly is 

discussed the sensitivity of the algorithm for the allocation of initial centroids, that in practice the usual method 

is to test iteratively with a random allocation to find the best allocation in terms of minimizing the total squared 

distance. However, there have been various investigations aimed at making various proposals related to these 

limitations [1, 3, 4, 5, 10, 11, 17, 21, 28, 30, 40, 53, and 55]. 

Clustering using Genetic algorithm is the proposed algorithm for: 

1. Finding best k cluster centers 

2. Applying k-mean for storing the k cluster center i.e. superimposing GA over k-Means. 

In this algorithm, the first step is to randomly generate an initial population of size 20 in which each 

individual (cluster center) is randomly initialized. After generating population the k-cluster center is found by 

using Genetic Algorithm. Then simple Euclidean distance is used to assign the remaining instances to their 

closest cluster center and then mean value for each cluster is calculated. Each individual is evaluated according 

to its fitness function. In this, the concept of Elitism for individual selection is used. 

Elitism is the process of selecting a better individual or more to the point-selecting individual with a 

biased towards the better ones. Elitism is important since it allows the solution to get better overtime and allows 

the population to converge quicker this means all the individuals will more or less all be the same. Contrarily to 

general belief, the solution will not necessary be optimal. This approach is fine for small problem and small 

http://en.wikipedia.org/wiki/Cluster_analysis
http://en.wikipedia.org/wiki/Partition_of_a_set
http://en.wikipedia.org/wiki/Mean
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population size. For bigger problems more diversity is needed. This allows the genetic algorithm to search 

through a wider variety of solutions, and there by not get stuck in local maxima. This may be achieved by 

adding a random parameter to the elitist selection scheme. For example, use a tournament selection scheme, 

which involves comparing random numbers scaled by the magnitude of the fitness. 

 

 

D.1 String representation for GA 

Each string is a sequence of real numbers representing the K cluster centers. For an N-dimensional 

space, the length of a chromosome is N*K words, where the first N positions (or, genes) represent the N 

dimensions of the first cluster center, the next N positions represent those of the second cluster center, and so 

on.  

 

D.2 Population initialization 

The k cluster centers encoded in each chromosome are initialized to k randomly chosen points from the data set. 

This process is repeated for each of the P chromosomes in the population, where P is the size of the population. 

 

 

D.3 Fitness computation 

In the fitness computation process, the constant number k is generated randomly which is considered as 

the number of clusters to be formed and the clusters are then formed according to the centers encoded in the 

chromosome under consideration.  

This is done by calculating the sum of the distance of each data from each cluster center in a cluster 

and this should be done for each individual. After this, by comparing the sum of each individual the individual 

having minimum sum is identified which means that the sum of all clusters in that individual is minimum and 

this will give us the fitness function. For example, suppose there are three clusters i.e. C1, C2, C3, which are 

formed according to the centers, encoded in the chromosome i.e. individuals. Data having minimum distance 

from the cluster center is assigned to the corresponding cluster Ci. Then the sum of distances between the data 

and the cluster center for each cluster is computed as follows where i vary from 1 to L/2 where L represents the 

length of chromosomes : 

    j=m, 

         Si = j and cluster center Ci)                                                     [3.1] 

    j=1 

Where Dj represents the data in cluster Ci and “m” is the number of data in cluster Ci.  

And then we compute 

    i=L/2 

         i          [3.2] 

    i=1 

for each individual and as the minimum value of S represents the fitness value therefore the individual having 

minimum value of S selected as the fittest individual in the population.  

 

D.4. Selection 

The selection process selects chromosomes from the mating pool directed by the survival of the fittest 

concept of natural genetic systems. A chromosome is assigned a number of copies according to the selection 

process in which the chromosomes having minimum fitness value (which is proportional to its fitness in the 

population) goes into the mating pool for further genetic operations. For this, Roulette wheel selection process is 

used. 

 

D5. Crossover 

Crossover is a probabilistic process that exchanges information between two parent chromosomes for 

generating two child chromosomes. In this Paper single point crossover with a fixed crossover probability that is 

kc is used. For chromosomes of length L, a random integer, called the crossover point, is generated in the range 

[1, L-1]. The portions of the chromosomes lying to the right of the crossover point are exchanged to produce 

two offspring.  

 

D.6. Mutation 

Each chromosome undergoes mutation with a fixed probability km that is called as mutation 

probability. For binary representation of chromosomes, a bit position (or gene) is mutated by simply flipping its 

value. Since we are considering floating point representation in this Paper, we use the following mutation. 

A number d in the range [0, 1] is generated with uniform distribution. The value at a gene position is X, 

then if the value of d<0.5 then after mutation it becomes X-1 otherwise it becomes X+1.  
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D.7. Termination criterion 

In this Paper the processes of fitness computation, selection, crossover, and mutation are executed for a 

maximum number of iterations. As twenty five generations are assumed here therefore the process terminates 

after twenty five generations. The best string seen up to the last generation provides the solution to the clustering 

problem. The elitism has been implemented at each generation by preserving the best string seen up to that 

generation in a location outside the population. Thus on termination, this location contains the centers of the 

final clusters. The next section provides the results of implementation of the GA-clustering algorithm, along 

with its comparison with the performance of the K-means algorithm for several artificial and real-life data sets. 

 

IV. RESULT AND DISCUSSION 

 

In this Paper, clustering using genetic, we are removing drawback of k-mean, which is to random 

selection of chromosomes of variables. Here we are using genetic with three operators which are selection, 

crossover, mutation. In the taken data of genetic we assume the population size 20 and number of generation 

25.We are implementing both algorithms i.e. K-Mean and K-Mean using Genetic Algorithm in MAT lab and the 

corresponding results are shown below.  

 

A.  Comparison between the k-mean and Genetic Algorithm: 

In the below graph we can seen the result of k-mean alter after each iteration in large variation. And the 

result of Genetic is not vary as K-mean gives straight line in graph. Its show that the genetic clustering 

algorithm gives minimum and global result. 
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Comparison between K-Mean and K-mean using Genetic Algorithm(x-axis represents the number of O/P taken 

and Y-axis represents the minsum that is fitness value) 

 

V. RESULTS COMPARISON BETWEEN THE DIFFERENT APPROACHES 
Different 
approaches 

Data 1(Avg. error) 

K-means 1.34036 

GA-clustering with 

25 iterations 

0.02 

GA-clustering with 

100 iterations 

0 

 In the above table, the result comparison between the different approaches is shown in which Avg 

Error (the average of the difference between the outputs taken) is compared for the K-mean, GA-clustering with 

25 iterations and GA-clustering with 100 iterations. We found that the Avg Error for K-Mean comes 1.34036 

and if we use GA clustering with 25 iterations then Avg error will come .01945 and if we increase the iterations 

from 25 to 100 then it becomes zero. 

 

VI. CONCLUSION & FUTURE WORK 

 

Genetic algorithm-based clustering algorithm has been developed in the present work. Genetic 

algorithm has been used to search for the cluster centers which minimize the fitness value (minsum) for the 
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individual. In order to demonstrate the effectiveness of the GA-clustering algorithm in providing optimal 

clusters, two artificial data sets with the number of clusters ranging from 2 to 2000 have been considered. The 

results show that the GA-clustering algorithm provides a performance that is significantly superior to that of the 

K-means algorithm, a very widely used clustering technique..  

This Paper can be used for designing genetic algorithm tools for various problems of Optimization. 

Floating-point representation of chromosomes has been adopted in this, since it is very closer to the problem 

space and provides easy way of mapping from the encoded cluster centers to the actual ones. Instead of floating-

point representation of chromosomes, a binary representation may be implemented for the same, and the results 

may be compared with the present representation form.  
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