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Abstract
Automatic image pixel clustering technique has significant 
importance in the application areas such as color image 
segmentation, whether analysis, medical image analysis, security 
analysis. This process aims to find correct number clusters, and 
unsupervised training mode clustering has to determine number 
of clusters. Genetic Algorithms can solve optimization problems 
effectively than classical computational. This paper mainly focuses 
on reducing the number of features increases comprehensibility. 
The projecting technique will try to discover true number of cluster 
centers automatically on the run. It will not only determines the 
true number of the cluster centers but also extracts real cluster 
centers and make a good classification using genetic algorithm 
Experimental results depicted that Genetic algorithm gives better 
performance than the simulated annealing Technique.
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I. Introduction
Clustering is the act of partitioning an unlabeled data set into 
groups of similar objects. Each group is called a “cluster”, which 
consists of objects those are same among themselves and disparate 
from objects of other groups. In the past few decades, cluster 
analysis has played a central role in a variety of fields, ranging from 
engineering to social science and economics. Although an through 
list is impracticable it is worthwhile to mention that clustering has 
found applications in machine knowledge, artificial intelligence, 
pattern recognition, mechanical engineering and electrical 
engineering , web mining, spatial database exploration, textual 
document collection and image segmentation, genetics, biology, 
microbiology, paleontology, psychiatry and pathology, geography, 
geology and remote sensing, sociology, psychology, archeology, 
education, advertising and business [1-8]. In the cluster analysis 
most of the existing clustering techniques accept the number 
of clusters K, as an input instead of determining the same on 
the run. Also, if the data set is described by high-dimensional 
feature vectors, it may be virtually impossible to visualize the 
data for tracking its number of clusters. Chiefly in image pixel 
clustering knowing cluster number beforehand is a challenging 
task. A recent paper [9] has presented a new Differential Evolution 
(DE) based policy called ACDE (Automatic Clustering Using 
an Improved Differential Evolution) which is an evolutionary 
working out algorithm for crisp clustering of real–world data 
sets. The important feature of this technique is that it is able to 
robotically find the optimal number of clusters (i.e. the number 
of clusters does not have to be known in advance) even for very 
prominent dimensional data sets, where tracking of the number 
of clusters may be difficult. There are various evolutionary 
computation techniques like genetic algorithm, Particle swarm 
Optimization techniques, Evolutionary Strategy etc can be very 
well implemented to address the problem of automatic clustering. 
In our proposed work we have envision to realize few of these 
techniques and develop some interesting hybridization of these 
approaches for effective image pixel clustering.

II. Related Work

A. Previous Work on Genetic Algorithms
Genetic algorithms have been successfully applied in the area 
of image processing. The demand for automation of parameter 
calculation in minimizing extraction error rate. Genetic algorithms 
are well applied in software testing but a little has been done. 
Nirmal et al [4] proposed a method to generate test cases for classes 
in object oriented software using a genetic programming approach. 
Their method used tree representation of statements in test cases. 
Strategies for encoding the test cases and using the objective 
function to evolve them as suitable test case are proposed.

III. Problem Description
A pattern is a physical or abstract structure of objects. It is 
distinguished from others by a collective set of attributes called 
features, which together represent a pattern [27]. Let P = {P1, 
P2, . . . , Pn} be a set of n patterns or data points, each having 
d features. These patterns can also be represented by a profile 
data matrix Xn×d with n d-dimensional row vectors. The ith  row 
vector _Xi characterizes the ith object from the set P, and each 
element Xi,j in _Xi corresponds to the jth real value feature (j = 1, 
2, . . . , d) of the ith pattern (i =1, 2, . . . , n). Given suchan Xn×d 
matrix, a partitional clustering algorithm tries to find a partition 
C = {C1, C2, . . . , CK} of K classes, such that the similarity of 
the patterns in the same cluster is maximum and patterns from 
different clusters differ as far as possible. The partitions should 
maintain three properties.
1) Each cluster should have at least one
pattern assigned, i.e., Ci _= Φ∀i ∈ {1, 2, . ..,K}.
2) Two different clusters should have no
pattern in common, i.e., Ci ∩ Cj = Φ∀i _= j
and i, j ∈ {1, 2, . . .,K}.
3) Each pattern should definitely be attached to a cluster i.e., UK 
i=1Ck=P. Since the given data set can be partitioned in a number 
of ways, maintaining all of the aforementioned properties, a fitness 
function (some measure of the adequacy of the partitioning) must 
be defined. The problem then turns out to be one of finding a 
partition C∗ of optimal or near-optimal adequacy, ascompared to 
all other feasible solutions C = {C1, C2, . . . , CN(n,K)}, where N 
(n, K)=(1) is the number of feasible partitions. This is the same as 
Optimize f(Xn×d, C) C (2) where C is a single partition from the 
set C, and f is a Statistical–mathematical function that quantifies 
the goodness of a partition on the basis of the distance measure 
of the patterns(please see Section II-C). It has been shown in 
[28] that the clustering problem is NP-hard when the number of 
clusters exceeds 3.

IV. Proposed Work
The following objectives are to be worked out in the proposed 
research work
1. Automatic determination of the optimal number of clusters in 
any unlabeled data set.
In the cluster analysis most of the existing clustering techniques 
for clustering, accept the numbers of clusters K as an input and 
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resolve that many number of cluster for given data set. The 
proposed technique will try to settle on true number of cluster 
centers automatically on the run. It will not only determines the  
true  number of the  cluster centers but also extracts real cluster 
centers and make a good classification.
2. Automatic research of the clusters with the choice of the 
most relevant features. The goal of feature selection for 
unsupervised learning is to find the smallest feature subset that 
best uncovers―interesting natural groupings (clusters) from data 
according to the chosen criterion. There may exist multiple redundant 
feature subset solutions. We are satisfied in pronouncement any 
one of these solutions. Unlike supervised learning, which has 
class labels to guide the feature search, in clustering (unsupervised 
learning) we need to define what―interesting and―natural mean. 
These are usually represented in the form of decisive factor 
functions.

A. Data Sets to be Used for Testing
The following real-life data sets will be used in this research work. 
Here, n is the number of data points, d is the number of features, 
and K is the number of clusters.
1. Iris plants database (n = 150, d = 4, K =3): This is a well-known 
database with 4 inputs, 3 classes, and 150 data vectors. The data 
set consists of three different species of iris  flower: Iris setosa, 
Iris virginica, and Iris   versicolour.   For   each   species,   50 
samples   with   four   features   each   (sepal length, sepal width, 
petal length, and petal width)   were   collected.   The   number   
of objects that belong to each cluster is 50.
2. Glass (n = 214, d = 9, K = 6): The data were sampled from six 
different types of glass: (i) building windows float processed (70 
objects); (ii) building windows no float processed (76 objects); 
(iii) vehicle windows float processed (17 objects); (iv) containers 
(13 objects); (v) tableware (9 objects); and (vi) headlamps (29 
objects). Each type has nine   features:   (i)   refractive   index;   (ii) 
sodium; (iii) magnesium; (iv) International Journal of Engineering 
Research & Technology (IJERT) Vol. 1 Issue 6, August – 2012 
ISSN: 2278-0181 2 aluminum; (v) silicon; (vi) potassium; (vii) 
calcium; (viii) barium; and (ix) iron.
3. Wisconsin breast cancer data set (n =683,   d=9,   K=2):  
The   Wisconsin  breast cancer database contains nine relevant 
features: (i) clump thickness; (ii) cell size uniformity; (iii) cell 
shape uniformity; (iv) hesion; (v) single epithelial cell size; (vi) 
bare nuclei; (vii) bland chromatin; (viii) normal nucleoli; and (ix) 
mitoses. The data set has two classes. The objective is to classify 
each data vector into benign (239 objects) or malignant tumors 
(444 objects).
4. Wine (n = 178, d = 13, K = 3): This is a classification problem 
with ―well- behaved class structures. There are
13features, three classes, and 178 data vectors.
5. Vowel data set (n = 871, d = 3, K = 6): This data set consists of 
871 Indian Telugu vowel sounds. The data set has three features, 
namely F1, F2, and F3, corresponding to the first, second and, third 
vowel frequencies, and six overlapping classes {d (72 objects), 
a (89 objects), i (172 objects), u (151 objects), e (207 objects), 
o (180 objects)}.
6. Images like Mandrill, Lena, Brain MRI, Cameraman etc

V. Conclusion
Works  on  automatic  clustering have  been done since many years 
in which clustering of datasets, which was time consuming, burden-
some and unorganized due to a large number  of  given  specifications  
has improved significantly. In the present proposed  investigation, 

it is expected that In the present automatic clustering can take place 
with a limited number of most relevant features with ECTs which 
will further improve the data clustering technique. In addition, 
reducing the number of features increases comprehensibility and 
ameliorates the problem for high dimensional data for which some 
clustering algorithms break down.
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