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Abstract
The data clustering is a classical activity in data mining. In this
paper we propose a method to carry out data clustering using
Evolutionary algorithms. We use evolutionary characteristics to
define the data clustering procedure. Evolutionary clustering
technique is proposed that opts for cluster centers straight way
from the data set, further making it to speed up the fitness
evaluation by estimating a data table in advance. It saves the
distances among pairs of data points, and by using binary
instead of string representation to encode a variable number of
cluster centers.
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INTRODUCTION

developed and studied, little prior work has

In many engineering optimization problems,
it is not rare to face a challenge when there
are several criteria or problem objectives to
be satisfied simultaneously. Considering
that generally such objectives are in conflict
with each other, and then the problem
becomes one of finding the best possible
solution
objectives

that
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satisfies

under

the

different

competing
tradeoff

scenarios. With several multiple objectives
and constraints taken into consideration, an
accurate optimization formulation can be
determined. This type of problems is known
as multi-criteria problems [1]. Because of
their nature, multi-objective optimization
problems may not have one solution which
is best (global minimum or maximum) with

been done on the evaluation of results
obtained in multi-objective optimization.
Value function is used to help the decisionmaker identify the most preferred solution
in multi-objective optimization problems.
Greedy Algorithm (GR) is analyzed to obtain
a sub-set of Pareto optima from a larger
Pareto set. The selection of the sub-set was
based on maximizing a function of the
vector of percentile ordinal rankings of the
Pareto

optima within

the large set.

However, choosing a solution for system
implementation from the Pareto-optimal
set can be a difficult task, generally because
Pareto-optimal sets can be extremely large
or even contain an infinite number of
solutions. [3]

respect to all objectives. Instead, there may

This discussion makes clear that there is a

be a set of solutions which are superior to

need to achieve smaller practical sets of

the rest of the solutions in the search space

promising solutions. Thus, the motivation

when all objectives are considered, but are

for the current work stems from challenges

inferior to other solutions in the search

encountered

space in one or more objectives. These

analysis phase. A practical approach is

solutions are known as Pareto-optimal

proposed to help in the analysis of the

solutions or non-dominated solutions [2].

solution of multi-objective optimization and

Although several methods for solving multi-

provide the decision-maker a workable

objective optimization problems have been

sized set of solutions to analyze [4].This
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post-Pareto
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method is based on an unsupervised cluster

decision-maker a smaller set of optimal

analysis technique, in which the solutions in

tradeoffs [8].

the Pareto optimal set are clustered so that

2. CLUSTER ALGORITHM

the Pareto optimal front is reduced to a set
of k clusters [5]. Each cluster consists of

Cluster

analysis,

solutions with similar properties, and

unsupervised learning, is one of the most

therefore the decision maker only has to

useful methods in the cluster analysis

investigate one solution per cluster; in this

process for discovering groups. Clustering

case, the closest solution to each cluster

aims to organize a collection of data items

centroid. Moreover, with this method, once

into clusters, such that objects within the

the optimal number of clusters is identified,

same cluster have a high degree of

the decision maker can focus to the “knee”

similarity,

cluster, which contains the solutions that

different clusters have a high degree of

are likely to be more interesting to the

dissimilarity. Cluster analysis makes it

decision maker [6].

possible to look at properties of whole

while

also

objects

known

belonging

as

to

clusters instead of individual objects. This is
To illustrate the method, some well-known
optimization problems will be formulated as

a simplification that is useful when handling
large amounts of data [7].

multiple objective problems. To solve them,
the fast elitist non-dominated sorting
genetic algorithm (NSGA-II) will be initially
used to determine a set of Pareto solutions
[7]. To reduce the size of the Pareto-optimal
solutions, a partitional clustering algorithm
will be used to directly decompose the
Pareto-optimal set into a set of disjoint
clusters. This method does not require a

3. METHODOLOGY

priori knowledge of the relative importance
of the conflicting objectives, providing the
Available Online At www.ijpret.com
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A cantilever design problem is considered
with two decision variables i.e. diameter (d)
and length (l). the beam has to carry an end
load P. Let us also consider two conflicting
objectives of design , i.e. minimization of
weight

f1

and

minimization

of

end

deflection f2. the first objective will resort

Fig.2

The feasible objective space (right)

to an optimum solution having the smaller
dimensions of d and l, so that the overall

This Fig 2 shows many solutions trading-off

weight of the beam is minimum. Since the

differently between the two objectives. Any

dimensions are small , the beam will not be

two solutions can be picked from the

adequately rigid and the end deflection of

feasible objective space and compared. For

the beam will be large. On the other hand .

some pairs of solutions, it can be observed

if the beam is minimized for end deflection ,

that one solution is better than the other in

the dimensions of the beam are expected

both objectives as given in Table 1.All

to be large , thereby making the weight of

solutions lying on this curve are special in

the beam large .the left plot in Figure 1

the context of multi-objective optimization

marks the feasible decision variable space

and are called Pareto-optimal solutions. The

in the overall search space enclosed by 10 ≤

curve formed by joining these solutions is

d ≤ 50 mm and 200≤ l ≤ 1000 mm. it is clear

known as Pareto-optimal front.

that not all solutions in the rectangular
decision space are feasible . Every feasible
solution in this space can be mapped to a
solution in the feasible objective space
shown

in

the

right

plot.

The

correspondence of a point in the left figure
with that in the right figure is also shown.
This approach is suitable for decisionmakers that do not have a priori knowledge
Available Online At www.ijpret.com
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of the relative importance of the conflicting

5.1 Analyze the “knee” cluster. The

objectives in Multicriteria optimization

suggestion is to focus on the cluster that

problem.

has solutions that conform to the “knee”

The developed approach is based on the

region. The “knee” is formed by those
solutions of the Pareto-optimal front where

following steps:

a small improvement in one objective
1. Obtain the entire Pareto-optimal set or

would lead to a large deterioration in at

sub-set of solutions by using a multiple-

least one other objective. Moreover, from

objective evolutionary algorithm (MOEA) or

this “knee” cluster the decision maker can

by another means.

select a promising solution for system

2. Apply the GA based clustering algorithm
to form clusters on the solutions contained

implementation. This would be the solution
closest to the ideal or utopian solution of
the multiple objective problem, in a

in the Pareto set.

standardized space.
3. To determine the “optimal” number of
clusters, k, in this set, silhouette plots are
used. A value of the silhouette width, s(i), is
obtained for several values of k. The
clustering

with

the

highest

average

silhouette width is selected as the “optimal”
number of clusters in the Pareto-optimal

5.2 Analyze the k representative solutions
and/or select the most promising solutions
among this k set, selecting the solution
closest to the ideal point. By applying the
proposed technique, the Pareto-optimal
front of a multiple objective problem can be
reduced to the “knee cluster” as in 5.1, or

set.

to a set of k solutions as in 5.2. In both
4. For each cluster, select a representative

cases the decision maker can choose a good

solution. To do this, the solution that is

tradeoff for system implementation by

closest to its respective cluster centroid is

selecting the closest solution to the ideal or

chosen as a good representative solution.

utopian solution of the multiple objective

5. Analyze the results. At this point, the

problems, in a standardized space.

decision-maker can either:
Available Online At www.ijpret.com
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A Matlab code is developed to perform the

set can be a difficult task, generally because

steps of the proposed technique. From

Pareto-optimal sets can be extremely large

standardized data, the code will run the

or even contain an infinite number of

clustering algorithm and from two to a

solutions. The proposed method provides

specified number of means it will calculate

the decision-maker a smaller set of optimal

the average silhouette values and it will

tradeoffs [22].

return the value of k suggesting the most
optimal allocation. After this, it will also
return the “knee cluster” of the optimal
partition, the k representative solutions of
the Pareto front, and in both cases, the
solution closest to the ideal or utopian
point.Fig.3 shows the solution sets.

Over the past few years, the research on
evolutionary algorithms has demonstrated
their

role

in

solving

multi-objective

optimization problems, where the goal is to
find a number of Pareto-optimal solutions
in a single simulation run. Many studies
have depicted different ways evolutionary
algorithms can progress towards the true

7

Pareto-optimal solutions with a widely

6
5

spread distribution of solutions. However,

4
3
2

none of the multi-objective evolutionary

1
5
8

4

7
6

3

algorithms

5
2

4

(MOEAs)

has

a

proof

of

convergence to the true Pareto-optimal
Fig.3 The Solution Set1

solutions with a wide diversity among the

CONCLUSION

solutions [23].

The proposed methodology based on

Thus, the motivation for the current work

cluster analysis is implemented to assist the

stems from challenges encountered during

decision-maker in the analysis of the

the post-Pareto analysis phase. A practical

solutions

approach is proposed to help in the analysis

.Choosing

of
a

multi-objective
solution

for

problems
system

implementation from the Pareto-optimal

of

the

solution

of

multi-objective

optimization and provide the decision-
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maker a workable sized set of solutions to

Evolutionary

analyze.

Number 2007003.

The proposed methodology is very much

5. A.

feasible taking into the account the work

methods.

carried

Foundations

out

by

the

researchers

Methods.

Rakhlin.

Stability

NIPS
of

KanGAL

of

Report

clustering

Workshop”Theoretical
Clustering”,

December

internationally.

2005.
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