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Abstract — Clustering algorithms in general need the number
of clusters as a priori, which is mostly hard for domain
experts to estimate. In this paper, we use Niched Pareto k-
means Genetic Algorithm (GA) for clustering. After running
the multi-objective GA, we get the pareto-optimal front that
gives the optimal number of clusters as a solution set. We
analyze the clustering results using several cluster validity
techniques proposed in the literature, namely Silhoutte, C
index, Dunn’s index, DB index, SD index and S-Dbw index.
This gives an idea about ranking the optimal number of
clusters for each validity index. We demonstrate the
applicability and effectiveness of the proposed clustering
approach by conducting experiments using two datasets: Iris
and the well-known Ruspini dataset.

Keywords: multi-objective genetic algorithm, clustering,
k-means, validity analysis.

1. INTRODUCTION

Data mining methods and techniques are designed for
revealing previously unknown significant relationships and
regularities out of huge heaps of details in large data
collections [11]. Classification is one of the well-known
mining techniques. It has two main aspects: discrimination
and clustering. In discrimination analysis, also known as
supervised clustering, observations are known to belong to
the pre-specified classes. The task is to allocate predictors
for the new coming instances to be able to classify them
correctly. In contrast to classification, in clustering, also
known as unsupervised clustering, the classes are unknown
a priori and the task is to determine the classes from the
data themselves. Clustering is used to describe methods to
group unlabeled data. Several clustering approaches have
been proposed so far [12].

Different assumptions and terminologies were
considered for the components of the clustering process
and the context in which clustering is used. There exist
fuzzy clustering techniques as well as hard clustering
techniques. Hard clustering assigns a label /; to each object
x;, identifying its class label. The set of all labels for the
objectsetis { [;,l;,..., [, }, where e {I;,0;,.... 1}, and
k is the number of clusters. In fuzzy clustering, an object
may belong to more than one cluster, but with different
degree of membership; an object x; is assigned to cluster j
based on the value of the corresponding function f;. The
membership of an object may not be precisely defined;
there is likelihood that each object may or may not be
member of some clusters. The presence of noise in the data
set may be quite high.
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Our approach presented in this paper has been designed
to smoothly handle the clustering of different data sets. In
the existing approaches, the number of clusters is mostly
given a-priori. This motivated us to consider the idea of
proposing multi-objective k-means genetic algorithm
{MOKGA) approach in order to present to the user several
alternatives without taking the weight values into account.
Otherwise, the user will have several trials weighting with
different values until a satisfactory result is obtained. We
evaluate the obtained candidate optimal number of clusters
by applying the cluster validity techniques, namely
Silhoutte, C index, Dunn’s index, DB index, SD index and
S-Dbw index. Finally, the proposed approach has been
tested using the Iris and Ruspini datasets.

The rest of the paper is as follows. Section 2 is an
overview of the multi-objective approach. Section 3
describes the proposed system: namely, clustering and
cluster validity analysis. Section 4 includes the
experimental results. Section 5 is the conclusions.

II. MULTI-OBJECTIVE GENETIC ALGORITHMS

A multi-objective optimization problem has » decision
variables, & objective functions, and m constraints.
Objective functions and constraints are functions of the
decision variables. The optimization goal may be
described as follows:

maximize\minimize y= f(x)=(£(x), fo(x}.es £ (x))
subject to e(x)=(g(x),e,(x);.., €, (x)) <0

where  x=((x,%,..,x,)eX (H

y=((n, ¥ ¥, )EY

where x is the decision vector, y is the objective vector, X
denotes the decision space, and Y is called the objective
space. The constraints e(x) =0 determine the set of

feasible solutions [14].

Solutions to a multi-objective optimization method are
mathematically expressed in terms of non-dominated or
superior points. In a2 minimization problem, a vector x is

partially less than another vector x, denoted x" < x(2),
when no value of x™ is less than x/” and at least one value
of x is strictly greater than x™. If x” is partially less than
x™?, we say that x dominates x® or the solution x™ is
inferior to x. Any vector which is not dominated by any
other vectors is said to be non-dominated or non-inferior.
The optimal solutions to a multi-objective optimization

problem are non-dominated solutions [13].



A common difficulty with the multi-objective
optimization is the conflict between the objective
functions. None of the feasible solutions allows optimal
solutions for all the objectives. Pareto-optimal is the
solution, which offers the least objective conflict. In
traditional  multi-objective  optimization,  multiple
objectives are combined to form one objective function.
One of the traditional methods being used is weighting
each objective and scalarizing the result. At the end of
each run, pareto-optimal front may be obtained, which
actually represents one single point.

III. THE PROPOSED APPROACH

In this paper, we propose a new clustering approach,
namely Multi-Objective Genetic K-means algorithm
(MOKGA), which is a general purpose approach for
clustering other datasets after modifying the fitness
functions and changing the proximity values as distance or
non-decreasing similarity function according to the
requirements of the dataset to be clustered.

Concerning our approach, after running the multi-
objective k-means genetic algorithm, we get the pareto-
optimal front that gives the optimal number of clusters as a
solution set. Then, the system analyzes the clustering
results found under six of the cluster validity techniques
proposed in the literature, namely Silhoutte, C index,
Dunn’s index, SD index, DB index and S_Dbw index.

A. Multi-Objective Genetic K-Means Algorithm

The Multi-Objective Genetic K-means Algorithm
(MOKGA) is basically the combination of the Fast Genetic
K-means Algorithm (FGKA) [1] and Niched Pareto
Genetic Algorithm [2].

As presented in the flowchart shown in Figure 1,
MOKGA uses a list of parameters to drive the evaluation
procedure as in the other genetic types of algorithms:
including population size (number of chromosomes),
t_dom {number of comparison set) representing the
assumed non-dominated set, crossover, mutation
probability and the number of iterations that the execution
of the algorithm needs to obtain the result.

Sub-goals can be defined as fitness functions; and
instead of scalarizing them to find the goal as the overall
fitness function with the user defined weight values, we
expect the system to find the set of best solutions, i.e., the
pareto-optimal front. By using the specified formulas, at
each generation, each chromosome in the population is
evaluated and assigned a value for each fitness function.

The coding of our individual population is a
chromosome of length n. Each allele in the chromosome
takes a value from the set {1, 2, ..., K}, and represents a

pattern. The wvalue indicates the cluster that the
corresponding pattern belongs to. Each chromosome
exhibits a solution set in the population. If the

chromosome has k clusters, then each gene a, (n=1 to N)
takes different values from [1..k].

Initially, current generation is assigned to zero. Each
chromosome takes number of clusters parameter within the
range 1 to maximum number of clusters given by the user.
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A population with the specified number of chromosomes is
created randomly by using the method described in [5]:
Data points are randomly assigned to each cluster at the
beginning; then the rest of the points are randomly
assigned to clusters. By using this method, we can avoid
generating illegal strings, which means some clusters do
not have any pattern in the string.

Imtialize
population

Ranking Mechanism

[ Add to new population ]

]

Fig. 1. Flow chart: the process of the Multi-Objective Genetic K-means
Algorithm

Using the current population, the next population is
generated and generation number is incremented by 1.
During the next generation, the current population
performs the pareto domination tournament to get rid of
the worst solutions from the population, crossover,
mutation and k-means operator [1] to reorganize each
object’s assigned cluster number. Finally, we will have
twice the number of individuals after the pareto
domination tournament. We apply the ranking mechanism
used in [l5] to satisfy the elitism and diversity
preservation. By using this method the number of
individuals is halved.

The first step in the construction of the next generation
is the selection using pareto domination tournaments: In
this step, two candidate items picked among (population
Size- tgom) individuals participate in the pareto domination
tournament against the ¢4, individuals for the survival of
each in the population. In the selection part, t4m
individuals are randomly picked from the population. With
two randomly selected chromosome candidates in
(population size- ty,,) individuals, each of the candidates is
compared against each individual in the comparison set,



twm- 1f one candidate has a larger total within-cluster
variation fitness value and a larger number of cluster
values than of all of the chromosomes in the comparison
set, this means it is dominated by the comparison set
already and will be deleted from the population
permanently. Otherwise, it resides in the population.

After the pareto domination tournament, one-point
crossover operator is applied on randomly chosen two
chromosomes. The crossover operation is carried out on
the population with the crossover p.. After the crossover,
assigned cluster number for each gene is renumbered
beginning from a, to a,. For example, if two chromosomes
having 3 clusters and 5 clusters, respectively, need to have
a crossover at the third location:

Number of clusters=3; 12333
Number of clusters=5: 14325

We will get 1 23 2 5and 1 4 3 3 3; and then they are
renumbered to get the new number of clusters parameters:

12324 (for12325)
12333 (for14333)

The reason for choosing one-point crossover is because
it produced better results compared to multi-point after
some initial experiments.

The mutation operator on the current population is
employed after the crossover. During the mutation, we
replace each gene value a, by a,’ with respect to the
probability distribution; for n=1, ..., N simultaneously. a,’
is a cluster number randomly selected from {1, ..., K} with
the probability distribution {p|, pa....px} defined using the
following formula:

15%d, (X,)—~d(X,,c,)
K
Y 15*d,, (X,)-d(X,,c,)

k=1
where i€ [l.k] and d(X,, Cy) denotes Euclidean distance
between pattern X, and the centroid C; of the k-th cluster.
dax(Xz) = max{d(X, C)}, p; represents what the
probability interval of mutating gene is assigned to cluster
i (e.g., Roulette Wheel).

Finally, k-means operator is applied. It is used to
reanalyze each chromosome gene’s assigned cluster value;
it calculates the cluster centre for each cluster; and then it
re-assigns each gene to the cluster that is the closest one to
the instance in the gene. Hence, k-means operator is used
to speed up the convergence process by replacing a, by
a,’ for n=1, ..., N simultaneously, where a,’ is the closest
to object X, in Euclidean distance.

After all the operators are applied, we have twice the
number of individuals, after having the pareto dominated
tournament. We can not give an exact number as equal to
the number of initial population size because at each
generation randomly picked candidates are picked for the
survival test leading to deletion of one or both, in case
dominated. To halve the number of individuals, having the
number of individuals we had, the ranking mechanism
proposed in [15] is employed. So, the individuals obtained
after crossover, mutation and k-means operator are ranked,
and we pick the best individuals among them to place in
the population for the next generation,

Our approach picks the first / individuals considering
the elitism and diversity among 2/ individuals. Pareto

Number of clusters=4:
Number of clusters=3:

;=

2)
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fronts are ranked. Basically, we find the pareto-optimal
front and remove the individuals of the pareto-optimal
front from 2/ set and place it in the population to be run in
the next generation. In the remaining set, again we get the
first pareto-optimal front and we put it in the population
and so on. Since we try to get the first / individuals, the last
pareto-optimal front may have more individuals required
to complete the number of individuals to /, we handle the
diversity automatically. We rank them and reduce the
objective dimension into one. Then, we sum the
normalized value of the objective functions of each
individual. We sort them in increasing order and find each
individual’s total difference from its individual pairs, the
one with the closest smaller summed values and the one
with the closest greater summed values, After sorting the
individuals in terms of each one’s total difference in
decreasing order, we keep placing from the top as many
individuals as we need to complete the number of
population to /. The reason for doing this is to take the
crowding factor into account automatically, so that
individuals occurring closer to others are unlikely to be
picked. Solutions far apart from the others will be
considered for the necessity of diversity, Further details are
given in [15]. This method was also suggested as a
solution for the elitism and diversity for improvement in
NSGA-IL

Finally, if the maximum number of generations is
reached, or the prespecified threshold is satisfied then exit;
otherwise the next generation is performed.

During our clustering process, we defined two objective
functions: minimizing the number of clusters and
minimizing the partitioning error. To partition the N
pattern points into X clusters one goal is to minimize the
Total Within-Cluster Variation (TWCV), which is specified
as:

N D X
TWCV =3 > X1, -

n=l d=1 k=1

I—ED: Yo

Zk d=l “ (3)
where Xj, X3,.. , Xy are the N objects, X,,; denotes feature o
of pattern X, (n = 1 to N). SFy, is the sum of the d-th
features of all the patterns in cluster £ (G and Z, denote
the number of patterns in cluster k (G;) and SFyy is:

SFM = Z;‘EG‘XM , (d=12,.D). (4)

And the other objective function is to minimize the
number of clusters parameter. Under the lights of these
two objective functions, after running the algorithm, we
aim at obtaining the first pareto optimal front having the
best partition with the least number of clusters as optimal
solution set.

B. Cluster Validity Technigues

Clustering is an unsupervised task and after clustering
the data, partitioning into subgroups, we need to check its
validity. The criteria widely accepted by the clustering
algorithms are the compactness of the cluster and their
well-separateness. Those criteria should be validated and
optimal clusters should be found, so the correct input
parameters must be given to the satisfaction of optimal
clusters. Basically, the number of clusters is given as a



priori. However, pareto-optimal solution set for the
clustering results is obtained in our approach, MOKGA.
We believe that these are the good clustering outcomes,
and we use the cluster validity index to decide and see the
overall picture of those validity index value changes for
each number of clusters parameter value in the solution
set. In our system, we considered six cluster validity
techniques widely used for the validation task. These are
Dunn index [4], Davies-Bouldin index [3], Silhouette
index [5], C index [6], SD index [8] and S_Dbw index [9].
Based on the validated results, the optimal number of
clusters can be determined.

Dunn's index uses the dispersion parameter, which is
prone to noise since it uses the maximum of pairwise
distance of objects in the same cluster as a parameter. DB
uses the ratio of within scatter of objects to the scatter of
cluster centers. It considers the average case by using the
average error of each class. This is different from Dunn's
index. C-index is another technique being used for the
cluster validity. It uses the within cluster pairwise
dissimilarity, also according to the number of pairs in the
within cluster pairs, minimum and maximum summation
of number of pairwise object distance parameters are used
in the calculation. However, this method is not
recommended for use since it is likely to be data
dependent. Silhoutte is based on the tightness and
separation. It finds the overall average of the ratio of the
difference of each object's minimum average dissimilarity
to all objects in other clusters from within cluster average
dissimilarity to the maximum of both. SD is evaluated by
using the average scattering in terms of the in and the total
scattering between clusters, but we used a weighting factor
for the total scattering as the maximum number of clusters
in the pareto front. S_Dbw looks like SD, but it considers
the inter-cluster density instead of the total scattering in
SD, besides no weighting is used. Density formula uses the
average standard deviation of the clusters.

IV. EXPERIMENTS

We conducted our experiments on Intel® 4, 2.00 GHz
CPU, 512 MB RAM running Windows XP Dell PC. The
proposed MOKGA approach and the utilized cluster
validity algorithms have been implemented using
Microsoft Visual Studio 6.0 C++. We used two data sets in
the evaluation process. The first data set is the Iris dataset
[17]. It contains 150 instances each having 4 attributes.
The second data set is the Ruspini dataset with 75
instances with 2 attributes [16].

We have run the proposed genetic algorithm based
approach ten times with the following parameters:
population size=100, t dom (number of comparison
set=10) and crossover= 0.8 and mutation=0.01 and we
used 250, and 150 as the maximum number of generations
for the Iris and Ruspini datasets, respectively, Finally, we
picked the range [2, 20] for finding the optimal number of
clusters for both experiments.

After running the algorithm for the Iris and Ruspini
datasets, the changes in the pareto-optimal front are
displayed in Figure 2, and Figure 3, respectively, for
different generations; demonstrating how the system
converges to an optimal pareto-optimal front. As the actual
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change in the value of TWVC is not reflected in the curves
in Figure 2 and Figure 3, some key TWVC values are
reported in Table [ and Table 2, respectively.

After we get the pareto optimal front, we tested and
analyzed the obtained results for the two data sets using
the six indexes enumerated above. The results are reported
in Figures 4-7. Finally, we compared our results with the
corresponding results reported in [16, 17].

800 Iris 'datase.t“
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Fig. 2. Pareto-fronts for IRIS dataset
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Fig. 3. Pareto-fronts for RUSPINT dataset.

TABLE 1
IRIS DATASET TWCV FOR K=6
Iteration | TWCV
1 72.60164
50 40.4213
100 39.9218
150 39.6762
250 39.5762




TABLE 2
RUSPINI DATASET TWCV FOR K=12

Iteration TWCV

1 8331.376
50 3555.116
100 3524.366
150 3513.254

According to [17], the optimal number of clusters found
for the Iris data is 3, which ranked the second for all the
indexes except S-Dbw (see Figure 4 and Figure 5).

For the Ruspini dataset, it is naturally grouped into 4
clusters as reported in [16]. Not only we have 4 in our
pareto optimal front as it can be easily seen from the
curves plotted in Figure 6 and Figure 7, but also we got
this value as the best in all the cluster validity analysis
indexes except C-index. However, 4 can be considered as
the best for the C-index as well if it is deemed slight
changes after 4 has converged. This finding is consistent
with the results found before.

During the process, pareto-optimal front changes were
given in

Fig. 2 and

Fig. 3. The reason for getting a stabilized front for both
datasets is the k-means operator and the mutation which
was also used in [1]. In the work described in [1], they
used 517 instances with 19 attributes and their study found
the stabilization in 20 generations. However, objective
functions do not converge in the first 20 generations, the
partitioning error keeps reducing slightly because of the k-
means and mutation. We make sure it converged by having
objective functions without a change between the current
and the previous one. In our multi-objective genetic
algorithm based approach, we got the same outcome as in
[1]. In other words, our method stabilizes in the first 50
generations but it does not converge until around 200
generations for Iris; and close to 150 generations for
Ruspini. Because of the lack of space, we show the change
for one cluster & (finally converging ones).
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Fig. 4. Validity results of five indexes for the IRIS dataset
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Fig. 5. C-index validity results for the IRIS dataset
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Fig. 7. C-index validity results for the RUSPINI dataset

V. CONCLUSIONS

In this paper, we proposed a multi-objective genetic
algorithm called MOKGA to handle the clustering
problem. It is the combination of the niched pareto optimal



and fast k-means genetic algorithm. This way, we
overcome the difficulty of determining the weight of each
objective function taking part in the fitness. Otherwise, the
user would have been expected to do many trials with
different weighting of objectives as in traditional genetic
algorithms. By using MOKGA, we aim at finding the
pareto-optimal front to help the user to see many
alternative solutions at once. Then, cluster validity index
values are evaluated for each pareto-optimal front value,
which is considered the optimal number of clusters value.
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