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Abstract - Initial cluster size for clustering of
partitioning methods is very important to the clus-
tering result. In K-means algorithm, the result of
cluster analysis becomes different with optimal
cluster size K. Usually, the initial cluster size is
determined by prior and subjective information.
Sometimes this may not be optimal. Now, more
objective method is needed to solve this problem.
In our research, we propose a hybrid genetic algo-
rithm, a tree induction based evolution algorithm,
for determination of optimal cluster size. Initial
population of this algorithm is determined by the
number of terminal nodes of tree induction. From
the initial population based on decision tree, our
optimal cluster size is generated. The fitness func-
tion of ours is defined an inverse of dissimilarity
measure. And the bagging approach is used for
saving computational time cost

I. INTRODUCTION

Many clustering algorithms have been introduced.
Among them, K-means algorithm especially requires
an initial number of clusters to be determined. But
this determination of cluster size is subjective and the
accuracy of the clustering results may depend on the
initial cluster size. In this paper, we'll determine the
optimal cluster size using hybrid genetic algorithm.
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This number is used for k for k-means algorithm.

Moreover, this determination of cluster size is needed

in clustering like hierarchical clustering method, etc.

In this paper, we'll propose an objective method to

determine the optimal cluster size using our proposed

method. In next section, we'll introduce k-means

clustering and initial cluster size. In section III, pro-

posed hybrid genetic algorithm for k-means algorithm.
Our experimental result for the proposed methods .
will be shown in section IV. Final section will give

conclusion of our research and the direction of future

study. This paper will contribute to the selection of
optimal cluster size. In our experiment, we showed

results of optimal determination of cluster size using

training data of UCI Machine Learning Repository.

II. K-MEANS ALGORITHM AND
CLUSTER SIZE

INITIAL

Input vectors of n-dimensions may be considered as
representing points within an n-dimensional Euclid-
ean space. The K-means algorithm is one of many
clustering techniques that partakes of this notion of
clustering by minimum distance. The Euclidean met-
ric of K-means algorithm is defined as follows.

n 1/2
||x||=[2x3] 0
i=1



where, x is (xl,xz,...,xn)T. (1) is the norm of the
input vector X . The K-means algorithm is imple-
mented in the following steps[Pandya, 1995].

(Step 1) Initialize
Choose the number of cluster, k.

D, e, (D),....c, (D)}

¢,(I): the value of the cluster center at the /th it-
eration. The starting value can be arbitrary.
(Step 2) Attach objects
Each object vector x'? is attached to one of the K
clusters according to the following criteria.

x® € 8,() it [ X2 ¢, (D) <] x” ¢, D)
for alli=1,2,... K, i#
S (1) : the population of cluster j at iteration 1.
(Step 3) Calculate new cluster centers

Using the new cluster sets of step 2, recalculate the
value of each cluster center such that the sum of the
distances from each member vector to the new clus-
ter center is minimized. So we wish to minimize J i

Jj ( )z ||x(p)_cj(l+1)”2
x\P .
i=1,2,5 k%O

cj(l+1)=L Z X

R i xPleS. (1
where, N, is the numbér of Shiféct vectors attached
; ]
to S, during step 2.

(Step 4) Check for convergence

The condition of convergence is that no cluster cen-
ter has changed its position during step 3. This can
be represented to the following.

c;((+)=c;())
=1,2,..K

If this equation is satisfied, then convergence has
occurred. Otherwise iterate by going to step 2.

In the above, the K of (Step 1) in K-means algorithm
is chosen arbitrary. But this K is important to cluster-
ing results. So, we have researched on the determina-
tion of optimal cluster size[5][6].

III. HYBRID GENETIC ALGORITHM FOR K-
MEANS CLUSTERING

A. Genetic algorithm
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Genetic algorithm(GA) was invented by John Hol-
land in the 1960s. Holland’s GA is a method for mov-
ing from one population of ‘chromosomes’ (e.g.,
strings of ones and zeros, or ‘bits’) to a new popula-
tion by using a kind of ‘natural selection’ together
with the genetics-inspired operators of crossover,
mutation, and inversion. GA was well suited for some
of the most pressing computational problems re-quire
searching through a huge number of possibilities for
solutions. Biological evolution is an appealing source
of inspiration for addressing theses problems. Evolu-
tion is, in fact, a method of searching among an enor-
mous number of possibilities for solutions. The rules
of evolution are remarkably simple: species evolve by
means of random variation (via mutation, recombina-
tion, and other operators), followed by natural selec-
tion in which the fittest tend to survive and reproduce,
thus propagating their genetic material to future gen-
erations{1].

B. Hybrid genetic algorithm for optimal clustering

In our research, the initial population of genetic algo-
rithm is determined by decision tree. Decision tree is
an attribute chart like tree structure, where each inter-
nal node denotes a test on an attribute, each branch
represents an outcome of the test, and leaf nodes
represent classes or class distributions{3][9]. The
topmost node in a tree is the root node. In detail, our
used decision tree is a regression tree. This can be
used for classification and prediction. A regression
tree is similar to a decision tree in the sense that tests
are performed at the internal nodes. A major differ-
ence is at the leaf level-while in a decision tree a
majority voting is per-formed to assign a class label
to the leaf, in a regression tree the mean of the objec-
tive attribute is computed and used as the predictive
value[10]. In this paper, the initial population of GA
for optimal clustering is determined by the number of
terminal nodes in trained decision tree. Decision tree
is an attribute chart like tree structure, where each
internal node denotes a test on an attribute, each
branch represents an outcome of the test, and leaf
nodes represent classes or class distributions{3][12].
The topmost node in a tree is the root node. In detail,
our used decision tree is a regression tree. This can be
used for classification and prediction. A regression
tree is similar to a decision tree in the sense that tests
are performed at the internal nodes. A major differ-
ence is at the leaf level-while in a decision tree a
majority voting is performed to assign a class label to
the leaf, in a regression tree the mean of the objective
attribute is computed and used as the predictive
value[11]. Our regression tree is designed as Table 1.



Table 1. The option of used re
Options
Splitting Criterion
Maximum number of
branches from a node
Maximum number of
branches from a node
Maximum depth of tree

ession tree in our paper
Our determination
F-test (P-value: 0.2)

1

2
6

In Table 1, target variable of regression tree is de-
cided as the input variable with minimum variance[4].
The proposed GA for determination of clustering
number comprise following main six components.

1) Description of an Individual: Each individual
represent a possible solution to the problem and is
composed of string of genes. In our proposed GA,
each individual was represented the number of cluster
and coded in 6-bit binary string.

2) Imitial Population: The approximated cluster
number was taken by DT based approach. This num-
ber was set as the center of initial population. The
around numbers of center were assigned as other
members of initial population. The size of initial
population is eleven

3) Fitness Function: Our proposed fitness function is
defined follows:

0 if K=0

F= -—}TZ Correlation(e;,C;) otherwise
e_'k_ i=l

0.5-probability) was used. By this operation, the
search space could be expanded.

6) Mutation operation: To prevent fitness value
from staying in local maximum, the mutation opera-
tion was applied. In our mutation operation, one bit in
solution which was represented to 6-bit binary string
was randomly reversed.

Extracting data sample using bootstrap was used to
reduce fitness calculating time[7]. Re-sampling strat-
egy was adopted to maintain unbiased estimator of
sample. So, selection samples which were selected
before was permitted. In our paper, four samples were
selected. Proposed GA was performed in these sam-
ples, and taken the cluster number about their own
sample. The final cluster number was determined by
the cluster numbers of samples. The procedure of
extracting samples and merging outputs is shown in
Fig. 1. The means of outputs on samples was assigned
optimal cluster number.
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Fig. 1. Extraction samples and merging outputs

Above mentioned process of Clustering Using GA is

Where, e = ith element indata set, C, = centroid of cluster that holds ith eleé)Wn in Fig. 2.

K = Number of clusters, ¢ = Constant

There are two parts in this function.
‘Z,Gﬂddir(e,c) : The correlation of all clusters

_L : The penalty of cluster number

In penalty term, the influence of K was smaller as
bigger as K. It guarantees that a big number of clus-
ters could survive in GA. The constant ¢ determined
the strength of influence of K. If smaller constant was
used, than the influence was decreased also. By many
experiments, the constant was fixed to 0.03. Pearson
Correlation Coefficient was used as measurement of
correlation elements and centroids. It was defined as

SE iy
=l O o,
4) Selection operation: We used Roulette wheel
operation to select solution candidates for next gen-
eration. In this time, elitism was applied to select
finest solution candidates for transition from former
generation to later generation.

5) Crossover operation: To make new solution
candidates, the uniform crossover operation (with

1
r=—
n
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Fig. 2. Process of Clustering Using Genetic Algorithm
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IV. EXPERIMENTAL RESULT

To verify the advantages of clustering with proposed
algorithm, we selected two databases. These em-
ployed for experiments are obtained from UCI Ma-
chine Learning Repository and SAS Institute.

(1) Iris Plant database [13]
(2) Fish database [14]

To make initial population in GA, approximated
cluster number K was determined using Decision
Tree. The result of trained regression tree is shown in
Fig. 3. This shows that terminal nodes from training
Iris data are 2. So, the approximated cluster number



of initial population is 2. Like this procedure, the
approximated cluster number of initial population for
Fish data are 11.

Fig. 3. Regression tree of Iris data

Table 2 shows approximated cluster numbers of these
data.

Table 2. Approximated cluster numbers
Iris Arrhythmia
K 6 8

For our experiments, 4 samples of which size was
thirty were extracted. Parameters for GA were set as
table 3.

Table 3. Parameters for Genetic Algorithm

Crossover Rate 0.9
Mutation Rate 0.1
MaxlIteration 30

Experiments were performed at twenty times for
each data. The means and standard derivations of
cluster numbers are shown in Table 4.

Table 4. Means and Standard derivation of cluster numbers

Means SD
Iris 3.19 0.5785
Fish 7.24 0.9783

V. CONCLUSION AND FUTURE WORK

In this paper, we proposed hybrid genetic algo-
rithm for K-means clustering. For the determination
of initial population in GA, regression tree method
was used. We used re-sampling of bootstrap for sav-
ing the computing time cost of fitness value calcula-
tion. In proposed algorithm, we thought the problem
of optimal cluster size determination was searching
process. By experimental results, our proposed algo-
rithm was rapidly converged to optimal solution by
searching of genetic algorithm. In future study, using
other machine learning algorithm, the initial popula-
tion is determined for genetic algorithm based cluster-
ing. And this clustering approach needs automatic
processing by intelligent agents.
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