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Abstract

In this article the searching capability of genetic algorithms has been exploited for automatically evolving the number
of clusters as well as proper clustering of any data set. A new string representation, comprising both real numbers and
the do not care symbol, is used in order to encode a varable number of clusters. The Davies—Bouldin index is used as a
measure of the validity of the clusters. Effectiveness of the genetic clustering scheme is demonstrated for both artificial
and real-life data sets. Utility of the genetic clustering technique is also demonstrated for a satellite image of a part
of the city Calcutta. The proposed technique is able to distinguish some characteristic landcover types in the image.
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1. Introduction

Geenetic algorithms (GAs) [1-4] belong to a class of
search techniques that mimic the principles of natural se-
lection to develop solutions of large optimization prob-
lems. GAs operate by maintaining and manipulating a
population of potential solutions called chromosomes.
Each chromosome has an associated fitness value which
15 a qualitative measure of the goodness of the solution
encoded in it. This fitness value s used to puide the
stochastic selection of chromosomes which are then used
to generate new candidate solutions through crossover
and mutation. Crossover generates new chromosomes by
combining sections of two or more selected parents. Mu-
tation acts by randomly selecting genes which are then
altered; thereby preventing suboptimal solutions from
persisting and increases diversity in the population. The
process of selection, crossover and mutation continues
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for a fixed mumber of generations or until a termination
condition is satisfied. GAs have applications in fields as
diverse as VL3I design, pattern recognition, image pro-
cessing, neural networks, machine learning, etc. [5-12].
Clustering [13-17] is a popular unsupervised pattemn
classification technigue which partitions the input space
mto K regions based on some similarity/dissimilarity
metric. The number of partitions/clusters may or may
not be known a priori. Let the input space § be repre-
sented by 1 points { %, %2,.... %, }, and the & clusters he
represented by C. Ca,....Cy. Then
Ci#Efd fori=1... K,
CnCi=0 fori=1,....K j=I1,.....K and

i# f, and

-
Ua—s
i=1

Several algorithms for clustering data when the number
of clusters is known a prion are available in the literature
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viz., K-means [17], branch and bound procedure [ 18],
maximum likelithood estimate technique [19], graph the-
oretic approaches [20]. The K-means algorithm, one of
the most widely used ones, attempts to solve the cluster-
ing problem by optimizing a given metric. The branch
and bound procedure uses a tree search technique for
searching the entire solution space for classifying a given
set of points into a fixed number of clusters, along with
a criterion for eliminating subtrees which do not contain
the optimal result. In this scheme, the number of nodes
to be searched becomes huge as the size of the data set
becomes large; therefore a proper choice of the criterion
for eliminating subtrees becomes crucial [21]. The max-
imum likelithood estimate technique performs clustering
by computing the posterior probabilities of the classes
after assuming a particular distribution of the data set.
In the graph theoretic approach, a direct tree is formed
among the data set by estimating the density gradient at
each point. The clustering is realized by finding the val-
ley of the density functiom. It is known that the quality
of the result depends wholly on the quality of the esti-
mation technique for the density gradient, particularly in
the low-density area of the valley. Recently, a genetic al-
gorithm hased clustering technique has been developed
[22] which does not assume any particular underlying
distribution of the data set while it is conceptually simple
as the K-means algorithm. Moreover, it does not sufler
from the limitation of the K-means algorithm, which is
known to get stuck at sub-optimal solutions depending
on the choice of the initial cluster centers. However, as
in the K-means algorithm, the methodology proposed in
Ref. [22] is applicable to the cases where the number of
clusters is known a prior.

In most real life situations the number of clusters in a
data set is not known a prion. The real challenge in this
situation is to be able to automatically evolve a proper
value of K as well as providing the appropriate clustering.
Inthis article, we propose aGA based clustering technique
which can automatically evolve the appropriate clustering
of a data set. The chromosome encodes the centres of
a number of clusters, whose value may vary. Modified
versions of crossover and mutation operators are used.
Cluster validity index like Davies—Bouldin index [23] is
utilized for computing the fitness of the chromosomes.

The effectiveness of the genetic clustering technique is
demonstrated on four artificial and two real life data sets
having different characteristics. Another interesting real
life application of the clustering technique is provided
for automatically classifying a SPOT satellite image into
distinct landcover regions.

2. Genetic clustering

In this section, an attempt has been made to use ge-
netic algorithms for automatically clustering a data set.

This includes determination of number of clusters as well
as appropriate clustering of the data. The methodology
is explained first followed by the description of the im-
plementation results.

21 The methodology

The pgenetic clustering technique is subsequently
referred to as the genetic clustering for unknown K
{GCU K-clustering), where K denotes the number of
clusters. A flowchart of the method is provided in
Fig. |. The different steps of GCUK-clustering are now
discussed in detail.

211 String representation

In GCUK-clustering, the chromosomes are made up of
real numbers (representing the coordinates of the centres )
as well as the don't care symbol *#'. The value of K is
assumed to lie n the range [Kun, Ko ], where Kaa 15
chosen to be 2 unless specified otherwise. The length of
a string is taken to be K., where each individual gene
position represents either an actual center or a don’t care

symbaol.

212 Population initialization

For each string i in the population (i =1,.... P, where
P is the size of the population), a random mumber K;
in the range [Kuin. K] 15 generated. This string is as-
sumed to encode the centres of K; clusters. For initial-
wing these centres, K; points are chosen randomly from
the data set. These points are distributed randomly in the
chromosome. Let us consider the following example.

Example: Let Ky =2 and Ky = 10. Let the random
number K; be equal to 4 for chromosome i. Then this
chromosome will encode the centres of 4 clusters. Let
the 4 cluster centres (4 randomly chosen points from the
data set) be

(10.0.5.0) (204, 132) (15.8.2.9) (22.7.17.7).

On random distribution of these centres in the chromo-
some, it may look like

#2044, 13.2) #4# (15.8.29)# (10.0.5.0) (227, 17.7) # &

213 Fimmess computation

The fitness of a chromosome s computed using the
Davies—Bouldin [23] index. This index is a function
of the ratio of the sum of within-cluster scatter to
between-cluster separation. The scatter within Cj, the
ith cluster, is computed as

g
~i.q—(ﬁz{llr—::lli}) : (N

xe Ly
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Fig. 1. Flowchart of GCUK-cfustering.

where, z; 15 the centroid of ¢, and is defined as

o s s o - 1

as 5 Vo 3 per X .m_d s i.k,_tl}c cardimality of Foir 3 2
;. e, the number of points in cluster C. The dij = ZL;-. " Zjx =|lz; —=;]|:. (2)
distance between cluster C; and C; 5 defined =l
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8iq 15 the gth root of the gth moment of the points in
cluster i with respect to their mean, and 5 a measure
of the dispersion of the points in cluster i. Specifically,
&1, used in this article, is the average Euclidean distance
of the vectors in class 7 to the centroid of class i, dy.
is the Minkowski distance of order ¢ between the cen-
troids that charactenze clusters 7 and j. Subsequently we
compute

oo 51-#""5-'1!"
R ML) &

The Davies—Bouldin (DB) index is then defined as

¥
|
DB_ E ZIRM‘H. {4:|

The objective is to minimize the DB index for achieving
proper clustering. The finess function for chromosome
J s defined as 1/D8;, where DB; is the Davies—Bouldin
index computed for this chromosome. Note that maxi-
mization of the fitness function will ensure minim zation
of the DB index.

2.4 Genetic aperations

The following genetic operations are performed on the
population of strmgs for a number of generations.

Sefection: Conventional proportional selection is ap-
plied on the population of strings. Here, a string receives
a number of copies that is proportional to its fitness in
the population.

Crossover: During crossovereach clustercentre is con-
sidered to be an indivisible gene. Single point crossover,
applied stochastically with probability p.. is explamed
below with an example.

Example: Suppose crossover occurs between the fol-
lowing two strings:

(13.2.15.6) # ##(53.3.137)

215 Termination criterion

In this article the processes of fitness computation, se-
lection, crossover, and mutation are executed for a max-
mmum number of iterations. The best string having the
largest fitness (1.e., smallest DB index value) seen up to
the last generation provides the solution to the clustering
problem. We have implemented elitism at each genera-
tion by preserving the best string seen up to that gener-
ation in a location outside the population. Thus on ter-
mination, this location contains the centres of the final
clusters.

22 Implementation results

The experimental results showing the effectiveness of
GCU K-clustering algorithm are provided for four artifi-
cial and two real life data sets. The artificial data sets are
(Data 32, Data 52, Data_6_2 and Data_4_3), where
the first three data sets are in two dimensions with 3, 3
and 6 clusters, respectively, and the last one is in three
dimensions with 4 clusters. Figs. 2-5 show the four data
sets. Table | presents the number of points, dimensions
and the number of clusters n each data.

Two real-life data sets considered are fris and Brease
Cancer. These are described below:

fris Dara: This data represents different categories of
irises having four feature values. The four feature values
represent the sepal length, sepal width, petal length and
the petal width in centimeters [24]. It has three classes
Setosa, Versicolor and Virginica, with 50 samples per
class. It is known that two classes Versicolor and Vir-
ginica have a large amount of overlap while the class
Setosa is lincarly separable from the other two.

Breast Cancer: Here, we use the Wisconsin Breast
Cancer data set available at [http://www.icsuciedu,
mlearn/MLEepository. html]. Each pattern has nine

#{10.5,16.2) (7.9.15.3) # (183, 14.5)

# {20.4,]3.2}##{]5.8,2.9}‘#{IG.U,S.G}QZ.T,]T.T}f!' #

Let the crossover position be 5 as shown above. Then
the offspring are

# (204, 132)# #(158.29)
(132.15.6) # ##(5.3.13.7)

Mutation: Each valid position (i.e., which is not *#")
in a chromosome is mutated with probability piw in the
following way. A number § in the range [0, 1] is gener-
ated with uniform distribution. 1f the value at that posi-
tion is v, then after mutation it becomes

vx(l+28)., v#0

+£25, v=0.
The *+" or *—" sign occurs with equal probability.

#{10.5,16.2) (7.9.15.3) # (183, 14.5)
#{10.0,50) (227 17.7) # #

features corresponding to clump thickness, cell size uni-
Jorntity, cell shape wniformity, marginal adhesion, sin-
gle epithelial cell size, bare nuclei, bland chromatin, nor-
mial nucleoli and mitoses. There are two categories in the
data: malignant and benign. The two classes are known
to be linearly mseparable. There are a total of 683 points
in the data set.

GCUK-clustering is implemented with the following
parameters: e = L&, i =0.001. The population size P
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Tahle 1
Deseription of the data sets

Mame  # points  # clusters # dimensions  Points per
cluster
Data32 76 3 2 432013
Data 52 250 5 2 50 per cluster
Data 62 300 [ 2 50 per cluster
Data 43 400 4 3 L0 per cluster
Iris 150 3 4 50 per cluster
Cancer  6R3 2 a 44423

is taken to be 50. The values of K,;, and K, ., are taken to
be 2 and 10, respectively. GCUK-clustering is executed
for a maximum of 100 iterations. Note that it s shown
in Refs. [13,25] that if exhaustive enumeration is used
to solve a clustering problem with # points and K clus-
ters, then one requires to evaluate 1/K Z"‘_I (=1~
partitions. For a data set of size 10 with bl clusters, this
value is 2" — 1 {= 511}, while that of size 50 with 2 clus-
ters is 27 — | {i.e., of the order of 10" ). If the number
of clusters cannot be specified a priori, then the search
space will be even larger. The utility of GAs becomes
evident in such situations, where we find that reasonably
good results are obtained while evaluating significantly
smaller number of partitions.

Table 2 provides the number of clusters and co-
ordinates of the comresponding centres found by the
GCUK-clustering technique for the four artificial data
sets and one real life data Cancer. Also included are
the actual values as obtained from the labelled data. It
is evident from the table that GCUK-clustering is able

Tahle 2
Avcctual and computed values for the data sets

to evolve the proper number of clusters in all these cases,
and the computed centres are also close to the actual ones
{see Figs. 69 demonstrating the clustering obtaned for
the four artificial data sets).

For Iris, GCUK-clustering provided two clusters, one
comresponding to the class Setosa, and the other to the
combination of Versicolor and Virginica. This is under-
standable from the fact that the latter two classes are sig-
nificantly overlapping. Moreover, it was found that the
DB mdex for the two clusters (039628 ) was smaller than
that for 3 clusters (0.74682) and hence the former was
preferred over the latter. In this connection one may also
note that several indices have been found to provide two
clusters for Iris [26,27].

3. Application to satellite image classification

The satellite image of a part of the city of Calcutta
considered for the experiment was obtamed by the French
satellites Systems Probataire d'Observation de la Terre
(SPOT) [28], launched in 1986 and 1990. The image is
in the multispectral mode having two hands:

Red of wavelength 0.61-0.68 pm, and
Mear infra red of wavelength 0.79-0.89 pm.

Fig. 10 shows the image in the near mfra red band.
It is known that the region captured has a river (the
Hooghly) cutting through it, along with several other
water bodies. Besides this there are regions belonging
to vegetation, habitation, concrete etc. Our aim in this
article is to cluster the image (in the two bands) using
GCUK-clustering so that the landcover types are auto-
matically identified.

Data set # clusters Center coordinates
Actual Computed Actual Computed

Data 32 3 3 [(6.2267, 3.5581), (4.0000, 5.3750), [(6.2267, 3.5581), (4.0000, 5.3750),
(1.99a1, 4.0385)] (19961, 40385

Data 52 5 5 [{5.8908, 9.8194), (9.8956, 10.1716), [(5.B100, 9.79297, (9.6533, 10.4652),
(100138, 6.3268), (102572, 13.9434), (10.0217, 6.4375), (102843, 14.0612)
(139876, 10.1164)] (13.8056, 10.0818)]

Data 62 & & [(4.9606, 5.0322), (49972, 199180), [(4.9666, 5.0322), (49972, 19.9180),
(90534, 9.0644), (159590, 1599761, (9.0534, 0.0644), (159590, 15.9976)
(198848, 20,2904 ), (199932, 4. 8066)] (198848, 20,2904 ), ( 19.9932, 4.8666])]

Data 43 4 4 [(0.1087, 0.0303, —0.018%), [(0.1087, 0.0303, —00189),
(4.7090, 52694 496177, (4.7990, 52694, 49617),
({98937, 99874, 10.1315), (98937, 99876, 10.1315),
(15,0780, 14.9186, 15.1325]] (150780, 149186, 15.1325))]

Cancer 2 2 [(2.9640, 1.3063, 14144, 13468, [(3.0509, 12965, 14248, 1.3473,

21081, 1.M68, 2.0833, 1.2613, 1.0653),
(7.1883, 6.5774, 6.5607, 5.5858,
53264, 7.6276, 59749, 5.8577, 2.6025)]

20951, 1.3053, 2.0907, 1250, 1.1128),
(7.1645, 67792, 6.7186, 5.7314,
54632, 79264, 6.0952, 6039, 2.5628)]
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Fig. 10, §POT image of Calcotta in the near infra red hand
(the image is enhanced by a factor of 75%).

Fig. 1l. Clustered SPOT image of Calcutta using the
GOUR-clustering method, Three clusters were iwdentified for
this image.

The result of the application of the GCUK-clustering
algorithm to this Calcutta image is provided in Fig. 11.
It automatically yielded three clusters, shown in white,
grey and black. As seen from the figure, the Hooghly
river and many other water bodies (obtained in white)

are distinctly demarcated from the rest. These water bod-
ies could be verified comectly from the ground facts as
belonging to several ponds, lakes, canals and dockyard.
The grey region belongs to the vegetation and open space
landcover types. MNote that its predominance on the left
bank of the river is borne out by the ground fact, since
this belongs to the rural Hewrah region. The concentra-
tion of the grey region on the right bank of the river near
the middle of the image corresponds to the area of race
course and several open, green regions in the heart of the
city. The remaining portions cover mostly the concrete
structures, habitation and roads,

4. Discussion and conclusions

Clustering 15 a well known exploratory data analysis
tool where the objective is to partition the data into a
number of clusters. In most real life situations the num-
ber of clusters is not known a prior. In this article, the
searching capability of genetic algorithms is exploited
for the formulation of clustering techniques for unknown
number of clusters. For this purpose, the reciprocal of
the DB index, a common cluster validation criteria, has
been used for computing the fitness of the chromosomes.

The effectiveness of the clustering technique is demon-
strated for several artificial and real life data sets with the
number of clusters varying from two to six, and the num-
ber of dimensions varying from two to nine. Both over-
lapping and non-overlapping data sets are considered for
this purpose. Another interesting real life application of
the GCUK-clustering for classifying a SPOT image of
Calcutta demonstrates that the said method is able to au-
tomatically identify several landcover types even when
the size of the data set is significantly large (the SPOT
image had 262144 pixels or data points in 2-D space).

In this article, mutation has been implemented as v =
{1£2 ). Other forms like p+(d+&)p, where ) < £ < |
could also have been used. One may note in this con-
text that similar sort of mutation operators for real en-
coding have been used mostly in the realm of evolution-
ary strategies (Chapter 8 of Ref. [3]). Although we have
used the Davies—Bouldin index in this article for com-
puting the fitness of a chromosome, other indices like
Dunn’s index and its generalized versions [26], Calinski-
Harabasz index [29], C-mdex [30] etc. may be used for
this purpose and their comparative performance can be
studied.

Since the cluster centers are real numbers, a natural
and conceptually straight forward way of encoding them
in a chromosome is by using the floating point represen-
tation. This has been implemented in this article. In this
context, a binary encoding may be implemented for the
same problem, and the results may be compared with the
present floating point form.
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5. Summary of the article

(As belong to a class of search technigues that mimic
the principles of natural selection to develop solutions
of large optimization problems. Clustering is a popular
unsupervised pattern classification technique which par-
titions the input space into a number of regions based on
some similarnty/dissimilarity metric such that similar el-
ements are placed in the same cluster while the dissimi-
lar ones are placed in separate clusters. There are several
tasks involved in clustering that require search in large
and complex spaces, and therefore the application of GAs
for this problem appears to be appropriate and natural.

Several algorithms for clustering data when the mum-
ber of clusters is known a prion are available in the liter-
ature viz., the widely used K -means algorithm. However,
in most real life situations the number of clusters in a
data set is not known a prion. The real challenge in this
situation is to be able to automatically evolve a proper
value of the number of clusters as well as providing the
appropriate clustering,

In this article, we propose a GA based clustering
technique, GCUK-clustering, which can automatically
evolve the appropriate clustering of a data set. The chro-
mosome encodes the centres of a number of clusters,
whose value may vary. Modified versions of crossover
and mutation operators are used. Cluster validity index
like Davies—Bouldin index is utilized for computing the
fimess of the chromosomes.

The effectiveness of the clustering technique is demon-
strated for several artificial and real life data sets with the
number of clusters varying from two to six, and the mum-
ber of dimensions varying from two to nine. Both over-
lapping and non-overlapping data sets are considered for
this purpose. Another interesting real life application of
the GCUK-clustering for classifying a SPOT image of
Calcutta demonstrates that the said method is able to au-
tomatically identify several landcover types even when
the size of the data set is significantly large (the SFOT
image had 262,144 pixels or data points in 2-D space ).
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