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Abstract

In this article an efficient clustering technique, that uti-
lizes an effective integration of simulatedannealingand
evolutionary programmingas the underlyingsearch tool,
is developed. During the evolution process,data points
are redistributed amongthe clusters probabilistically so
that points that are farther away from the cluster center
havehigherprobabilitiesof migratingto otherclustersthan
thosewhich arecloserto it. Thesuperiorityof thenew clus-
tering algorithm over the widely usedK-meansalgorithm
and thosebasedon simulatedannealingand conventional
evolutionaryprogrammingis demonstrated for somereal
life datasets.Anotherreal life applicationof thedeveloped
clusteringtechniquein classifyingthe pixelsof a satellite
imageof a part of thecity of Mumbaiis alsoprovided.

1. Intr oduction

Clustering[1, 15, 8, 11, 2] is an exploratory dataanaly-
sis tool wherea setof patterns,usuallyvectorsin a multi-
dimensionalspace,aregroupedinto clustersin sucha way
that patternsin the sameclusteraresimilar in somesense
andpatternsin differentclustersaredissimilarin thesame
sense. Different distancecriteria, e.g., Euclidean,Maha-
lanobisetc. [15], areoftenusedfor definingthesimilarity
measures.One of the widely usedand intuitively simple
clusteringtechniqueis theK-meansalgorithm[15], which
optimizesthesumof theintraclusterdistancescorrespond-
ing to the

�
clusters.However, themajordrawbackof the

K-Meansalgorithmis that it oftengetsstuckat local min-
ima andtheresultis largelydependenton thechoiceof the
initial clusteringof thedataset[14].

In orderto overcometheabovementionedlimitation, in
thisarticle,anefficientclusteringtechnique,thatutilizesan
effectiveintegrationof simulatedannealing[10, 3] andevo-
lutionaryprogramming[6, 7] astheunderlyingsearchand
optimizationtool, is developed. The resultingclustering
techniqueis calledtheANEV-clustering.During theevolu-

tionprocess,datapointsareredistributedamongtheclusters
probabilisticallysothatpointsthatarefartherawayfromthe
clustercenterhavehigherprobabilitiesof migratingto other
clustersthanthosewhich arecloserto it. Experimentalre-
sults comparingthe performanceof the proposedcluster-
ing techniquewith thoseof theK-Meansalgorithm,SA and
theconventionalevolutionaryprogrammingapproachesare
providedfor severalreal-lifedatasets.Moreovertheutility
of the techniquefor classifyingpixels in a satelliteimage
of a partof thecity of Mumbai for differentiatingdifferent
landcoverregionsis demonstrated.

2. Clustering Using Annealing Evolu-
tion

Thesearchingcapabilitiesof simulatedannealingandevo-
lutionaryprograminghave beenusedin this article for the
purposeof appropriatelydetermininga fixednumber

�
of

clustercentersin � ��� ; therebysuitablyclusteringthe set
of � unlabelledpoints. Theclusteringmetricthathasbeen
adoptedis thesumof theEuclidiandistancesof thepoints
from their respectiveclustercenters.

2.1. BasicPrinciple
Like the K-meansalgorithm,the annealing-evolution pro-
cess tries to minimise the intra cluster spread( ���	� ).
Mathematically, ���	� is defined for the

�
clusters��
������������������� asfollows:
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Here 3
#

representsthe centerof cluster � # and .0/65 � #
representsadatapoint .-/ belongingto cluster� # . Thegoal
is tosearchfor theappropriateclustercenters3 
 � 3 � ��������� 3 !suchthattheclusteringcriterion ���	� is minimised.

A configurationin ANEV-clusteringcorrespondsto aset
of
�

clustercenters,where
�

, the numberof clusters,is



assumedto beknown a priori . Thedatapointsareinitially
assignedto

�
clusters(where

�
is known a priori ) ran-

domly, andtheclustercentersarecomputedusingEqn.2.

3
# �87� #:9 %�&('�)+* . /<; � 7 ��=-�������(� � � (2)

Thisis analogousto thewaythecentersarecomputedin the
K-meansalgorithm. The set > 3 
 � 3 � ��������� 3 !@? constitutea
configurationA of ANEV-clustering.Oncetheclustercen-
tersarecomputed,the ICS is calculatedasin Eqn.1. This
is consideredto representtheenergy of theabove configu-
ration A .

Eachelementin aclusteris assumedto haveacertainde-
greeof membershipto it which is inverselyproportionalto
its Euclidiandistancefrom theclustercenter. Soelements
that areat a larger distancefrom the centerare the fittest
candidatesfor redistributionto anothercluster. We havere-
distributedan element.
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is a temperatureschedule,which is a sequenceof strictly
positive numberssuchthat

K 
F\ K �]\ ����� \ K L � T . The
suffix ^ of

K
indicatesthe numberof generationsthrough

theannealingprocess.Notethat
K L`_ T as ^ _ba

.

2.2. The Algorithm
In theproposedclusteringalgorithm,apool, c , of probable
solutionsor configurationsis maintained.Eachmemberof
thepool(alsocalledpopulation)is representedasastringof�

vectors,eachidentifyingaclustercenter. For eachmem-
berof the pool, the datapointsareinitially assignedto

�
clusters,known a priori , randomly, andtheclustercenters
arecomputedasin Eqn.2. Thuswe geta numberof clus-
teringsolutionsequalto thepopulationsize( cFd�cF�e�0fhg ).
For eachconfiguration(solutionstring),wecomputeits en-
ergy value as the corresponding���	� . The fitnessvalue
of thestring is correspondinglycalculatedas 7ji ���	� . The
solutionswhich arepotentiallybetter, having lower energy
values,areselectedwith higherprobabilityandusedin the
mutationphase.At eachtemperature,

K
, anew pool is gen-

eratedfrom theolderoneby theprocessesof selectionand
mutation.Theannealing-evolution algorithmis shown be-
low.

TheAnnealing-EvolutionClusteringAlgorithm

begin^ � T
initialise � KML � KMk ��cl�m^ �n�
evaluatecl�O^ �oqp:r:s ; �ut o ;wv � x v �uy ; o ;zv � �|{ t�}�~ p

while (NOT
oqp:rs ; �ut o ;zv � x v �uy ; o ;zv � ) do

begin^ � ^ I 7selectcl�O^ � from cl�O^ 1 7 �for ; = 1 to POPSIZEdo
begin

evolveconfigurationAu�# with energy gF�
mutatingA # with energy g
if ( g@� 1 g���T � then

begin� #�� � # �
flag= true

end

elseif

B�C0D��
1�� �w� ����� \ random[0,1) then

begin� # � � # �
flag = true

end
endfor

if flag then
begin

replaceold � # in cl�m^ � by new � #
flag = false

endKML � KMk�� � 7 14� � L /* T]� � � 7 , or, lower
K+L

*/
end

end

2.3. Selection� p } p x o ;zv � is the processwhere the strings, or, chromo-
somes,with relatively higherfitnessarereproducedto form
apoolfor thenext generation.A numberof commonlyused
strategiesarethere.Two of themarethe

r v� } p:ozoqp 1<��� p:p }selectionscheme(also called the proportionateselection
scheme)and the

o v� r �ut s�p � o selectionscheme. In both
thecases,thestringsareselectedwith probabilitiespropor-
tional to their fitnessvalues.We have usedthetournament
selectionschemewith a tournamentsizeof 10. Here, for
selectionof a singlestring,a setof 10 randomlyidentified
string is picked up from cl�m^ � , of which the beststring is
placedin cl�O^ I 7 � .In addition,theproposedannealing-evolutionalgorithm
usestheelitist strategy, whichensuresthatthebestsolution
stringof cl�m^ � survivesto cl�O^ I 7 � .
2.4. Mutation
Here, we try the possibilities to generatenew solution
stringsfrom theexisting ones.A solutionstringrepresents
one cluster configuration,encodinga set of cluster cen-
ters. Correspondingto this solutionstringa partitioningof



thedataexists,andeachelementof a clusteris assigneda
certaindegreeof membershipto it which is inverselypro-
portional to its Euclidiandistancefrom the clustercenter.
Therefore,elementsthat areat a larger distancefrom the
centerarethefittestcandidatesfor redistribution to another
cluster. Wehaveredistributedanelement.

#
in cluster� / to

cluster��� with probabilitygivenby equation3. In thisway,
a new clusterconfiguration��� with energy g@� is generated
from an existing configuration� with energy g . Thusat
eachgenerationa numberof alternativesolutionstringsare
generatedwhichareacceptedor rejectedaccordingto prob-

ability

B�C0D �
1�� � � ��j��� asshown in thealgorithm.Mutation

is performedstochastically, with probability c�� .
For the purposeof comparison,we have also imple-

mentedtwo versionsof evolutionary programming(EP)
basedclustering.As earlier, thechromosomesencodea set
of clustercenters,andthe ���	� is usedasa measureof the
fitnessvalues. In the mutationphasethe centersareper-
turbedby addingsmallquantitiesof noisegeneratedusing
someprobabilitydistribution. Here,wehaveusedGaussian
andCauchydistributionsfor this purpose.Thesemutation
schemes[16] arementionedbriefly below.

GaussandCauchymutationstrategies
Let > . 
j� . ����������� . �-��������� . � ? beachromosome,andthe

element. � be selectedfor mutation. The resultwill be a
vector > . 
j� . ����������� . �j�q��������� . � ?In classicalevolutionaryprogrammingGaussianmuta-
tion is commonlyused.Gaussianmutationrequirestwo pa-
rameters:ameanvalueandastandarddeviation. Generally,
mutationin thisapproachwasachievedby transformingthe
component.

#
of a vector � into . �

#
by the following rela-

tion:
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where �
#
’s arestandarddeviationsfor Gaussianmutations.� �JTN� 7 � denotesa normally distributed one-dimensional

randomnumberwith meanzeroandstandarddeviationone.� / �JTN� 7 � indicatesthat the randomnumber is generated
anew for eachvalue of Z , where Z variesover the num-
berof dimensions.Thefactors  and  -� arecommonlyset

to ¢�£ =�¤ �¦¥ � 
 and § ¤ =��¦¨ � 
 respectively, where � repre-

sentsthelengthof achromosome.
In [16] it is shownthattheCauchymutationfunctionper-

formsbetterthantheGaussianmutationfunction for most
of thebenchmarkproblemsusedfor EPs.Cauchymutation
canperformlongerjumpswith high probabilityandhence
its searchstepsize is considerablylarger than that of the
Gaussian.

The Cauchydistribution function is given by ©�ª(� . ���
� I 
« t r x o t�� § % ª ¨ , where
o�¬ T is ascaleparameter.

TheCauchymutationfollowsthefollowing relation

. �
# � .

#
I�

# � Z��n® / (6)

where,® / � o�¯ R�°�±³² § © ª 1 
� ¨�´ Generally
o
is takento be1.® / is computedfor eachZ anew. Therelationfor changing� remainssameasin thecaseof Gaussianmutationandis

givenby Equation5.

2.5. TheTemperatureSchedule

Theasymptoticconvergence(i.e., at
o _µa

) of theSA is
guaranteedfor alogarithmicannealingscheduleof theformK ª � K+k i � 7 I·¶ ° o � , where

o \ 7 and
KMk

is the initial tem-
perature.However, in practice,thelogarithmicannealingis
far too slow andhencewe have useda geometricschedule
of the form

K ª � � 7 1�� � ª �2K k , where � is a positive real
numbercloseto zero.As

K ª _ T , no moreperturbationof
theclusterconfigurationis possibleandhencetermination
conditionis assumedto bereached.In practice,thestateof
thesystemconfigurationis found to be frozenwell before
this.

3. Implementation Results
The experimentalresultscomparingthe ANEV-clustering
algorithmwith theK-meansalgorithm,SA basedtechnique,
andtwo EPbasedschemes(with CauchyandGaussianmu-
tations)areprovidedfor threereal-lifedatasets(Vowel,Iris
and Crude Oil) respectively. Theseare first describedin
this section.Subsequently, theeffectivenessof theANEV-
clusteringtechniquefor classifyingpixels is demonstrated
for a satelliteimageof apartof thecity of Mumbai.

3.1. Comparative Performance of ANEV-
clustering

Thethreereal-lifedatasetsaredescribedbelow.
Vowel Data: This dataconsistsof 871 Indian Telugu

vowel sounds[13]. Thesewere utteredin a consonant-
vowel-consonantcontext by three male speakers in the
age group of 30-35 years. The data set has three fea-
tures © 
 �¸© � and ©�¹ , correspondingto thefirst, secondand
third vowel formatfrequencies,andsix overlappingclasses> ® ��t+� ; � � � p � v ? . Thevalueof

�
is thereforechosento be6

for thisdata.Fig. 1 showsthedistributionof thesix classes
in the © 
 1 © � plane.

Iris Data: This datarepresentsdifferent categoriesof
iriseshaving four featurevalues. The four featurevalues
representthesepallength,sepalwidth, petallengthandthe
petal width in centimeters[5]. It hasthreeclasses(with
someoverlapbetweenclasses2 and3) with 50samplesper
class. The valueof

�
is thereforechosento be 3 for this

data.



Figure1: Voweldatain the © 
 1 © � plane

CrudeOil Data: This overlappingdata[9] has56 data
points,5 featuresand3 classes.Hencethe valueof

�
is

chosento be3 for thisdataset.
The clsuteringalgorithmsK-meansalgorithm,conven-

tional EPs, and the annealing-evolution-clusteringalgo-
rithm areexecutedfor a maximumof 20 generations.The
SA basedmethodwas however executedfor 200 genera-
tions in orderto obtaincomparableperformance.Theval-
uesof � and

K 
 arechosento be0.05and50 respectively.

Tables1-3 show the comparative resultsfor Vowel, Iris
andCrudeOil respectively. Although all the algorithms
were run for 100 simulations,for the purposeof demon-
stration,resultsareprovided for only five different initial
configurations.

For Vowel (Table1), theK-meansalgorithmattainsthe
bestvalueof 149912.56onlyonce.Thebestvaluesobtained
byEP-GaussandEP-Cauchyarefoundtobe149525.90and
149532.73respectively, while thatfor theSA basedmethod
is 149409.25.Thebestvalueobtainedby ANEV-clustering
algorithmis 149333.64(which is obtainedin 40% of the
total runs). Notably, the latter always obtainsvaluesof���	� that are betterthan the bestobtainedby the former
methods.For Iris (Table2) andCrudeOil (Table3) data
sets,theproposedclusteringalgorithmattainsthebestval-
uesof 97.1007and 278.9650respectively. The K-means

algorithm,on the otherhand,fails to attain thesevaluein
any of its runs. ThebestthatK-meansalgorithmachieved
are97.2248and279.7432respectively. In caseof EPs,we
seethatthebestvalueobtainedfor Iris is 97.1108.TheSA
basedmethodperformspoorly for thisdata,attainingabest
valueof 97.3527.For CrudeOil, onceagaintheK-Means
andSA basedmethodperformpoorly, attainingbestvalues
of 279.74232and279.4581respectively. For theEPbased
methods,thesevaluesare278.9651for boththecases.

Table1: ���	� obtainedby K-means,SA, EP andANEV-
clusteringalgorithm for five different runs (R) for Vowel
whenK=6

R K-means SA EP-Gauss EP-Cauchy ANEV
1 149912.56 149409.25 149892.82 150485.17 149356.54
2 150469.73 149409.31 149525.90 149532.73 149333.64
3 149931.56 149429.39 150320.34 149887.21 149369.39
4 149912.64 149443.48 151538.95 150530.25 149386.35
5 149942.68 149409.31 154008.32 154653.34 149347.39

Table2: ���	� obtainedby K-means,SA, EP andANEV-
clusteringalgorithmfor fivedifferentruns(R) for Iris when
K=3

R K-means SA EP-Gauss EP-Cauchy ANEV
1 97.2248 97.4537 97.1108 97.2045 97.1007
2 97.2248 97.5717 97.2045 97.1108 97.1007
3 97.2248 97.5717 97.1108 97.2045 97.1007
4 97.2248 97.4537 97.2232 97.1108 97.1007
5 97.2248 97.3527 97.1108 97.2045 97.1007

Table3: ���	� obtainedby K-means,SA, EP andANEV-
clusteringalgorithm for five different runs (R) for Crude
Oil whenK=3

R K-means SA EP-Gauss EP-Cauchy ANEV
1 279.7432 279.4581 279.2709 278.9651 278.9650
2 279.7432 279.4581 279.2709 278.9651 278.9650
3 279.7432 279.4581 278.9651 278.9651 278.9650
4 279.7432 279.4581 279.7432 278.9651 278.9650
5 279.7432 279.4581 279.2709 279.1068 278.9650

3.2. Pixel Classificationof IRSImageof Mum-
bai

In thissection,theutility of theANEV-clusteringtechnique
for partitioningdifferentlandcover regionsof a 512º 512
satelliteimageof a part of the city of Mumbai is demon-
strated.Two bandsof theimageareconsidered:greenband



of wavelength0.52 - 0.59 » m, andnearinfra red bandof
wavelength0.77- 0.86 » m. Notethatsatelliteimagesusu-
ally have a largenumberof overlappingclassesandhence
the clusteringproblemin suchspacebecomesquite diffi-
cult. Thisdatahasbeenusedearlierfor classifyingthepix-
elsinto differentcategoriesunderthesupervisedframework
[4, 12].

Someimportant landcovers of Mumbai, as seenmore
prominently from near infra red band (Fig. 2 shows the
imagewith histogramequalizationto make it morepromi-
nent),areasfollows: Theelongatedcity areais surrounded
by the Arabiansea. Thereis a concretestructure(on the
right sidetopcorner)connectingMumbaito New Mumbai.
On the southernpart of the city, thereareseveral islands,
includingthewell known Elephantaislands. Thedockyard
is situatedon thesoutheasternpartof Mumbai,which can
beseenasa setof threefinger like structure.On theupper
partof theimage,towardsleft, thereis adistinctcriscrossed
structure.This is theSantaCruzairport.

Fig. 3 provides the classifiedMumbai imageobtained
usingANEV-clusteringalgorithm.

�
wastakento be6 for

thisimagedata.As canbeseenfrom theresults,mostof the
landcovercategorieshavebeencorrectlydistinguished.For
example,theSantaCruzairport,dockyard,bridgeconnect-
ing Mumbai to New Mumbai, andmany otherroadstruc-
tureshavecomeoutdistinctly. Moreover, thepredominance
of one category of pixels in the southernpart of the im-
ageconformsto thegroundtruth; this part is known to be
heavily industrialized,andhencethemajority of thepixels
in this region shouldbelongto thesameclassof concrete.
The Arabian seahascomeout asa combinationof pixels
of two differentclasses.This is againin conformity with
earlierexperimentswith this data[12], wheretheseawater
wasfound to be decomposedinto two classes,turbid wa-
ter 1 and turbid water 2, basedon the differenceof their
reflectanceproperties.(Note that the resultpresentedhere
doesnot includeany postprocessingoperations.Onesuch
stepthat is usuallycarriedout in imageprocessingis the
merging of very small segmentsto oneof theneighboring
regions. This helpsin cleaningup the imageby filling up
smallholesembeddedwith largeregions.)Therefore,from
the groundtruth availableandthe performanceof ANEV-
clustering,it canbeconcludedthat it is a usefultechnique
for differentiatingthevariouslandcover typespresentin an
image.

4. Conclusionsand Discussion

An integrationof simulatedannealingandevolutionarypro-
gramming,therebycombiningthemeritsof both theseap-
proaches,hasbeenusedin this article for developing an
efficient clusteringtechnique.Theperformanceof thepro-
posedtechniqueis comparedwith theK-meansalgorithm,

Figure2: Near infra red bandof the Mumbai imagewith
histogramequalization

aswell asschemesbasedon simulatedannealingandcon-
ventionalevolutionaryprogramming,with bothCauchyand
Gaussianmutation,for threereal-life datasets.It is found
that the proposedmethodoutperformsthe otherfour tech-
niquesfor all thedatasets.Anotherreal-life applicationof
the saidclusteringmethodis demonstratedfor classifying
differentlandcover regionsin remotesensingimagery. As
a scopeof furtherwork, a detailedstudyregardingthecon-
vergenceof K-means,SA, EP andANEV-clusteringalgo-
rithmsneedsto bedone.Moreover, theproposedclustering
algorithmmaybeextendedto thecaseof fuzzypartitioning
of adata.
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