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Abstract

In this article an efficient clusteringtechnique that uti-

lizes an effective integration of simulatedannealingand
evolutionary programmingas the underlyingseach tool,

is developed. During the evolution process,data points
are redistributed amongthe clustes probabilistically so
that points that are farther away from the cluster center
havehigherprobabilitiesof migratingto otherclustessthan
thosewhich are closerto it. Thesuperiorityof thenew clus-
tering algorithm over the widely usedK-meansalgorithm
and thosebasedon simulatedannealingand corventional
evolutionary programmingis demonstated for somereal

life datasets.Anotherreallife applicationof the developed
clusteringtedhniquein classifyingthe pixelsof a satellite
image of a part of the city of Mumbaiis also provided.

1. Intr oduction

Clustering[1, 15, 8, 11, 2] is an exploratory dataanaly-
sistool wherea setof patternsusuallyvectorsin a multi-
dimensionakpacearegroupedinto clustersin suchaway
that patternsin the sameclusterare similar in somesense
andpatterndn differentclustersaredissimilarin the same
sense. Differentdistancecriteria, e.g., Euclidean,Maha-
lanobisetc. [15], areoftenusedfor definingthe similarity
measures.One of the widely usedand intuitively simple
clusteringtechniques the K-meansalgorithm[15], which
optimizesthe sumof theintra clusterdistancegorrespond-
ing to the K clusters.However, the major drawvbackof the
K-Meansalgorithmis thatit often getsstuckat local min-
imaandtheresultis largely dependentn the choiceof the
initial clusteringof the dataset[14].

In orderto overcomethe abose mentionedimitation, in
thisarticle,anefficientclusteringtechniquethatutilizesan
effectiveintegrationof simulatedannealind10, 3] andevo-
lutionary programming6, 7] asthe underlyingsearchand
optimizationtool, is developed. The resulting clustering
techniquds calledthe ANEV-clustering.During the evolu-
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tion processgatapointsareredistribuitedamongheclusters
probabilisticallysothatpointsthatarefartherawayfromthe
clustercentethave higherprobabilitiesof migratingto other
clustersthanthosewhich arecloserto it. Experimentale-
sults comparingthe performanceof the proposecdcluster
ing techniquewith thoseof the K-Meansalgorithm,SA and
thecorventionalevolutionaryprogrammingapproacheare
providedfor severalreal-life datasets.Moreoverthe utility
of the techniquefor classifyingpixelsin a satelliteimage
of a partof the city of Mumbaifor differentiatingdifferent
landcorerregionsis demonstrated.

2. Clustering Using Annealing Evolu-
tion

The searchingcapabilitiesof simulatedannealingandevo-
lutionary programinghave beenusedin this article for the
purposeof appropriatelydetermininga fixed numberK of
clustercentersin IR"; therebysuitably clusteringthe set
of n unlabelledpoints. The clusteringmetricthathasbeen
adopteds the sumof the Euclidiandistance®f the points
from theirrespectre clustercenters.

2.1 BasicPrinciple

Lik e the K-meansalgorithm, the annealing-eolution pro-

cesstries to minimise the intra cluster spread (IC'S).

Mathematically IC'S is defined for the K clusters
C1,C,,...,Cy asfollows:

K
ICS(C1,Cay ey Ck) = > > Iz —zill* (1)

i=1 z;€C;

Here z; representshe centerof clusterC; andz; € Cj
representa datapointz; belongingto clusterC;. Thegoal
isto searcHor theappropriatelustercenters; , 2o, . .., 2k
suchthatthe clusteringcriterion IC'S is minimised.

A configurationin ANEV-clusteringcorrespondgo aset
of K clustercenterswhere K, the numberof clusters,is



assumedo be known a priori. Thedatapointsareinitially
assignedo K clusters(where K is known a priori) ran-
domly, andthe clustercentersaarecomputedusingEqgn. 2.

zi:lzmjecimj 1=1,2,....K. 2
n;
Thisis analogouso theway thecenterarecomputedn the
K-meansalgorithm. The set{zy, 23, ..., 2K} constitutea
configurationC of ANEV-clustering.Oncethe clustercen-
tersarecomputedtheICSis calculatedasin Egn.1. This
is consideredo representhe enegy of the above configu-
rationC.

Eachelemenin aclusteris assumedo have acertainde-
greeof membershipo it which is inverselyproportionatlto
its Euclidiandistancefrom the clustercenter So elements
that are at a larger distancefrom the centerare the fittest
candidatesor redistritutionto anothercluster We have re-
distributed an elementz; in clusterC; to clusterCy with
probability :

—[Dir — Dij]+ 3
p— 3)

where[z]+ = max(z,0), andD;y, = ||z; — zk|| andk # j.
T is atemperaturaschedulewhichis a sequencef strictly
positve numberssuchthatTy > T> > ... > T, = 0. The

suffix g of T' indicatesthe numberof generationghrough
theannealingorocessNotethatT, — 0 asg — oo.

exp(

2.2 The Algorithm

In the proposectlusteringalgorithm,a pool, P, of probable
solutionsor configurationdgs maintained.Eachmemberof
thepool(alsocalledpopulation)s representedsa stringof
K vectors gachidentifying a clustercenter For eachmem-
ber of the pool, the datapointsareinitially assignedo K
clusters known a priori, randomly andthe clustercenters
arecomputedasin Eqn.2. Thuswe geta numberof clus-
teringsolutionsequalto the populationsize(POPSIZ E).
For eachconfiguration(solutionstring),we computets en-
ergy value asthe corresponding C'S. The fitnessvalue
of the stringis correspondinglycalculatedas1/ICS. The
solutionswhich arepotentiallybetter having lower enegy
values,areselectedvith higherprobabilityandusedin the
mutationphase At eachtemperaturel’, anew poolis gen-
eratedfrom the olderoneby the processesf selectionand
mutation. The annealing-eolution algorithmis shown be-
low.

TheAnnealing-EvolutiorClusteringAlgorithm
begin
g=>0
initialise (T, = T, P(g))
evaluateP(g)
termination_condition = false

while (NOT termination_condition) do
begin
g=g+1
selectP(g) from P(g — 1)
fori =1to POPSIZEo
begin
evolve configuratiorC; with enegy E’
mutatingC; with enegy E
if (E' — E <0) then
begin
CZ‘ — Cil
flag=true
end
elseif exp [—%] > random(0,1) then
begin
Ci «— Cil
flag = true
end
endfor
if flag then
begin
replaceold C; in P(g) by new C;
flag = false
end
Ty=Tox(1—a)! *0 < a < 1,or lowerT, */
end
end

2.3. Selection

Selection is the processwhere the strings, or, chromo-
somesywith relatively higherfitnessarereproducedo form
apoolfor thenext generationA numberof commonlyused
stratgjiesarethere. Two of themaretheroulette — wheel
selectionscheme(also called the proportionateselection
scheme)andthe tournament selectionscheme. In both
thecasesthestringsareselectedvith probabilitiespropor
tional to their fitnessvalues. We have usedthe tournament
selectionschemewith a tournamensize of 10. Here,for
selectionof a singlestring, a setof 10 randomlyidentified
string is picked up from P(g), of which the beststringis
placedin P(g + 1).

In addition,the proposedannealing-golution algorithm
usegheelitist strategy, which ensuresghatthe bestsolution
stringof P(g) survivesto P(g + 1).

2.4. Mutation

Here, we try the possibilitiesto generatenen solution
stringsfrom the existing ones.A solutionstringrepresents
one cluster configuration,encodinga set of clustercen-
ters. Correspondingo this solutionstring a partitioningof



the dataexists, andeachelementof a clusteris assigneda
certaindegreeof membershipo it which is inverselypro-
portionalto its Euclidian distancefrom the clustercenter
Therefore,elementsthat are at a larger distancefrom the
centerarethefittestcandidategor redistritution to another
cluster We haveredistritutedanelement; in clusterC); to
clusterC}, with probabilitygivenby equatiorB. In thisway,
anew clusterconfigurationC” with enegy E’ is generated
from an existing configurationC with enegy E. Thusat
eachgeneratiora numberof alternatve solutionstringsare
generatedvhichareacceptedr rejectedaccordingo prob-

ability exp [— ET‘E] asshawn in the algorithm. Mutation
g

is performedstochasticallywith probability 7,,, .

For the purposeof comparison,we have also imple-
mentedtwo versionsof evolutionary programming(EP)
basectlustering.As earlier thechromosomesncodea set
of clustercentersandthe IC'S is usedasa measuref the
fithessvalues. In the mutationphasethe centersare per
turbedby addingsmall quantitiesof noisegeneratedising
someprobabilitydistribution. Here,we have usedGaussian
andCauchydistributionsfor this purpose.Thesemutation
scheme$§16] arementionedbriefly below.

Gaussand Caudy mutationstrategies

Let{z1,z2, -, 2k, -+, Tm} beachromosomeandthe
elementz;, be selectedor mutation. The resultwill bea
I
vector{zy,xa, -, T -, Tm }

In classicalevolutionary programmingGaussiamrmuta-
tion is commonlyused.Gaussiamutationrequiregwo pa-
rametersamearvalueandastandardieviation. Generally
mutationin this approactwasachievedby transforminghe
componentz; of avectorX into :cl by the following rela-
tion:

;= z; + 0:(§)N;(0, 1) @)

1:(4) = ni(j) exp (7 N(0,1) + 7N;(0,1))  (5)

wheren;’s arestandarddeviationsfor Gaussiammutations.
N(0,1) denotesa normally distributed one-dimensional
randomumbeiwith mearzeroandstandardaleviationone.

N;(0,1) indicatesthat the randomnumberis generated
anev for eachvalue of j, wherej variesover the num-

ber of dimenslions.ThefactorST andr arecommonlyset

to ( Zﬁ) and (\/%)_1 respectrely, wheren repre-

sentghelengthof achromosome.

In [16] it is shavn thatthe Cauchymutationfunctionper
forms betterthanthe Gaussiaimutationfunction for most
of thebenchmarlproblemsusedfor EPs.Cauchymutation
canperformlongerjumpswith high probabilityandhence
its searchstepsizeis considerablylarger than that of the
Gaussian.

The Cauchydistribution functionis given by Fy(z) =
3 + zarctan (%), wheret > 0 is ascaleparameter

The Cauchymutationfollows thefollowing relation
x; =z +0;(§)0; (6)

where; = ttan [r (F; — 1)] Generallyt istakento be1l.
d; is computedor eachj anav. Therelationfor changing
7 remainssameasin the caseof Gaussiarmutationandis
givenby Equation5.

2.5 TheTempeature Schedule

The asymptoticcorvergence(i.e., att — oo) of the SAis

guaranteefbr alogarithmicannealingschedulef theform

T; = To/(1 + Int), wheret > 1 andTj is theinitial tem-

perature However, in practice thelogarithmicannealings

fartoo slow andhencewe have useda geometricschedule
of theform T; = (1 — a)! x T, wherea is a positive real

numbercloseto zero.As T; — 0, no moreperturbatiorof

the clusterconfigurationis possibleandhencetermination
conditionis assumedo bereachedIn practice the stateof

the systemconfigurationis foundto be frozenwell before
this.

3. Implementation Results

The experimentalresultscomparingthe ANEV-clustering
algorithmwith theK-meansalgorithm,SA basedechnique,
andtwo EPbasedschemegwith CauchyandGaussiamu-
tations)areprovidedfor threereal-life datasets(Vowel, Iris
and Crude Oil) respectiely. Theseare first describedn
this section. Subsequentlythe effectivenesf the ANEV-
clusteringtechniquefor classifyingpixelsis demonstrated
for a satelliteimageof a partof thecity of Mumbai.

3.1 Comparative Performance of ANEV-
clustering

Thethreereal-life datasetsaredescribedelow.

Vowel Data: This dataconsistsof 871 Indian Telugu
vowel sounds[13]. Thesewere utteredin a consonant-
vowel-consonantcontet by three male spealers in the
age group of 30-35years. The data set has three fea-
turesFy, F» and F3, correspondingo thefirst, secondand
third vowel formatfrequenciesandsix overlappingclasses
{4, a,i,u,e,o0}. Thevalueof K is thereforechoserto be6
for this data.Fig. 1 shavsthedistribution of the six classes
inthe F; — F; plane.

Iris Data: This datarepresentdifferent categories of
irises having four featurevalues. The four featurevalues
representhe sepallength,sepalwidth, petallengthandthe
petal width in centimeterd5]. It hasthreeclasseqwith
someoverlapbetweerclasse® and3) with 50 sampleger
class. Thevalueof K is thereforechosento be 3 for this
data.
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Figurel: Voweldatain the F; — F5 plane

CrudeOil Data: This overlappingdata[9] has56 data
points, 5 featuresand 3 classes.Hencethe valueof K is
choserto be 3 for this dataset.

The clsuteringalgorithmsK-meansalgorithm, corven-
tional EPs, and the annealing-golution-clusteringalgo-
rithm areexecutedfor a maximumof 20 generationsThe
SA basedmethodwas however executedfor 200 genera-
tionsin orderto obtaincomparablgerformance The val-
uesof a andT; arechoserto be0.05and50respectiely.

Tables1-3 shav the comparatie resultsfor Vowel, Iris
and Crude Oil respectiely. Although all the algorithms
were run for 100 simulations,for the purposeof demon-
stration,resultsare provided for only five differentinitial
configurations.

For Vowel (Tablel), the K-meansalgorithmattainsthe
bestvalueof 149912.5@nly once.Thebestvaluesobtained
by EP-GausandEP-Cauchwrefoundto be149525.9Gnd
149532.73espectrely, while thatfor the SA basednethod
is 149409.25Thebestvalueobtainedby ANEV-clustering
algorithmis 149333.64(which is obtainedin 40% of the
total runs). Notably, the latter always obtainsvaluesof
ICS that are betterthan the bestobtainedby the former
methods. For Iris (Table2) and Crude Oil (Table 3) data
sets,the proposedtlusteringalgorithmattainsthe bestval-
uesof 97.1007and 278.9650respectiely. The K-means

algorithm, on the otherhand,fails to attainthesevaluein

ary of its runs. The bestthat K-meansalgorithmachiered
are97.2248and279.7432espectrely. In caseof EPs,we

seethatthebestvalueobtainedfor Iris is 97.1108.The SA

basednethodperformspoorly for this data,attaininga best
valueof 97.3527.For CrudeOil, onceagainthe K-Means
andSA basedmethodperformpoorly, attainingbestvalues
of 279.74232and279.458Irespectiely. For the EP based
methodsthesevaluesare278.965for boththecases.

Tablel: ICS obtainedby K-means,SA, EP and ANEV-
clusteringalgorithm for five differentruns (R) for Vowel
whenK=6

R | K-means | SA EP-Gauss | EP-Cauchy| ANEV

149912.56| 149409.25| 149892.82| 150485.17 | 149356.54

150469.73| 149409.31| 149525.90| 149532.73 | 149333.64

149931.56| 149429.39| 150320.34| 149887.21 | 149369.39

149912.64| 149443.48| 151538.95| 150530.25 | 149386.35

Q| B W N~

149942.68| 149409.31| 154008.32| 154653.34 | 149347.39

Table2: ICS obtainedby K-means,SA, EP and ANEV-
clusteringalgorithmfor five differentruns(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: ICS obtainedby K-means,SA, EP and ANEV-
clusteringalgorithmfor five differentruns (R) for Crude

Qil 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 IRSImage of Mum-
bai

In this section theutility of the ANEV-clusteringtechnique
for partitioningdifferentlandcover regionsof a 512x 512
satelliteimageof a part of the city of Mumbaiis demon-
strated.Two bandsof theimageareconsideredgreenband



of wavelength0.52- 0.59 um, and nearinfra red bandof
wavelength0.77- 0.86 um. Notethatsatelliteimagesusu-
ally have a large numberof overlappingclassesandhence
the clusteringproblemin suchspacebecomegyuite diffi-
cult. This datahasbeenusedearlierfor classifyingthe pix-
elsinto differentcategoriesunderthesupervisedramevork
[4,12).

Someimportantlandcosers of Mumbai, as seenmore
prominently from nearinfra red band (Fig. 2 shavs the
imagewith histogramequalizatiorto make it more promi-
nent),areasfollows: Theelongatectity areais surrounded
by the Arabiansea. Thereis a concretestructure(on the
right sidetop corner)connectingMumbaito New Mumbai.
On the southernpart of the city, thereare several islands,
includingthewell known Elephantaslands Thedockyard
is situatedon the southeasterrpartof Mumbai,which can
be seenasa setof threefingerlik e structure.On the upper
partof theimage towardsleft, thereis adistinctcriscrossed
structure.Thisis the SantaCruzairport.

Fig. 3 providesthe classifiedMumbai image obtained
usingANEV-clusteringalgorithm. K wastakento be 6 for
thisimagedata.As canbeseerfrom theresults mostof the
landcwvercateyorieshave beencorrectlydistinguishedFor
example the SantaCruzairport,dockyard, bridgeconnect-
ing Mumbaito New Mumbai, andmary otherroad struc-
tureshave comeoutdistinctly. Moreover, thepredominance
of one cateyory of pixelsin the southernpart of the im-
ageconformsto the groundtruth; this partis known to be
heavily industrialized andhencethe majority of the pixels
in this region shouldbelongto the sameclassof concrete.
The Arabian seahascomeout asa combinationof pixels
of two differentclasses.This is againin conformity with
earlierexperimentswith this data[12], wherethe seawater
was found to be decomposedhto two classesturbid wa-
ter 1 andturbid water 2, basedon the differenceof their
reflectanceproperties.(Note thatthe resultpresentedhere
doesnotincludeary postprocessingperations.Onesuch
stepthatis usually carriedout in imageprocessings the
merging of very small sggmentsto one of the neighboring
regions. This helpsin cleaningup theimageby filling up
smallholesembeddedvith largeregions.) Thereforefrom
the groundtruth available andthe performanceof ANEV-
clustering,it canbe concludedhatit is a usefultechnique
for differentiatingthevariouslandcoer typespresenin an
image.

4. Conclusionsand Discussion

An integrationof simulatedannealingandevolutionarypro-
gramming therebycombiningthe meritsof both theseap-
proacheshasbeenusedin this article for developingan
efficient clusteringtechnique.The performancef the pro-
posedtechniqueis comparedwith the K-meansalgorithm,

Figure2: Nearinfra red bandof the Mumbaiimagewith
histogramequalization

aswell asschemedasedon simulatedannealingandcon-
ventionalevolutionaryprogrammingwith bothCauchyand
Gaussiarmutation,for threereal-life datasets. It is found
thatthe proposednethodoutperformghe otherfour tech-
niguesfor all the datasets.Anotherreal-life applicationof
the said clusteringmethodis demonstratedor classifying
differentland cover regionsin remotesensingmagery As
ascopeof furtherwork, a detailedstudyregardingthe con-
vergenceof K-means,SA, EP and ANEV-clusteringalgo-
rithmsneedgo bedone.Moreover, theproposedlustering
algorithmmaybeextendedo thecaseof fuzzy partitioning
of adata.
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