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Abstract

Clusteringin datamining is a discorery processthat groupsa setof datasuchthat the intraclustersimilarity
is maximizedandthe interclustersimilarity is minimized. Existing clusteringalgorithms,suchas K-means PAM,
CLARANS, DBSCAN, CURE,andROCK aredesignedo nd clusterghat t somestaticmodels.Thesealgorithms
canbreakdeavn if thechoiceof parameteri the staticmodelis incorrectwith respecto thedatasetbeingclustered,
or if the modelis not adequateao capturethe characteristicof clusters. Furthermore most of thesealgorithms
breakdavn whenthedataconsistf clusterghatareof diverseshapesgensitiesandsizes.In this paperwe present
a novel hierarchicalclusteringalgorithmcalled CHAMELEON that measureshe similarity of two clustersbasedon
a dynamicmodel. In the clusteringprocessiwo clustersare meigedonly if the interconnectiity and closeness
(proximity) betweertwo clustersare high relative to the internalinterconnectiity of the clustersandclosenessf
itemswithin theclusters.Thememging processisingthe dynamicmodelpresentedh this paperfacilitatesdiscovery
of naturalandhomogeneouslusters. The methodologyof dynamicmodelingof clustersusedin CHAMELEON is
applicableto all typesof dataaslong asa similarity matrix canbe constructed.We demonstratehe effectiveness
of CHAMELEON in a numberof datasetsthat containpointsin 2D spaceandcontainclustersof differentshapes,
densities sizes,noise,and artifacts. Experimentakesultson thesedatasetsshav that CHAMELEON candiscover
naturalclustersghatmary existing state-of-theart clusteringalgorithmsfail to nd.
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1 Introduction

Clusteringin datamining [SADC 93, CHY96] is adiscovery processhatgroupsa setof datasuchthattheintracluster
similarity is maximizedandtheinterclusteisimilarity is minimized[JD88 KR90, PAS96,CHY96]. Thesediscovered
clusterscanbe usedto explain the characteristicef the underlyingdatadistribution, andthussene asthefoundation
for otherdatamining and analysistechniques.The applicationsof clusteringinclude characterizatiorof different
customergroupsbasedupon purchasingatterns cateorizationof documentsn the World Wide Web [BGGC 993
BGG 991, groupingof genesandproteinsthathave similar functionality[HHS92 NRSC95, SCC® 95, HKKM98],
groupingof spatiallocationsproneto earthqualesfrom seismologicatiatalBR98, XEKS99§, etc.

Existingclusteringalgorithms suchasK -mean4JD88§, PAM [KR90], CLARANS [NH94], DBSCAN[EKSX9€q],
CURE[GRS98],andROCK [GRS99 aredesignedo nd clusterghat t somestaticmodels.For example,K -means,
PAM, and CLARANS assumehat clustersare hyperellipsoidal (or globular) and are of similar sizes. DBSCAN
assumeshatall pointswithin genuineclustersare densityreachable! and points acrossdifferentclustersare not.
Agglomeratve hierarchicalclusteringalgorithms,suchas CURE and ROCK usea static model to determinethe
mostsimilar clusterto meigein the hierarchicalklustering. CURE measureshe similarity of two clustersbasedon
the similarity of the closestpair of the representatie pointsbelongingto differentclusters without consideringhe
internalclosenessi.e., densityor homogeneitypf the two clustersinvolved. ROCK measureshe similarity of two
clustersby comparinghe aggreyateinter-connectity of two clustersagainst userspeci edstaticinter-connectvity
model,andthusignoresthe potentialvariationsin theinter-connectiity of differentclusterswithin the samedataset.
Thesealgorithmscanbreakdevn if the choiceof parameteri thestaticmodelis incorrectwith respecto thedataset
beingclusteredor if the modelis not adequatdo capturethe characteristicef clusters.Furthermoremostof these
algorithmsbreakdevn whenthe dataconsistof clusterghatareof diverseshapesgensitiesandsizes.

In this paper we presenta novel hierarchicalclusteringalgorithm called CHAMELEON that measureshe sim-
ilarity of two clustersbasedon a dynamicmodel. In the clusteringprocesstwo clustersare memgedonly if the
inter-connectity and closenesgproximity) betweentwo clustersare comparablégo the internalinter-connectvity
of the clustersand closenes®f itemswithin the clusters. The meging procesausingthe dynamicmodelpresented
in this paperfacilitatesdiscovery of naturaland homogeneouslusters. The methodologyof dynamicmodelingof
clustersusedin CHAMELEON is applicableto all typesof dataaslong asa similarity matrix canbe constructedWe
demonstrat¢he effectivenesof CHAMELEON in a numberof datasetsthat containpointsin 2D spaceandcontain
clustersof differentshapesdensitiessizes noise,andartifacts.

Therestof thepapelis organizedasfollows. Section2 givesanoverview of relatedclusteringalgorithms.Section3
presentghelimitationsof the recentlyproposedstateof the art clusteringalgorithms.We presenbur new clustering
algorithmin Section4. Section5 givesthe experimentalresults. Section6 containsconclusionsand directionsfor
futurework.

2 Related Work

In this sectionwe give a brief descriptionof existing clusteringalgorithms.

i point p is densityreachabldrom apointq, if they areconnectedby a chainof pointssuchthateachpointhasminimal numberof datapoints,
includingthenext pointin thechain,within a x edradius[EKSX96].



2.1 Partitional Techniques

Partitional clusteringattemptsto breaka datasetinto K clusterssuchthat the partition optimizesa given crite-
rion [JD88 KR90,NH94, CS94. Centroid-basedpproachesstypi ed by K meandJD88 andISODATA [BH64],
try to assignpointsto clusterssuchthatthe meansquaredistanceof pointsto the centroidof the assignedtlusteris
minimized. Centroid-basedechniquesare suitableonly for datain metric spacege.g., Euclideanspace)in which
it is possibleto computea centroidof a given setof points. Medoid-basednethodsastypi ed by PAM (Partition-
ing Around Medoids)[KR90] andCLARANS [NH94], work with similarity data,i.e., datain anarbitrarysimilarity
space[GRGC99]. Thesetechniquedry to nd representatie points (medoids)so as to minimize the sum of the
distance®f pointsfrom their closestmedoid.

A majordravbackof both of theseschemess thatthey fail for datain which pointsin a given clusterarecloser
to the centerof anotherclusterthanto the centerof their own cluster This can happenin mary naturalclusters
[HKKM97, GRS9Y9; for example,if thereis a large variationin clustersizes(asin Figure1 (a)) or whencluster
shapesarecorvex (asin Figurel (b)).
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a) Clusters of widely differente sizes b) Clusters with convex shapes

Figurel: Datasetsonwhictcentroidndmedoidpproachdail.

2.2 Hierarchical Techniques

Hierarchicalclusteringalgorithmsproducea nestedsequencef clusterswith a singleall-inclusive clusterat thetop

andsingle point clustersat the bottom. Agglomeratve hierarchicalalgorithms[JD8§ startwith all the datapoints
asa separateluster Eachstepof the algorithminvolvesmemging two clustersthat arethe mostsimilar. After each
merge,thetotal numberof clustersdecreaseby one. Thesestepscanberepeatedintil thedesirechumberof clusters
is obtainedor the distanceébetweenwo closestlusterss above a certainthresholddistance.

Therearemary differentvariationsof agglomeratie hierarchicalalgorithms[JD8§. Thesealgorithmsprimarily
differ in how they updatethe similarity betweerexisting clustersandthe mergedclusters.ln somemethodqJD8§,
eachclusteris representedly a centroidor medoidof the pointscontainedn the cluster andthe similarity between
two clusterss measuredy the similarity betweerthe centroids/medoidsf the clusters.Lik e partitionaltechniques,
suchasK -meansandK -medoidsthesemethodalsofail on clustersof arbitraryshapesnddifferentsizes.

In the singlelink method[JD88, eachclusteris representetby all the datapointsin the cluster The similarity
betweertwo clusterds measuredby thesimilarity of theclosespair of datapointsbelongingto differentclusters.Un-
like thecentroid/medoidhasednethodsthis methodcan nd clustersof arbitraryshapeanddifferentsizes.However,
this methodis highly susceptibléo noise outliers,andartifacts.

CURE [GRS98 hasbeenproposedo remedythe drawbacksof both of thesemethodswhile combiningtheir
adwantages.In CURE, insteadof usinga singlecentroidto represent cluster a constaninumberof representatie



pointsarechoseno represena cluster Thesimilarity betweenwo clusterss measuredby thesimilarity of theclosest
pair of therepresentatie pointsbelongingto differentclusters.New representate pointsfor the memgedclustersare
determinedy selectingaconstanhumberof well scatteregbointsfrom all thedatapointsandshrinkingthemtowards
thecentroidof the clusteraccordingo ashrinkingfactor Unlike centroid/medoidhasednethodsCUREis capableof

nding clustersof arbitraryshapesndsizesasit representeachclustervia multiple representatie points. Shrinking
therepresentatie pointstowardsthe centroidhelpsCUREin avoiding the problemof noiseandoutlierspresentn the

singlelink method.The desirablevalueof the shrinkingfactorin CURE s dependentiponclustershapesndsizes,
andamountof noisein thedata.

In someagglomeratie hierarchicalalgorithms,the similarity betweentwo clustersis capturedby the aggrejate
of the similarities(i.e., interconnectiity) amongpairsof itemsbelongingto differentclusters.Therationalefor this
approachs thatsubclusterdelongingto the sameclusterwill tendto have highinterconnectiity. But theaggrejate
inter-connectity betweentwo clustersdependson the size of the clustersinvolved, andin generalpairs of larger
clusterswill have higherinter-connectity. Hence,mary suchschemesormalizethe aggrejatesimilarity between
a pair of clusterswith respectto the expectedinter-connectiity of the clustersinvolved. For example,the widely
usedgroup-aeragamethodJD88 assumefully connectedlustersandthusscalegheaggrejatesimilarity between
two clustersby n  m, wheren and m are the size of the two clusters,respectiely. ROCK [GRS99],a recently
developedagglomeratie algorithmthatoperate®n aderivedsimilarity graph,scalegsheaggreyateinter-connectvity
with respecto auserspeci edinter-connectvity model.

Mostof thealgorithmsdiscusse@bove work implicitly or explicitly with then  n similarity matrixsuchthat.i; j/
elemenbf thematrixrepresentthesimilarity betweeri th and j 1" dataitems. Somealgorithmsderive anew similarity
matrix usingthe original matrix [JP73 GK78, JD88 GRS99, andthenapply oneof the existing techniquesn this
derivedsimilarity matrix. In mary casesthe new derivedsimilarity matrix is justa sparsi edversionof this original
similarity matrix from which certainentries(e.g.,thosewhosevalueis belov athresholdhave beendeleted.In other
casesthederivedsimilarity matrix hasentirely differentvaluesJP73 GK78, GRS99].The sparsi edderived matrix
canhelpeliminate/reduceoisefromthedata,andsubstantiallyeducetheexecutiontime of mary algorithms.ln some
casesit canalsoprovide a bettermodelof similaritiesfor the problemdomain. For example,mutualsharedmethod
presentedn [JP73 helpsremove noiseandoutliersandis shavn to provide a bettermodelto capturesimilarities
amongtransactiongn [GRS99].

A sparsesimilarity matrix canberepresentetly a sparsegraph,andtightly connectealustersof this graphcanbe
foundby divisive hierarchicaktlusteringalgorithmssuchasthosebasediponminimal spanningree(MST) [JD89 or
graph-partitioningalgorithms[KK98b, KK99d]. MST-basedalgorithmsare highly susceptibldo noiseandartifacts
just like the singlelink method. Graph-partitioningpasedmethodsare much more robust, but they tendto break
genuineclusterdf thereis alargevariationsin clustersizes.

3 Limitations of Existing Hierarchical Schemes

A major limitation of existing agglomeratie hierarchicalschemessuchas the Group AveragingMethod [JD89,
ROCK [GRS99, andCURE[GRS9§ is thatthe memging decisionsarebaseduponstaticmodelingof the clustersto
be memed. In otherwords,theseschemedail to take into accountspecialcharacteristice®f individual clusters,and
thuscanmaleincorrectmemgingdecisionsvhentheunderlyingdatadoesnotfollow theassumednodel,or whennoise
is presentFor exampleconsideithefour sub-clustersf pointsin 2D shavn in Figure2. Theselectiormechanisnof
CURE (andof thesinglelink method)will prefermeiging clusterga)and(b) over meging clustergc) and(d), since



theminimumdistancedetweertherepresentatie pointsof (a) and(b) will be smallerthanthosefor clusterg(c) and
(d). But clusters(c) and(d) arebettercandidate$or memging becausehe minimumdistancedbetweerthe boundary
pointsof (c) and(d) areof the sameorderasthe averageof theminimumdistance®f any pointswithin theseclusters
to otherpoints.Hencemeiging (c) and(d) will leadto amorehomogeneouandnaturalclusterthanmerging (a) and

(b).

(@) (b) © (d)

Figure2: Examplefclusteréormerginghoices

In agglomeratie schemedasedupongroupaveraging[JD8§ andrelatedschemesuchasROCK, connectvity
amongpairsof clustersis scaledwith respecto the expectedconnectvity betweentheseclusters.However, the key
limitation of all suchschemess thatthey assumea static,usersuppliedinter-connectvity model,whichis in e xible
andcaneasilyleadto wrongmerging decisionsvhenthe modelunder or over-estimatesheinter-connectvity of the
datasetor whendifferentclustersexhibit differentinter-connectvity characteristicsAlthough someschemesllow
theconnectity to bedifferentfor differentproblemdomainge.g.,, ROCK[GRS99)),it is still thesaméfor all clusters
irrespectve of their densitiesand shapes.Considerthe two pairsof clustersshaovn in Figure 3, whereeachcluster
is depictedby a sparsggraphwherenodesindicatedataitemsandedgesepresenthattheir two verticesaresimilar.
The numberof itemsin all four clustersis the same.Let usassumehatin this exampleall edgeshave equalweight
(i.e., they representqualsimilarity). Thenboth ROCK selectionmechanisn{irrespectie of the assumednodelof
connectvity) andthe group averagingmethodwill selectpair f(c),(d)gfor meming, whereaghe pair f(a),(b)gis a
betterchoice.
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Figure3: Examplefclusterformerginghoices

The selectiormechanisnin CURE (andrelatedalgorithmssuchassinglelink method[JD88) considersonly the
minimum distancebetweenthe representatie pointsof two clusters,anddoesnot considerthe aggreateintercon-
nectvity amongthe two clusters. Similarly, the selectionmechanisnof algorithmssuchas ROCK only considers
the aggrayateinter-connectity acrossthe pairsof clusters(appropriatelyscaledby the expectedvalue of the inter-
connectvity), but ignoresthe valueof the strongesedge(or edgesyacrosslusters.However, by looking atonly one



of thesetwo characteristicthesealgorithmcaneasilyselectto meigethewrong pair of clusters.For instanceasthe
examplein Figure4 illustrates analgorithmthatfocusesnly on the closenessf two clusterswill incorrectlyprefer
to memge clusters(c) and(d) over clusters(a) and(b). Similarly, asthe examplein Figure5 illustrates,analgorithm
thatfocusesonly on theinter-connectity of two clusterswill incorrectlypreferto meme cluster(a) with cluster(c)
ratherthanwith (b). (Herewe assumehatthe aggreyateinterconnectiity betweenitemsin clusters(a) and(c) is
greaterthanthatbetweeritemsin clusters(a) and(b). However, the borderpointsof cluster(a) aremuchcloserthan
thoseof (b) thanto thoseof (c).)
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Figured: Examplefclusterformerginghoices

(©)

Figure5: Examplefclusterformerginghoices

In summarytherearetwo major limitations of the agglomeratie mechanismsisedin existing schemes.First,
theseschemeslo not make use of informationaboutthe natureof individual clustersbeingmerged. Second,one
setof scheme4CURE andrelatedschemesjgnorethe informationaboutthe aggreyateinterconnectiity of items
in two clusterswhereaghe othersetof scheme4ROCK, the groupaveragingmethod,andrelatedschemesjgnore
informationaboutthe closenessf two clustersasde ned by thesimilarity of the closesitemsacrosgwo clusters.

In thefollowing sectionwe presentnovel schemehataddresseboth of thesdimitations.

4 CHAMELEON: Clustering Using Dynamic Modeling

4.1 Overview

In this sectionwe presentCHAMELEON, a hew clusteringalgorithmthat overcomesghe limitations of existing ag-
glomeratie hierarchicalclusteringalgorithmsdiscussedn Section3. Figure6 providesan overview of the overall
approachusedby CHAMELEON to nd theclustersn adataset.

CHAMELEON operate®n a sparsegraphin which nodesrepresentiataitems,andweightededgesepresensim-
ilarities amongthe dataitems. This sparsegraphrepresentatioof the datasetallows CHAMELEON to scaleto large
datasetsandto operatesuccessfullyon datasetsthat are available only in similarity spacelGRG99] and not in
metricspace$GRGC99]. CHAMELEON nds theclustersin the datasetby usinga two phasealgorithm. During the

rst phaseCHAMELEON usesagraphpartitioningalgorithmto clusterthedataitemsinto alargenumberof relatively
small sub-clusters.During the secondphase it usesan agglomeratie hierarchicalclusteringalgorithmto nd the
genuineclustershy repeatedlycombiningtogethetthesesub-clusters.
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Figure6: Owemallframework CHAMELEON.

Thekey featureof CHAMELEON's agglomeratie hierarchicaklusteringalgorithmis thatit determineshe pair of
mostsimilar sub-clusterdy takinginto accountboth the inter-connectvity aswell asthe closenes®f the clusters;
andthusit overcomesghe limitations discussedn Section3 thatresultfrom usingonly one of them. Furthermore,
CHAMELEON usesa novel approachto modelthe degreeof inter-connectvity and closenesbetweeneachpair of
clustersthattakesinto accountthe internalcharacteristicef the clustersthemseles. Thus,it doesnot dependon a
staticusersuppliedmodel,andcanautomaticallyadapto theinternalcharacteristicsf the clustersbeingmemed.

In therestof this sectionwe provide detailson how to modelthedataset,how to dynamicallymodelthe similarity
betweerthe clustersby computingtheir relative inter-connectivityandrelative closenesshow graphpartitioningis
usedto obtaintheinitial ne-grain clusteringsolution,andhow the relative inter-connectvity andrelative closeness
areusedto repeatedlycombinetogethethe sub-clusterin a hierarchicafashion.

4.2 Modeling the Data

Givena similarity matrix, mary methodscanbeusedto nd agraphrepresentatioflP73 GK78, JD88 GRS99. In
fact, modelingdataitemsasa graphis very commonin mary hierarchicalclusteringalgorithms. For example,ag-
glomeratve hierarchicaklusteringalgorithmsbasedn singlelink, completdink, or groupaveragingmethod JD8g
operateonacompletegraph.ROCK [GRS99 rst constructsa sparsagyraphfrom a givendatasimilarity matrix using
a similarity thresholdandthe conceptof sharedheighborsandthenperformsa hierarchicalklusteringalgorithmon
thesparseggraph.CURE[GRS9§ alsoimplicitly emplgysthe concepbof agraph.in CURE,whenclusterrepresenta-
tive pointsaredetermineda graphcontainingonly theserepresentatie pointsis implicitly constructedin thisgraph,
edgesnly connectrepresentatie pointsfrom differentclusters.Thenthe closestedgein this graphis identi ed and
theclustersconnectedby this edgeis memged.

CHAMELEON's sparsegraphrepresentatioof the dataitemsis basedon the commonlyusedk-nearesneighbor
graphapproachEachvertex of thek-nearesheighborgraphrepresents dataitem, andthereexistsanedgebetween
two vertices,if dataitemscorrespondindo eitherof the nodesis amongthe k-mostsimilar datapointsof the data
point correspondingo the othernode. Figure7 illustratesthe 1-, 2-, and 3-nearesheighborgraphsof a simpledata
set. Note that since CHAMELEON operaten a sparsegraph,eachclusteris nothingmorethana sub-graptof the
original sparsegraphrepresentationf thedataset.

Thereareseveraladvantage®f representinglatausinga k-nearestheighborgraphGg. Firstly, datapointsthatare
far apartare completelydisconnectedn the Gx. Secondly Gk capturegshe conceptof neighborhoodiynamically
The neighborhoodadiusof a datapointis determinecby the densityof the regionin which this datapoint resides.
In a denseregion, the neighborhoods de ned narravly andin a sparseregion, the neighborhoods de ned more
widely. Comparedo themodelde ned by DBSCAN[EKSX96] in which a globalneighborhoodiensityis speci ed,
Gk capturesnorenaturalneighborhoodThirdly, thedensityof theregionis recordedastheweightsof theedgesThe
edgeweightsof densaegionsin Gy (with edgeweightsrepresentingimilarities)tendto belargeandtheedgeweights
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Figure7: k-nearesgraphsromanoriginatatain2D

of sparsaegionstendto besmall. As the consequence, min-cutbisectionof the graphrepresenttheinterfacelayer
of sparseegion of the graph. Finally, Gi providesa computationahdwantageover a full graphin mary algorithms
operatingon graphsjncludinggraphpartitioningandpartitioningre nementalgorithms.

4.3 Modeling the Cluster Similarity

To addresghe limitations of agglomeratie schemesliscussedn Section3, CHAMELEON determineghe similarity
betweeneachpair of clustersCj andC; by looking both at their relative inter-connectvity RI.Cj; C;/ andtheir
relative closenesRC.C;j; Cj/. CHAMELEON's hierarchicaklusteringalgorithmselectdo memgethe pair of clusters
for whichboth RI.Cj; Cj/ andRC.C;j; Cj/ arehigh;i.e,, it selectdo memgeclustershatarewell inter-connectecs
well asclosetogethemwith respecto theinternalinter-connectity andclosenessf theclusters By selectingclusters
basedon both of thesecriteria, CHAMELEON overcomeghe limitations of existing algorithmsthatlook eitherat the
absolutenter-connectity or absolutecloseness-or instancein theexamplesshovn in Figures4 and5 anddiscussed
in Section3, CHAMELEON will selectto memgethecorrectpair of clusters.

In theremainingof this sectionwe describehow therelative inter-connectvity andrelative closenesss computed
for apairof clusters.

Relative Inter-Connectivity — Therelative inter-connectvity betweena pair of clustersCj andC; is de ned as
theabsolutenter-connectvity betweerC; andCj normalizedwith respecto theinternalinter-connectvity of thetwo
clustersCj andCj. Theabsolutenter-connectvity betweena pair of clustersCj andC; is de ned to beasthe sum
of theweightof the edgeghatconnectverticesin C; to verticesin Cj. Thisis essentiallythe edge-cubf the cluster
containingboth C; andC; suchthattheclusteris brokeninto C; andCj. We denotethis by ECtciicjo Theinternal
inter-connectvity of aclusterC; canbeeasilycapturedy thesizeof its min-cutbisectorECc;, (i.e., theweightedsum
of edgeghatpartitionthe graphinto two roughly equalparts). Recentadvancesn the graph-partitioningechnology
hasmadeit possibleto nd suchbisectorquiteef ciently [KK98b, KK994].
Thustherelative inter-connectvity betweera pair of clustersC; andC; is givenby

IECiciicid
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which normalizegheabsoluténter-connectity with theaverageinternalinter-connectvity of thetwo clusters.
By focusingon the relative inter-connectvity betweenclusters,CHAMELEON can overcomethe limitations of
existing algorithmsthat use static inter-connectvity models. For instance,in the exampleshavn in Figure 3 that
wasdiscussedn Section3, CHAMELEON will correctly preferto memge clusters(a) and (b) over clusters(c) and



(d), becausehe relative inter-connectvity betweenclusters(a) and (b) is higherthanthe relative inter-connectvity
betweerclustergc) and(d), eventhoughthelaterpair of clustershave a higherabsolutanter-connectvity. Thus,the
relative inter-connectvity is ableto take into accountdifferencesn shapef the clusters(asin Figure3) aswell as
differencesn degreeof connecwity of differentclusters.

Relative Closeness Therelative closenesbetweera pair of clustersCj andC;j is de ned asthe absoluteclose-
nessbetweerC; andCj normalizedwith respecto theinternalclosenessf thetwo clustersCj andCj. Theabsolute
closenessetweenra pair of clusterscanbe capturedn a numberof differentways. Many existing schemescapture
this closenesby focusingon the pair of pointsbetweerall the points(or representatie points[GRS98) from C; and
C; thatareclosest.A key drawbackof theseschemess thatby relying only on a singlepair of points,they areless
tolerantto outliersandnoise.For this reasonCHAMELEON measureshe closenessf two clustersoy computingthe

averagesimilarity betweerthepointsin C; thatareconnectedo pointsin C;. Sincetheseconnectionsaredetermined
usingthe k-nearesneighborgraph,their averagestrengthprovidesa very good measureof the af nity betweernthe

dataitemsalongthe interfacelayer of the two sub-clustersandat the sametime is tolerantto outliersandnoise.

Notethatthis averagesimilarity betweerthe pointsfrom thetwo clusterds equalto the averageweightof theedges
connectingverticesin Cj to verticesin C;.

Theinternalclosenessf eachclusterC; canalsobemeasureéh anumberof differentways.Onepossibleapproach
isto look atall theedgesonnectingrerticesin C; (i.e., edgeghatareinternalto thecluster),andcomputetheinternal
closenes®f a clusterasthe averageweight of theseedges.One canarguethatin a hierarchicalclusteringsetting,
theedgeausedfor agglomeratiorearly on arestrongerthanthoseusedin later stages Hence averageweightsof the
edgeson theinternalbisectionof Cj andC; will tendto be smallerthanthe averageweightof all the edgesn these
clusters But theaverageweightof theseedgess a betterindicatorof theinternalclosenessf theseclusters.

Hencein CHAMELEON, therelative closenesbetweenra pair of clustersCj andCj is computedas,

SECfCi ;Cj g

RC.Ci;Cj/ D ; )
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Where§EcCi and§|5¢Cj aretheaverageweightsof theedgeghatbelongin the min-cutbisectorof clustersC; andCj,
respectiely, and SECc, Cig is the averageweightof the edgeghatconnectverticesin C; to verticesin Cj. Also note
thata weightedaverageof the internalclosenessf clustersC; andC;j is usedto normalizethe absoluteclosenessf
thetwo clustersthatfavorsthe absoluteclosenessf clusterthatcontainsthelargernumberof vertices.

By focusingon the relative closenesdetweenclusters,CHAMELEON canovercomethe limitations of existing
algorithmsthatlook only atthe absoluteclosenessi-or instancejn theexampleshavn in Figure?2 thatwasdiscussed
in Section3, CHAMELEON will correctlypreferto meigethe clusters(c) and(d) over the clusters(a) and(b). This
is becausethe relative closenes®f clusters(c) and (d) is higherthanthe relative closenesdetweenclusters(a)
and (b), even thoughthe later pair of clustershave a higherabsolutecloseness.Thus, by looking at the relative
closenessCHAMELEON correctlyprefersto memgeclustersvhoseresultingclusterexhibitsa uniformity in thedegree
of closenesdetweertheitemsin the cluster Also notethattherelative closenesgetweernwo clusterss in general
smallerthanone,because¢he edgeghatconnectverticesin differentclustershave asmallerweight.



4.4 CHAMELEON: A Two-phase Clustering Algorithm

The dynamicframavork for modelingthe similarity betweenclustersdiscussedn Section4.3 canbe only applied
wheneachclustercontainga sufciently largenumberof verticed(i.e., dataitems). Thisis becausén orderto compute
the relative inter-connectvity andrelative closenes®f clusters, CHAMELEON needsto computethe internalinter-
connectvity andclosenessf eachcluster Both of which cannotbe accuratelycalculatedor clusterscontainingonly
afew datapoints. For thisreasonCHAMELEON usesanalgorithmthat consistof two distinctphasesThe purpose
of the rst phaseis to clusterthe dataitemsinto a large numberof sub-clusterghat containa sufcient numberof
itemsto allow dynamicmodeling. The purposeof the secondphase s to discover the genuineclustersin the data
setby usingthe dynamicmodelingframeavork to memgetogetherthesesub-clustersn a hierarchicalfashion. In the
remaindeof this sectionwe presenthealgorithmsusedfor thesetwo phase®f CHAMELEON.

Phase I: Finding Initial Sub-clusters CHAMELEON nds theinitial sub-clusteraisinga graphpartitioning
algorithmto partitionthe k-nearesteighborgraphof thedatasetinto alarge numberof partitionssuchthatthe edge-
cut, i.e., the sumof the weight of the edgesthat straddlepartitions,is minimized. Sinceeachedgein the k-nearest
neighborgraphrepresentshe similarity amongdatapoints, a partitioning that minimizesthe edge-cuteffectively
minimizesthe relationship(af nity) amongdatapointsacrosghe resultingpartitions. The underlyingassumptions
thatlinks within clusterswill bestrongemandmoreplentiful thanlinks acrosslusters Hencethedatain eachpartition
arehighly relatedto otherdataitemsin the samepartition.

Recentresearclon graphpartitioninghasleadto the developmentof fastandaccuratealgorithmsthatarebased
on themultilevel paradigmKK99a, KK99b]. Extensve experimenton graphsarisingin mary applicationdomains
have shavn that multilevel graphpartitioningalgorithmsare very effective in capturingthe global structue of the
graphandarecapableof computingpartitioningsthathave a very smalledge-cut.Hence whenusedto partitionthe
k-nearesheighborgraph they arevery effectivein nding thenaturalseparatiotoundarie®f clustersFor example,
Figure 8 shows the two clustersproducedby applyinga multilevel graphpartitioning algorithmon the k-nearest-
neighborgraphgor two spatialdatasets.As we canseefrom this gure, thepartitioningalgorithmis very effectivein

nding thelow-densityseparatingegionin the rst example,andthe smallconnectingegionin thesecondexample.

(a) (b)
Figure8: Anexamplefthebisectionproducedly multileel graphpatitioninglgoithmsontwo spatiatlatasets (a) The

patitioninglgoithmcutsthroughhesparseegion(b) Thepatitioninglgoithmscutsthrougta smalconnectingggion.

CHAMELEON utilizes suchmultilevel graphpartitioningalgorithmsto nd theinitial sub-clusters.in particular
it usesthe graphpartitioningalgorithmthatis partof the h(MeTS library [KK98a]. hMETIS hasbeenshavn [KK98c,
KK99b, Alp98] to quickly producehigh-qualitypartitioningsfor awide rangeof unstructuredjraphsandhypeigraphs.



In CHAMELEON we primarily usehMEIS to split a clusterC; into two sub—cluster@iA andCiB suchthattheedge-cut
betweenC andCPB is minimizedandeachoneof thesesub-clustergontainsat least25% of thenodesin C;. Note
thatthis lastrequirementpftenreferredto asthe balanceconstaint, is anintegral part of usinga graphpartitioning
approacho nd the sub-clusters.hMEIS is effective in operatingwithin the allowed balanceconstraintdo nd a
bisectionthatminimizesthe edge-cutHowever, this balanceconstraincanforce hMETS to breaka naturalcluster

CHAMELEON obtainstheinitial setof sub-clusterasfollows. It initially startswith all the pointsbelongingto the
samecluster It thenrepeatedlyselectghe largestsub-clusteamongthe currentsetof sub-clusteranduseshMENS
to bisect. This procesgerminatesvhenthe larger sub-clustecontainsfewer thana speci ed numberof verticesthat
we will referto it asMINSIZE. The MINSIZE parameteessentiallycontrolsthe granularityof theinitial clustering
solution. In general, MINSIZE shouldbe setto a valuethatis smallerthanthe size of mostof the clustersthatwe
expectto nd in thedataset. At thesameime, MINSIzE shouldbesufciently largesuchthatmostof thesub-clusters
containasufciently largenumberof nodego allow usto evaluatetheinter-connectity andclosenessf theitemsin
eachsub-clustein ameaningfuffashion.For mostof the datasetsthatwe encounteredsettingM INSIZE to about1%
to 5% of the overallnumberof datapointsworkedfairly well.

Phase II: Merging Sub-Cluster s using a Dynamic Framework Assoonasthe ne-grain clusteringsolution
producedy the partitioning-basedlgorithmof the rst phases found, CHAMELEON thenswitchesto anagglomer
ative hierarchicaklusteringthat combinegogetherthesesmall sub-clustersAs discussedn Section2, the key step
of agglomeratie hierarchicahlgorithmis thatof nding the pair of sub-clustershatarethemostsimilar.

CHAMELEON's agglomeratie hierarchicalclusteringalgorithm utilizes the dynamic modeling framework dis-
cussedn Section4.3 to selectthe mostsimilar pairsof clustersby looking both at their relative inter-connectvity
andtheir relative closenessTherearemary waysto developanagglomeratie hierarchicalklusteringalgorithmthat
takesinto accountothof thesemeasuresTwo differentschemesave beenimplementedn CHAMELEON.

The rst schemamegesonly thosepairsof clustersvhoserelativeinter-connectvity andrelative closenesareboth
above someuserspeci edthresholdTr, andTrc, respectiely. In thisapproachCHAMELEON visits eachclusterC;,
andcheckso seeif ary oneof its adjacentlustersC; satisfythefollowing two conditions:

RI.Ci;Cj/  Tgr and RC.C;; Cj/  Tgc: 3)

If morethanoneof theadjacentlusterssatisfytheabove conditionsthenCHAMELEON selectdo memgeC; with the
clusterthatit is mostconnectedo; i.e., it selectgheclusterC; suchthattheabsoluténter-connectity betweerthese
two clusterds thehighest.Onceevery clusterhasbeengiventheopportunityto meigewith oneof its adjacentlusters,
thecombinationghathave beenselectedareperformedandthe entireprocesss repeatedNotethatthis algorithmis

differentthantraditionalhierarchicatlusteringalgorithms asit allows multiple pairsof clusterdo bemeigedtogether
atary giveniteration. The parameterdr; andTrc canbeusedto controlthe characteristicef the desiredclusters.
In particular the parametefTg, allows usto controlthe variability in the degreeof interconnectity of the items
in the cluster The parametei rc allows usto controlthe uniformity of the similarity amongitemsthatbelongto a

particularcluster Dependingon the choiceof the Tr; and Trc parametersCHAMELEON's metging algorithmmay
reacha pointfrom whichit cannotproceedary furtherbecaus@oneof theadjacentlusterssatisfythetwo conditions
of Equation3. At this pointwe have the choiceof eitherterminatingthe algorithmandoutputthe currentclustering
asthe solutionor try to merge additionalpairsof clustersby successiely relaxingthe two parameterspossiblyat

differentrates.
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The secondscheméamplementedn CHAMELEON usesa functionto combinethe relative inter-connectvity and
relative closenessandthenselectsto meige the pair of clustersthat maximizesthis function. Sinceour goalis to
memgetogethempairsfor which boththerelative inter-connectvity andtherelative closenesarehigh, anaturalway of
de ning suchafunctionis to take their product.Thatis, selectthe pair of clustersC; andC; to memgethatmaximize
RI.Ci; Cj/ RC.C;j; Cj/. Thisformulagivesanequalimportanceto bothof theseparametersHowever, quiteoften
we may prefer clustersthat give a higherpreferenceo one of thesetwo measuresFor this reason,CHAMELEON
selectghepair of clusterghatmaximizes

RI.Ci;Cj/ RC.Ci;Cj/ (4)

where isauserspeci edparameterlf > 1,thenCHAMELEON givesahigherimportanceo therelative closeness,
andwhen < 1, it givesahigherimportanceontherelative inter-connectvity. In the experimentakesultspresented
in Section5 we usedthis secondapproactasit allows usto easilygeneratehe entiredendrogranior the hierarchical
clustering.

4.5 Performance Analysis

The overall computationatompleity of CHAMELEON dependson the amountof time it requiresto constructthe
k-nearesheighborgraphandtheamountof time it requiresto performthetwo phase®f theclusteringalgorithm.

Theamountof time requiredto computethe k-nearesheighborgraphdepend®n the dimensionalityof theunder
lying dataset. In particular for low-dimensionallatasets,algorithmsbasedon k  d trees|[Sam9(Q canbe usedto
quickly computethe k nearesneighbors.It hasbeenshavn thatfor n items,the averagecostof inserting,aswell
asthe expectedk-nearesneighborsearchtime is O.logn/ [FBF77],leadingto anoverall complity of O.nlogn/.
However, for high dimensionadatasets,schemedasedonk d treesarenot applicablelBBKK97, BBK98]. For
suchdatasetstheamountof timerequiredto nd thek-nearesheighborsf adataitemis O.n/, leadingto anoverall
compleity of O.n?/.

The amountof time requiredby CHAMELEON's two-phaseclusteringalgorithm dependson the numberm of
initial sub-clustergproducedby the graphpartitioningalgorithmusedin the rst phase. To simplify the analysis,
we will assumehat (i) eachinitial sub-clustethasthe samenumberof nodesn=m, and(ii) duringeachsuccessie
merging step, CHAMELEON selectsto memge only a single pair of clusters. Moreover, our analysiswill be focused
on CHAMELEON's secondschemefor combiningthe relative inter-connectity and relative closenesslescribedn
Sectiond.4. However, the overall compleity is similar for the rst schemeaswell.

The amountof time requiredby the the Phasel of CHAMELEON dependson the amountof time requiredby
hMETS. GivenagraphG D .V; E/, hMEIS requiresO.jVj C jEj/ [KK98c, KK99b] time to computea bisection.
Since CHAMELEON operateson the k-nearesiheighborgraph,jEj D 0.jV|/; thus,the computationacompleity
of hMETS is O.jVj/. CHAMELEON's Phasd algorithmobtainsm clustersby repeatedlypartitioningsuccessiely
smallergraphsiencejts overallcomputationatomplexity is O.nlog.n=m// whichis boundedy O.nlogn/. Note
thatonecanpotentiallyuseafasterpartitioningalgorithmto obtaintheinitial m clustergn time O.nC mlogm/ using
themultilevel m-way partitioningalgorithmdescribedn [KK99b].

Theamountof timerequiredby thesecondghasedepend®n (a) theamountof time neededo computeheinternal
inter-connectity andinternalclosenesgor eachinitial aswell asintermediatecluster and (b) the amountof time
neededo selectthe mostsimilar pair of clusterso meme. Sincetheinternalinter-connectity andinternalcloseness
for a particularclusteris computedby bisectingthe correspondink-nearesheighborsub-graphof the cluster its
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compleity is proportionalto the numberof itemsin eachcluster In particular the amountof time requiredto bisect
eachone of the initial m clustersis O.n=m/, leadingto an overall comple&ity of O.n/. Next, during eachof the

melging steps,CHAMELEON needsto bisectthe resultingcluster andtherearea total of m 1 suchsteps(i.e.,

until all theinitial sub-clusterbiave beenmemgedtogether). Theworstcasecompleity is obtainedvhenthe meiging

algorithmrepeatedlyselectsthe sameclusterand memgesit with another;i.e., it grows a singlelarge cluster This

correspondso the worst casebecausealuring eachmeging step,the algorithmneedso bisecta clusterthat hasthe

largestpossiblenumberof dataitems. In this case,the amountof time requiredto bisectthem 1 intermediate
sub-clusterss {‘E)zl.i n=m/ whichis O.nn.

Theoverallamountof time requiredto nd themostsimilar pair of clusterss O.m2logm/ by usinga heap-based
priority queue.In the worst case theinitial clusteringsolutioncanbe suchthateachclusteris connectedo all the
remainingclusters. In this case,it takes O.m?logm/ time to insertthe similarity of the O.m?/ possiblepairs of
sub-clustersnto the priority queue.Now, duringeachmetrging step,the pair residingat the top of the priority queue
is selectedandthe similarity of recentlycombinedclusterto the remainingsub-clusterss updated.Eachof these
updateoperationsequiresO.mlogm/ time, leadingto anoverallcompleity of O.m2logm/, asatotalofm 1 such
updatesieeddo be performedonefor eachpair of clusterghatgetsmemed).

Thus,the overall complexity of CHAMELEON's two-phaselusteringalgorithmis O.nm C nlogn C m2logm/.

5 Experimental Results

In this section,we presentexperimentalevaluationof CHAMELEON, and compareits performancewith a publicly
availableversionof DBSCAN anda locally implementedrersionof CURE.EventhoughCHAMELEON is applicable
to ary datasetfor which a similarity matrix is available (or canbe constructed)we choseto performevaluation
for datasetscontainingpointsin two dimensionakpacefor two reasons.First, similar datasetshave beenusedto
evaluatethe performanceof other state-of-theart algorithmssuchas DBSCAN and CURE. Secondclustersin 2D
datasetsareeasyto visualize,makingthe comparisorof differentschemesnucheasier We do not reportresultsof
ROCK [GRS99 (andotherinterconnectiity basedagglomeratie schemesuchasgroupaveragingmethod[JD8§),
asthey tendto performworsethanalgorithmssuchas CURE on metric spacedatasets. Many of theseresultsare
availableat URL http://www.cs.umn.edu/ han/chamigonhtmi.

5.1 Data Sets

We experimentedvith ve differentdatasetscontainingpointsin two dimensionasvhosegeometricshapeareshavn

in Figure9. The rst dataset,DS1,has ve clustersthatareof differentsize,shapeanddensity andcontainsnoise
pointsaswell asspecialartifacts. The seconddataset,DS2, containstwo clustersthat are closeto eachotherand
differentregionsof the clustershave differentdensities. The third dataset, DS3, hassix clustersof differentsize,
shapeandorientation aswell asrandomnoisepointsandspecialartifactssuchasstreakgunningacrosslusters.The

fourth dataset, DS4, haseight clustersof differentshape size,andorientation,someof which areinsidethe space
encloseduy otherclusters.Moreover, DS4 also containsrandomnoiseand specialartifacts,suchasa collection of

pointsforming vertical streaks Finally, the fth dataset,DS5, haseightclustersof differentshapesize,density and

orientationaswell asrandomnoise.A particularlychallengingeatureof this datasetis thatclustersarevery closeto

eachotherandthey have differentdensities.The sizeof thesedatasetsrangesrom 6,000to 10,000points,andtheir

exactsizeis indicatedin Figure9. NotethatDS1wasobtainedrom [GRS9§, whereasve syntheticallygeneratedhe

remainingdatasets.
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DS4: 10000 points DS5: 8000 points

Figure9: The ve datasetsusednourexpeiments

5.2 Qualitative Comparison

CHAMELEON  ToclusteradatasetusingCHAMELEON, we needto specifythefollowing parametersthevalueof k
for computingthek-nearesheighborgraph,thevalueof MINSIzE for the Phasd of thealgorithm,andthe choiceof
schemdor combiningrelative inter-connectvity andrelative closenesandassociategparametersin theexperiments
presentedh this sectionwe usedthe samesetof parametevaluesfor all ve datasets.In particularwe usedk D 10,
MINSIZE D 2:5% of thetotal itemsin the dataset,andusedthe secondschemdor combiningRI andRC, andused

D 2:0 in Equation4 for combiningrelative inter-connectvity andrelative closenes®f eachpair of clusters.We
alsoperformeda parametestudyto determinghesensitvity of CHAMELEON ontheabove setof parameterby using
k D f5; 10; 15; 20g MINSIZE D f2%; 3%; 4%gand D f1:5; 2:0; 2:5; 3:0g Ourresults(notshavn here)shav that
CHAMELEON is not very sensitve on the abore choiceof parametersandit wasableto discover the correctclusters
for all of thesecombination®f valuesfor k, MINSIzE, and

Figure10 shawvs the clustersfoundby CHAMELEON for eachoneof the ve datasets.Thepointsin thedifferent
clustersarerepresentedisinga combinationof differentcolorsanddifferentglyphs. As a result, pointsthatbelong
to the sameclusterhave both the samecolor aswell astheir pointsare dravn usingthe sameglyph. For example,
in the clusteringsolutionshavn for DS4, therearetwo clustersthat have cyan color (one containsthe pointsin the
region betweerthe two circlesinsidethe ellipse,andthe othercontainsthe pointsthatform a line betweerthe two
horizontalbarsandthe'c’ shapectluster),andtherearetwo clustersthat have a dark blue color (one corresponds
to the upside-davn 'c' shapectlusterandthe othercorrespondso the circle insidethe candy-cane)however, their
pointsarerepresentedsingdifferentglyphs(bellsandsquaresor the rst pair, andsquaresandbellsfor thesecond
pair), sothey denotedifferentclusters.

SinceCHAMELEON is hierarchicalin nature,it createsa dendrogranof possibleclusteringsolutionsat different
levelsof granularity Theclusteringsolutionsshovn in Figure10 correspondo the earliestpointin theagglomeratie
processn which CHAMELEON wasableto nd the genuineclustersin the dataset. Thatis, they correspondo the
lowestlevel of thedendrogranatwhichthegenuineclustersn thedatasethave beenidenti ed andeachonehasbeen
placedtogethelin onecluster As aresult,thenumberof clustersshavn in Figure10 for eachoneof the datasetscan
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belargerthanthenumberof genuineclustersandtheseadditionalclusterscontainpointsthatareoutliers.

Looking at Figure 10, we canseethat CHAMELEON is ableto correctlyidentify the genuineclustersin all ve
datasets.In the caseof DS1,CHAMELEON nds six clusters, ve of which correspondo the genuineclustersin the
dataset,andthe sixth one (shavn with brown-colored* glyphs)correspondso outlier pointsconnectinghe two
ellipsoidclusters.n thecaseof DS2,CHAMELEON nds two clustersgachonecorrespondingo a genuineclusterin
thedataset.In thecaseof DS3,CHAMELEON nds elevenclustersputof whichsix of themcorrespondo thegenuine
clusterdn thedataset,andtherestcontainoutliers.In thecaseof DS4,CHAMELEON also nds elevenclustersput of
which nineof themcorrespondo the genuineclustersandtherestcontainoutlier points. Finally, in the caseof DS5,
CHAMELEON nds eightclusters,eachonecorrespondingo a genuineclusterin the dataset. As theseexperiment
illustrate CHAMELEON is very effectivein nding clustersof arbitraryshapedensity andorientationandis tolerant
to outlier points,aswell asartifactssuchasstreakgunningacros<lusters.

CURE We evaluatedthe performanceof CHAMELEON againstCURE (describedn Section2) which hasbeen
shavn to beeffectivein nding clustersn two dimensionapointdatasets{GRS9§. CUREwasableto nd theright
clustersfor DS1andDS2,but it failedto nd theright clustersonthe remainingthreedatasets.Figure11 shawvsthe
resultsobtainecby CUREfor eachoneof theDS3,DS4,andDS5datasets.SinceCUREis alsohierarchicatlustering
algorithm,it alsoproducesdendrogranof possibleclusteringsolutionsatdifferentlevelsof granularity For eachone
of the datasets,Figure 11 shawvs two differentclusteringsolutionscontainingdifferentnumberof clusters.The rst
clusteringsolution( rst columnof Figure11) correspondso the earliestpointin theagglomeratie processn which
CURE memestogethersub-clustershat belongto two differentgenuineclusters.As we canseefrom Figure11,in
thecaseof DS3,CUREselectghewrongpair of clusterso memgeit togethemwhengoingfrom 18 downto 17 clusters,
resultingin the red-coloredsub-clustemhich containsportionsof thetwo -shapedlusters.Similarly, in the case
of DS4, CURE makesa mistale whengoingfrom 26 down to 25 clusters asit selectso meige togetherone of the
circlesinsidethe ellipsewith a portionof the ellipse. Finally, in the caseof DS5, CURE alsomakesa mistale when
goingfrom 26 down to 25 clustersby meiging togetherthe small circular clusterwith a portion of the upside-davn
'Y'-shaped cluster The secondclusteringsolutioncorresponds$o solutionsthat containas mary clustersasthose
discoveredby CHAMELEON. Thesesolutionsareconsiderablyvorsethanthe rst setof solutions(especiallyfor DS4
andDS5),indicatingthatthe merging schemeaisedby CURE performsmultiple mistales.

For theresultsshavn in Figure11 experimentsthe shrinkingfactoris 0:3 andthe numberof representatie points
is 10, which arethe default valuesrecommendeth [GRS9g. We alsoperformedexperimentswith shrinkingfactor
varyingfrom 0:1 to 0:9 andthe numberof representatie pointsvaryingfrom 10 to 100. Theseexperimentshoved
similar trendsas shawvn in Figure11. Furthermoreto facilitate fair comparisonsye also removed the noise as
suggestedh [GRS94, by identifying “slowly” growing clustersasnoisepoint andremovedthem. For comparison
purposesve reassignedhesenoisy datapointsbackto the nal clustersusingthe assignmenmethoddiscussedn
[GRS94, i.e., noisepointsareassignedo theclustemwith theclosestepresentatie points.Notethattheseassignments
did notaffectthe overall clusteringresults.

DBSCAN DBSCAN [EKSX96] is a well-known spatialclusteringalgorithmthathasbeenshavnto nd clusters
of arbitraryshapes DBSCAN de nes a clusterto be a maximumsetof density-connectedoints. Every corepoint
in a clustermusthave at leasta minimumnumberof points(MinPts)within a givenradius(Eps). DBSCAN can nd
arbitraryshapeof clusterdf theright densityof the clusterscanbe determinedn a priori andthedensityof clusterds
uniform.
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DBSCAN nds theright clusterson datasetsDS3andDS4 aslong asit is suppliedthe right combinationof Eps
andMinPts. If MinPtsis x edto 4 (default valuespeci edin [EKSX96]), thenthe algorithmworks ne aslong as
Epsis within therange(5.0,5.4)for DS3and(5.7,6.1)for DS4. However, it fails to performwell on DS1,DS2,and
DS5,asthesedatasetscontainclustersof differentdensities.

Figure 12 shaws the clustersfound by DBSCAN for DS1 and DS2 for differentvaluesof the Eps parameter
Following the recommendationf [EKSX96], the MinPtswas x edto 4 andEpswaschangedn theseexperiments.
Theclustergproducedor DS1lillustratethatDBSCAN cannoteffectively nd clustersof differentdensity In the rst
clusteringsolution(Figure12(a)),whenEps= 0.5 DBSCAN putsthetwo ellipsesinto the samecluster becaus¢he
outlierpointsconnectingatisfythedensityrequirementasdictatedby theEpsandMinPtsparametersTheseclusters
canbeseparatetdy decreasinghevalueof Epsaswasdonein theclusteringsolutionshavnin Figure12(b),for which
Eps=0.4 However, DBSCAN keepsthe ellipsestogetheybut now it hasfragmentedhe lower densityclusterinto a
largenumberof smallsub-clustersOurexperimenthasshavn thatDBSCAN exhibits similar characteristicen DS5.
Theclustergproducedor DS2illustratethatDBSCAN cannoteffectively nd clusterghattheirinternaldensityvaries.
Thesequencef thethreeclusteringsolutions(Figure12(c)—(e))for decreasingaluesof the Epsparameteillustrates
that aswe decreasdéEpsin hopeof separatinghe two clusters,the naturalclustersin the datasetare fragmented
into alarge numberof smallerclusters.On DS3andDS4,DBSCAN managedo nd the genuineclusterswith right
parametewvalues.Figurel12 (f)—(h) shovs thesensitvity of DBSCAN with respecto the Epsparameter

6 Concluding Remarks

In this paperwehave presente@novel hierarchicatlusteringalgorithmcalledCHAMEL EON whichtakesinto account
the dynamicmodelof clusters.CHAMELEON candiscover naturalclustersof differentshapesandsizes,becausdts
melging decisiondynamicallyadaptgo the differentclusteringmodelcharacterizedby the clustersin consideration.
Experimentakesultson several datasetswith varying characteristicshav that CHAMELEON candiscover natural
clusterghatmary existing clusteringalgorithmsfail to nd.

All the datasetspresentedn the paperarein 2D space partly becauseimilar datasetshave beenusedmostex-
tensvely by otherauthordNH94, EKSX96 GRS98, andpartly becausd is easyto evaluatethe quality of clustering
on 2D datasets. Note thatmary of thesescheme$EKSX96, GRS98]are speci cally suitedfor spatialdataand/or
datain metric spacesHence,it is notavorthy thatour schemeoutperformghem,eventhoughit doesnot make use
of the metric-space/spatialatureof the data. The methodologyof dynamicmodelingof clustersin agglomeratie
hierarchicaimethodss applicableto all typesof dataaslong asa similarity matrix is availableor canbe constructed.

Even thoughwe choseto modelthe datausing k-nearesineighborgraphin this paper it is entirely possibleto
useother graphrepresentationsuitablefor particularapplicationdomains,e.g., suchasthosebasedupon mutual
sharecheighbordGK78, JD88 GRS99. Furthermoredifferentdomainsmay requiredifferentmodelsfor capturing
relative closenessand inter-connectity of pairs of clusters. In ary of thesesituations,we believe that the two-
phaseframenork of CHAMELEON would still be highly effective. Our future researctincludesthe veri cation of
CHAMELEON on differentapplicationdomainsand the study of effectivenesof differenttechniquesor modeling
dataaswell asclustersimilarity.

In this paperwe ignoredtheissueof scalingto largedatasetsthatcannott in themainmemory Theseissuesare
orthogonato the onesdiscussedhereandarecoveredin [ZRL96, BFR98,GRS98,GRG"99].
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DS1 DS2

FigurelQ Theclustersliscoeredoy CHAMELEON forthe ve datasets
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DS3 (11 Clusters)

DS3 (17 Clusters)

DS4 (11 Clusters)

DS4 (25 Clusters)

DS5 (8 Clusters)

DS5 (25 Clusters)

Figurell Clustersf CUREwithshinkindactot0.3andnumbebnfrepresenta&pointsLO.
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(a) DS1: Eps=0.5, MinPts=4 (b) DS1: Eps=0.4, MinPts=4

(c) DS2: Eps=5.0, MinPts=4 (d) DS2: Eps=3.5, MinPts=4 (e) DS2: Eps=3.0, MinPts=4

(f) DS4: Eps=5.5, MinPts=4 (g) DS4: Eps=5.9, MinPts=4 (h) DS4: Eps=6.2, MinPts=4

Figurel2 DBSCANNtheDS1DS2andDS4datasetswithdiferentvaluesoftheEpspaameter
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