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Abstract

Clusteringin datamining is a discovery processthat groupsa setof datasuchthat the intraclustersimilarity

is maximizedandthe interclustersimilarity is minimized. Existingclusteringalgorithms,suchas K-means,PAM,

CLARANS,DBSCAN,CURE,andROCK aredesignedto �nd clustersthat�t somestaticmodels.Thesealgorithms

canbreakdown if thechoiceof parametersin thestaticmodelis incorrectwith respectto thedatasetbeingclustered,

or if the model is not adequateto capturethe characteristicsof clusters. Furthermore,most of thesealgorithms

breakdown whenthedataconsistsof clustersthatareof diverseshapes,densities,andsizes.In thispaper, wepresent

a novel hierarchicalclusteringalgorithmcalledCHAMELEON thatmeasuresthesimilarity of two clustersbasedon

a dynamicmodel. In the clusteringprocess,two clustersaremergedonly if the inter-connectivity andcloseness

(proximity) betweentwo clustersarehigh relative to the internalinter-connectivity of theclustersandclosenessof

itemswithin theclusters.Themergingprocessusingthedynamicmodelpresentedin thispaperfacilitatesdiscovery

of naturalandhomogeneousclusters.The methodologyof dynamicmodelingof clustersusedin CHAMELEON is

applicableto all typesof dataaslong asa similarity matrix canbe constructed.We demonstratethe effectiveness

of CHAMELEON in a numberof datasetsthatcontainpointsin 2D space,andcontainclustersof differentshapes,

densities,sizes,noise,andartifacts. Experimentalresultson thesedatasetsshow that CHAMELEON candiscover

naturalclustersthatmany existingstate-of-theart clusteringalgorithmsfail to �nd.
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1 Intr oduction

Clusteringin datamining[SADC93, CHY96] is adiscoveryprocessthatgroupsasetof datasuchthattheintracluster

similarity is maximizedandtheinterclustersimilarity is minimized[JD88, KR90,PAS96,CHY96]. Thesediscovered

clusterscanbeusedto explain thecharacteristicsof theunderlyingdatadistribution,andthusserveasthefoundation

for otherdatamining andanalysistechniques.The applicationsof clusteringincludecharacterizationof different

customergroupsbaseduponpurchasingpatterns,categorizationof documentson theWorld Wide Web [BGGC99a,

BGGC99b], groupingof genesandproteinsthathave similar functionality[HHS92, NRSC95, SCCC95, HKKM98],

groupingof spatiallocationsproneto earthquakesfrom seismologicaldata[BR98,XEKS98], etc.

Existingclusteringalgorithms,suchasK-means[JD88], PAM [KR90], CLARANS[NH94], DBSCAN[EKSX96],

CURE[GRS98],andROCK [GRS99] aredesignedto �nd clustersthat�t somestaticmodels.For example,K -means,

PAM, andCLARANS assumethat clustersarehyper-ellipsoidal(or globular) andareof similar sizes. DBSCAN

assumesthat all pointswithin genuineclustersaredensityreachable1 andpointsacrossdifferentclustersarenot.

Agglomerative hierarchicalclusteringalgorithms,suchas CURE and ROCK usea static model to determinethe

mostsimilar clusterto mergein thehierarchicalclustering.CUREmeasuresthesimilarity of two clustersbasedon

the similarity of theclosestpair of the representative pointsbelongingto differentclusters,without consideringthe

internalcloseness(i.e., densityor homogeneity)of the two clustersinvolved. ROCK measuresthesimilarity of two

clustersby comparingtheaggregateinter-connectivity of two clustersagainstauser-speci�edstaticinter-connectivity

model,andthusignoresthepotentialvariationsin theinter-connectivity of differentclusterswithin thesamedataset.

Thesealgorithmscanbreakdown if thechoiceof parametersin thestaticmodelis incorrectwith respectto thedataset

beingclustered,or if themodelis not adequateto capturethecharacteristicsof clusters.Furthermore,mostof these

algorithmsbreakdown whenthedataconsistsof clustersthatareof diverseshapes,densities,andsizes.

In this paper, we presenta novel hierarchicalclusteringalgorithmcalled CHAMELEON that measuresthe sim-

ilarity of two clustersbasedon a dynamicmodel. In the clusteringprocess,two clustersare mergedonly if the

inter-connectivity andcloseness(proximity) betweentwo clustersarecomparableto the internal inter-connectivity

of the clustersandclosenessof itemswithin theclusters.Themerging processusingthedynamicmodelpresented

in this paperfacilitatesdiscovery of naturalandhomogeneousclusters.The methodologyof dynamicmodelingof

clustersusedin CHAMELEON is applicableto all typesof dataaslong asa similarity matrix canbeconstructed.We

demonstratetheeffectivenessof CHAMELEON in a numberof datasetsthatcontainpointsin 2D space,andcontain

clustersof differentshapes,densities,sizes,noise,andartifacts.

Therestof thepaperis organizedasfollows.Section2 givesanoverview of relatedclusteringalgorithms.Section3

presentsthelimitationsof therecentlyproposedstateof theart clusteringalgorithms.We presentour new clustering

algorithmin Section4. Section5 givesthe experimentalresults. Section6 containsconclusionsanddirectionsfor

futurework.

2 Related Work

In thissection,wegivea brief descriptionof existingclusteringalgorithms.

1A point p is densityreachablefrom apointq, if they areconnectedby achainof pointssuchthateachpointhasminimalnumberof datapoints,
includingthenext point in thechain,within a �x edradius[EKSX96].
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2.1 Partitional Techniques

Partitional clusteringattemptsto breaka dataset into K clusterssuchthat the partition optimizesa given crite-

rion [JD88, KR90,NH94, CS96]. Centroid-basedapproaches,astypi�ed by K means[JD88] andISODATA [BH64],

try to assignpointsto clusterssuchthat themeansquaredistanceof pointsto thecentroidof theassignedclusteris

minimized. Centroid-basedtechniquesaresuitableonly for datain metric spaces(e.g.,Euclideanspace)in which

it is possibleto computea centroidof a givensetof points. Medoid-basedmethods,astypi�ed by PAM (Partition-

ing AroundMedoids)[KR90] andCLARANS [NH94], work with similarity data,i.e., datain anarbitrarysimilarity

space[GRGC99]. Thesetechniquestry to �nd representative points (medoids)so as to minimize the sumof the

distancesof pointsfrom theirclosestmedoid.

A majordrawbackof bothof theseschemesis that they fail for datain which pointsin a givenclusterarecloser

to the centerof anotherclusterthan to the centerof their own cluster. This canhappenin many naturalclusters

[HKKM97, GRS99]; for example,if thereis a large variation in clustersizes(as in Figure1 (a)) or whencluster

shapesareconvex (asin Figure1 (b)).

a) Clusters of widely differente sizes b) Clusters with convex shapes

Figure1: Datasetsonwhichcentroidandmedoidapproachesfail.

2.2 Hierarchical Techniques

Hierarchicalclusteringalgorithmsproducea nestedsequenceof clusters,with a singleall-inclusive clusterat thetop

andsinglepoint clustersat the bottom. Agglomerative hierarchicalalgorithms[JD88] startwith all the datapoints

asa separatecluster. Eachstepof thealgorithminvolvesmerging two clustersthatarethemostsimilar. After each

merge,thetotalnumberof clustersdecreasesby one.Thesestepscanberepeateduntil thedesirednumberof clusters

is obtainedor thedistancebetweentwo closestclustersis abovea certainthresholddistance.

Therearemany differentvariationsof agglomerative hierarchicalalgorithms[JD88]. Thesealgorithmsprimarily

differ in how they updatethesimilarity betweenexisting clustersandthemergedclusters.In somemethods[JD88],

eachclusteris representedby a centroidor medoidof thepointscontainedin thecluster, andthesimilarity between

two clustersis measuredby thesimilarity betweenthecentroids/medoidsof theclusters.Like partitionaltechniques,

suchasK-meansandK-medoids,thesemethodalsofail onclustersof arbitraryshapesanddifferentsizes.

In the singlelink method[JD88], eachclusteris representedby all the datapointsin the cluster. The similarity

betweentwo clustersis measuredby thesimilarity of theclosestpairof datapointsbelongingto differentclusters.Un-

like thecentroid/medoidbasedmethods,thismethodcan�nd clustersof arbitraryshapeanddifferentsizes.However,

thismethodis highly susceptibleto noise,outliers,andartifacts.

CURE [GRS98] hasbeenproposedto remedythe drawbacksof both of thesemethodswhile combiningtheir

advantages.In CURE,insteadof usinga singlecentroidto representa cluster, a constantnumberof representative
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pointsarechosento representacluster. Thesimilaritybetweentwo clustersis measuredby thesimilarity of theclosest

pair of therepresentativepointsbelongingto differentclusters.New representativepointsfor themergedclustersare

determinedby selectingaconstantnumberof well scatteredpointsfrom all thedatapointsandshrinkingthemtowards

thecentroidof theclusteraccordingto ashrinkingfactor. Unlikecentroid/medoidbasedmethods,CUREis capableof

�nding clustersof arbitraryshapesandsizes,asit representseachclustervia multiplerepresentativepoints.Shrinking

therepresentativepointstowardsthecentroidhelpsCUREin avoidingtheproblemof noiseandoutlierspresentin the

singlelink method.Thedesirablevalueof theshrinkingfactorin CUREis dependentuponclustershapesandsizes,

andamountof noisein thedata.

In someagglomerative hierarchicalalgorithms,the similarity betweentwo clustersis capturedby the aggregate

of thesimilarities(i.e., interconnectivity) amongpairsof itemsbelongingto differentclusters.Therationalefor this

approachis thatsubclustersbelongingto thesameclusterwill tendto have high interconnectivity. But theaggregate

inter-connectivity betweentwo clustersdependson the sizeof the clustersinvolved, and in generalpairsof larger

clusterswill have higherinter-connectivity. Hence,many suchschemesnormalizethe aggregatesimilarity between

a pair of clusterswith respectto the expectedinter-connectivity of the clustersinvolved. For example,the widely

usedgroup-averagemethod[JD88] assumesfully connectedclusters,andthusscalestheaggregatesimilarity between

two clustersby n � m, wheren andm are the sizeof the two clusters,respectively. ROCK [GRS99],a recently

developedagglomerativealgorithmthatoperatesonaderivedsimilarity graph,scalestheaggregateinter-connectivity

with respectto auser-speci�edinter-connectivity model.

Mostof thealgorithmsdiscussedabovework implicitly or explicitly with then� n similaritymatrixsuchthat.i ; j /

elementof thematrixrepresentsthesimilaritybetweeni th and j th dataitems.Somealgorithmsderiveanew similarity

matrix usingtheoriginal matrix [JP73, GK78, JD88, GRS99], andthenapplyoneof theexisting techniqueson this

derivedsimilarity matrix. In many cases,thenew derivedsimilarity matrix is just a sparsi�edversionof this original

similarity matrix from whichcertainentries(e.g.,thosewhosevalueis below a threshold)havebeendeleted.In other

cases,thederivedsimilarity matrixhasentirelydifferentvalues[JP73, GK78, GRS99].Thesparsi�edderivedmatrix

canhelpeliminate/reducenoisefromthedata,andsubstantiallyreducetheexecutiontimeof many algorithms.In some

cases,it canalsoprovidea bettermodelof similaritiesfor theproblemdomain.For example,mutualsharedmethod

presentedin [JP73] helpsremove noiseandoutliersandis shown to provide a bettermodel to capturesimilarities

amongtransactionsin [GRS99].

A sparsesimilarity matrixcanberepresentedby asparsegraph,andtightly connectedclustersof thisgraphcanbe

foundby divisivehierarchicalclusteringalgorithmssuchasthosebaseduponminimalspanningtree(MST) [JD88] or

graph-partitioningalgorithms[KK98b, KK99a]. MST-basedalgorithmsarehighly susceptibleto noiseandartifacts

just like the single link method. Graph-partitioningbasedmethodsaremuchmore robust, but they tend to break

genuineclustersif thereis a largevariationsin clustersizes.

3 Limitations of Existing Hierar chical Schemes

A major limitation of existing agglomerative hierarchicalschemessuchas the Group AveragingMethod [JD88],

ROCK [GRS99], andCURE[GRS98] is thatthemergingdecisionsarebaseduponstaticmodelingof theclustersto

bemerged. In otherwords,theseschemesfail to take into accountspecialcharacteristicsof individual clusters,and

thuscanmakeincorrectmergingdecisionswhentheunderlyingdatadoesnotfollow theassumedmodel,or whennoise

is present.For example,considerthefour sub-clustersof pointsin 2D shown in Figure2. Theselectionmechanismof

CURE(andof thesinglelink method)will prefermergingclusters(a)and(b) overmergingclusters(c) and(d), since
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theminimumdistancesbetweentherepresentativepointsof (a) and(b) will besmallerthanthosefor clusters(c) and

(d). But clusters(c) and(d) arebettercandidatesfor merging becausetheminimumdistancesbetweentheboundary

pointsof (c) and(d) areof thesameorderastheaverageof theminimumdistancesof any pointswithin theseclusters

to otherpoints.Hence,merging(c) and(d) will leadto a morehomogeneousandnaturalclusterthanmerging(a)and

(b).

(c) (d)(b)(a)

Figure2: Exampleofclustersformergingchoices.

In agglomerative schemesbasedupongroupaveraging[JD88] andrelatedschemessuchasROCK, connectivity

amongpairsof clustersis scaledwith respectto theexpectedconnectivity betweentheseclusters.However, thekey

limitation of all suchschemesis that they assumea static,usersuppliedinter-connectivity model,which is in�e xible

andcaneasilyleadto wrongmergingdecisionswhenthemodelunder- or over-estimatestheinter-connectivity of the

datasetor whendifferentclustersexhibit differentinter-connectivity characteristics.Althoughsomeschemesallow

theconnectivity to bedifferentfor differentproblemdomains(e.g., ROCK [GRS99]),it is still thesamefor all clusters

irrespective of their densitiesandshapes.Considerthe two pairsof clustersshown in Figure3, whereeachcluster

is depictedby a sparsegraphwherenodesindicatedataitemsandedgesrepresentthat their two verticesaresimilar.

Thenumberof itemsin all four clustersis thesame.Let usassumethat in this exampleall edgeshave equalweight

(i.e., they representequalsimilarity). ThenbothROCK selectionmechanism(irrespective of theassumedmodelof

connectivity) andthe groupaveragingmethodwill selectpair f(c),(d)g for merging, whereasthe pair f(a),(b)g is a

betterchoice.

(d)(c)

(a) (b)

Figure3: Exampleofclustersformergingchoices.

Theselectionmechanismin CURE(andrelatedalgorithmssuchassinglelink method[JD88]) considersonly the

minimumdistancebetweenthe representative pointsof two clusters,anddoesnot considerthe aggregateintercon-

nectivity amongthe two clusters. Similarly, the selectionmechanismof algorithmssuchasROCK only considers

theaggregateinter-connectivity acrossthe pairsof clusters(appropriatelyscaledby the expectedvalueof the inter-

connectivity), but ignoresthevalueof thestrongestedge(or edges)acrossclusters.However, by lookingat only one
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of thesetwo characteristics,thesealgorithmcaneasilyselectto mergethewrongpair of clusters.For instance,asthe

examplein Figure4 illustrates,analgorithmthatfocusesonly on theclosenessof two clusterswill incorrectlyprefer

to mergeclusters(c) and(d) over clusters(a) and(b). Similarly, astheexamplein Figure5 illustrates,analgorithm

that focusesonly on theinter-connectivity of two clusterswill incorrectlypreferto mergecluster(a) with cluster(c)

ratherthanwith (b). (Herewe assumethat the aggregateinterconnectivity betweenitemsin clusters(a) and(c) is

greaterthanthatbetweenitemsin clusters(a) and(b). However, theborderpointsof cluster(a) aremuchcloserthan

thoseof (b) thanto thoseof (c).)

(b) (d)(c)(a)

Figure4: Exampleofclustersformergingchoices.

(a) (b)

(c)

Figure5: Exampleofclustersformergingchoices.

In summary, therearetwo major limitations of the agglomerative mechanismsusedin existing schemes.First,

theseschemesdo not make useof informationaboutthe natureof individual clustersbeingmerged. Second,one

setof schemes(CURE andrelatedschemes)ignorethe informationaboutthe aggregateinterconnectivity of items

in two clusters,whereastheothersetof schemes(ROCK, thegroupaveragingmethod,andrelatedschemes)ignore

informationabouttheclosenessof two clustersasde�ned by thesimilarity of theclosestitemsacrosstwo clusters.

In thefollowing section,wepresenta novel schemethataddressesbothof theselimitations.

4 CHAMELEON: Clustering Using Dynamic Modeling

4.1 Overview

In this sectionwe presentCHAMELEON, a new clusteringalgorithmthat overcomesthe limitations of existing ag-

glomerative hierarchicalclusteringalgorithmsdiscussedin Section3. Figure6 providesan overview of the overall

approachusedby CHAMELEON to �nd theclustersin adataset.

CHAMELEON operateson a sparsegraphin which nodesrepresentdataitems,andweightededgesrepresentsim-

ilarities amongthedataitems.This sparsegraphrepresentationof thedatasetallows CHAMELEON to scaleto large

datasetsand to operatesuccessfullyon datasetsthat areavailableonly in similarity space[GRGC99] andnot in

metricspaces[GRGC99]. CHAMELEON �nds theclustersin thedatasetby usinga two phasealgorithm.During the

�rst phase,CHAMELEON usesagraphpartitioningalgorithmto clusterthedataitemsinto a largenumberof relatively

small sub-clusters.During the secondphase,it usesan agglomerative hierarchicalclusteringalgorithmto �nd the

genuineclustersby repeatedlycombiningtogetherthesesub-clusters.
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Data Set
K-nearest Neighbor Graph Final Clusters

Sparse Graph
Construct a

Merge PartitionsPartition the Graph

Figure6: Overallframework CHAMELEON.

Thekey featureof CHAMELEON's agglomerativehierarchicalclusteringalgorithmis that it determinesthepair of

mostsimilar sub-clustersby taking into accountboth the inter-connectivity aswell asthe closenessof the clusters;

andthusit overcomesthe limitationsdiscussedin Section3 that resultfrom usingonly oneof them. Furthermore,

CHAMELEON usesa novel approachto model the degreeof inter-connectivity andclosenessbetweeneachpair of

clustersthat takesinto accountthe internalcharacteristicsof theclustersthemselves. Thus,it doesnot dependon a

staticusersuppliedmodel,andcanautomaticallyadaptto theinternalcharacteristicsof theclustersbeingmerged.

In therestof thissectionweprovidedetailsonhow to modelthedataset,how to dynamicallymodelthesimilarity

betweentheclustersby computingtheir relativeinter-connectivityandrelativecloseness, how graphpartitioningis

usedto obtainthe initial �ne-grain clusteringsolution,andhow therelative inter-connectivity andrelative closeness

areusedto repeatedlycombinetogetherthesub-clustersin a hierarchicalfashion.

4.2 Modeling the Data

Givena similarity matrix,many methodscanbeusedto �nd a graphrepresentation[JP73, GK78, JD88, GRS99]. In

fact,modelingdataitemsasa graphis very commonin many hierarchicalclusteringalgorithms.For example,ag-

glomerativehierarchicalclusteringalgorithmsbasedonsinglelink, completelink, or groupaveragingmethod[JD88]

operateonacompletegraph.ROCK [GRS99] �rst constructsasparsegraphfrom agivendatasimilarity matrixusing

a similarity thresholdandtheconceptof sharedneighbors,andthenperformsa hierarchicalclusteringalgorithmon

thesparsegraph.CURE[GRS98] alsoimplicitly employs theconceptof a graph.In CURE,whenclusterrepresenta-

tivepointsaredetermined,a graphcontainingonly theserepresentativepointsis implicitly constructed.In thisgraph,

edgesonly connectrepresentative pointsfrom differentclusters.Thentheclosestedgein this graphis identi�ed and

theclustersconnectedby thisedgeis merged.

CHAMELEON's sparsegraphrepresentationof the dataitemsis basedon thecommonlyusedk-nearestneighbor

graphapproach.Eachvertex of thek-nearestneighborgraphrepresentsa dataitem,andthereexistsanedgebetween

two vertices,if dataitemscorrespondingto eitherof the nodesis amongthe k-mostsimilar datapointsof the data

point correspondingto theothernode.Figure7 illustratesthe1-, 2-, and3-nearestneighborgraphsof a simpledata

set. Note that sinceCHAMELEON operateson a sparsegraph,eachclusteris nothingmorethana sub-graphof the

originalsparsegraphrepresentationof thedataset.

Thereareseveraladvantagesof representingdatausinga k-nearestneighborgraphGk. Firstly, datapointsthatare

far apartarecompletelydisconnectedin the Gk. Secondly, Gk capturesthe conceptof neighborhooddynamically.

Theneighborhoodradiusof a datapoint is determinedby thedensityof the region in which this datapoint resides.

In a denseregion, the neighborhoodis de�ned narrowly andin a sparseregion, the neighborhoodis de�ned more

widely. Comparedto themodelde�ned by DBSCAN[EKSX96] in whichaglobalneighborhooddensityis speci�ed,

Gk capturesmorenaturalneighborhood.Thirdly, thedensityof theregionis recordedastheweightsof theedges.The

edgeweightsof denseregionsin Gk (with edgeweightsrepresentingsimilarities)tendto belargeandtheedgeweights
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(a) Original Data in 2D (c) 2-nearest neighbor graph(b) 1-nearest neighbor graph (d) 3-nearest neighbor graph

Figure7: k-nearestgraphsfromanoriginaldatain2D.

of sparseregionstendto besmall.As theconsequence,a min-cutbisectionof thegraphrepresentstheinterfacelayer

of sparseregion of thegraph.Finally, Gk providesa computationaladvantageover a full graphin many algorithms

operatingongraphs,includinggraphpartitioningandpartitioningre�nementalgorithms.

4.3 Modeling the Cluster Similarity

To addressthelimitationsof agglomerative schemesdiscussedin Section3, CHAMELEON determinesthesimilarity

betweeneachpair of clustersCi and C j by looking both at their relative inter-connectivity RI .Ci ; C j / and their

relative closenessRC.Ci ; C j / . CHAMELEON's hierarchicalclusteringalgorithmselectsto mergethepair of clusters

for which both RI .Ci ; C j / andRC.Ci ; C j / arehigh; i.e., it selectsto mergeclustersthatarewell inter-connectedas

well asclosetogetherwith respectto theinternalinter-connectivity andclosenessof theclusters.By selectingclusters

basedon bothof thesecriteria,CHAMELEON overcomesthelimitationsof existing algorithmsthat look eitherat the

absoluteinter-connectivity or absolutecloseness.For instance,in theexamplesshown in Figures4 and5 anddiscussed

in Section3, CHAMELEON will selectto mergethecorrectpairof clusters.

In theremainingof this sectionwe describehow therelative inter-connectivity andrelative closenessis computed

for apairof clusters.

Relative Inter -Connectivity The relative inter-connectivity betweena pair of clustersCi andC j is de�ned as

theabsoluteinter-connectivity betweenCi andC j normalizedwith respectto theinternalinter-connectivity of thetwo

clustersCi andC j . Theabsoluteinter-connectivity betweena pair of clustersCi andC j is de�ned to beasthesum

of theweightof theedgesthatconnectverticesin Ci to verticesin C j . This is essentiallytheedge-cutof thecluster

containingbothCi andC j suchthat theclusteris brokeninto Ci andC j . We denotethis by ECfCi ;C j g. Theinternal

inter-connectivity of aclusterCi canbeeasilycapturedby thesizeof its min-cutbisectorECCi (i.e., theweightedsum

of edgesthatpartitionthegraphinto two roughlyequalparts).Recentadvancesin thegraph-partitioningtechnology

hasmadeit possibleto �nd suchbisectorquiteef�ciently [KK98b, KK99a].

Thustherelative inter-connectivity betweenapairof clustersCi andC j is givenby

RI .Ci ; C j / D
jECfCi ;C j gj

jECCi jCj ECCj j

2

; (1)

whichnormalizestheabsoluteinter-connectivity with theaverageinternalinter-connectivity of thetwo clusters.

By focusingon the relative inter-connectivity betweenclusters,CHAMELEON can overcomethe limitations of

existing algorithmsthat usestatic inter-connectivity models. For instance,in the exampleshown in Figure3 that

wasdiscussedin Section3, CHAMELEON will correctlyprefer to merge clusters(a) and (b) over clusters(c) and
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(d), becausethe relative inter-connectivity betweenclusters(a) and(b) is higherthanthe relative inter-connectivity

betweenclusters(c) and(d), eventhoughthelaterpairof clustershavea higherabsoluteinter-connectivity. Thus,the

relative inter-connectivity is ableto take into accountdifferencesin shapesof theclusters(asin Figure3) aswell as

differencesin degreeof connectivity of differentclusters.

Relative Closeness Therelativeclosenessbetweena pair of clustersCi andC j is de�ned astheabsoluteclose-

nessbetweenCi andC j normalizedwith respectto theinternalclosenessof thetwo clustersCi andC j . Theabsolute

closenessbetweena pair of clusterscanbecapturedin a numberof differentways. Many existing schemes,capture

thisclosenessby focusingon thepairof pointsbetweenall thepoints(or representativepoints[GRS98]) from Ci and

C j thatareclosest.A key drawbackof theseschemesis thatby relying only on a singlepair of points,they areless

tolerantto outliersandnoise.For this reason,CHAMELEON measurestheclosenessof two clustersby computingthe

averagesimilarity betweenthepointsin Ci thatareconnectedto pointsin C j . Sincetheseconnectionsaredetermined

usingthek-nearestneighborgraph,their averagestrengthprovidesa very goodmeasureof theaf�nity betweenthe

dataitemsalongthe interfacelayer of the two sub-clusters,andat the sametime is tolerantto outliersandnoise.

Notethat this averagesimilarity betweenthepointsfrom thetwo clustersis equalto theaverageweightof theedges

connectingverticesin Ci to verticesin C j .

Theinternalclosenessof eachclusterCi canalsobemeasuredin anumberof differentways.Onepossibleapproach

is to look atall theedgesconnectingverticesin Ci (i.e., edgesthatareinternalto thecluster),andcomputetheinternal

closenessof a clusterasthe averageweight of theseedges.Onecanarguethat in a hierarchicalclusteringsetting,

theedgesusedfor agglomerationearlyon arestrongerthanthoseusedin laterstages.Hence,averageweightsof the

edgeson theinternalbisectionof Ci andC j will tendto besmallerthantheaverageweightof all theedgesin these

clusters.But theaverageweightof theseedgesis a betterindicatorof theinternalclosenessof theseclusters.

Hencein CHAMELEON, therelativeclosenessbetweenapairof clustersCi andC j is computedas,

RC.Ci ; C j / D
SECfCi ;Cj g

jCi j
jCi jCj C j j

SECCi
C jC j j

jCi jCj C j j
SECCj

; (2)

whereSECCi
andSECCj

aretheaverageweightsof theedgesthatbelongin themin-cutbisectorof clustersCi andC j ,

respectively, andSECfCi ;Cj g is theaverageweightof theedgesthatconnectverticesin Ci to verticesin C j . Also note

thata weightedaverageof theinternalclosenessof clustersCi andC j is usedto normalizetheabsoluteclosenessof

thetwo clusters,thatfavorstheabsoluteclosenessof clusterthatcontainsthelargernumberof vertices.

By focusingon the relative closenessbetweenclusters,CHAMELEON canovercomethe limitations of existing

algorithmsthatlook only at theabsolutecloseness.For instance,in theexampleshown in Figure2 thatwasdiscussed

in Section3, CHAMELEON will correctlypreferto mergetheclusters(c) and(d) over theclusters(a) and(b). This

is because,the relative closenessof clusters(c) and (d) is higher than the relative closenessbetweenclusters(a)

and (b), even thoughthe later pair of clustershave a higherabsolutecloseness.Thus, by looking at the relative

closeness,CHAMELEON correctlyprefersto mergeclusterswhoseresultingclusterexhibitsauniformity in thedegree

of closenessbetweentheitemsin thecluster. Also notethat therelative closenessbetweentwo clustersis in general

smallerthanone,becausetheedgesthatconnectverticesin differentclustershaveasmallerweight.

8



4.4 CHAMELEON: A Two-phase Clustering Algorithm

The dynamicframework for modelingthe similarity betweenclustersdiscussedin Section4.3 canbe only applied

wheneachclustercontainsasuf�ciently largenumberof vertices(i.e., dataitems).This is becausein orderto compute

the relative inter-connectivity andrelative closenessof clusters,CHAMELEON needsto computethe internal inter-

connectivity andclosenessof eachcluster. Bothof whichcannotbeaccuratelycalculatedfor clusterscontainingonly

a few datapoints.For this reason,CHAMELEON usesanalgorithmthatconsistsof two distinctphases.Thepurpose

of the �rst phaseis to clusterthe dataitemsinto a largenumberof sub-clustersthat containa suf�cient numberof

itemsto allow dynamicmodeling. The purposeof the secondphase,is to discover the genuineclustersin the data

setby usingthedynamicmodelingframework to mergetogetherthesesub-clustersin a hierarchicalfashion.In the

remainderof thissection,wepresentthealgorithmsusedfor thesetwo phasesof CHAMELEON.

Phase I: Finding Initial Sub-c luster s CHAMELEON �nds the initial sub-clustersusinga graphpartitioning

algorithmto partitionthek-nearestneighborgraphof thedatasetinto a largenumberof partitionssuchthattheedge-

cut, i.e., the sumof theweightof theedgesthatstraddlepartitions,is minimized. Sinceeachedgein thek-nearest

neighborgraphrepresentsthe similarity amongdatapoints, a partitioning that minimizesthe edge-cuteffectively

minimizestherelationship(af�nity) amongdatapointsacrosstheresultingpartitions.Theunderlyingassumptionis

thatlinks within clusterswill bestrongerandmoreplentiful thanlinks acrossclusters.Hence,thedatain eachpartition

arehighly relatedto otherdataitemsin thesamepartition.

Recentresearchon graphpartitioninghasleadto thedevelopmentof fastandaccuratealgorithmsthat arebased

on themultilevel paradigm[KK99a, KK99b]. Extensive experimentson graphsarisingin many applicationdomains

have shown that multilevel graphpartitioningalgorithmsarevery effective in capturingthe global structure of the

graphandarecapableof computingpartitioningsthathave a very smalledge-cut.Hence,whenusedto partitionthe

k-nearestneighborgraph,they areveryeffectivein �nding thenaturalseparationboundariesof clusters.For example,

Figure8 shows the two clustersproducedby applyinga multilevel graphpartitioningalgorithmon the k-nearest-

neighborgraphsfor two spatialdatasets.As wecanseefrom this �gure, thepartitioningalgorithmis veryeffectivein

�nding thelow-densityseparatingregion in the�rst example,andthesmallconnectingregion in thesecondexample.

(a) (b)

Figure8: Anexampleof thebisectionsproducedby multilevel graphpartitioningalgorithmsontwo spatialdatasets. (a)The
partitioningalgorithmcutsthroughthesparseregion.(b)Thepartitioningalgorithmscutsthroughasmallconnectingregion.

CHAMELEON utilizes suchmultilevel graphpartitioningalgorithmsto �nd the initial sub-clusters.In particular,

it usesthegraphpartitioningalgorithmthat is partof thehMETIS library [KK98a]. hMETIS hasbeenshown [KK98c,

KK99b, Alp98] to quicklyproducehigh-qualitypartitioningsfor awiderangeof unstructuredgraphsandhypergraphs.
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In CHAMELEON weprimarily usehMETIS to split aclusterCi into two sub-clustersCA
i andCB

i suchthattheedge-cut

betweenCA
i andCB

i is minimizedandeachoneof thesesub-clusterscontainsat least25%of thenodesin Ci . Note

that this last requirement,oftenreferredto asthebalanceconstraint, is an integral partof usinga graphpartitioning

approachto �nd the sub-clusters.hMETIS is effective in operatingwithin the allowed balanceconstraintsto �nd a

bisectionthatminimizestheedge-cut.However, thisbalanceconstraintcanforcehMETIS to breaka naturalcluster.

CHAMELEON obtainstheinitial setof sub-clustersasfollows. It initially startswith all thepointsbelongingto the

samecluster. It thenrepeatedlyselectsthe largestsub-clusteramongthecurrentsetof sub-clustersanduseshMETIS

to bisect.Thisprocessterminateswhenthelargersub-clustercontainsfewer thana speci�ednumberof vertices,that

we will refer to it asM INSIZE. The M INSIZE parameteressentiallycontrolsthegranularityof the initial clustering

solution. In general,M INSIZE shouldbe setto a valuethat is smallerthanthe sizeof mostof the clustersthat we

expectto �nd in thedataset.At thesametime,M INSIZE shouldbesuf�ciently largesuchthatmostof thesub-clusters

containasuf�ciently largenumberof nodesto allow usto evaluatetheinter-connectivity andclosenessof theitemsin

eachsub-clusterin ameaningfulfashion.For mostof thedatasetsthatweencountered,settingM INSIZE to about1%

to 5%of theoverallnumberof datapointsworkedfairly well.

Phase II: Merging Sub-Cluster s using a Dynamic Framework As soonasthe�ne-grain clusteringsolution

producedby thepartitioning-basedalgorithmof the�rst phaseis found,CHAMELEON thenswitchesto anagglomer-

ative hierarchicalclusteringthatcombinestogetherthesesmallsub-clusters.As discussedin Section2, thekey step

of agglomerativehierarchicalalgorithmis thatof �nding thepairof sub-clustersthatarethemostsimilar.

CHAMELEON's agglomerative hierarchicalclusteringalgorithm utilizes the dynamicmodelingframework dis-

cussedin Section4.3 to selectthe mostsimilar pairsof clustersby looking both at their relative inter-connectivity

andtheir relative closeness.Therearemany waysto developanagglomerativehierarchicalclusteringalgorithmthat

takesinto accountbothof thesemeasures.Two differentschemeshavebeenimplementedin CHAMELEON.

The�rst schememergesonly thosepairsof clusterswhoserelativeinter-connectivity andrelativeclosenessareboth

abovesomeuserspeci�edthresholdTRI andTRC, respectively. In thisapproach,CHAMELEON visitseachclusterCi ,

andchecksto seeif any oneof its adjacentclustersC j satisfythefollowing two conditions:

RI .Ci ; C j / � TRI and RC.Ci ; C j / � TRC: (3)

If morethanoneof theadjacentclusterssatisfytheaboveconditions,thenCHAMELEON selectsto mergeCi with the

clusterthatit is mostconnectedto; i.e., it selectstheclusterC j suchthattheabsoluteinter-connectivity betweenthese

two clustersis thehighest.Onceeveryclusterhasbeengiventheopportunityto mergewith oneof its adjacentclusters,

thecombinationsthathavebeenselectedareperformed,andtheentireprocessis repeated.Notethatthisalgorithmis

differentthantraditionalhierarchicalclusteringalgorithms,asit allowsmultiplepairsof clustersto bemergedtogether

at any giveniteration.TheparametersTRI andTRC canbeusedto controlthecharacteristicsof thedesiredclusters.

In particular, the parameterTRI allows us to control the variability in the degreeof inter-connectivity of the items

in thecluster. TheparameterTRC allows usto control theuniformity of thesimilarity amongitemsthatbelongto a

particularcluster. Dependingon thechoiceof the TRI andTRC parameters,CHAMELEON's merging algorithmmay

reachapointfrom whichit cannotproceedany furtherbecausenoneof theadjacentclusterssatisfythetwo conditions

of Equation3. At this point we have thechoiceof eitherterminatingthealgorithmandoutputthecurrentclustering

asthe solutionor try to merge additionalpairsof clustersby successively relaxingthe two parameters,possiblyat

differentrates.
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Thesecondschemeimplementedin CHAMELEON usesa function to combinethe relative inter-connectivity and

relative closeness,andthenselectsto merge the pair of clustersthat maximizesthis function. Sinceour goal is to

mergetogetherpairsfor whichboththerelative inter-connectivity andtherelativeclosenessarehigh,anaturalwayof

de�ning sucha functionis to take their product.Thatis, selectthepair of clustersCi andC j to mergethatmaximize

RI .Ci ; C j / � RC.Ci ; C j / . This formulagivesanequalimportanceto bothof theseparameters.However, quiteoften

we may preferclustersthat give a higherpreferenceto oneof thesetwo measures.For this reason,CHAMELEON

selectsthepairof clustersthatmaximizes

RI .Ci ; C j / � RC.Ci ; C j / � ; (4)

where� is auserspeci�edparameter. If � > 1, thenCHAMELEON givesahigherimportanceto therelativecloseness,

andwhen� < 1, it givesa higherimportanceon therelative inter-connectivity. In theexperimentalresultspresented

in Section5 weusedthissecondapproachasit allowsusto easilygeneratetheentiredendrogramfor thehierarchical

clustering.

4.5 Performance Anal ysis

The overall computationalcomplexity of CHAMELEON dependson the amountof time it requiresto constructthe

k-nearestneighborgraphandtheamountof time it requiresto performthetwo phasesof theclusteringalgorithm.

Theamountof timerequiredto computethek-nearestneighborgraphdependsonthedimensionalityof theunder-

lying dataset. In particular, for low-dimensionaldatasets,algorithmsbasedon k � d trees[Sam90] canbeusedto

quickly computethe k nearestneighbors.It hasbeenshown that for n items,the averagecostof inserting,aswell

astheexpectedk-nearestneighborsearchtime is O.logn/ [FBF77], leadingto anoverall complexity of O.n logn/.

However, for high dimensionaldatasets,schemesbasedon k � d treesarenot applicable[BBKK97, BBK98]. For

suchdatasets,theamountof timerequiredto �nd thek-nearestneighborsof adataitemis O.n/, leadingto anoverall

complexity of O.n2/ .

The amountof time requiredby CHAMELEON's two-phaseclusteringalgorithm dependson the numberm of

initial sub-clustersproducedby the graphpartitioningalgorithmusedin the �rst phase. To simplify the analysis,

we will assumethat (i) eachinitial sub-clusterhasthe samenumberof nodesn=m, and(ii) duringeachsuccessive

merging step,CHAMELEON selectsto mergeonly a singlepair of clusters.Moreover, our analysiswill be focused

on CHAMELEON's secondschemefor combiningthe relative inter-connectivity andrelative closenessdescribedin

Section4.4.However, theoverallcomplexity is similar for the�rst schemeaswell.

The amountof time requiredby the the PhaseI of CHAMELEON dependson the amountof time requiredby

hMETIS. Givena graphG D .V; E/, hMETIS requiresO.jVj C jEj/ [KK98c, KK99b] time to computea bisection.

SinceCHAMELEON operateson the k-nearestneighborgraph,jEj D O.jVj/ ; thus, the computationalcomplexity

of hMETIS is O.jVj/ . CHAMELEON's PhaseI algorithmobtainsm clustersby repeatedlypartitioningsuccessively

smallergraphs;hence,its overallcomputationalcomplexity is O.n log.n=m// which is boundedby O.n logn/. Note

thatonecanpotentiallyuseafasterpartitioningalgorithmto obtaintheinitial m clustersin time O.nC mlogm/ using

themultilevel m-waypartitioningalgorithmdescribedin [KK99b].

Theamountof timerequiredby thesecondphasedependson(a)theamountof timeneededto computetheinternal

inter-connectivity andinternalclosenessfor eachinitial aswell asintermediatecluster, and(b) the amountof time

neededto selectthemostsimilar pairof clustersto merge.Sincetheinternalinter-connectivity andinternalcloseness

for a particularclusteris computedby bisectingthe correspondingk-nearestneighborsub-graphof the cluster, its
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complexity is proportionalto thenumberof itemsin eachcluster. In particular, theamountof time requiredto bisect

eachoneof the initial m clustersis O.n=m/, leadingto an overall complexity of O.n/. Next, during eachof the

merging steps,CHAMELEON needsto bisectthe resultingcluster, and therearea total of m � 1 suchsteps(i.e.,

until all theinitial sub-clustershavebeenmergedtogether).Theworstcasecomplexity is obtainedwhenthemerging

algorithmrepeatedlyselectsthe sameclusterandmergesit with another;i.e., it grows a single large cluster. This

correspondsto theworstcasebecauseduringeachmerging step,thealgorithmneedsto bisecta clusterthathasthe

largestpossiblenumberof dataitems. In this case,the amountof time requiredto bisectthe m � 1 intermediate

sub-clustersis
P m� 1

iD2 . i � n=m/ which is O.nm/.

Theoverallamountof time requiredto �nd themostsimilar pairof clustersis O.m2 logm/ by usinga heap-based

priority queue.In the worst case,the initial clusteringsolutioncanbesuchthat eachclusteris connectedto all the

remainingclusters. In this case,it takes O.m2 logm/ time to insert the similarity of the O.m2/ possiblepairsof

sub-clustersinto thepriority queue.Now, duringeachmergingstep,thepair residingat thetop of thepriority queue

is selected,andthe similarity of recentlycombinedclusterto the remainingsub-clustersis updated.Eachof these

updateoperationsrequiresO.mlogm/ time,leadingto anoverallcomplexity of O.m2 logm/, asatotalof m� 1 such

updatesneedsto beperformed(onefor eachpairof clustersthatgetsmerged).

Thus,theoverallcomplexity of CHAMELEON's two-phaseclusteringalgorithmis O.nm C n logn C m2 logm/.

5 Experimental Results

In this section,we presentexperimentalevaluationof CHAMELEON, andcompareits performancewith a publicly

availableversionof DBSCANanda locally implementedversionof CURE.EventhoughCHAMELEON is applicable

to any dataset for which a similarity matrix is available(or canbe constructed),we choseto performevaluation

for datasetscontainingpointsin two dimensionalspacefor two reasons.First, similar datasetshave beenusedto

evaluatethe performanceof otherstate-of-theart algorithmssuchasDBSCAN andCURE.Second,clustersin 2D

datasetsareeasyto visualize,makingthecomparisonof differentschemesmucheasier. We do not reportresultsof

ROCK [GRS99] (andotherinterconnectivity basedagglomerativeschemessuchasgroupaveragingmethod[JD88]),

asthey tendto performworsethanalgorithmssuchasCURE on metric spacedatasets. Many of theseresultsare

availableatURL http://www.cs.umn.edu/� han/chameleon.html.

5.1 Data Sets

We experimentedwith � ve differentdatasetscontainingpointsin two dimensionswhosegeometricshapeareshown

in Figure9. The�rst dataset,DS1,has� ve clustersthatareof differentsize,shape,anddensity, andcontainsnoise

pointsaswell asspecialartifacts. The seconddataset,DS2,containstwo clustersthat arecloseto eachotherand

differentregionsof the clustershave differentdensities.The third dataset,DS3, hassix clustersof differentsize,

shape,andorientation,aswell asrandomnoisepointsandspecialartifactssuchasstreaksrunningacrossclusters.The

fourth dataset,DS4,haseightclustersof differentshape,size,andorientation,someof which areinsidethe space

enclosedby otherclusters.Moreover, DS4 alsocontainsrandomnoiseandspecialartifacts,suchasa collectionof

pointsformingverticalstreaks.Finally, the�fth dataset,DS5,haseightclustersof differentshape,size,density, and

orientation,aswell asrandomnoise.A particularlychallengingfeatureof thisdatasetis thatclustersareverycloseto

eachotherandthey have differentdensities.Thesizeof thesedatasetsrangesfrom 6,000to 10,000points,andtheir

exactsizeis indicatedin Figure9. NotethatDS1wasobtainedfrom [GRS98], whereaswesyntheticallygeneratedthe

remainingdatasets.
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DS1: 8000 points DS3: 8000 points

DS5: 8000 pointsDS4: 10000 points

DS2: 6000 points

Figure9: The�vedatasetsusedinourexperiments.

5.2 Qualitative Comparison

CHAMELEON To clusteradatasetusingCHAMELEON, weneedto specifythefollowingparameters:thevalueof k

for computingthek-nearestneighborgraph,thevalueof M INSIZE for thePhaseI of thealgorithm,andthechoiceof

schemefor combiningrelative inter-connectivity andrelativeclosenessandassociatedparameters.In theexperiments

presentedin thissection,weusedthesamesetof parametervaluesfor all � vedatasets.In particular, weusedk D 10,

M INSIZE D 2:5% of thetotal itemsin thedataset,andusedthesecondschemefor combiningRI andRC,andused

� D 2:0 in Equation4 for combiningrelative inter-connectivity andrelative closenessof eachpair of clusters.We

alsoperformedaparameterstudyto determinethesensitivity of CHAMELEON ontheabovesetof parametersby using

k D f5; 10; 15; 20g, M INSIZE D f2%; 3%; 4%gand� D f1:5; 2:0; 2:5; 3:0g. Our results(not shown here)show that

CHAMELEON is not very sensitive on theabovechoiceof parameters,andit wasableto discover thecorrectclusters

for all of thesecombinationsof valuesfor k, M INSIZE, and� .

Figure10 shows theclustersfoundby CHAMELEON for eachoneof the� ve datasets.Thepointsin thedifferent

clustersarerepresentedusinga combinationof differentcolorsanddifferentglyphs. As a result,pointsthatbelong

to the sameclusterhave both the samecolor aswell astheir pointsaredrawn usingthe sameglyph. For example,

in theclusteringsolutionshown for DS4, therearetwo clustersthathave cyancolor (onecontainsthe pointsin the

region betweenthe two circlesinsidetheellipse,andtheothercontainsthepointsthat form a line betweenthe two

horizontalbarsandthe 'c' shapedcluster),andtherearetwo clustersthat have a dark blue color (onecorresponds

to theupside-down 'c' shapedclusterandtheothercorrespondsto thecircle insidethecandy-cane);however, their

pointsarerepresentedusingdifferentglyphs(bellsandsquaresfor the�rst pair, andsquaresandbellsfor thesecond

pair),sothey denotedifferentclusters.

SinceCHAMELEON is hierarchicalin nature,it createsa dendrogramof possibleclusteringsolutionsat different

levelsof granularity. Theclusteringsolutionsshown in Figure10correspondto theearliestpoint in theagglomerative

processin which CHAMELEON wasableto �nd thegenuineclustersin thedataset. That is, they correspondto the

lowestlevel of thedendrogramatwhichthegenuineclustersin thedatasethavebeenidenti�ed andeachonehasbeen

placedtogetherin onecluster. As a result,thenumberof clustersshown in Figure10 for eachoneof thedatasetscan
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belargerthanthenumberof genuineclusters,andtheseadditionalclusterscontainpointsthatareoutliers.

Looking at Figure10, we canseethat CHAMELEON is ableto correctlyidentify the genuineclustersin all � ve

datasets.In thecaseof DS1,CHAMELEON �nds six clusters,� ve of which correspondto thegenuineclustersin the

dataset,andthe sixth one(shown with brown-colored'*' glyphs)correspondsto outlier pointsconnectingthe two

ellipsoidclusters.In thecaseof DS2,CHAMELEON �nds two clusters,eachonecorrespondingto agenuineclusterin

thedataset.In thecaseof DS3,CHAMELEON �nds elevenclusters,outof whichsix of themcorrespondto thegenuine

clustersin thedataset,andtherestcontainoutliers.In thecaseof DS4,CHAMELEON also�nds elevenclusters,outof

whichnineof themcorrespondto thegenuineclusters,andtherestcontainoutlierpoints.Finally, in thecaseof DS5,

CHAMELEON �nds eightclusters,eachonecorrespondingto a genuineclusterin thedataset. As theseexperiment

illustrateCHAMELEON is very effective in �nding clustersof arbitraryshape,density, andorientation,andis tolerant

to outlierpoints,aswell asartifactssuchasstreaksrunningacrossclusters.

CURE We evaluatedthe performanceof CHAMELEON againstCURE (describedin Section2) which hasbeen

shown to beeffective in �nding clustersin two dimensionalpointdatasets[GRS98]. CUREwasableto �nd theright

clustersfor DS1andDS2,but it failedto �nd theright clusterson theremainingthreedatasets.Figure11 shows the

resultsobtainedby CUREfor eachoneof theDS3,DS4,andDS5datasets.SinceCUREis alsohierarchicalclustering

algorithm,it alsoproducesadendrogramof possibleclusteringsolutionsatdifferentlevelsof granularity. For eachone

of thedatasets,Figure11 shows two differentclusteringsolutionscontainingdifferentnumberof clusters.The�rst

clusteringsolution(�rst columnof Figure11)correspondsto theearliestpoint in theagglomerativeprocessin which

CUREmergestogethersub-clustersthatbelongto two differentgenuineclusters.As we canseefrom Figure11, in

thecaseof DS3,CUREselectsthewrongpairof clustersto mergeit togetherwhengoingfrom 18down to 17clusters,

resultingin the red-coloredsub-clusterwhich containsportionsof the two � -shapedclusters.Similarly, in thecase

of DS4,CUREmakesa mistake whengoingfrom 26 down to 25 clusters,asit selectsto mergetogetheroneof the

circlesinsidetheellipsewith a portionof theellipse.Finally, in thecaseof DS5,CUREalsomakesa mistake when

goingfrom 26 down to 25 clustersby merging togetherthesmall circularclusterwith a portionof theupside-down

'Y'-shaped cluster. The secondclusteringsolutioncorrespondsto solutionsthat containasmany clustersas those

discoveredby CHAMELEON. Thesesolutionsareconsiderablyworsethanthe�rst setof solutions(especiallyfor DS4

andDS5),indicatingthatthemergingschemeusedby CUREperformsmultiplemistakes.

For theresultsshown in Figure11 experiments,theshrinkingfactoris 0:3 andthenumberof representativepoints

is 10, which arethedefault valuesrecommendedin [GRS98]. We alsoperformedexperimentswith shrinkingfactor

varyingfrom 0:1 to 0:9 andthenumberof representative pointsvaryingfrom 10 to 100. Theseexperimentsshowed

similar trendsas shown in Figure 11. Furthermore,to facilitate fair comparisons,we also removed the noiseas

suggestedin [GRS98], by identifying “slowly” growing clustersasnoisepoint andremovedthem. For comparison

purposeswe reassignedthesenoisy datapointsbackto the �nal clustersusingthe assignmentmethoddiscussedin

[GRS98], i.e., noisepointsareassignedto theclusterwith theclosestrepresentativepoints.Notethattheseassignments

did notaffect theoverallclusteringresults.

DBSCAN DBSCAN [EKSX96] is a well-known spatialclusteringalgorithmthathasbeenshown to �nd clusters

of arbitraryshapes.DBSCAN de�nes a clusterto bea maximumsetof density-connectedpoints. Every corepoint

in a clustermusthave at leasta minimumnumberof points(MinPts)within a givenradius(Eps).DBSCANcan�nd

arbitraryshapeof clustersif theright densityof theclusterscanbedeterminedin apriori andthedensityof clustersis

uniform.
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DBSCAN �nds theright clusterson datasetsDS3andDS4aslong asit is suppliedtheright combinationof Eps

andMinPts. If MinPts is �x ed to 4 (default valuespeci�ed in [EKSX96]), thenthealgorithmworks �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 shows the clustersfound by DBSCAN for DS1 and DS2 for different valuesof the Eps parameter.

Following therecommendationof [EKSX96], theMinPtswas�x edto 4 andEpswaschangedin theseexperiments.

Theclustersproducedfor DS1illustratethatDBSCANcannoteffectively �nd clustersof differentdensity. In the�rst

clusteringsolution(Figure12(a)),whenEps= 0.5, DBSCANputsthetwo ellipsesinto thesamecluster, becausethe

outlierpointsconnectingsatisfythedensityrequirementsasdictatedby theEpsandMinPtsparameters.Theseclusters

canbeseparatedby decreasingthevalueof Epsaswasdonein theclusteringsolutionshown in Figure12(b),for which

Eps=0.4. However, DBSCAN keepstheellipsestogether, but now it hasfragmentedthelower densityclusterinto a

largenumberof smallsub-clusters.Ourexperimentshasshown thatDBSCANexhibitssimilarcharacteristicsonDS5.

Theclustersproducedfor DS2illustratethatDBSCANcannoteffectively �nd clustersthattheirinternaldensityvaries.

Thesequenceof thethreeclusteringsolutions(Figure12(c)–(e))for decreasingvaluesof theEpsparameterillustrates

that as we decreaseEps in hopeof separatingthe two clusters,the naturalclustersin the dataset are fragmented

into a largenumberof smallerclusters.On DS3andDS4,DBSCANmanagedto �nd thegenuineclusterswith right

parametervalues.Figure12 (f)–(h) showsthesensitivity of DBSCANwith respectto theEpsparameter.

6 Conc luding Remarks

In thispaper, wehavepresentedanovelhierarchicalclusteringalgorithmcalledCHAMELEON whichtakesintoaccount

thedynamicmodelof clusters.CHAMELEON candiscover naturalclustersof differentshapesandsizes,becauseits

merging decisiondynamicallyadaptsto thedifferentclusteringmodelcharacterizedby theclustersin consideration.

Experimentalresultson several datasetswith varying characteristicsshow that CHAMELEON candiscover natural

clustersthatmany existingclusteringalgorithmsfail to �nd.

All thedatasetspresentedin thepaperarein 2D space,partly becausesimilar datasetshave beenusedmostex-

tensively by otherauthors[NH94, EKSX96, GRS98], andpartlybecauseit is easyto evaluatethequalityof clustering

on 2D datasets.Note thatmany of theseschemes[EKSX96, GRS98]arespeci�cally suitedfor spatialdataand/or

datain metricspaces.Hence,it is noteworthy thatour schemeoutperformsthem,eventhoughit doesnot make use

of the metric-space/spatialnatureof the data. The methodologyof dynamicmodelingof clustersin agglomerative

hierarchicalmethodsis applicableto all typesof dataaslongasa similarity matrix is availableor canbeconstructed.

Even thoughwe choseto model the datausingk-nearestneighborgraphin this paper, it is entirely possibleto

useothergraphrepresentationssuitablefor particularapplicationdomains,e.g., suchas thosebaseduponmutual

sharedneighbors[GK78, JD88, GRS99]. Furthermore,differentdomainsmayrequiredifferentmodelsfor capturing

relative closenessand inter-connectivity of pairs of clusters. In any of thesesituations,we believe that the two-

phaseframework of CHAMELEON would still be highly effective. Our future researchincludesthe veri�cation of

CHAMELEON on differentapplicationdomainsandthe studyof effectivenessof differenttechniquesfor modeling

dataaswell asclustersimilarity.

In thispaper, we ignoredtheissueof scalingto largedatasetsthatcannot�t in themainmemory. Theseissuesare

orthogonalto theonesdiscussedhereandarecoveredin [ZRL96, BFR98,GRS98,GRGC99].
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Figure10: Theclustersdiscoveredby CHAMELEON forthe�vedatasets.
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DS4 (11 Clusters)
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Figure11: ClustersofCUREwithshrinkingfactor0.3andnumberofrepresentativepoints10.
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(a) DS1: Eps=0.5, MinPts=4 (b) DS1: Eps=0.4, MinPts=4

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

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

Figure12: DBSCANontheDS1,DS2,andDS4datasetswithdifferentvaluesoftheEpsparameter.
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