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Abstract

Lowering computationalcost of data analysisand vi-
sualizationtechniquesis an essentialsteptowards includ-
ing the user in the visualization. In this paperwe present
an improvedalgorithmfor visualclusteringof large multi-
dimensionaldata sets. The original algorithm is an ap-
proach thatdealsef�ciently with multi-dimensionalityusing
variousprojectionsof the data in order to performmulti-
spaceclustering, pruningoutliers throughdirectuserinter-
action.Thealgorithmpresentedhere, namedHC-Enhanced
(for Human-Computerenhanced),addsa scalability level
to theapproach without reducingclusteringquality. Addi-
tionally, an algorithm to improve clusters is addedto the
approach. A numberof test casesis presentedwith good
results.

1 Intr oduction

Clustering large multi-dimensionaldata sets presents
two major problemsbesidesgeneratinga good cluster-
ing: scalability and capacity for dealing with multi-
dimensionality. Scalabilityusuallymeanslinearcomplexity
(O(n)) or better(O(n logn), O(log n), etc.). For highly
interactive systems,such as visual clustering techniques
[1, 11, 16], scalability is critical. Algorithms with linear
complexity but high constant(O(kn), k constant)arenot
suitablefor suchsystems:interactivenessis akey issuethat
mustbeincludedin visualmining techniques[20], thusthe
responsetimemustbeaslow aspossible.

Treating multi-dimensionality is also a very dif�cult
task.Theresearchdonefor tacklingthis problemarebased
in threeapproaches:subspaceclustering,co-clustering[4],
andfeatureselection[19]. Theseapproachesarefocusedon
solving the problemknown asthe “dimensionalitycurse”,
which is the incapacityfor generatingsigni�cative struc-
tures(patternsor models)from high dimensionaldata.For
clusteringalgorithmsin mostcasesthismeansmorethan15
dimensions[4, 5].

Subspaceclusteringrefersto approachesthat apply di-
mensionalityreductionbeforeclusteringthedata.Different
approachesfor dimensionalityreductionhave beenlargely
used,suchasPrincipalComponentsAnalysis(PCA) [12],
Fastmap[7], SingularValue Decomposition(SVD) [17],
andFractal-basedtechniques[13, 15]. We have alsodevel-
opedanovel techniquenamedNearest-NeighborProjection
(NNP) for multi-dimensionaldataexplorationon bidimen-
sional spaces[18]. For all theseapproaches,there is no
warrantyof dimensionalityreductionwithoutloosingacon-
siderableamountof informationandthey arelikely to �nd
differentclusterscin differentprojectionsof thesamedata
asshown in theliterature[1, 2, 3]. Thus,clusteringin pro-
jectedsubspacescouldleadto apoorresultof theclustering
process.Additionally, clusteringquality evaluationis de-
pendenton theapplication.Thesearethereasonswhy gen-
eratingagoodclustering,for anspeci�c application,cannot
beachievedwithoutdirectuserinterference.Visualcluster-
ing techniquesexploit this factby replacingusuallycostly
heuristicswith userdecisions.

Besidesthesefacts,it is alsoverydesirablefor clustering
approachesto provide mechanismsfor handlingoutliers 1

andto de�ne a metric for determiningwhethera clusteris
consistentwith theuserresponses.

Table1 summarizesthefeaturesof themostrepresenta-
tive approachesof the variousfamiliesof clusteringalgo-
rithms2. Aggarwal's IPCLUSalgorithm[1], accomplishes
almostall therequirementsmentionedabove. However, IP-
CLUS cannotbe appliedto very large datasetsdueto the
costlyprocessesusedfor projectingthedataandestimating
thedensity.

In this work we have developedmechanismsfor reduc-
ing the time spentin thoseprocesses.Thosemechanisms
wereintroducedin differentstepsof thealgorithm.

Resultsdemonstrateaprocessingtimereductionof 50%
to 92%, aswell asclusteringimprovementin somecases
andsameclusteringquality in all theothers.This improve-

1Instancesthatcannotbeincludedin any cluster.
2Seethe work by Berkhin for detailson most clusteringalgorithms

foundin theliterature[4].



Scalability Multi-dimensionality Arbitrary Shape Outliers UserInteraction Metric
Birch [21]

p

Chameleon[14]
p

Cure[10]
p p p

Bubble[9]
p

Orclus[3]
p p

DBScan[6]
p p p

IPCLUS.[1]
p p p p p

HD-Eye[11]
p p p p

Table 1. Features of representative clustering algorithms.

mentwasmeasuredusing the informationavailableabout
theclusterto which eachinstancebelongs.Software,code,
anddocumentationareopenandavailable.

In thenext sectionwe detail the IPCLUSalgorithm. In
Section3 we discussHC-Enhanced,with highlight on the
improvementscarriedout. In Section4 we presentthe re-
sultson processingtime andquality of theclusteringgen-
erated.Finally, Section5 is devotedto presentour conclu-
sionsandfuturework.

2 The IPCLUS algorithm

IPCLUS is a visual density-basedalgorithm that em-
ploys multiple projectionsto clusterthedataadmitinguser
interactionfor handlingoutliersanddeterminingwhenthe
processmust stop (i.e. whenall signi�cant clusterswere
discovered).

Thealgorithmcanbesummarizedasfollows:

1. Samplel randomicdatapointsai andobtaintheir
r -neighborhoodM i .

2. NormalizethegroupsM i to obtainthegroupsOi .
3. DetermineabidimensionalsubspaceS wherethegroups

M i form well de�ned clusters.
4. Projectthedatain subspaceS.
5. Estimatedensityin subspaceS.
6. Specifya noiselevel � wheretheoutliersarenot

includedin clusterscreation.
7. Createandstoretheclustersfor currentprojection.
8. Repeatsteps1 through7 until all clusterswere

identi�ed.
9. Create�nal clusters.

User interactionis necessaryduring steps6 and 8. In
step6 theusermustdeterminethevalueof � throughtech-
niqueslike cuttingplanes.In step8 theuserdecidesfrom
thevisualizationof theresultsof previousiterations,when
all the groupswereprobablyidenti�ed and the algorithm
muststop. This alsowill hold for the improvedversionof
thealgorithmproposedin this paper.

Eachof the l M i groups,wherel is the numberof an-
chorsai de�ned by theuser, is formedby the instancesin
the r -neighborhoodof ai (i.e., the resultof a rangequery
with centerai andradiusr , wherer is user-de�ned). These
groupsarenormalizedsuchthattheircentroids3 zi become
0. This is achievedsubtractingzi from all instancesin M i

generatinga normalizedgroupOi .
ThebidimensionalsubspaceS whereM i form well de-

�ned groupsis that wherethe momentof all Oi is mini-
mal. That is, thesubspacewhere

P l
i =1 � (Oi ) is minimal,

where� (Oi ) is the momentof Oi de�ned by the expres-
sion � (Oi ) =

P k
j =1 d(z0

i ; mj ). d(z0
i ; mj ) is the distance

betweenthecentroidz0
i of Oi andthe instance(m j ). This

is equalto minimizing � ([ l
i =1 Oi ).

It wasprovenby Joliffe [12] thatthed-dimensionalsub-
spacewhere a group of data points G has the minimum
momentis given by the d eigenvectorsassociatedto the
d smallereigenvaluesof the covariancematrix of G. That
is, thed smallercomponentsresultingfrom applyingPCA
(PrincipalComponentsAnalysis)[12] to theset[ l

i =1 Oi
4.

IPCLUS usesthis result to �nd the subspaceS, incre-
mentallydecreasingby ahalf thedimensionalityof thedata
set.

Oncethe subspaceS hasbeendetermined,the dataset
is projectedontoit, andthedensityf̂ D is estimatedusinga
Gaussiankernelestimator:

f̂ D =
1

nhd

nX

i

1
p

2� h
e� ( x � x i ) 2

2h 2 (1)

wherex i is the i th datapoint, h is thesmoothingfactor, n
thenumberof instancesin thedataset,andx representsa
point in thebidimensionalCartesiangrid wherethedensity
is stored.

Thedensityestimationis mappedinto a heightmappre-
sentedto the user. The userthenspeci�esa valuefor the
noiselevel � suchthat the outlierswill not be includedin
the clusterscreationfor the current iteration (projection).
As mentionedbefore,this is doneusing interactiontech-
niquessuchascuttingplanes. Eachclusteris assignedwith

3Thecentroidof a groupcouldbethoughtasbeingits centerof mass.
4In ourcaseG = [ l

i =1 O i .



anidenti�er thatwill beaddedto theI DStr ing of eachin-
stancebelongingto that cluster. The I DStr ing of an in-
stancestoresthe identi�ers of theclustersto which the in-
stancebelongsin thedifferentiterations(projections).

Oncetheuserdecides(basedonthevisualization)thatall
theclusterscouldhavebeenidenti�ed, the�nal clustersare
createdsearchingfor propersubstrings.Detailson thehan-
dling of IDStringscanbefound in thework thatdescribed
IPCLUS([1]).

Thenext sectionpresentsthechangesperformedto this
algorithm,in orderto seekimprovementof processingtime
andof clusteringquality.

3 The HC-Enhancedalgorithm

Theimprovementsperformedon theIPCLUSalgorithm
leadto theHC-Enhanced.Theimprovementsweredirected
to threemain processes:the rangequeriesperformedfor
forming the groupsM i (step 1), the searchingfor sub-
spaceS (step3), andthedensityestimation(step5) which
is thekey point of theimprovementin scalabilityobtained.
Within step3 wealsointroduceamechanismfor improving
projectionsin caseswherethe groupscannotbe identi�ed
clearly.

3.1 Step1 ­ Rangequerieswith Omni­sequential

TheOmni-sequentialis partof afamily of datastructures
proposedby Santoset al. [8] thatexploits the fact that the
intrinsicdimensionality5 of realdatasetsis usuallyconsid-
erablylow.

TheOmni-conceptis thebaseof suchfamily, which ba-
sically is acoordinatetransformationto thesocalledOmni-
foci base. This baseis a set F = f f 1; f 2; :::; f k g of in-
stancesbelongingto themetricdatasetto beindexedcalled
foci or focal points.Usingthis base,theOmni-coordinates
arecalculatedfor eachinstance.TheOmni-coordinatesof
aninstances arethedistancesbetweens andeachf i .

The resultof usingtheOmni-conceptis twofold. First,
the indexing bene�ts from this “dimensionalityreduction”
allowing the datastructureto index high dimensionaldata
setswithoutsufferingfromthe“dimensionalitycurse”.Sec-
ond, when a range query is performed, a considerable
amountof distancecalculationsis prunedasshown in Fig-
ure1.

It is possibleto usethis concepttogetherwith any data
structure.However, whenfew queriesareperformed(asin
ourcase),omni-sequentialsuf�ces.

5Thedimensionalityof thespaceactuallyoccupiedby thedata(a line
in Rn hasintrinsicdimensionalityequalto 1).

(a) (b)

Figure 1. A rang e quer y with center sq and ra­
dius rq. The shado w illustrates the instances
returned from the pruning. (a) Using one fo­
cus f 1. (b) Using two foci f 1 and f 2.

3.2 Step3 ­ Finding and impr oving the polariza­
tion subspace

In thestep3 of theIPCLUSalgorithm,asubspaceS(the
polarization subspace) must be found through incremen-
tally decreasingdimensionalityby half andprojectingthe
dataset.ThatwasdonehereusingPCA.

In somepolarizationsubspacesthe groupscannotbe
identi�ed clearly. Thus,we proposedan approachfor im-
proving suchprojections[18]. In Figure 2 we show that
thiswill generateabetterprojectionwhenappliedto there-
sultsof techniquessuchasFastmap[7] or PCA [12]. The
techniqueis called the Forceschemeand is basedon ap-
proachingpointsthatshouldhavebeenprojectedcloserand
repellingpointsthatmustbe further apartfrom eachother
(seeFigure2).

This approachcanbeusedinteractively by theuserover
theprojectiongeneratedin eachiteration(within step3 of
thealgorithm),generatinganew projectionand,thus,anew
densitymap. The improvementin densitymapgeneration
is describedin next subsection.

3.3 Step5 ­ Densityestimation

Thisstepis thecritical pointof thealgorithm.Everypre-
viousstepsof thealgorithmhascomplexity O(kn), where
k is a constantandn the numberof instances.However,
contraryto all othersteps,in the densityestimationk is a
high constant(thenumberof grid pointsthatwill hold the
density).

We proposean approachfor reducing the constantk
basedon theindividual contributionof eachinstanceto the
densityaccumulatedin thegrid points.

In Figure3 wepresentthecontribution f̂ i
D of aninstance

x i in thecalculationof thedensityestimationin agrid point
x asafunctionof thedistancebetweenx andx i for different



(a)

(b)

(c)

Figure 2. Impr ovement of a projection of
a synthetic dataset of 15 5­dimensional in­
stances. (a) Iteration 1. (b) Iteration 13. (c)
Iteration 25.

valuesof thesmoothingfactorh. Suchcontributionis given
by theexpression:

f̂ i
D =

1
p

2� h
e� ( x � x i ) 2

2h 2 (2)

We can seethat, after somedistance,and depending
on thesmoothingfactor, the contribution of instancex i to
thecalculationof theaccumulateddensityin thegrid point
couldbeneglected.

Dueto thefactthatthedatasetis normalizedto therange
[0; 1] in all dimensionsduringtheprojection,thesmoothing
factorh is between0 and1,beingthatfor thedatasetstested
theoptimal h factorfrom the formula presentedby Joliffe
[12] is about0.1.Wecanseethat,for thecaseof theoptimal

(a) (b)

Figure 3. Contrib ution of an instance x i in the
calculus of the density accum ulated in a grid
point x as function of the distance d between
x and x i for (a) h = 0; 1 and (b) h = 0; 3.

valueof h (0.1), thecontribution of an instanceto thecal-
culusof the densityaccumulatedin a grid point decreases
rapidlyasthedistanceincreases.

Thus,we de�ne a neighborhoodv of the grid cells for
which an instancewill beconsideredin thecalculusof the
densityaccumulatedin them.

The approachproposedfor calculatingthe densityesti-
mationis asfollows.

For eachinstancex i with bidimensionalcoordinatesx ix

andx iy .
1. index x = bx ix :mc.
2. index y = bx iy :mc.
3. Checkfor boundaryconditions

(index x + v + 1 > m,
index x � v < 0, index y + v + 1 > m,
or index y � v < 0).

4. Accumulatethecontributionof x i for all grid
pointswith index in therange
[index x � v; index x + v + 1;
index y � v; index y + v + 1]

Herem indicatesthenumberof samplesof thegrid (i.e.,for
agrid 30� 30, m = 30) andv is theneighborhood.

Theoriginalapproach,presentedherefor comparison,is
asfollows.

For eachgridpoint x
For eachinstancex i

Accumulatethecontributionof x i for x.

The optimal neighborhooddependson the numberof
samplesm of the grid, as well as in the precisionp re-



quiredandthesmoothingfactorh. Theprecisionindicates
theminimumcontribution thatan instancemustprovide to
theaccumulateddensityin a grid point for it to beconsid-
eredrelevantfor suchgrid point.

Suchrelationis givenby theexpression:

v = m
q

� 2h2 ln(p
p

2� h) (3)

directlyderivedfrom equation2.
Figure4 shows theresultsof densityestimationfor dif-

ferent neighborhoodsv for the Iris data set over a grid
30� 30. Wecanseethatwith aneighborhoodof v = 5 (the
optimalneighborhoodis v = 5 for aprecisionof 0:008) the
densityestimationapproximatesthedensityestimatedusing
all grid pointsastheneighborhood(originalapproach).

In the next sectionwe presentthe resultsod applying
both the IPCLUS andtheHC-Enhancedalgorithmsto dif-
ferentdatasets.

4 Results

In Figure5 wepresentacomparisonbetweentheresults
obtainedwith theoriginal IPCLUSalgorithmandthoseob-
tainedwith themodi�ed versionHC-Enhancedin termsof
processingtime for differentsizesof thedataset.Thetests
wereperformedona PCcomputerwith a AMD Athlon 1.0
GHzprocessorand1.0GB of memory.

Wecanseeaconsiderablegainin processingtime. These
resultswhere obtainedwithout loss in the quality of the
clustering. Thus HC-Enhancedis a more interactive and
scalableversionof the IPCLUS algorithm,which wasthe
maingoalof this work.

The algorithmswere also applied to the Iris and IDH
datasets,as well as two syntheticdatasetsof 1000 10-
dimensionaland 10000 50-dimensionalinstancesrespec-
tively, andto a quadrapedsdatasetwhicharedescribedbe-
low 6.

The Iris data set is formed by 150 4-dimensionalin-
stancesof threeclassesof plantsclassi�edaccordingto the
sepallengthandwidth,andthepetallengthandwidth. This
dataset is usually separatedby the clusteringalgorithms
in two clusters. One of them formed by the instancesof
the �rst classof plantsandtheotherby the two remaining
classes.Using the IPCLUS andHC-Enhancedalgorithms
the �rst cluster is formed by the 92% of the instancesof
the �rst class,whilst the secondcluster is formed by the
85% of the instancesof the secondandthird classes.It is
importantto noticethat therewereno falsepositivesin the
clusters.Thisresultis usuallyobtainedwith mostclustering
algorithms.Besidesthesetwo clusters,theHC algorithms

6All datasets,with theexceptionof Synt10dandSynt50d,weretaken
from the MachineLearningRepositoryof the University of California,
Irvine (http://www.ics.uci.edu/˜mlearn/MLRepository).

(a)

(b)

(c)

(d)

Figure 4. Density estimation for the Iris data
set over a grid 30 � 30 with neighborhood (a)
v = 2, (b) v = 3, (c) v = 5, and (d) v = 30.

returna clusterformedby 86%of the instancesof thesec-
ond classof plants. Thus, it is possibleto infer that there
exist threeclassesof plantsin theIris datasetandthattwo



Figure 5. Performance comparison between
IPCLUS and HC­Enhanced with data sets of
diff erent sizes and 15 dimensions.

of themareverysimilar. Thisresultcannotbeobtainedwith
anotherclusteringalgorithm.TheHC algorithmsarecapa-
bleof presentingsuchresultdueto thenatureof thecreation
of the�nal clustersprocessbasedonmultipleprojections.

TheIDH datasetstoresdataof 173countriesrelative to
their quality of life. This dataset has9 dimensionsplus
therankingof eachcountry, whichwasnot includedduring
thetests.TheIPCLUSandHC-Enhancedalgorithmssepa-
ratedthis datasetin two clusters.The�rst onewasformed
of the �rst 25 instancesin theranking. Thesecondcluster
wasformedby theinstances48 to 173. In Figure6 we can
noticethat this resultis in accordancewith thedistribution
of thedata.Therewasonefalsepositive in the �rst cluster
and4 and9 falsenegativesin the �rst andsecondclusters
respectively.

Figure 6. Delauna y triangulation of the
Fastmap projection of the IDH data set. The
height and color map the ranking of the coun­
try, being that the best ranked is mapped as
blue­lo w and the worst ranked as red­high.

The �rst syntheticdataset,Synt10d,wascreatedwith
1000 10-dimensionalinstancesforming 4 groups,two of
themconsiderablycloseto eachother, and20% of noise.
Applying IPCLUSandHC-Enhancedto this datasetled to
the following results: four clusterswereobtained,the �rst
of themwith 88%of theoriginal instancesof the �rst syn-
theticgroup,thesecondwith 100%of the instancesof the
secondsyntheticgroup,thethird with 88%of theinstances
of thethird syntheticgroup,andthefourthwith 100%of the
instancesof the lastsyntheticgroup,nonepresentingfalse
positives.Thesecondandthird groupspresentedfalseneg-
ative becausethey weretoo closeandthe instancesin the
boundarieswereassumedto be noise. Normally, only one
clusterwouldbegeneratedfrom thesetwo groups.

This result was improved using the Forceschemepre-
sentedin subsection3.2. Theresultingclusteringpresented
98% (96%, 100%, 96%, 100%, for groups1 to 4 respec-
tively) of accuracy on averageafter improving the projec-
tion usingsuchscheme.We canseein Figure7a the four
groupswith two of themtoo closeto eachother. In Figure
7b we show the improved projection,wherethosegroups
wereseparated.

(a)

(b)

Figure 7. Delauna y triangulation and density
estimation calculated over the (a) original and
(b) impr oved projections of a synthetic data
set of 100010­dimensional instances used for
testing the algorithms.



A secondsyntheticdataset,Synt50d,of 10000instances
and 50 dimensions,was createdwith three groups and
testedwith both algorithms. Ir resultedin a precisionof
99:9985%, 99:9973%and100%for the threeclustersre-
spectively.

Finally, adatasetformedby 96487instancesgroupedin
four classesof quadrapeds(dogs,cats,giraffes,andhorses)
was also usedto test both algorithms. Both algorithms
generatedfour clusters. The �rst of themwas formedby
90:80%of the instancesof the �rst class(dogs).Fromthe
25521instancesincludedin this cluster, 3480 were false
positivescorrespondingto thesecondclass(cats).Thesec-
ond clusterwas formed by 70:24% of the instancesfrom
to the secondclass(cats). The third clusterwas formed
by 67:92%of theinstancescorrespondingto thethird class
(horses).Finally, thefourth clusterwasformedby 33:86%
of theinstancesfrom to thethird class(giraffes).Neitherof
the latter threeclusterspresentedfalsepositives. 30:875%
of the instancesof the original data set were considered
noise.This datasetis typically dif�cult to cluster.

Tables2 and 3 summarizetheseresults,presentinga
comparisonbetweenthe algorithmsin relationboth to the
processingtime andthequalityof theclustering.

IPCLUS
Data set Average Time False False

precision positives negatives
Iris 87; 667 0; 97s 0 19
IDH 91; 907 1; 10s 1 13

Synt10d 94; 0 6; 42s 0 60
Synt50d 99; 9986 72; 59s 4 10

Quadrapeds 65; 518 391; 21s 3480 29670

Table 2. Results of the IPCLUS algorithm on
diff erent data sets in terms of precision and
processing time .

HC-Enhanced
Data set Average Time False False

precision positives negatives
Iris 87; 667 0; 14s 0 19
IDH 91; 907 0; 14s 1 13

Synt10d 98; 0 0; 93s 0 20
Synt50d 99; 9986 20; 26s 4 10

Quadrapeds 65; 518 201; 5s 3480 29670

Table 3. Results of the HC­Enhanced algo­
rithm on diff erent data sets in terms of pre­
cision and processing time .

We can notice that the only data set to which it was
necessaryto applytheprojectionimprovementprocesswas
Synt10d.Thedecisionof usingsuchimprovementwasbe-
causeof thevisual resultspresentedto theuserduring the
process,in whichit waspossibleto seethattherewereclus-
terstoonearto eachotherthatshouldbeseparated.Therest

of thedatasetspresentedwell de�ned clustersin theorig-
inal projectionsor, in thecaseof the Quadrapedsdataset,
themetricusedwasnot suitablefor separatingthetwo last
clustersdueto the fact that they were“overlapped”in the
Euclideanspace.It alsoaffectedtheperformanceof theal-
gorithmsin termsof processingtime,consideringthatit was
the only casewherethe improvementin the performance
wasbelow 70%.

5 Conclusion

Theimprovementsto theIPCLUSalgorithmreportedin
this paperled to HC-Enhanced,an algorithmwith a better
degreeof scalability. Thegain in processingtime obtained
from theseimprovementsis considerablyhigh. This reduc-
tion exceeded87% in mostof cases.Therewereonly two
datasetsthat presentedimprovementsof 50% and 70%.
The quality of the clusteringgeneratedby the original al-
gorithm wasmaintainedandthe interactivenessof the ap-
proachwasimproved.

The inclusion of fastermechanismsfor projecting the
datais necessaryfor obtaininga largerreductionin thepro-
cessingtime.

It is alsoimportantto mentionthatoneof themaindif-
�culties found in the density-basedclusteringis the treat-
mentof categoricaldataandnon-continuousdata.Theex-
tensionof the HC-Enhancedalgorithm for clusteringcat-
egorical data is a work that shouldbe approachedin the
future.
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