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Abstract

PixelMaps are a new pixel-orientedvisualdatamining
techniquefor large spatialdatasets.They combinekernel-
density-basedclusteringwith pixel-orienteddisplaysto em-
phasizeclusters while avoiding overlap in locally dense
point setson maps. Becausea full evaluation of density
functionsis prohibitivelyexpensive, wealsoproposean ef-
ficientapproximation,Fast-PixelMap, basedona synthesis
of thequadtreeandgridfile datastructures.

1 Intr oduction

Progressin technologynow allows computersystemsto
storeandexchangedatasetsthat were,until recently, con-
sideredextraordinarilyvast. Almost all transactionsof ev-
erydaylife (purchasesmadewith credit cards,web pages
visited,andtelephonecallsmade)arerecordedby comput-
ers.Thisdatais collectedbecauseof its potentialto provide
acompetitiveadvantageto its holders.Findingvaluablede-
tails that revealfine structureshiddenin thedata,however,
is difficult.

In many applicationdomains,datais collectedandrefer-
encedby its geo-spatiallocation. Consider, for example,a
creditcardpurchasetransactionrecordthatdescribesprod-
ucts,quantities,time, andaddressesof both the customer
andmerchant.Therearemany waysof approachinganal-
ysisof this data,includingcreatingstatisticalmodels,clus-
tering, andfinding associationrules,but often it is just as
importantto find relationshipsinvolving geographicloca-
tion.

Automateddataminingalgorithmsareindispensablefor
analyzinglarge geo-spatialdatasets,but often fall short
of completelysatisfactoryresults.Althoughautomaticap-
proacheshave beendevelopedfor mining geo-spatialdata

[3], they areoftennobetterthansimplevisualizationsof the
dataon amap.Interactivedataminingbasedonasynthesis
of automaticandvisualdataminingmaynotonly yield bet-
ter results,but offer a higherdegreeof usersatisfactionand
confidencein thefindings[3]. Presentingdatain aninterac-
tive,graphicalform oftenfostersnew insights,encouraging
theformationandvalidationof new hypothesesto theendof
betterproblem-solvingandgainingdeeperdomainknowl-
edge.Analysismayinvolvemultiple parameters,shown on
multiple maps. If all mapsin sucha collection show the
datain thesameway, it maybeeasierto relatetheparame-
tersandto detectlocalcorrelations,dependencies,andother
interestingpatterns.Ontheotherhand,whenlargedatasets
aredrawnonmaps,theproblemof identifyinglocalpatterns
is greatlyconfoundedby undesiredoverlapof datapointsin
denselypopulatedareas,while lightly populatedareasare
almostempty.
PreviousApproachesThereareseveralapproachesto cop-
ing with densegeographicdata alreadyin commonuse.
Onepopularmethodis a 2.5D visualizationshowing data
pointsaggregatedupto mapregions.Thistechniqueiscom-
merciallyavailablein systemssuchasVisualInsight’s In3D
[1] andESRI’s ArcView [2]. Anotherapproach,showing
moredetail, is thevisualizationof individualdatapointsas
barson a map.This techniqueis embodiedin systemssuch
asSGI’s MineSet[5] andAT&T’ s Swift 3D [6]. An alter-
native thatdoesnot aggregatedata,andstill avoidsoverlap
in the two-dimensionaldisplay, is the Gridfit method[7].
Theideaof Gridfit is to automaticallyrepositionpixelsthat
wouldoverlap,anideawealsoadoptin this contribution.
Our Approach In this paperwe describePixelMaps,a
new approachto the displayof densepoint setson maps,
which combinesclusteringand visualization. PixelMaps
arenovel in severalways:First, they providea new tool for
exploratorydataanalysiswith largepoint setsonmaps,and
thusaugmentthe flexibility , creativity, anddomainknowl-



edgeof humandataanalysts. Second,they combinead-
vancedclusteringalgorithmswith pixel-orientedvisualiza-
tion, andthusexploit thecomputationalandgraphicscapa-
bilities of currentcomputersystems.

2 ProblemDefinition

The problemof visualizinggeo-spatialdatacanbe de-
scribedasa mappingof input datapoints,with their origi-
nalpositionsandassociatedstatisticaldatavalues,to unique
positionson an output map. Let � be the setof original
datapoints �������
	���
�
�
������������ , where������������ ������� is
theoriginalpositionof adatapoint,and !"�������  ��
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arestatisticalparametersassociatedwith apoint. Since� is
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i.e. E determinesthe new position H � of � � . The mapping
functionmustsatisfythreeconstraints:

1. No overlap Constraint
Thefirst andmostimportantconstraintis thatall data
pointsmustbevisible,whichmeansthateachonemust
beassignedto a uniqueposition.Formally, this means
&@]� '_^ H � ]�`H )aW &#� 'Ab � : ��
�
�
>��[ 9\: �

2. Position Preservation Constraint
The second constraint is that the new positions
should be as close as possible to the original
ones. We measure this objective by summing
the absolute distances of the data points from
their original positions c ������ed�	Bf ��� � ��H �  9 T gh&ji
or the relative distancesbetween the data points
c ������ed�	 c �����)�d�	�k �mld6) � f �nH � ��H )  9 f ��� � ��� )  4 4o 9 T g,&pi .
Thedistancefunction f canbedefinedby a q 5 -norm
( gr� : or gr�ts ). This constraintensuresthat the
displaycloselyrepresentsthe original data. The spe-
cific dataanalysistask at handprobablydetermines
whetheranabsoluteor relativemetricis moresuitable.

3. Clustering Constraint
The third constraintinvolvesclusteringon oneof the
statistical attributes !��4��& b ��01��
�
�
���u6� . The idea
is to presentthe data points such that those with
high similarity in !�� are close to each other1. In
other words, points in a neighborhoodof any given

1Weassumethattheclusteringdependson thestatisticalattribute vJwx v*y�z4{4{|{4zjv
}�~ .

data point should have similar values, so the out-
put haspixel coherence. This can be expressedas:
c �I�%���d�	 c��n�>���������n��� f�� �n!@�jH>�  ��!@�jH�)  4 9 T�g,&pi . Note
thatthisdependsonthedefinitionof theneighborhood�\�

of datapoints �
� , andthedistancefunction f
� on
thestatisticalattribute ! .

Trade-Offs and Complexity While it is not too hard to
find a goodsolutionfor any of thesethreeconstraintstaken
individually, they aredifficult to optimizesimultaneously.
Sincewegivepriority to constraint1 (nooverlap),theother
two constraintsoftenconflict. If constraint2 is optimized,
thelocationinformationis retainedasmuchaspossiblebut
theremay be little pixel coherencein the display. If con-
straint3 is satisfied,thedatais clusteredaccordingto ! but
the locationinformationmaybedestroyed. Therefore,our
goalis to find agoodtrade-off betweenconstraints2 and3.
This is a complex optimizationproblemthat is likely to be
NP-hard.

3 The PixelMap Algorithm

In this section, we describean algorithm for making
PixelMaps by optimizing the objectives describedprevi-
ously. The PixelMap algorithm solves the optimization
problemby kernel densityestimationand an iterative lo-
cal repositioningscheme.It startsby computinga kernel-
density-estimation-basedclusteringin thethreedimensions
������ ������ ��!@�n� �  4 . Kerneldensityis a way of estimatingthe
densityof a statisticalvalue �j!@��� �  4 at all locationsin a
region basedon �n�
�� ������  . Theclusteringdefinessetsof re-
latedpixels determinedby the two spatialdimensionsand
theadditionalstatisticalparameter. The ideais to placeall
datapointsbelongingto thesameclusterin proximatedis-
play pixels. The next stepis a secondkernel densityes-
timation basedclusteringon the two geographicaldimen-
sions ������ ������� . Theinformationobtainedin thetwo cluster-
ing stepsis usedfor iterativepositioningof thedatapoints.
Startingwith thedensestregion,all datapointsbelongingto
oneclusterareplacedat neighboringpixels without over-
writing previously placedones. If multiple clustersare in
thesamearea,thesmallestclusteris positionedfirst. After
all pixelsin anareaarepositioned,thealgorithmappliesthe
sameprocedureto the clustersof the next densestregion,
until all the datapointsarepositioned. Outliersandvery
small clusters,which would otherwisebe treatedasnoise,
areat lastpositionedat theremainingfreepixels.
Complexity of the PixelMap Algorithm. Sinceourgoalis
to clustermany pointslocally accordingto a statisticalpa-
rameter, we mustanticipatea largenumber( ����i  ) of rela-
tively small clusters.This requiresthe kerneldensityesti-
mationto becomputedatafinegrain,with many peaksthat
mustbediscovered(suchasby hill-climbing). In addition,



thesmoothness( � ) of thekernelfunctionneedsto varywith
spatialdensity, and different kernel functionsare needed
for the spatialandstatisticaldimensions.Theseproblems
make it computationallyprohibitive to directly implement
thePixelMapalgorithmfor largedatasets.

4 Fast-PixelMap - An Efficient Solution of
the PixelMap Problem

The basic idea of Fast-PixelMap is to rescalecertain
mapregionsto betterfit densepoint cloudsto uniquepo-
sitions on the output map. The Fast-PixelMap-algorithm
is an efficient heuristic approximationto the PixelMap-
algorithm, combining some of the advantagesof grid-
files andquadtreesin a new datastructureto approximate
the kerneldensityfunctionsandenableplacementof data
pointsat uniqueoutputmappositions. This datastructure
supports,first, the recursive partitioning of both the geo-
spatialdatasetandtheEuclidean2Ddisplayspaceto enable
anefficient distortionof themapregions,second,anauto-
maticsmoothingdependingonthex-y density, andthird,an
array-based3D densityestimation.

Theabove mentionedrecursive partitioningcanbeeffi-
ciently storedasa binary treein eachcase,andthecombi-
nationof bothbinarytreeswithin asinglemultidimensional
array. This combinationis realizedthroughthe storageof
the coordinatesof the two differentarisingsplit points(in
the dataand in the display space)in eachtop-down con-
structionstep. Note, that our datastructureusesmidden
split-operationsaccordingto differentparameters.In case
of thegeo-spatialdataset,a gridfile-like midden-split,and
in caseof thedisplayspace,aquadtree-likemiddensplit op-
erationis performed.The gridfile-like partitioningof geo-
spatialdatasetsappliessplit operationswithin the10%sur-
roundingneighborhoodof themiddlepoint (left+right)/2of
thearisinggeo-spatialpartition.Therecursionterminatesif
themaximalsplit level is reached,or if a partitioncontains
fewer thanfour datapoints.Thegoal is to find denseareas
in the spatialdimensions������ ���
��� and to allocateenough
pixelsto placeall thepointsof thesedenseregionsatunique
positions. The Fast-PixelMap datastructureenables,in a
secondstep,the efficient distortionof certainmapregions
in the2D displayspace,by relocatingall datapointswithin
the old boundariesof the quadtreepartition to new posi-
tionswithin new boundariesof thequadtreepartition.After
rescalingall datapoints to the new boundaries,the itera-
tivepositioningof datapointsstartswith thedensestregion.
Within aregion,thesmallestclusteris chosenfirst. Theiter-
ativepixelpositionheuristicplacesall datapointsbelonging
to oneclusterat adjacentpixelswithout overwriting exist-
ing ones.
Complexity Thetimecomplexity of theproposedapproach
is ����i��e�*� o i  . Theadditionalspaceoverhead,0Z��i����e�*�Di  ,

is negligible. This additionalspaceis neededby the Fast-
PixelMapdatastructureto storetheoriginaldatapointswith
aconstantnumberof split-operations(whichdependsonthe
maximalsplit-level).

5 Application and Evaluation

We experimentallycomparedthe Fast-PixelMap algo-
rithm with ageneticalgorithmfor multi-objectiveoptimiza-
tion [8], andwith PixelMap(basedon theDenCluecluster-
ing algorithm[4]). We evaluatedthemwith respectto time
efficiency andtheobjectivespresentedin section2. Theex-
perimentswererunusingasampleof �D0*0D0*0 pointsfrom the
U.S. Year2000CensusHouseholdIncomeDatabase,on a
700MHz Pentiumcomputerwith 1GByteof mainmemory.
Efficiency and Effectiveness Figure 2 shows time-
performancecurvesof all threemethods,with varying de-
greesof input point overlap. The efficiency resultsshow
thattheaveragenumberof datapointsassignedto thesame
positionplaysan importantrole in the performanceof all
threemethods.The resultsindicatethat theFast-PixelMap
algorithmoutperformstheothertwo methodsfor all degrees
of overlap,andis computationallypracticalfor largespatial
datasets. Effectivenesscan be measuredwith respectto
the threeoptimizationgoalsdefinedin section2. Figure
3 shows measurederror curves for the threeoptimization
goals. In summary, the resultsshow thatFast-PixelMap is
aneffectiveapproximationfor thepixelplacementproblem,
andis practicalfor visually exploring largegeo-spatialsta-
tistical datasetsin searchof local correlations.
Visual Evaluation and Applications Formalmeasuresof
effectivenessareonly meaningfulif they leadto usefulvi-
sualizations.Figure1 shows a samplefrom the U.S. Year
2000CensusMedianHouseholdIncomeDatabasefor the
StateNew York, which in generalvalidatesthemathemati-
cally definedeffectivenesscriteria.

6 Conclusions

We presentedthe PixelMap algorithm,which combines
kernel-density-based-clusteringwith a novel pixel-based
visualizationtechnique.It avoidslossof informationdueto
overplottingof datapoints. It assignseachinput datapoint
to auniquepixel in 2D screenspace,andbalancesthetrade-
off of spatiallocality (absoluteandrelative positionpreser-
vation)with clusteringto achievepixel coherence.We also
describedtheFast-PixelMapheuristicthatprovidesefficient
approximatesolutionsto the PixelMap optimizationprob-
lem, andis of practicalvaluefor exploring geo-spatialsta-
tistical data.
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Figure 1. New York State Year 1999 Median
Household Personal Income - PixelMap dis-
plays cluster regions. Note high-income clus-
ters on the East side of Manhattan’ s Central
Park, and low-income cluster s on the West
end of Brookl yn.
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Figure 2. Comparison of the efficienc y
of Fast-Pix elMap, PixelMap, and a multi-
objective genetic optimization algorithm (log-
scale)
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Figure 3. Effectiveness Measurement of the
defined optimization constraints 1, 2, and 3
in section 2 (log-scale)


