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Abstract

Clusteringspatialdatais a well-knownproblemthat has
beenextensivelystudied. Grouping similar data in large
2-dimensionaspacedo find hiddenpatternsor meaningful
sub-goupshasmanyapplicationssut assatelliteimagery,
geagraphic information systemsmedicalimage analysis,
marketing computervisions,etc. Althoughmanymethods
have beenproposedin the literature, very few have con-
sideled physicalobstacleghat mayhavesignificantconse-
guenceon the effectivenes®f the clustering Takinginto
accounttheseconstiaints during the clusteringprocessis
costlyandthe modelingof the constaintsis paramountfor
goodperformanceln this paperweinvestigateheproblem
of clusteringin the presenceof constaints sud as physi-
cal obstaclesandintroducea new appmacd to modelthese
constaints using polygons. e also proposea strategy to
prunethesearch spaceandreducethe numberof polygons
to testduring clustering We devise a density-basealus-
tering algorithm, DBCIuC, which takes advantaye of our
constaint modelingto efficiently clusterdataobjectswhile
consideringall physicalconstrints. Thealgorithmcande-
tect clustess of arbitrary shapeand is insensitiveto noise
theinput order, andthe difficulty of constaints. Its average
running compleity is O(NlogN) whete N is the numberof
datapoints.

1. Introduction

Unsupervisectlassificationof objectsinto groupssuch
thatthe similarity of objectsin agroupis maximizedwhile
the similarity betweenobjectsof differentgroupsis mini-
mized, is an interestingproblemthat hasattractedthe at-
tention of statisticiansfor mary yearsbecauseof the nu-
merouspotentialapplications.Recently we arewitnessing
aresugenceof interestin new clusteringtechniquesn the
datamining community and mary effective and efficient
methodshave beenproposedn the machinelearningand
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datamining literature. The rapid increasdn digitized spa-
tial dataavailability haspromptedconsiderableesearchn
whatis known asspatialdatamining [19]. Clusteringanal-
ysisfor datain a 2-dimensionakpaces consideredpatial
datamining andhasapplicationdn geographidénformation
systems patternrecognition,medicalimaging, marketing
analysisweatherforecastinggetc. Clusteringin spatialdata
hasbeenan active researchareaand mostof the research
hasfocusedon effectivenessandscalability As reportedn
suneys on dataclustering[11, 14] clusteringmethodscan
beclassifiednto Partitioningapproachefl7, 21, 5, 22, 31],
Hierarchicalmethodq26, 32, 10, 15], Densitybasedalgo-
rithms|[8, 2, 13], Probabilistictechniqueg6], Graphtheo-
retic [31], Fuzzy methods[4, 23], Grid-basedalgorithms
[30, 25, 1], and Model basedapproacheg24, 18]. As
pointedout earlier thesetechniqueshave focusedon the
performancein terms of effectivenessand efficiengy for
large databasesHowever, almostnoneof themhave taken
into accountconstraintshat may be presentin the dataor
constraintson the clustering. Theseconstraintshave sig-
nificant influenceon the resultsof the clusteringprocess
of large spatial data. In medical imaging, for example,
while 2 pointscould be closetogetheraccordingto a dis-
tancemeasurethey shouldbe restrainedfrom being clus-
teredtogetherdueto physicalor biological constraints.In
a GIS applicationstudyingthe movementof pedestrianso
identify optimalbankmachineplacementsfor example the
presenceof a highway hindersthe movementof pedestri-
ansand shouldbe consideredas an obstacle. To the best
of our knowledge,only two clusteringalgorithmsfor clus-
tering spatialdatain the presencef constraintshave been
proposedvery recently: COD-CLARANS [28] basedon a
partitioningapproachand AUTOCLUST+[9] basedon a
graphpartitioningapproach][29] introduceshe taxonomy
of constraintdor clustering: Constraintson individual ob-
jects;ObstaclenbjectsasconstraintsClusteringparameters
asconstraintsand Constraintdmposedon eachindividual
cluster Its primarydiscussiorhasbeenfocusecon SQL ag-
gregateand existential constraints. Thoseconstraintshave



(c) Clusters with constraints

Figure 1. Clustering data objects with con-
straints

considerableffect on clusteringa databasetakinginto ac-
countthe capacityof involvedresource.COD-CLARANS
[28] andAUTOCLUST+[9 proposealgorithmsto solvethe
problemof clusteringin the presencef physicalobstacles
to crosssuchasrivers, mountainrangesor highways, etc.
[28] definesobstacleshy building visibility graphsto find
the shortestdistanceamongdataobjectsin the presencef
obstaclesThegraphhasedgedetweerdatapointsthatare
visible to eachother and the edgeis eliminatedif an ob-
stacleobstructsthe “visibility”. The visibility graphis ex-
pensve to build andis consideredspre-processeih [28],
thusmakingtheapproachook performingandscalingwell
sincethe pre-processings taken out of the performance
evaluation. [9] builds a Delaunaystructureto clusterdata
points consideringobstaclesa more scalableand efficient
datastructure.However, it is expensve to constructandis
not flexible to combinea differentkind of constraints.As
anexample,Figure 1 shaws clusteringdataobjectsin rela-
tion to their neighboursaswell asthe physicalconstraints.
Ignoring the constraintdeadsto incorrectinterpretationof
the correlationamongdatapoints. Figure 1(b) shavs two
clusters. The correctgrouping(Figure 1(c)) visually gen-
eratesfour clustersfour clustersdueto highway andriver
constraintsandonenaturallygroupedcluster

The algorithm we proposein a 2-dimensionalpla-
nar space,DBCIuC (Density-BasedClusteringwith Con-
straints, pronouncedDB-clu-see),is basedon DBSCAN
[8] adensity-basedlusteringalgorithmthatclearlyoutper
formsthe effectivenessand efficiency of CLARANS [21],
thealgorithmusedfor COD-CLARANS. The performance
is betternot only in termsof time compleity, but alsoin
termsof clusteringperformancegetectionof naturalclus-
tershapesndnoisesensitvity.

In this paper we alsointroducea new ideafor model-

ing constraintausingsimple polygons. Note thatthereare
two classeof polygonswith respecto mathematicaton-
text, asillustratedin the geometrylieterature[12, 27]: a
simplepolygonanda crossingpolygon(seeObstacleMod-
eling). Polygonscanrepresenpbstaclesf arbitraryshapes,
lengths thicknessgtc. Giventhe potentiallarge numberof
edgesrepresentingll the polygonsin the spaceto cluster
we havereducedhesizeof thesearctspaceby introducing
theideaof representingpolygonswith a minimumnumber
of lines that presere the connectvity and disconnectiity
betweerpointsin space.

The remainderof the paperis organizedasfollows: In
Section2, we briefly introducethe notionsof reachability
and connectvity neededn the expansionprocessof DB-
SCAN 8] sincethesamereachabilityideais adoptedn our
algorithm, and presentthe motivating conceptssignificant
to this study In Section3, we shav how we modelthecon-
straints,obstaclesandillustratehow the edgesf the poly-
gonsarereducedo improve performance.The main clus-
tering algorithmthat considersconstraintsduring the clus-
teringis introducedwith its compleity analysisin Section
4. Section5 shows the performanceof this algorithmand
its clusteringresults.Finally, Section6 concludeghis study
with somediscussiorof futurework.

2. Background Concepts

While COD-CLARANS s basedn the partitioningap-
proachof CLARANS, which adoptsEuclideandistances
andconsidersonly clusterswith sphericalshapesye have
selectedthe density-baseddeabehind DBSCAN that ex-
pandsthe neighbourhooaf a point basedon a fixed mini-
mum numberof pointsreachablavithin anareaof a given
radius. Unlike the partitioningapproachthe density-based
methodwe adopteddoesnot requiretheapriori knowledge
of the numberof clustersin the data. In thefollowing sec-
tion, we presentthe importantconceptsof DBSCAN and
definetheimportantnotionsthatmotivateour clusteringal-
gorithm.

2.1. DBSCAN

DBSCAN is a clusteringalgorithm with two parame-
ters, Eps and MinPts, utilizing the densitynotion that in-
volvescorrelationbetweera datapoint andits neighbours.
In order for datapointsto be grouped,there must be at
leasta minimum numberof points called MinPts in Eps-
neighbourhoodNgy,s (p), from a datapoint p, givena ra-
diusEps lItsintuition hasfocusedondetectingnaturalclus-
tersamongdataobjects,while discriminatingnoises(out-
liers) from clusters.In DBSCAN, the following definitions
aredenoted.



MinPts: 4 p and g are density-connected by o
INPts:

p is density-reachable from g, not g from p

Figure 2. Density-reac hable and Density-
connected

Definition1. (Directly density-reachabled pointpisdi-
rectly density-reachabl&om a point g with respecto Eps
MinPtsif

(1) pe€ Ngps (9)

(2) INEps (p)] > MinPts, where [Ng,s (p)| denotesthe
numberof pointsin the circle of radiusEpsandcentre

p.

Definition 1 is importantto understandhe differencebe-
tween core points and border points, since border points
have the less number of Eps-neighbourhoodhan core
pointsdo.

Definition2. (Density-reachablef point p is density-
rea-chablefrom a point g with respecto EpsandMinPts,
if thereis a chainof pointspy, .., Pn, P1r = Q. , Pr = p Such
thatp;: is directly density-reachabl&om p;.

Definition3. (Density-connected point p is density-
connectedto a point q with respectto Eps and MinPts,
if thereis a point o suchthat both, p and g are density-
reachabldrom o with respecto EpsandMinPts.

Definition4. (Cluster)Let D be a databasef points. A
clusterC with respectto Eps and MinPts is a hon-empty
subsebf D satisfyingthe following conditions

(1) Maximality: V¥ p, q if p € C andq is density-reachable
from p with respecto EpsandMinPts,thenq € C.

(2) Connectvity: V p, g € C, p is density-connectetb q
with respecto EpsandMinPts.

Definition5. (Noise)Let p € adatabas®. p is noise,if
p ¢ C;, whereC; is it cluster 0 < i <k, k is the number
of clustersan D.

Figure?2 illustratesthe above definitions. The detailedfig-
uresanddiscussiorarefoundin [8].

Oncethe two parameterEps and MinPts are defined,
DBSCAN startsto group data points from an arbitrary

point. If a cluster cannotbe expandedwith respectto
the densityreachableand density-connectedefinitions, it
startsgroupingdatapointsfor anothercluster This proce-
dureis iterateduntil thereis no datapoint to be expanded
andall datapointsin the datasetlusteredor labelledasa
noise.Onemajorissuewith DBSCAN, aspresentedn [8],
is the problemof high dimensionalityof dataobjectswhen
looking for rangequeriesto quickly identify pointsin the
neighbourhooaf anothemoint. In [8] the authorsindexed
dataobjectsusing the R*tree [3], but this structurehasa
dimensionalitylimitation of 16 dimensionswith respecto
efficiency, asreportedin [7]. While we are only dealing
with 2 dimensiondfor spatialdata,we use SR-Tree struc-
tures[16] insteadn ourimplementatiorof DBCIuC, which
allows us to do efficient rangequeriesfor neighbourhood
datapoints.

2.2. Motivating Concepts

As briefly mentionedin the introduction,the existence
of constraintsmay not only affect the efficiency but also
the accuray of the clustering. This leadsusto investigate
meansto overcomethesetwo problemswhile considering
constraintsIn thefollowing, we characteriz¢hesephysical
constraintdy introducingsomedefinitions.We assumeéhat
obstaclesregivenin theform of polygonswith rigid edges.

Definition6. (Obstacle)An obstacleis a polygon de-
notedby P(V, E) whereV is a setof k pointsfrom an ob-
stacle:V = {vy, Vo, vs,..., Vi } andE is asetof k line seg-
ments:E={ e, &, €3, ..., &} wheree; is aline sggment
joiningv; andv; 41 ,1< i<k, i+1=1if i+1>k. Therearetwo
classe®f obstaclescorvex andconcave Thedistinctionis
importantaswe shall seelater.

Thereare two classesof obstacles:cornvex and concave
Thedistinctionis importantaswe shallseelater.

Definition7. (Visibility) Visibility is a relationbetween
two datapoints, if the line sggmentdravn from one point
to the otheris not intersectedvith a polygonP (V, E) rep-
resentinga given obstacle.Givena setD of n datapoints
D ={di, dy, d3, ..., d, }, aline sggmentl joining d; andd;
whered;, d; € D, i#j, i andj € [1..n], andaline segment
er € E, If # apointp thatis anintersectionpoint between
two line sggmentd ande, , thend; is visible to d;.

Definition8. (Visible Space)Given a set D of n data
pointsD={d,, ds, d3, ..., d,}, A visible spaceis a setS
of k pointsS={s;, 5, S, ..., S} suchthatV s;,;s; € S, s;
ands; arevisible to eachother while s is not visible to
s'yin S’ , whereS' is avisible spacesuchthatS’ N S =0,
S’andS C D, i#j, andi andj € [1..n].



Beforedefiningthe problemof clusteringdatapointsin
thepresencef obstaclesye needo redefineacluster(Def-
inition 4) thatconformsto Definition 7.

Definition9. (Cluste) Given a setD of n datapoints
D={dy, do, ds, ..., d,}, aclusteris a setC of ¢ points
C={ ¢, ¢, Cs, ..., C. }, satisfyingthe following condi-
tions,whereC C D, i # |, andi andj € [1..n]. Let D be
a databasef points. A clusterC with respectto Epsand
MinPtsis a non-emptysubsebf D satisfyingthe following
conditions

(1) Maximality: V d;, d; € D, if d; € C andd; is density-
reachablérom d; with respecto EpsandMinPts,thend; €
C.

(2) Connectiity.V c;, c; € C, ¢; is density-connectetb c;
with respecto EpsandMinPts.

(3)V ¢;, ¢; € C, ¢; andc; arevisible to eachother

3. Modeling Constraints

We have definedthe problem of clusteringwith con-
straintsin the previous section. Consideringthe efficiency
of theprocesof clusteringi,it is essentiato modelthe con-
straintsefficiently to limit theimpactof the constraintson
the cost-efectivenesof the clusteringalgorithm. As men-
tionedin Sectionl1, we have optedto modelthe physical
constraintsvith polygons.However, with alargenumberof
obstacleswe would have alargenumberof edgedo testfor
the division of visibility spacegDefinition 8). We present
hereinaschemeao modelpolygonsthatminimizesthenum-
berof edgedo take into consideration.

3.1. Obstacle Modeling

Many researchareassuchas spatialdatamining, com-
putationalgeometry computergraphics robotnavigations,
etc, have consideredobstaclesas polygons. The perfor
manceof the algorithmsusedis dependenbn the size of
inputs(i.e. thenumberof polygonedges) For instancefor
finding a shortespathbetweena startingpoint anda desti-
nationin the presenc®f obstructionsit is requiredto eval-
uateobstaclego minimize a tour distance.Understanding
connectvity amonggiven datapointsis also necessaryo
evaluateobstacles[28] and[9] discusgheclusteringprob-
lemin the presencef obstaclesbut [9] doesnot explicitly
explain how to model obstaclesut simply usesa Delau-
naygraphto modelthewholedataspace Eventhough[28]
modelsobstacleausing a visibility graph,the authorsdid
not presenthow the typesof obstaclesare specified,since
the classificationof an obstacletype improve the searchin
costin [28]. In addition,the visibility graphis assumedo
begivenandnever consideredn thecomplexity analysisor
executiontime.

While we modelobstacleswith polygons,a polygonis
representedvith a minimum set of line segments,called
obstructionlines, suchthatthe definition of visibility (Def-
inition 7) is not compromised.This minimum setof lines
is smallerthanthe numberof edgesn the polygon. Thisin
turnreducegheinput sizeandenhancethe searchingask.
Theobstructioninesin a polygondependuponthetype of
polygon: corvex or concae. Note thatan obstaclecreates
a certainnumberof visible spacesalongwith the number
of corvex points. Beforewe discussthe ideato corverta
given polygoninto a smallernumberof line sggments(ob-
structionlines),we needto testif agivenpolygonis corvex
or concae. If ary point of the polygonis cateyorizedas
concae,thepolygonis saidto beconcae. It is corvex oth-
erwise.Thecorvexity testis fundamentain composinghe
obstructionlines. The problemthenconsistsn determining
whetherpolygonpointsareeitherconcae or corvex. The
corvex pointtestandthe multifacetedorocesgo determine
theobstructionlines, representing givenpolygon,is given
in detailsin [20]. For the sale of brevity andlack of space,
we only presenthe essentialdeaherein.

3.1.1. TheConvexity test: Turning Directional Approach

The“TurningDirectional” approacthasbeenintroducedy
[27]. The intution of the Turning directioanlapproachis
to evaluatethe corvexity of polygonsvia the definition of
a polygonthatis mathematicallydefined. [27] classifiesa
polygonaseithera simple polygonor a crossingpolygon.
A simplepolygonis a polygonsuchthatevery edgein the
polygonis notintersectedvith otheredgeghatexist in the
polygon.A crossingpolygonis a polygonsuchthatthereis
anedgethatis intersectedvith otheredgeghatexist in the
polygon. Therefore crossingpolygonsare not determined
ascorvex. Notethatthis paperconsidersa simplepolygon
anda crossingpolygon,asthe formeris a dominantobject
in spatialapplicationsandthe latteris simply dealtwith set
of simplepolygon.

Now we claimthata polygonis a cornvex polygon,if and
only if all pointsfrom the polygonmalke a samedirectional
turn. The claim canbe easilyproved. Supposea polygon
P doesnotfollow the claim. It thenis obviousthatP is not
acorvex. As desrcribedn Figure3 (a), pointsb andc are
concae verteceghatmake P aconcae. Let P bea cornvex
polygon. Thenall possibleline segmentthatjoin two non-
consecutre pointsfrom P shouldbe interior to P. Hence
the vertex f mustbe pulled out at leastup to theline | in
orderfor P to bea corvex. If thevertex f liesonthelinel,
thena corvex is composeckerasingonevertex. Note thata
differentshapeof a polygonis drawn, if f lies overtheline
l.

In order to test a turning direction for 3 consecutie
vertecesthe sign of the triangle areaof 3 pointsis exam-



(a) A concare

(b) A polygon

Figure 3. Turning examples in polygons

inedvia a determinantAs aresult,thesignof thedetermn-
inant evaluatesthe turning direction either a clockwise or
a counterclockwise.Note that we assumeall pointsin a
polygonare enumeratedn an order either clockwiseor a
counterclockwiseHence we caneasilyidentify atypeof a
polygonaswell asa type of eachvertex from the polygon
in a lineartime O(n), wheren is the numberof pointsin a

polygon.

3.1.2. Polygon Reduction

In orderto generateobstructionlines for a given polygon,
we first needto identify the type of the polygon. corvex
or concae. Noticethatthe numberof obstructionlinesde-
pendson a polygontype. The corvex pointteston a point
from a givenpolygonis basedon testingwhetherthe turn-
ing directionof all pointsis in a sameway. Note thatthe
Corvex Hull algorithmin the graphtheoryliteratureis not
applicablein this context. For instancethe polygononthe
bottomof Figure4 couldbeidentifiedasaconcae,whereas
the Corvex Hull algorithmscannot recognizea type of a
point. It is critical for PolygonReductionalgorithmto la-
bel a type of a point from a polygon. Oncewe catejorize
a polygoninto a corvex or a concae, we find the obstruc-
tion linesto replacetheinitial line segmentsfrom the poly-
gonaswe make surethevisibility spacesrenotdividedor
meirged. It is clearfor a corvex polygonto have the same
numberof visible spaceqDefinition 8) as the numberof
its cornvex pointssinceeachline sggmentfrom the corvex
point blocks visibility of its neighbourvisible spaces.In
contrastaconcae pointdoesnot createtwo visible spaces,
but doesa visible spacethatis createdby its neareston-
vex point. Accordingly, acorvex point creategwo adjacent
visible spaces.We obsene the fact that two adjacentine
segmentssharinga corvex vertex in a polygon are inter-
changeablavith two line sggmentssuchthat one of which
obstructsvisibility in a dimensionbetweentwo neighbour
visible spacesthat are createdby the corvex vertex and
the otherimpedesvisibility betweentwo neighbourvisible
spacesndtherestof visible spacesreatedy the polygon.
As a consequencedhe initial polygonis to be represented
asalose-lesssetof primitive edgeswith respecto visibil-
ity. Now, it is sufficientto discoverasetof obstructionlines

Figure 4. Simple polygons and generated ob-
struction lines

thatimpedesvisible spacedor every corvex vertex from a
polygonminimizing the numberof obstructionlines. It is

obviousthatwe reducen linesfor acorvex to [ ] obstruc-
tion lines. Dueto a bi-partition methodthat divides a set
of convex pointsinto two setsby an enumeratiororder; it

is straightforwardto composea setof obstructionlines by
joining two pointsfrom eachpartition. In addition, the bi-

partitionmethodachievesthe lose-lesgeductionof a poly-

gon.

It is not, however, trivial for a concare dueto its char
acteristic,whereasan obstructionedgeis easilydravn be-
tweentwo corvex vertex in a corvex. It is requiredfor a
concae to checka possibleobstructionline drawvn by the
bi-paritition methodis intersectedvith aline sggmentfrom
theconcae polygonandis exteriorto thepolygon,whichis
a“non-admissible” obstructionline. If a possibleobstruc-
tion line is non-admissibléo agivenconcave polygon,then
it is to bereplacedwith a setof obstructioninesthatmight
be line segmentsfrom the concae or are interior to and
notintersectedvith the concave polygon,which is a setof
“admissible” obstructionlines. In orderto constructa set
of obstructionedgesrom a concae, asa possibleobstruc-
tion edgecandidateis not admissible we employ a mod-
ified single-sourceshortestpath algorithm[20] cornverting
concae P(V, E) into aweightedgraphwhoseedgesareall
possibleobstructionlinesfor eachpointin theconcae and
whoseweightis the distancebetweena sourceanda des-
tination. The distanceon a pathow betweentwo pointsv
andw is notEuclidean but the numberof pointsonthe path
ow. Note the sourceandthe destinationvertex are one of
two end pointsfrom possibleobstructionedgecandidates.
Thedetailedstudyis foundin [20]. Thesemeasureshould
ensurehatthegeneratechumberof obstructiorinesis less
thantheoriginal numberof line segmentsfrom a polygon.



4. Algorithm

Oncewe have modeledobstacleaisingthe polygonre-
ductionalgorithm,DBCIuC startsthe clusteringprocedure
from anarbitrarydatapoint. Henceit is not sensitve to an
order of the datainput. The clusteringprocedurein DB-
CluCis quitesimilarto DBSCAN[8]. As illustratedin [8],
thedistancebetweerclustersC; andC, is definedasamin-
imum distancebetweendataobjectsin C; andC,, respec-
tively. Normally definedclustersthatarenot satisfiedwith
Definition 9 or whosedistancebetweenclustersis larger
thanEpsareisolated.

A databasés a setof datapointsto be clusteredn Al-
gorithm1. Line 1 initiatesthe clusteringprocedure In the
courseof clustering,Line 4 assignsa new clusterid for the
next expandablecluster

The ExpandClustem Algorithm 2 may seemsimilar to
the function in the DBSCAN. However, the distinctionis
thatobstaclesreconsideredn RetrieveNeighbourgPoint,
Eps,Obstacles]llustratedby Algorithm 3. Givena query
point, neighbourof thequerypoint areretrievedusingSR-
tree. In DBCIuC, we have adoptedthe range neighbour
gueryapproachnsteadof the nearesneighbourqueryap-
proachfrom SR-tree,sinceit is extremely difficult for the
latter to expanda setof clustersif a density of dataob-
jectsis high. Its averagerun time of a neighbourqueryis
O(logN) whereN is the numberof dataobjects. Notice
thattherangesearchn SR-treds veryexpensve,especially
whenthedensityis very high with alargedatabase.

Onceretrieving neighboursof a querypoint, it is trivial
to evaluatevisibilities betweera querypoint andits neigh-
bours. Thevisibility betweentwo dataobjectsin the pres-
enceof obstacleds computedusinga line sggmentwhose
endpointsarethe two dataobjectsin question. If ary line
segmentrepresentingan obstacleis intersectedwith this
line, thenthetwo datapointsarenotgroupedogetheysince
they arenot visible to eachotheraccordingto Definition 7.
Thoseacceptedeighbourglefinedasthe SEEDthatarere-
trieved by RetrieveNeighboursf Algorithm 2 continueto
expanda clusterfrom elementf the SEED,if thenumber
of elementsn the SEEDis notlessthanMinPts. A dataob-
jectis labeledby a properclusterid, if retrievedneighbours
aresatisfiedwith the parameteMinPts discriminatingout-
liers. Notethatline 15in Algorithm 2 doesexcludea noise
from being an elementof the SEED in orderto enhance
queryefficiengy.

The “RESULT” in Algorithm 3 is a setof dataobjects
thatareneighboursf a givenqueryobjects. The elements
in the RESULT is collectedandthe obstaclesareevaluated
by Alogorithm 3. The RESULT elementsare constructed
by removing dataobjectsthatarenot visible eachotherbe-
causeof the blockageof obstacles.This is performedby
line 3 in Algorihtm 3. Notice thatline 1 in Algorihtm 3

Input : DatabasendObstalces
Output : A setof clusters

1 /I Startclustering;
2 for Point € Databsedo

3 if ExpandClusterfatabasePoint,Clusterld,Eps,MinPts,Obstacles)
then
4 | Clusterld= nextld(Clusterld);
endif
endfor

Algorithm 1: DBCIuC

retrieves neighboursof a given query point using SR tree
[16].

4.1. Complexity

As discussedbefore, the polygon reductionalgorithm
modelsobstacledy classifyingan obstacleinto corvex or
concae. Let n bethe numberof pointsof a polygonp, and
n.. andn,, arethenumberof concae pointsandthe num-
ber of corvex pointsrespectiely with n = n.. + n.,. The
corvexity testfor p requiresO(n). The polygonreduction
algorithmrequiresa weightedgraph[20] to replacea non-
adimissibleobstructionline sggmentwith a setof admissi-
ble line sggments.The compleity in the replacements in
worstcaseO(nlogn) with anindexing schemeo searcHine
segmentslt in turn createsa setwith E numberof edgesn-
cludinga setof line sgmentsthatliesin P. Noticethatthe
numberof E is lessthana*n, wherea «n. The polygon
reductionalgorithmfor P requiresO(nlogn + n., | E) in the
worstcasewnherel isthenumberf non-admissibléine sey-
mentsto bereplacedwhile thelowerboundis £2(n). Hence,
the upperboundof the polygonreductionalgorithmis de-
pictedby O(n., | n). Whenwe evaluatea setof polygons
andn.. andl thatareonaveragdarsmallerthann, thecom-
plexity of the polygonreductionis on averagein the order
of O(n). PolygonReductionAlgorithm is a pre-processing
phasethat precedeghe clustering. The compleity of the
clusteringalgorithmalone,is in the orderof O(N-logN-L),
wherelL is the numberof obstructiorlinesgeneratedby the
polygonreductionalgorithm,andN is the numberof points
in the databaseThe compleity can,however, be reduced
to O(N-logN), if we adoptanindexing methodfor obstacles.
Currently to checkthe visibility betweentwo datapoints,
all obstructiorlinesaretested We couldreduceghenumber
of obstructionlinesto be checled by evaluatingonly lines
thattraversethe point neighbourhoodseeconclusionsand
futurework).
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Input

: Database,a data point Point, Clusterld,
Eps,MinPts,andObstacles

Output : Trueor False

SEED= RetrieveNeighbours(Poingps,Obstacles);
if sizeof seeds lessthanMinPtsthen
ClassifyPointasNOISE;
ReturnFalse;
endif
changeclusteredof all elementdn SEEDinto Clus-
terld;
deletePointfrom SEED;
while SEED.SIZE< 0 do
CurrentPoint SEED first();
RESULT = RetrievteNeighbours(CurrentPoint,
Eps,Obstacles);

if RESUIT.SIZE> MinPtsthen

for elemene RESULT do

if elemenis UNCLASSFIEDhen
putit into SEED;
setits clusterid to Clusterld;

endif

if elemenis NOISEthen

| setits clusterid to Clusterld;

endif

endfor

endif

deleteCurrentPoinfrom SEED;

endw

ReturnTrue;

Algorithm 2: ExpandCluster

A W N P

5

Input :adataobjectPoint,Eps,andObstalces
Output : A setof datapoints
RESULT = getNeighbour(Pointps);

for elemenRESUIT do

if ChedMsibility _with(elementDbstacles}hen
RESULT.delete(element);
endif
endfor
ReturnRESULT;

Algorithm 3: RetrieveNeighbours(PointEps, Obsta-
cles)

5. Performance

In this sectionwe evaluatethe performanceof the algo-
rithm in termsof effectivenessand scalability Although
COD-CLARANS and AUTOCLUST+ discussthe cluster
ing problemin the presencef obstaclesit is hardto com-
parequantitatvely the performancevith theirrespectie ap-
proacheglueto the differencein the datasetsised. To re-
alistically comparethe algorithms,we oughtto usethe ex-
act datasetsvith the sameconstraints. However, we did
not have accesso thesedatasetsevenif they aresynthetic
datasetswe can not regeneratedhem. Yetit is known
thatdensity-basecclusteringalgorithmssuchasDBSCAN
[8] outperformgpartitioningalgorithmssuchasCLARANS
[28] in termsof efficiency andeffectivenss.It canbe con-
cludedthat DBCIuC would outperformCOD-CLARANS
with respectto the scalability and clusteringquality. We
have evaluatedDBCIuC by generatingdatasetsith com-
plex clustershapesandby varyingthe size of dataaswell
asthenumberandcompleity of the physicalconstraints.

For the purposeof the experimentswe have generated
syntheticdatasetsWe reportthreeof themhereinDataset1,
Dataset2andDataset3Obstaclesuchasrivers,lakes,and
highwaysarealsosimulatedn thesedatasetsDataseton-
taining434 datapointswith four obstacless for illustration
purposesFigure5 shavsthe 16 polygonline sgmentsre-
ducedto 8 obstructionlines. SinceDatasetlis sparseijt is
primarily groupedinto one cluster Adding obstaclesre-
atesfour distinct clusters(Figure 5(c)). Figures6 and 7
illustrate the effectivenessof DBCIuC in the presenceof
obstaclesFor the corvenienceof comparisorof clustering
results,Figure 6 and 7 illustrate sequentiallydata points,
andobstaclesbeforeclustering(a); clusteringresultsin the
absencef constraintgb); clustersn the presencef obsta-
cles(c). Theredlinesfrom obstaclesn all datasetsrethe
obstructionlines to replaceinitial polygonsthataredrawn
in blue. DatasetZhasabout1063 datapoints with 4 ob-
stacles.Therearevisually 6 clustersignoring obstaclesas
shawvn in Figure6(b). Dataset2epresentthe primaryintu-
ition of the problemwe have investigatedn this paper The
correctclusteringshows 8 groupsof datapoints. Dataset3
has11775datapoints with 6 obstacleghat consistof 29
line sggments.Theinitial 29 line sggmentsfrom simulated
obstaclesrereplacedvith 15 obstructionlines.

We also conductedexperimentsvarying the size of the
datasetandthe numberof obstacleso demonstratescala-
bility of DBCIuC. Figure8 representshe executiontime in
secondgor eightdatasetsaryingin sizefrom 25K to 200K
with anincrementof 25K datapoints. The figure shovs a
goodscalability The executiontime is almostlinearto the
numberof dataobjects.Figure9 presentsheexecutiontime
in seconddor clusteringdOK dataobjectsbut by varyingthe
numberof obstacles.The numbersin the X-axis represent



(b} Clustenng without constrants

{c) Clustering with constraints

Figure 5. Clustering dataset Datasetl

the total numberof polygon edgesand the respectie ob-
structionlines. Noticethatour polygonreductionalgorithm
managedo reducethe numberof lines by approximately
half eachtime. The differentialin theincreaseof the poly-
gon edgesis not constant. However, in the proportionof
the increasen the polygons,the executiontime is almost
linear Thus DBCIuC is scalablefor large databasesvith
complicatedobstaclesn termsof size of the databaseand
in termsof the numberof constraints.

6. Conclusions

In this paperwe have addressedthe problemof cluster
ing spatialdatain the presencef physicalconstraintsThe
constraintswe consideredare not only obstaclessuchas
rivers,highways, mountainranges etc. We have proposed
a modelfor theseconstraintausingpolygonsand have de-
vised a methodfor reducingthe edgesof polygonsrepre-
sentingobstaclesy identifying a minimum setof line seg-
ments,called obstructionlines, that doesnot compromise
the visibility spaces.The polygonreductionalgorithmre-
ducesthe numberof lines representing polygon by half,

R
T

(a) Before clustering {b) Clustering without constrains

(¢) Clustering with obstacles

Figure 6. Clustering dataset Dataset2

(a) Before clustering {b) Clustering without constraints

{c) Clustering with obstacles

Figure 7. Clustering dataset Dataset3
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andthusreduceghe searctspaceby half. We have alsode-
finedthe conceptof reachabilityin the context of obstacles
andhave usedit in thedesignatiorof theclusteringprocess.
Finally, we have developeda density-basedlusteringalgo-
rithm, DBCIuC, which takes constraintsnto accountdur-
ing theclusteringprocessOwing to theeffectivenesof the
density-basedpproachPBCIluC finds clustersof arbitrary
shapesandsizeswith minimumdomainknowledge.In par
ticular, it is notnecessaryo know the numberof clusterso
be discovered. In addition,experimentshave shavn scala-
bility of DBCluCin termsof sizeof thedatabasé number
of datapointsaswell asscalabilityin termsof numberand
compleity of physicalconstraints.

In the currentimplementatiorof DBCIuC, obstaclesre
not indexed. This obligesa checkof all obstructionlines
beforeexpandingthe reachabilityof arny point. While the
numberof line seggmentsto testis reducedsignificantly
thanksto the polygonreductionalgorithm,this numbercan
still be reducedwith a betterindexing of the obstruction
lines. Indeed,it sufficesto testonly thelinestraversingthe
neighbourhooaf a datapoint to expand. However, since
linesarerepresentetby their end-pointsandend-pointsof
a closeline can be relatively far, it is difficult to issuea
rangequeryfor suchlines. With agoodindexing schemeof
the obstructiorlines, the compleity of the clusteringalgo-
rithm canbereducedo O(N-logN). Moreover, mostof the
executiontime in the currentimplementations spentin re-
trieving neighbourawvith rangequeriesin the SR-treestruc-
tureindexing datapoints. SR-treegperformwell for k- NN
type of queriesinstead. For spatialdatabasesyith anin-
dex structureoptimizedfor rangequeriesof 2- dimensional
dataobjectstheruntime of DBCIuC couldbe dramatically
improved.

We have addressetheproblemof clusteringin thepres-
enceof constraintssuchasphysicalobstaclesut only in a
2-dimensionalspace. While the SR-treestructureallows
us to cluster spacesof higher dimensionality our model
for constraintshasnot beentestedat higher dimensional-
ity andour polygonreductionalgorithmis limited to two-
dimensionalplans. We believe that some consideration
should be given to modeling constraintswhen clustering
high dimensionalspaces. We are currently investigating
otherconstraintssuchasbridgesand pedwaysthat canin-
validateobstaclesuchasriversandhighwaysatsomegiven
pointsor simply connectdistantclusters.Moreover, opera-
tional constraintsnot consideredn this paper have a key
role with respectto the effectivenesof clusteringresults,
eventhoughthey requireexpensve processing.
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