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Abstract

Building footprintsimplificationis of criticalimportanceto radiopropagatiompredictionsn wireless
communicatiorsystemsasthe predictiontimeis closelyrelatedto thenumberof bothbuildingsandver-
ticesinvolved. Intuitively, if thecompleity of footprints(i.e., thenumberof verticesin thefootprints)is
reducedpredictionscanbe generateanorequickly. However, suchreductionsoftenaffecttheaccurag
of resultsasthe simplificationerror constrainghe efficiengy that canbe achieved. To achiese a good
vertex reductionratefor thefootprintsinvolvedandatthe sametime presere the shape®f footprintsin
termsof theirareasprientationsandcentroidswe proposea numberof efficient single-passnethodgo
simplify building footprints. To satisfyconstraintoon edgesareasandcentroidof simplifiedfootprints,
multi-passmethodsare suggestedHybrid methodgake advantage®f complementarpropertyexhib-
ited by differentfootprint simplificationmethods.We assesshe baselineeffectivenessf our proposed
techniquesandcarry out an extensve comparatie evaluationwith real GIS datafrom differentmunic-
ipalities. Throughexperimentationwe find that hybrid methodsdeliver the bestperformancan both
vertex reductionrateandsimplificationerror. We examinethe effectsthatthesefootprint simplification
methodshave on theray-tracingbasedadio propagatiorpredictionsystemsn termsof processindime
andpredictionaccurag. Our experimentsshow thatfootprintsimplificationmethodsndeedreducepre-
diction time up to three-folds,and maintainpredictionaccurag with high confidenceaswell. We also
investigatethe relationshipbetweenfootprint simplificationerror andthe predictionaccurag. We find
thatthe predictionaccuray is sensitve to the distortion (i.e., changeof shape)of building footprints.
This helpsusto betterunderstandhetrade-of betweerprecisionof building databasendtheaccurag
of predictionggeneratedby ray-tracingbasedradiopropagatiorpredictionsystems.

Indexing Terms: Footprintsimplificationalgorithms simplified mapsfor radio propagatiorprediction,
experimentakevaluationof spatialreductionmethods.
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1 Intr oduction

Thetremendougrowth in mobile communicationsecessitatekastandaccuratepredictionof radio wave
propagatiorfor systemdeplo/ment. Microcells are currently usedto cover a small area,andtherebyin-
creasdhecapacityof the cellularcommunicatiorsystemg24, 22, 21, 23]. To achieve smallareacoverage,
the heightof antennasnstalledin a microcellbasestationmay be lower thanthe averageheightof the sur
roundingbuildings. In suchmodernradio wave propagatiorernvironments,corventionalstatisticalmodels
do notyield accuratgropagatiorpredictiong19]. Onthe otherhand,ray-tracingbasedadio propagation
predictionmodelshave shavn promisein microcellervironments[52, 48, 49, 50, 51, 25, 26, 1, 27]. Such
techniquedake into accounffine-level featuresof a geographiareaincluding building shapesndorienta-
tions, electricalcharacteristicef building materialsterrain,locationsof transmittersandrecevers,heights
andpatternsof antennasisedby bothbaseandmobile stations andcanevenincorporateveatherandveg-
etation[53, 54]. Propagatiorpredictionscan play an importantrole in determiningnetwork parameters
including coverage transmitted-dataates,optimal basestationlocations,andantenngatterns.Wheneer
anetwork parameters changedtheray-tracingsystemhasto be executedto evaluatethe effect of themod-
ification ontheentirenetwork. Suchsystemsarefrequentlyusedin thedesign,analysisanddeplg/mentof
wirelessnetworks.

For the elevatedbasestationantenna®f microcellularsystemsraypathsnvolve combinedpropagation
overandaroundthebuildings. A databasef buildingsis requiredto make predictiongn thiscase Whenthe
basestationantennasirebelov the surroundingdouildings,asin microcellularsystemspropagatiorappears
to separaténto two classe®f raypathd20]. Oneclassgoesaroundthe sidesof the buildings,essentiallyin
thehorizontalplane,while the othergoesover thebuildingsin thevertical planecontainingthe basestation
antennaandthe mobile[47, 20]. This studyinvestigates classof raysthatgo aroundthe sidesof buildings
andrely on 2-D ray tracingmethods.

For ray-tracingsystemgo work well, two key objectives have to be fulfilled: precisionof the building
databas@ndreasonabl@redictiontime. Thepredictionaccuray canbeadwerselyaffectedby the precision
of building featureqg47]. In thisregard,mary smalldetailswill contrikute little to the predictionspbut may
increasethe predictiontime dramatically Ray-tracingis computationintensve sinceit attemptsto follow
all possibleroutes(i.e., raypaths)Yrom all sourcepoints(transmittersanddiffraction cornersactingassec-
ondarytransmitters}o all recevers[25, 51]. Theseraypathanayundego multiple reflectionsdiffractions,
and/ordiffuse scatteringeffectsincurringlong processindgime [20, 21]. The above two objectvesarenot
orthogonalndrequiresubstantiatrade-ofs. The coreissueis to speedup ray-tracingandatthe sametime
maintainthe predictionaccurag at an acceptabldevel. Consistentwith ray tracingin 2-D for low base
stationantennasywe represenbuildings by their footprintsin this paper

Themostfrequentlyusedoperationin ray-tracingsystemss theray-wall-intersectiortestwhich accounts
for 90% of the processingime [3]. The ray-wall-intersectiontestis tightly coupledwith the numberof
edgesn the building databas@nda possibledecreasén numberof verticesmay substantiallyreducethe
processingime required. Diffraction cornersact physicallyas secondarysourcesandaretreatedas addi-
tional transmittersReductionof the numberof verticesin thebuilding databasalsomeansmallernumber
of diffraction cornersto be traced. Reductionof the amountof dataneededo be processedllows usto
designand usemuch simpler datastructures. Suchdatastructuresenablemore efficient operationg(i.e.,
retrievals, insertionsandupdates).

The above obsenrationspoint out that simplification of the building footprintsto a versionthat approxi-



matesthe original but hasfewer verticeswill speedup theradiopredictionprocessFootprintsimplification
canbe definedasan optimizationproblemwhoseobjectie functionis to minimize the numberof vertices
in building footprintswithout unduly effecting predictionaccurag. Maintaining predictionaccurag sug-
gestsa numberof constraints First, all verticesin the simplified footprint shouldbe a subsebf verticesin

theoriginal footprintto avoid spurioussecondaryransmittergdiffraction corners).Second)ong edgesare
muchmoreimportantthanshortonesin afootprintsincethey mayinterceptandreflectmorerays,andthus
mayilluminate morereceversandcorners.Finally, changedn areaor translationof the footprint’s centroid
may affect the numberof interceptedays,the constituensggmentsof raypathsandtheir unfoldedlengths.

The objective to minimize the numberof verticesin the building databaseanbe evaluatedby the vertex
reductionrate definedas (Nyq — Npew)/Noida, Where N,q and Ny, arethe numberof verticesin the
originalandsimplified building databasesgespectrely. The proposedtonstraintarequantifiedasfollows:
a) verticesin simplifiedfootprintsmustbea subsebf verticesin theoriginalfootprints;b) edgeswith length
L have to beretainedf L > f;L;,4, WhereLy,q is the prespecifiedhreshold and f; is the “length factor”
(f1 > 0); c) areaof thesimplifiedfootprint shouldsatisfy|(Anew — Aotd) /Aotd| < fa, WhereAy g andAyeq
aretheareasf theoriginalandsimplifiedfootprints,andf, isthe“areafactor’ (0 < f, < 1); d)thecentroid
of the simplified footprint shouldsatisfy Dy,ey o1d < feDind, Where Dy, 014 1S the distancebetweenthe
centroidsof the original andsimplified footprints, Dy}, is a giventhreshold and f. is the “centroid factor”
(0 < f. £ 1); ande) simplificationerrorsshoulddistribute uniformly alongthe footprint boundaryinstead
of concentratingpn only someportionsof thefootprint.

The organizationof the paperis asfollows: Section2 discusseselatedwork and Section3 outlines
performancemetricsused. Section4 proposedour families of single-passimplificationalgorithmsand
Sectionsb and 6 discussmulti-passand hybrid methodsrespeciiely. Section7 presentsan experimental
comparisorof theproposedalgorithmsandevaluategheimpactof footprintsimplificationsin theprediction
time and accurag on radio propagationpredictions. Our conclusionsand future work can be found in
Section8.

2 RelatedWork

Building footprint simplificationsharessimilaritiesanddemonstratedifferenceswith problemsin diverse
areasincludinga) polygonalizatiorin digital curve approximationb) polygonalsimplificationin computer
graphics,computeraided designand virtual reality, and c) the generalizationn geographidanformation
systemgqGIS).

Polygonalizatiormethodsarewidely usedin digital curve approximationg2, 5, 28]. The key objectve
is to approximatea curve with a polyline (connectedtraightline segments)sothattheresultingpolylineis
within userspecifiedthresholdgo the original curve [13, 7, 9, 10, 15]. Thereexistsa wealthof polygonal-
izationmethodsncludingtheiterative end-pointfit algorithm[17], thesequentiafit algorithms[10, 11,12],
the area-basedhethodd7, 9], the errornorm optimal method[16], the computational-geometrimethods
[14], andthe minimaxmethodandits variations[13, 15]. The aforementioneanethodsareasymmetrian
natureas the resultsgeneratectould be differentif startedwith differentinitial datapoints. Somesuch
symmetricmethodsare proposedn [8]. Polygonalizatiorandbuilding footprint simplificationsconsidered
heredemonstrateotevorthy differences.Building footprints are always polygonswith verticesin order
whereaghereis no suchrestrictionin polygonalization. The numberof verticesdepictinga building is



generallymuch lessthanthe numberof featurepointsin curve approximation. The objectve functions
andconstraintsarealsodifferent. In curve approximationfunctionsusedincludethe numberof edgesthe
lengthof perimeterandthe total area.In footprint simplification,we optimize by reducingthe numberof
verticeswhile atthe samedime we maintainpredictionaccurag of radiowave propagationSymmetryis not
requiredin building footprint simplificationmethods.Moreover, the asymmetrigpropertycanbe exploited
to furthersimplify footprints.

Polygonalsimplificationin computergraphics computeraideddesign,andvirtual reality [33, 29] trans-
formsa 3-D polygonalmodelinto asimplerversionby reducingthe numberof polygons.Adaptive subdvi-
sionalgorithmscommencevith asimple,coarsebasemodel,recursvely subdvide it, addingmoredetailto
local areasof themodelat eachstep[34, 35]. Oncethe subdvided modelapproximateshe original oneto
a userspecifieddegree thealgorithmsterminate[35]. Geometry-remeal algorithmsstartwith theoriginal
model,simplify it by repeatedlyemoving facesor vertices[37, 38, 39]. Sampling-basedlgorithmssample
the geometryof the original modelby eitherconsideringa certainnumberof randompoints,or by overlay-
ing the modelwith a grid and samplingeachcell of the grid [43, 36]. Then, sampling-basedlgorithms
attemptto createsimplified modelsderived from the sampleddata. Finally, hybrid-algorithmscombinethe
above techniquedo take adwantageof their individual featuresto achieve a high quality approximationof
the original model[42]. Althoughboth polygonalandfootprint simplificationmethodsareapproximations
that strive to presentsimplerversionsof initially “complex” models,they have substantiabifferences.In
polygonalsimplification,the objective functionis to useasfew tiles (polygons)aspossible while maintain-
ing the approximationerror within sometolerance.In our case the respecire objectve functionis to use
asfewer edgesaspossiblewhile toleratingsomeshapediscrepanciesWe canalsoimposeconstraintson
centroid,area,andedges.In polygonalsimplification, constraintsare on curvatures,normals,andcolors.
Differentmetricsareusedto quantify simplificationerroranddefineterminationcriteria.

Generalizationn geographignformationsystemdqGIS) dealswith the creationof multi-scalerepresen-
tationsof the sameobjects[44, 30]. The main constraintshereare the preseration of perpendicularity
collinearity and “parallelity” [44]. Thesecharacteristicsnustbe presered, and sometimesnhancedr
exaggeratedo give obsererstheimpressiorof seeinga specificobject. Pertinenigeneralizatioralgorithms
arediscussedh [45, 17, 57], leastsquaresdjustmentheoryis appliedfor the samepurposan [44], andthe
useof specificrulesfor building facadecharacteristicés proposedn [46] andincorporatedn modernGIS
systemd40, 41]. GIS generalizatiorandfootprint simplificationpresenkey differencesa) In generaliza-
tion, the objectie is to presenthe userwith a “well-formed” visualimpressionthatinherentlyintroduces
artificial verticesto presere or enhancehe parallelityandrectangularityof a footprint. In our work, artifi-
cial verticesarenotallowed. b) In footprintsimplification,theconstraint@reimposedon areacentroid,and
thelengthof edgesvhereasn generalizationthe constraintsareimposedon theedgesn orderto maintain
parallelity

Finally, an evaluationhasbeencarriedout on the influenceof databaseccurag on ray-tracingbased
radiopropagatiorpredictionin urbanmicrocells[47]. Building databasefor thesamecity but with different
precisionsaredervedfrom differentsourcesincluding satellitemaps(cadastrenaps) transportationmaps,
andcivil constructiormaps.In this paper we considerdataoriginatingonly from the samesourcethatis,
we derie differentmapswith differentaccuracie$rom the samebuilding database.



3 Simplification Err or

Theratio of predictiontimesincurredby usingthe original and simplified maps,alsotermedasspeedup,
is usedto evaluatethe efficiengy of a footprint simplificationmethod. The speedugs definedasT, /T,
whereT, andT; arethe processingimeswhen the original and simplified building databasegare used
in the ray-tracingsystem. In orderto assesshe effectivenessof footprint simplification algorithms,we
correlatetheirwork with obtainedoerformanceneasurementhatincludemean(y:) andstandardieviation
(o) of predictionerrors.As radio propagatiorpredictiontime andaccurag arecloselyrelatedto the nature
and/orcompleity of footprints,metricson footprint simplificationerrorcansene asreliableestimatorgor
pertinentpredictionaccuray.

The simplification error generatedoy a footprint simplification methodcan be describedby the area
differencemapwhich is the symmetricdifferencebetweenthe original andthe simplified footprints. The
statisticalfeaturesof areadifferencemapscanbe usedto characterizeéhe simplificationerrors,suchasthe
meanand standarddeviation, aswell asthe distribution of the areadifferences.Areadifferencemap can
be usedto evaluatethe performanceof a given footprint simplification methodsincewe canidentify the
following aspectsa) wherethe errorsscatterandwhatthe sizeof the error scatteringegion is; b) whether
or not the distribution of errorsis uniform. If not, which part of the map containsmostof simplification
errors;and, c) whatis the distribution of error sizes(granularities).lIt is desirablethat the distribution of
errorsis uniform over the entiregeographiareaso thatthe distortionis similar for every footprint, which
reduceghe varianceof simplificationerror Also, it is desirablethat granularityof errorsis assmall as
possibleso that distortionis not heary at ary part of footprints. Finally, footprint simplification should
be “unbiased”in that no specificstructural(regular) shapesippearin the areadifferencemap. Thatis, it
doesnotdistortscertaintypesof footprintsheavily, while changingothersvery little. Therefore afootprint
simplificationmethodcanbe judgedby the following conditions:1) the distribution of errors(residuals)s
randomanduniform; 2) thereis no structural(regular) shapen the differencemap;and, 3) the granularity
(size)of residualds small,or the varianceof sizesis small.

To bettervisualizeandevaluatethe differencebetweerthe centroidsof simplifiedandoriginal footprints,
a centroidtranslationmap can be constructed. The centroidsof the original footprint and the simplified
footprint arecalculatedor eachbuilding footprint. The displacementectorsof the centroidsfor all build-
ingsconstituteghe centroidtranslatiormap,from which statisticssuchasmeanandvarianceof translations
canbederived. Froma centroidtranslationmap,just aswith the areadifferencemap,we cancalculatethe
distribution, granularity orientation,mean,andstandarddeviation of the centroidtranslations.Therefore,
centroidtranslationmapscanbe usedasanalternatve mechanisnior the effectivenesf building footprint
simplificationmethods.

4 Single-pasg~ootprint Simplification Algorithms

4.1 InverseMidpoint DisplacementAlgorithms (IMD)

The midpointdisplacemen{MD) methodis usedin a wide variety of applicationsgncluding fractal shape
generation3, 4]. Using a 2D example,MD works as follows: beginning with a triangle with vertices
(z1,11), (z2,y2) and(zs,y3) eachedgeis subdvided into two halves, movesthe midpointsomedistance
in the plane,andyields a hexagonduringthefirst iteration. Thelocationfor the new midpointof the edge



(z4,v;) to (zj,y;) is calculatedasz, = (z; + z;)/2 andy, = (v; + y;)/2 + P(z; — z;)R(z,), where
P(-) is a perturbationfunction determiningthe extent of the midpoint movement,and R(:) is a random
numbergeneratarShouldthe above proceduréoeiterateda numberof times,thenafractalobjectis formed
[3]. The objectsderved for three,four and seven iterationsof the MD when appliedto initial triangle
of Figure 1 delineatedby (0.0, 0.0), (10.0, 0.0), and (5.0, 5.0), areshavn in Figures2 to 4. Here,the
perturbatiorfunction P = z; — z;, therandomfunction R = rand/len, rand is arandomnumberin the

rangeof (0.0,len), andlen = \/(wj — ;)2 + (y; — vi)?. Figure4 clearly demonstratea spiky behaior
thatexposeghe self-similarity propertyof the object.

Midpoint Displacement (teration 0 Midpoint Displacement (teration 3 Midpoint Displacement (teration L) Midpoint Displacement (teration )
10 10 10

Figure 1: Midpoint Figure 2: Midpoint Figure 3: Midpoint Figure 4: Midpoint
Displacement (itera- Displacement (itera- Displacement (itera- Displacement (itera-
tion 0) tion 3) tion 4) tion 7)

In our proposednverseMidpoint Displacemenglgorithm (IMD), we take the inverseapproachto the
MD method;weremove pointsfrom theinitial two-dimensionashapeandtransformanirregularobjectto a
simplifiedandmoreregularone.Shouldwe know one“original” pointof theshapetheperturbatiorfunction
aswell asthe randomfunction used,we could easily derive the exact original shape.In general,suchan
optionis notavailable. Thereforewe have to allow someapproximatiorfor thetwo functions(perturbation
andrandomfunctions)andrandomlyselectone point (thatis assumedo be the anchorfor the simplified
shape) Althoughfootprintsdo not possesshe exactself-similarity property it is reasonabléo assumehat
they demonstratstatisticalself-similarity property thatis, somepartsof a footprint arestatisticallysimilar
to the otherpartsof the sameor differentfootprintsin termsof orientation,lengthdistribution, andslope
distribution [55, 56].

TodescribeéhelMD methodwe defineabasicconceptermedcaptue region of aline sgment]. Assume
thatthelengthof aline sggmentl is L. A stripis definedaround whosecentralaxisis / andwhosewidth W
is afractionof L, thatis, W = f,, L, wheref,, is thewidth factor Theareacoveredby this strip is termed
the capture region of [. Themainideaof IMD algorithmis thatverticesthathapperto belocatedwithin a
specificcaptue region canbeeliminated.More specifically for eachvertex in thepolygon-to-be-simjified,
we constructhe captureregion for theline segment! formedby its prior vertex andsuccessie vertex in the
polygort. If this vertex is within the captureregion of /, thenit is consideredo be a “midpoint” of [ and
thusit canberemaoved. Thelatteroffersthebasicmechanisnior the simplificationof the shapean question.
Algorithm 1 shawvs the stepsof theIMD algorithm.

Therunningtime of Algorithm 1 is linearin the numberof vertices(n) in theinitial shape(i.e., O(n)).
Therearetwo issuesthat affect the quality of the simplificationprocessthey are: a) the selectionof the

1Theseverticescanbe easilydeterminecasour shapesredefinedwith a counterclockwiseorientationfor the outerboundary
anda clockwiseorientationfor theinnerboundary(hole).




Algorithm 1 InverseMidpoint DisplacemenAlgorithm (IMD)
1: A startingvertex S is choserfrom thoseverticescomprisingthefootprint F'.
Insertall theverticesof F' startingfrom S into aqueueq).
Let the setof verticesfor the simplifiedversion,V, to empty
while (Q is notempty)do
Remwe vertex S from the headof Q).
P + predecessor_vertex(S); N + successor_vertex(S); form thecaptureregionfor (P, N).
if (S falls outsidethe captureregion for (P, N)) then
Insertvertex S into thesetV'.
end if
: endwhile
: Thepolygonformedby theverticesin theorderedsetV is thefinal simplified versionof the polygon.

Tl
[N =}

startingpointandb) the designatiorof thewidth of the captureregion. It is beneficialif the startingpointis

anactualmidpointin theobject. We usetwo heuristicshatattemptto designatenidpointsasstartingpoints
with high probability Theseheuristicsare: 1) selecta vertex from the shortestedgein the polygonand
2) selectthe vertex which hasthe maximuminnerangle. Alternatvely, the easiesivay to selecta starting
pointis by randomlypicking onevertex in the given polygon. Thewidth factor f,, of thethe captureregion

is usuallyselectedrom therange[0.10, 1.00]. Anything higherthan1.00would indicatea very aggressie

simplificationroute. In this case,the shapeof a footprint may changedramaticallyand may affect the
accuray of theradiopropagatiorprediction.To avoid this, alimit canbeimposedonthemaximumnumber
of verticeswhich canberemoved consecutiely from afootprint.

Figure 5 depictsa polygon obtainedafter applying our IMD algorithmin the polygonthat appearsn
Figure3. Thewidth of captureregionis setto 0.75. If we compareFigures 5 and 2, we canverify thatthe
two polygonsarevery similar. In addition,the vertex reductionrateis 29% (or 34 edgesdownn from 48 in
theinitial polygonof Figure3).

4.1.1 ConstrainedInverseMidpoint DisplacementAlgorithm (CIMD)

Our IMD algorithm above considersonly one building at a time. In an urbanterrain, one may needto
simplify a numberof buildings at the sametime. The simplificationof a footprint may affect oneor more
neighboringbuildings. For instance althoughall the verticesin a simplified polygonarealsothe vertices
of the original one,someedgesof the simplified footprint may very likely be differentfrom thoseof the
original polygon. This happenglueto the introductionof artificial edgesnecessaryor the simplification.
Thelattermay intersectwith the edgesof neighboringfootprintsor polygons.In this case,t is imperatve
thatsimplified polygonsstill obey “natural” constraintse.g.,a building cannotoverlapothers.

In orderto satisfy naturalconstraintsywe maintainan outeraswell asone (or more)inner boundaries
for eachbuilding. All verticesandedgesof a simplified footprint shouldlie insidethe outerboundaryand
outsideof innerboundary(ies)Whensimplifying, thealgorithmshouldcheckthateachartificial edgein the
simplified building lies within the areaformed betweenthe inner and outerboundaries.The simplestand
moreaccuratevay to definethe outerboundaryis theareasurroundedy the original polygon. In this case,
we modify our IMD algorithmto accountor the above constraint.Theresultingalgorithm,the constrained
inversemidpointdisplacemen{CIMD), is depictedin Algorithm 2. Therunningtime of CIMD depends
onthe shape®f the givenouterandinner boundaries!f the outercontourof the original footprintis used



Algorithm 2 ConstrainednverseMidpoint DisplacemenAlgorithm (CIMD)

1
. Insertall theverticesof F' startingfrom S into aqueueq).

. Setthegroupof verticesfor the simplified version,V, to beempty
. while (@ is notempty)do

o U wWwN

10:
11:

A startingvertex S is choserfrom thoseverticescomprisingthefootprint .

Remwe vertex S from the headof Q).
P + predecessor vertex(S); N « successor_vertex(S); U is the lastvertec in V; form the
captureregionfor (P, N).
if (Edgeformedby verticesS andU is within specifiedouterandinnerboundaries)\ (S fallsoutside
the captureregion of (P, N)) then
Insertvertex S into V.
endif
end while
The polygonformedby theverticesin thesetV is thefinal simplifiedversionof the polygon.

asthe only outerboundaryandno inner boundaryis imposed thenthe conditionsof line 7 (Algorithm 2)
canbeevaluatedn constantime renderingCIMD’ s compleity linear(i.e., O(n) wheren is the numberof
verticesin theinitial footprint).

Figure6 depictstheresultof the CIMD algorithmfor thepolygonin Figure3 with theoriginal footprintas
theouterboundary(i. e.,all edgesf thesimplifiedpolygonshouldbewithin theoutercontourof theoriginal
footprint). We verify thattherequiredconstrainis satisfiedoy thesimplifiedversion.In thisexample we do
not considerary innerboundariesstheinitial shapds solid. The vertex reductionrateachievedby CIMD
algorithmis 22.92%andthe numberof edgeshasbeenreducedo 37 (down from 48). The constraint-based
algorithm producesa larger numberof edgesif comparedwith the resultsof Algorithm 1. However, the
resultingsimplifiedfootprintsaremoreaccuraten referenceo the original polygon.

Inverse Midpoint Displacement(From lter 4) Constrained Inverse Midpoint Displacement Embedded-Hull Method(Final Resut)
10 10
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Figure 5. Simplified Figure 6: Simplified Figure 7. Simplified
resultby IMD for the resultby CIMD for the resultby CHM method
polygonin Fig. 3 polygonin Fig. 3 for polygonin Fig.3

To satisfy additionalconstraintson areaand centroid, backtrackingshouldbe used. First, a simplified
footprint is found asusual. Then,the areaand centroidof the simplified footprint are testedagainstthe
constraints.If constraintsare not satisfied the algorithmstepsbackonevertex andfinds anotherfeasible
route. This procedures repeatedintil asolutionis found,or all possiblepathshave beentried.



4.2 Recursive Subdivision Methods (Res-FPS/Res-OCS)

In this section,we introducealgorithmsbasedon theiterative end-pointfit methodor recursve subdvision

method[17] with the helpof Figure8. Herethe curve is representedyy pointsfrom A to G, which arethe

input to the algorithm. The outputof the algorithmis a groupof connectedine sggmentsthatcollectvely

approximateheinitial curve. We commencéy connectinghetwo (provided) end-pointsof the set,which

is theline (A, G) in our example. Thenthe point which hasthe largestperpendiculadistancefrom the
line sggment(A, G) in the featurepointsis found (i.e., point D). If this largestdistance(DD’) is abave

a given threshold(setat run time by the user),thenD is a vertex in the approximatedcurve. The new

vertex D will form two new line sggments,(A4, D) and (D, G). Thesetwo new line segmentsreplaceour

initial approximatiorline segment(A4, G). Thealgorithmproceedsecursvely with the new line segments
(A, D) and(D, G) andthe remainingfeaturepointsare partitionedinto two pertinentsets. The algorithm
terminatesvhenthedistanceof eachfeaturepointto its nearesapproximatiorine segmentis belov agiven

threshold. We canmodify the above baselinealgorithmto approximatepolygonsand offer simplification
of building footprints. The key assumptionsn [17] that curvesarenot of closedform andfeaturepoints
arenot necessarilyrovided in orderdo not apply here. Thesedifferencesaffect the selectionof objectve

function,approximatiorerror metrics,andthe terminationcriteriafor the approximationrmethod.

In our algorithm, we first needto split the input polygoninto two cures by selectingtwo footprint
vertices.The coreproblemis how to selectthe above two vertices.Onechoiceis to pick a pair of vertices
that are locatedthe farthestapart. The rationalefor this choiceis the resultingpartition will yield two
almost-equallypopulatedsetsof verticesandit will help maintainthe shapeof the original footprint. Once
the two curnes have beendeterminedthe recursve subdvision algorithm canbe individually appliedto
eachoneandcompilethetwo simplified poly-lines. The synthesif the two resultingpoly-lineswill offer
thefinal simplifiedfootprint. In orderto locatethefarthestocatedpair of points,we first derive the corvex-
hull of all given points of our polygon andthen we usea divide-and-conquealgorithm[18] to identify
the pairin question.To form the corvex-hull we needO(n) computationaktepsfor a simple polygon(no
self-intersectionyvith n vertices.Thefinal selectionof the farthestpair requiresO(k) stepswherek is the
numberof theverticesin thecorvex-hull (k < n) [6, 18]. Thereforetheoverall computatiorcompleity to
find thefarthest-paiis O(n).

Our proposednethod(Res-FPSrecursve subdvision — farthest-paiisplit), is depictedin Algorithm 3.
Theterminationcriteriausedin Res-FPSanbe:

1. Distance-basedthe perpendiculadistanceD(V, L) of eachvertex V' to the nearestine sggmentL
in the simplified curve shouldobey theinequalityD(V, L) < f,L wheref, is thedistanceactorand
hasavaluein the (0, 1) range.

2. Area-basedthetotal areaof the closedcontourformedby the curve andthe line segmentconnecting
the end-pointsof the curve shouldbe lessthanthe providedthreshold.

The runningtimesfor worst-caseand average-casef Res-FPSalgorithmare O(n?) and O(n log(n)),
respectrely. Theseresultscanbe derived usinga similar approacho that of AppendixA. Optimization
techniqueso speedup theworst-caseunningtime to O(n log(n)) aresimilarto thosediscussedn [57].

Figures9-11 outline the applicationof the Res-FP&lgorithmto the polygonof Figure3. The utilized
terminationcriterion is the distance-basedriterion with its correspondinglistancefactor f; = 0.15. The
numberof verticesin the simplified footprintis 32 (down from 48) andthevertex reductionrateis 33%.



Algorithm 3 Recursie Subdvision Algorithm-FarthestPair Split (Res-FPS)
1: for (Eachvertex V in the givenfootprint F') do
V.flag + false.
. endfor
. Findthefarthest-paivertices, X andY, amongtheverticesin F.
. X,Y divide thepolygoninto two curvesC; andCs; insertC; andCs into aqueueq).
X.flag < true; Y .flag < true.
while (@ is notempty)do
Remawethecurve C from Q.
if (TerminationCriteriafor C' not Satisfiedthen
C; «+ thefirst end-pointof C'; C + thelastend-pointof C'.
Find thefarthestpoint Z from theline C;C,
Q+— QU{C;Z}yU{ZC.};, Z.flag <+ true.
endif
: endwhile
. All verticeswith flag = true form thesimplifiedversionof F'.
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Anotherwayto split the polygonis to find thatpair of verticeswhich arelocatedat “oppositecorners”.In
particular we canfirst find four verticesVy,;, Vi, Vii, Vi., whereV,,; is theuppetleft, V,,,. is theupperright,
Vi is the lower-left, and V}, is the lower-right vertex. Thenwe cancompareline sggments(V,,;V;,.) and
(VurViz) andusethe longerto partition the curve, we namethis methodRes-OCSRecursve subdvision
— OppositeCornerSplit). Similarly, we canconstructthe constrainedecursve subdvision algorithmsby
requiringthatall edgesof simplifiedversionmustbe betweerthe givenouterboundaryandinnerboundary
Theresultof sucha constrainedrkes-FPSlgorithmis shavn in Figure12 for simplificationof the polygon
in Figure3. Fromthis, we canestablishthatthe simplified versionsatisfieshe constraintandthe number
of verticesin thefinal resultis 34 with vertex reductionrateat 29.17%(which is lessthanthe rate of the
unconstrainedersion33%).

4.3 Maximum Triangulation AreaMethod (MAT)

Tessellationusespolygonalmeshedo describesurfacesand objects. As polygonalmesheslemonstrate
good connectingstructureand can be manipulatedefficiently, they are popularin objectrepresentation,



image processingand virtual reality applications[29, 33]. The core objectve in handlingmeshess to
reducetheir complity by usingsimpleandsimilartypetile elementfor meshconstruction.Thisis done
by reducingthe numberof tiles in the meshwhile maintainingacceptableccurag [31, 32]. Triangulation
is the mostpopulartessellatiormethodandcanhelpusin simplifying building footprints. The rationaleof
our proposedalgorithmhereis basedon two premisesa) triangulationof the building footprint, andb) for
trianglesadjacento the perimeterof the footprint, checkwhetherthey satisfyimposedeliminationcriteria.
If so,trianglesareremovedyielding a simplerfootprint.

Corventionaltriangulationmethodq29, 18] do not comply with a numberof propertiesdeemedheces-
saryin footprintsimplification. First, thenumberof trianglesalongthe boundaryshouldbecomepotentially
very large. In turn this will increasehe probability thatmoretriangleswill be ultimately eliminated.Sec-
ond, the shapesf trianglesalongthe perimetereither shouldoccupy small areasor shouldbe long and
skinny [33]. Finally, the aggregationof all internaltrianglesshouldmaintainthe original shapewith high
fidelity. While takinginto consideratiorihe abore requirementspur proposedriangulationmethodworks
alongthefollowing lines. Thetriangulationprocesss conductedstartingfrom theinternalareaof the poly-
gonandmoving towardtheboundaryof thefootprint. The“internal” formedtrianglesshouldcover aslarge
areasaspossible.Our conjectures thatthis will help maintainthe shapeof the original footprint. Before
furthertriangulationof anareaiit is beneficialto checkwhetherthis shapesatisfiegermination/elimination
criteria.

Therearetwo dravbacksif we proceedwith a straightforvard implementatiorof the above procedure:
first, therunningtime is O(n3) wheren is the numberof vertices,andsecondsuchanimplementatiormay
generatgundesirablejwedge” triangleg. This computationatompleity is dueto thefactthatall possible
triangleshave to be examinedin every iterationof the algorithm. Wedgetrianglescannotbe removed since
they may partition a polygoninto two othersthat have only one single commonvertex. Shoulda large
numberof wedgeshe createdduringtriangulation) thevertex reductionratewould be adwerselyaffected.

In orderto overcometheseproblemswe modify our triangulationmethodasfollows:

(a) FindthelongestedgeL in thefootprint.

(b) Amongall thetriangleswhich containZ asoneof theiredgesfind atriangleT' thathasthemaximum
area.We useT astheworking simplifiedfootprint, anddenotetheedgesf T as L, L1, and Ls.

(c) ThetriangleT in discussiorpartitionsthe footprint into two distinctpolygonscontainingl; and Lo
respectrely. For eachof thesetwo polygons,we repeatstep(b) until the termination/elimination
criteriaaresatisfied.

Thetermination/eliminatiorcriteriain step(c) arethattheareaoccupiedby the polygonis lessthanagiven
threshold and/ortheaspectatio o2 of the polygonis very small(comparedvith apre-specifiedhreshold).
In our algorithm, it is evidentthatno wedgesaregeneratedsthereis no gapbetweertrianglescreatedn

consecutie stepsandtrianglessharea commonedge.We termour proposedalgorithmthe Maximum-Area
Triangulation(MAT) method(depictedin Algorithm 4). It canbe shavn thatthe worst-caseandaverage-
caserunningtimesof MAT areO(n?) andO(n log(n)), respectiely (seeAppendixA for the derivation).

Figuresl3and14 demonstratéhe operationof the MAT methodappliedto the polygonof Figure3 with
aspectratio «,,=0.15. In the final simplified footprint (Figure 15), thereare 24 vertices(and with vertex
reductionrate at 50%). In this algorithm, eachtriangle generatedccupiesas large an areaas possible.

2A wedgeis atrianglewhich is betweertwo other“large” triangles.
3Theaspecratio o of a polygonis definedastheratio of shortesover the longestside of the tightestrectanglethatencloses

thepolygon.
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Algorithm 4 Maximum AreaTriangulationMethod(MAT)
1: for (Eachvertex V in the givenfootprint F') do
V.flag + false.
end for
Findthelongestedge,(V;, Vi4+1),in F.
Find V; suchthattriangle(V;, Vi;+1, V;) hasthe maximumareaamong
all triangles(V;, Vi1, Vi), fork = 1,2, ...,n (butk #£ 4,7 + 1).
6: F'is dividedinto two curvesC1 andC2: C1, <V}, Cl, < V;; C2, < Viyq, C2, < Vj;
/I subscripts ande indicatestartandendpointsrespecirely.
7: Inserttuples(V;, V;, C1) and(V}, V41, Co) into aqueue).
8: Vi.flag + true; Viy1.flag < true; V;.flag < true.
9: while (Q is notempty)do
10 Remawethetuple (Vs, Ve, C) from Q
11:  if (Termination/eliminatiorCriteriafor C' not Satisfied}hen
12: Find V' suchthattriangle(Vs, V¢, V) hasthemaximumareaamongall triangles(Vs, Ve, V'), where
VisinC (butV # Vi, Vo).
13: Cisdividedintotwo curvesC1 andC2: Cl; < V,Cl, + V;; C2, + V,, C2, + V.

14 Inserttuples(V;, V, C1) and(V, Ve, Cs) into Q.
15: V.flag < true.

16: endif

17: endwhile

18: All verticeswith flag = true form thesimplifiedversionof F'.

This helpsin achieving highervertex reductionrateand maintainthe original shapewith high probability
To corroboratehe above claim, we generateeachtrianglerandomly with theresultshavn in Figure16. In
Figurel6,thenumberof verticess 34 andthevertex reductionrateis 39%, muchlessthantheoneproduced
by the MAT method(50%). This obseration pointsto thefactthatthe MAT algorithmis preferableto the
randomizedne.

4.4 Convex-Hull BasedMethod (CHM)

Thecorvex hull, H, of asetof points,Q, is thesmallesicornvex polygonfor which eachpointin @ is either
on the boundaryof H or in its interior. A corvex hull for a simple polygonfeaturestwo propertiesthat

Figurel3: Resultin it- Figurel4: Resultin it-  Figure 15: Simplified Figure 16: Simplified
eration1l by MAT for eration3 by MAT for resultby MAT method result by randomized
polygonin Fig. 3 polygonin Fig. 3 for polygonin Fig. 3 triangulationfor Fig.3
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a footprint simplificationalgorithmmight need:first, the verticesof H are a subseif the verticesof the
original polygon; andsecondall edgesof the original polygonare within the corvex hull H. A popular
corvex-hull basednethodusedin digital curve approximations theminimaxalgorithm[13]. Minimaxtries
to find a polygon, F', which not only hasminimumnumberof edgeshut alsofeaturesa maximumdistance
betweenthe edgesof the polygonandthe datapointsbeinglessthana given threshold.Subsequentjythe
minimaxusesF' to approximatethe original digital curve. The above procedurecannotbe directly usedin
footprint simplificationasit introducesartificial verticesandthe constraintamay not sufiice. For instance,
besideghe constraintusedin minimax, we still needto keeplong edgesJimit the changeof area,restrict
the movementof centroidof the simplified footprint. Anotherconvex-hull-basedmethodis introducedin
[15]. A setof pointscanbeapproximatedby aline segmentif astrip existswhich containsall the pointsand
is notwider thana givenvalue. A convex hull is constructedceachtime a new pointis addedto the current
set. Whena strip satisfyingthe abose conditionno longerexists, the longestseggmentis found, thatis, a
line joining the extremepointsof thelastacceptedtrip. Althoughthis methoddoesnotintroduceartificial
vertex in thesimplificationprocessit maynotretain“needed’long edgesn the building footprint.

Our corvex-hull-basedsimplificationmethod(CHM), shavn in Algorithm 5, is derived from [15]. How-
ever, somekey changesre: 1) startfrom the longestedgein the givenfootprint; 2) keepall longedgesn
the original footprint; 3) constructhe strip enclosingall pointsin the currentsetby usingtheline segment
(Vs, Vo) asits axis,whereV; andV, arethestartingandendpointsfor the curwe in thecurrentset(thewidth
of the strip is setto alen(Vs, V), whereqy is the strip factor);and4) usethe axis of a strip whendesig-
natingaline sggmentto approximatea curwe in the currentsetinsteadof theline formedby extremepoints.
This corvex-hull-basedfootprint simplificationalgorithm (CHM) hascomputationatompleity of O(n?)
in theworstcase.Therationaleis asfollows. For eachnew vertex V' to be addedto the currentset S, we
first checkwhetherthe polygonformedby V' andverticesin S is asimplepolygon. This canbeachieved by
testingif edge(V, Vi) andedge(V, V,) intersectary edgein S, whereV, andV, arethestartingandending
verticesin S. Therearek - 1 edgesin S, wherek is the numberof verticesin S, therefore this stephas
complity of O(k). If P andS form asimplepolygon,we thenconstructhe corvex hull containingP and
S, whichtakes O (k) computationakteps.lt is clearthatthe compleity of CHM is O(3-%_, k) = O(n?),
wheren is the total numberof verticesin the original footprint. Theresultby applying CHM methodto
the footprintin Figure3 is shavn in Figure7. The strip factoris a;=0.15. The numberof verticesin the
simplifiedfootprintis 32 andthe vertex reductionrateis at 33.33%.

5 Multi-pass Simplification Algorithms with Multiple Constraints

Thealgorithmsintroducedhusfar try to simplify footprintswhile attemptingto satisfyconstrainton edge,
area,andcentroid. However, single-passnethodsmay not be capableof consideringall theseconstraints
simultaneouslyf backtrackingechniquesrenot used.For example,the centroidof a simplified footprint

canonly be computedonceall its verticesaredetermined.If the centroidof the simplified polygondoes
not satisfy the given constraint,we needto backtrackand find a differentroute to proceed. Therefore,
single-passnethodscan only satisfy constraintson edges. Backtrackingis in generaltime consuming.
By taking advantageof the asymmetricnatureof the methodspresentedso far, we are able to develop

multiple passsimplification algorithmsthat not only make useof multiple constraintssimultaneouslybut

alsoavoid backtrackingaltogether The rationaleof multi-passfootprint simplification methodsis rather
straightforvard. We first instantiateary of the proposedalgorithmswith a numberof different starting
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Algorithm 5 Corvex-Hull BasedSimplificationMethod(CHM)
1: Findlongestedge(V;_1, V5) in givenfootprint F'.
2: Vs_1.flag < true, Vi.flag < true, S < V;.
3: Putall otherverticesof F startingat Vs, into aqueue) andsettheir correspondindlagsto false.
4: while (@ is notempty)do

5.  Remoethevertex V; from @ andlet V; andV, bethefirst andlastverticesin S.
6: if (Edge(V;_1,V;) isalongedge)v (edge(V;, Vi) or (V;, Ve ) intersectary edgein S)) then
7: Vi—1i.flag < true, V;.flag < true, S < V;.

8. else

9: S« SuUV;, formcorvex-hull, H, for S .

10: if (H satisfiesspecifiedconstraintsyhen

11: S« 5.

12: else

13: Vic1.flag < true, S < {V;_1,Vi}.

14: endif

15:  endif

16: endwhile

17: All verticeswith flag = true form the simplifiedfootprintfor F'.

conditions(or values). For every suchvalue, the resultingsimplified footprint is checled againstall the
imposedconstraintslf thelatteraresatisfiedthe solutionathandbecomes candidaten theresultset. The
final resultis the bestcandidatdn the resultset. Multi-passalgorithmsavoid backtrackingmay satisfyall
constrainton edge,area,andcentroid,andmay improve vertex reductionrateasthefinal resultis chosen
from mary candidates.

Constrainton areacanhelp maintainthe shapeof a footprint. Intuitively, if large areadifferencesexist
betweeroriginal andsimplified building footprints,significantdiscrepancies the numbersof intercepted
raysthatultimately needto be investigatedvill appear Thelatterwill certainlyaffectthe predictionaccu-
ragy. Areaconstrainis describe@s(1— f5) Aoig < Anew < (1+ fa)Aoid, WhereA g andA,,e,, areareasof
theinitial andsimplifiedfootprints,and f, is the“areafactor”. Anotherkey featurefor the shapeof a foot-
printis its centroidpoint. Centroidchangealwaysimplies changesn footprint’s geometry Consequently
directionsof radioraysreachinghefootprintin questionaswell asunfoldedlengthsof ray pathsformedbe-
tweentransmittersandreceversvia this footprintwill beaffected.Thiswill influencetheaccurag of radio
prediction. The centroidconstraintcanbe describedas /(Znew — To1d)? + (Ynew — Yora)? < fer, where
(Zo1d> Yorq) 1S thex-coordinateandy-coordinateor the centroidof the original footprint, (Z,ew, Ynew) 1S the
x-coordinateandy-coordinatefor the centroidof the simplified building footprint, r is a systemparameter
and f. is the “centroid factor”. We candesignate- to be a fraction of the minimum side of the bounding
boxfor theoriginal footprint. Thatis, r = min(BBiength, BBuyidth), WhereBBe,gip, and BBy, arethe
lengthandwidth of the boundingbox for the original footprint.

Single-passalgorithmsmay designatedifferent initial pointsto commencetheir work. In multi-pass
algorithms thereis a varietyin selectingsuchinitial points. For instancein a Multi-passinverseMidpoint
Displacemen{MIMD) algorithm,m initial verticescanbe selectedn oneof the following ways(m < n,
wheren is the numberof verticesin thegivenfootprint F): a) Pick thefirst m verticesthatareconnectedo
theshortesedgesh) Choosehefirst m verticesthathave the maximuminneranglesc) Find theendpoints
(vi,vi41) Of theshortesedge selectthosem verticesbeginningfrom v;; andd) Pick m verticesrandomly

13



TheMIMD algorithmwith multiple constraintss shavn in Algorithm 6 andhascompleity O(nm).

Algorithm 6 Multi-passinverseMidpoint Displacementvith Multiple ConstraintgMIMD)
1. Selectrn numberof verticesfrom the givenfootprint ', wherem < n, andn is the numberof vertices

in F.
Insertthesem verticesinto aqueue().
SetS to be F', whereS is thebestsolutionsofar.
while (@ is notempty)do

Remawe vertex V' from queueq).

R < Inverse_Midpoint_Displacement(V).

if (R satisfiesall theconstraints)\ (R is betterthanS in termsof vertex reductionrate))then

S+ R.

endif
: endwhile
: Return$§ asthesolution.

Tl
[N =}

We demonstratehe operationof multi-passfootprint simplificationalgorithmsMIMD with the help of
footprintmapof Rosslyn,VA which has79 buildingsand412 vertices(shavn in Figure17). First, we run
thesingle-passMD algorithmby keepingall long edgeswith a globalthreshold(i.e., averagelengthof all
edgedor all footprintsin the building database)Figure 18 depictsthe resultingsimplified map. We then
runthe MIMD algorithmwith constraintson edgesonly. Figures19 and20 shav the simplifiedfootprints,
respectrely, by usingglobalthresholdandlocal threshold(i.e., averagdengthof all edgedor the footprint
currentlyprocessed)Finally, the MIMD algorithmis run with additionalconstrainton area(f, = 0.25)as
well ason centroid(f. = 0.10),while globalthresholds usedto keeplong edges The simplified footprints
areshavn in Figures21 and22.
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Figure 17: Original building Figure 18: Resultof single-pass Figure19: Resultof MIMD with
Footprints for dowvntovn Ross- IMD methodfor Rosslynin Fig-  global constraintfor Rosslynin
lyn, VA urel?7 Figurel7

It canbe seenthatthe single-pas$MD methodreduceghe numberof verticesto 375 providing a 8.98%
vertex reductionrate. Thereare367 and 376 verticesin the simplified mapsfor globalthresholdandlocal
thresholdcasesvhenthe MIMD methodis used.The correspondingertex reductionratesare10.92%and
8.74%. Evidently MIMD with globalthresholdachiezesthe bestvertex reductionrate. The simplification
appeargo bevery aggressie whenconstraintsaareimposedonly on edges.For example,somebuildings at
the upperright cornerandin the middle aredistortedheavily in Figure18. Similarly, somebuildingsatthe
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upperleft, upperright corner andin themiddlearechangediramaticallyin Figures19and20. Thenumber
of verticesin the simplified mapis 370 (with vertex reductionrateof 10.19%)whenareaconstrainis used,
while it is 372 (with vertex reductionrate of 9.71%)whenthe centroidconstraintis used. The resulting
shapesof simplified footprintsappearto be improved when multiple constraintsarein use,althoughthe
vertex reductionratesarecompromised.

Figure23 shavs the areadifferencemapbetweernFigure17 andFigure 19 generatedy MIMD method.
The meanand standarddeviation for areadifferencesshovn in Figure 23 are 24.69m? and 71.83m?, re-
spectvely. Thecorrespondinglistribution of areadifferences shavn in Figure26.
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To demonstratehe differencesin the performancebetweenthe MIMD and MAT algorithms,we also
createareadifferencemapsfor MAT method,asshowvn in Figure24. Its distribution of areadifferenceds
depictedn Figure27 andits meanandstandarcieviation are23.86m? and67.40m?, respectiely. Taking
into accountFigures23, 24, 26,and27, onecanestablishthatalthoughthe error scatteringegionsfor the
MIMD and MAT algorithmsis similar, the distributions of residualsare different. Errorsare distributed
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morerandomlyin MAT thanMIMD. Themeanvaluesof simplificationerrorsfor theabove two algorithms
arealmostidenticalwhile the standarddeviation for MAT is smallerthanMIMD. All the abore pointinto
thefactthatMAT’s performancaes superiorto MIMD’ s for the building footprintsin Rosslyn,VA.

Figure25and 28 respecirely depictthe centroidtranslationmapandthe distribution of incurrederrors
by MIMD for Rosslyn,VA. It is evidentthatthe changesn the centroidsfor all footprintsarevery small,
thereis no large centroidtranslationgmore than 75% of themarelessthan 1m), andthe orientationsof
centroidtranslationsarerandom.

6 Hybrid Simplification Methods

By examining areadifferenceand centroidtranslationmaps,one can qualitatvely establishthat certain
algorithmscanbettersimplify differenttypesof buildings thanothers. This obseration indicatesthattwo
simplificationmethodsandemonstratacomplementaryelationshipn which oneperformsbetteron some
typesof footprintswhile thesecondyieldsenhancedesultsin differenttypesof polygons.Thus,combining
two (or more) complementanyfootprint simplification methodsis expectedto offer better performance.
However, if the selectedalgorithmsarenot complementarythe gainsobtainedby theresultinghybrid form
will be negligible. It is thereforeessentiathatwe proposea methodto determinewhethertwo candidate
algorithmsmake up complementaryartiesin a hybrid method.If we considertwo simplificationmethods
A andB, thensucha processcanfunctionasfollows:

e ConstructareadifferencemapsD 4 andDg for A and B methodgespectiely.

e Generatéheareadifferencemap M betweenD 4 andDp.

o |If thesumof areasappearingn M is large comparingwith the individual sumof areasn D4 and

Dp, thenalgorithmsA and B arecomplementary

By combiningtwo (or more)complementangimplificationalgorithms,the hybrid algorithmrunseachin-
dividual algorithm on a building by building basisand selectsthe resultswhich display the bestvertex
reductionrates.
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We usethemapfor Rosslynasourdemonstratiowehicleandconsideiall two-algorithmcombinationsut
of threecandidatealgorithms: a) multi-passinversemidpoint displacemen{MIMD) with areaconstraint,
b) multi-passfarthest-paisplit (MFPS),andc) multi-passmaximum-aredriangulation(MMAT). To deter
minewhetheror not thesealgorithmsarecomplementarywe constructareadifferencemapsfor thesethree
algorithmsandshaw in Figures29, 30, and31 respectiely. Fromthesethreeareadifferencemaps,we can
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Figure29: Areadifferentmapby Figure30: Areadifferentmapby Figure31: Areadifferentmapby
MIMD methodfor Rosslyn MFPSmethodfor Rosslyn MMAT methodfor Rosslyn

establisithatthereareoverlapsamongall threemapsindicatingthatthesemethodshave similar simplifica-
tion performancen sometypesof building footprints. Thedistributionsof simplificationerrorsfor MIMD
andMFPSarequite different. In contrastthe areadifferencemapfor MFPSis a subsebf thatfor MMAT.
The granularityof the simplificationerrorsfor MMAT is quite differentfrom thosefor MIMD andMFPS,
andMMAT hasthelargestmeanandstandardieviation of simplificationerrors. Theseobsenrationsleadus
to anticipatethatperformancemprovementwill be betterfacilitatedif we combineMIMD andMFPSthan
MFPSandMMAT. Also, hybrid MIMD-MFPS will do betterthanits constituentomponentslone.

The simplified footprint mapsgeneratedby MIMD-MFPS, MIMD-MMA T, and MMAT-MFPS hybrid
methodsareshavn in Figures32, 33 and34. Thevertex reductionratesfor thesethreemulti-passfootprint
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simplificationmethodsandtheir hybrid methodscanbe foundin Table2. The hybrid MIMD-MFPS gives
the bestimprovementmaigin in termsof vertex reductionrate (from 10.19%achieved by MIMD aloneto
12.86%)sincethesetwo algorithmsdemonstratdettercomplementarysimplification preferencess dis-
cussedbefore. However, the hybrid MIMD-MMA T methodgivesthe bestabsolutevertex reductionrate
(17.72%). The MMAT and MFPS methodshave similar insteadof complementarsimplification prefer
encesthecombinationof which doesnot offer muchimprovement(from 16.02%achiezedby MMAT alone
t0 16.26%).

7 PerformanceEvaluation

In this section,we experimentallyinvestigatethe performanceof the proposedouilding footprint simplifi-
cationalgorithmsusinga diversifiedsetof measurementhatincludevertex reductionrate, simplification
errorson edges,area,and centroid. More importantly we assesshe effects of utilized footprint simpli-
fication methodson the radio propagationpredictiontime and predictionerror in the form of meanand
standarddeviation. Thesensitvity of predictionaccurag to the distortionof building footprintsis alsoex-
aminedin detail. All experimentsareconductedn a single-CPUSunUltra 10 workstationwith clock rate
of 440MHz, main memoryof 384MBytes, andswap areaof 524Mbytes. The operatingsystemis Solaris
5.7. All algorithmsareimplementedy usingC programminganguageandPerlscriptlanguage.

7.1 BaselineExperimentson Footprint Simplification Methods

In our evaluationwe usemapsfrom threemunicipalities: Rosslyn,VA, DupontCircle in WashingtorDC,

and Turin, Italy. The city map of Rosslyn,VA hasbeensimplified manuallyby eliminating very small
buildingsandunnecessargetailsmakingtheoverall building footprintsappeatregular” (Figure17). There
are 79 building footprintsthatdisplay412 vertices. The buildings have from 4 to 13 verticeseach,with an
averageof 5. Thedistribution of sizesin footprintsis shavn in Figure35. Theareaf footprintsrangefrom

94.06m? to 15,052.55n?, with an averageof 1,683.64n2, andthe areadistribution is depictedin Figure
36. Thelengthof footprint edgesarewithin therangeof [2.17,223.77]m, with anaverageof 29.83m, and
its distribution canbebetterviewedin Figure37. Figure38 shawvs the distribution of slopesfor all edgesn

footprints,thatis, the anglebetweenthe positve x-axis andthe edgein questiongoing counterclockwise
aroundthebuildings. It is clearthatmostedgedake horizontalor vertical orientations.

Thesecondurbanareashavn in Figure40 is DupontCircle in WashingtorDC. Thereis 3,564buildings
featuring23,181verticeswith eachbuilding having from 3 to 86 vertices with anaverageof 6. It is evident
thatthenumberof verticesin footprintsvariesdramatically but mostof thefootprintshave lessthan8 edges,
andmorethanhalf of the footprintsfeaturebetween3 and4 edges.The areasof footprintsarealsoquite
diverse;the minimum, maximum,and averageareasare 0.01,9,867.24,and 137.73(in m?), respectiely.
The lengthsof edgesin footprints distribute in a wide range,with minimum, maximum,and averageof
0.11,86.65,and5.50(in m), respectrely. Mostedgeshave horizontalandvertical orientationsasshavn in
Figure43. Comparedo Rosslyn,the buildingsin DupontCircle have muchsmallernumbersof vertices,
areasandlengthsof edgesandtheir distributionsaremoreirregular.

The imprint of the lasturbanarea, Turin, is shavn in Figure41. It has31,249buildings and 278,329
verticesin footprints. Thenumberof edgedor eachfootprintvariesfrom 3to 194, theaverages 8, andmost
of thefootprintshave lessthan12 edges.The minimum, maximum,andaveragein areador footprintsare
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4.84,325,699.19and731.69m? respectrely. Therangefor lengthsof footprintedgess [0.03,582.73]m,
with averagel0.934m. Footprintedgedake ary orientationsput mostof themlie in directionsof 60, 160,
180,240,and340dgyreesasshavn in Figure44. Becauset encompassean entirecity, the Turin building
databaséaslessconstrainin thenumberof walls, areasof footprints,orientationof buildings,anddensity
of buildings.

The settingsfor experimentsare asfollows. No backtrackingtechniques usedfor all algorithms. The
only constraintusedin all single-passnethodsis to keepall long edgesbasedon local thresholdwith
“length factor” f; as1.0. Constraint®n edge,area,andcentroidareimposedfor all multi-passandhybrid
algorithmswith both“areafactor” f, and“centroid factor” f. being0.15. The “width factor” f,, in IMD
andMIMD, “distancefactor” f, in recursve subdvision methods, strip width” «, in CHM, and*“aspect
ratio” a; in MAT andMMAT areall setto 0.15. We initially evaluateour single-passuilding footprint
simplificationmethodsand derie statisticson vertex reductionrate, averagelengthof edgesandaverage
areaof footprintsin the simplified maps. All relevant statisticsfor the Rosslyn,DupontCircle, and Turin
areprovidedin Tablel. For eachfootprint simplificationmethod we alsocalculateits runningtime, mean
andstandarddeviation of simplificationerrorin areasandpresenthemundercolumns‘time”, “meanert”
and“dev. err” in Tablel. Figures42 and49 presentthe simplified mapsgeneratedy single-passMAT
methodfor Rosslynand DupontCircle respectiely. The mapsappearo be similar to the originalsshovn
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in Figures17 and40. In additionto single-passnethodswve have testedmulti-passandhybrid methodsthe
resultsaregivenin Table2.

FromTablesl and2, we canobsere that,amongall single-passnethodsMAT methoddeliversthe best
overall performanceén all casesTheMMAT produceghebestvertex reductionrateamongall themultiple-
passalgorithms,while the hybrid MMAT-MFPSis the bestperformeramongall methods. All footprint
simplificationmethodsincreasehe averagelengthsof edgesmplying thatall methodsindeedsatisfythe
dual constraintsof keepinglong and droppingshortedges. The averagelength of edgesfor MAT is the
largestamongall single-passnethods,it thereforehasthe bestvertex reductionrate. The sameapplies
to both MMAT and hybrid MMAT-MFPS. The averageareasof footprints are changedby all footprint
simplificationmethodshput thechangesanbepositve (largerthanoriginal) or negative (lessthanoriginal).
TheMAT methodhastheleastaverageareaf footprintsin almostall testcasesvhich maycontrituteto its
goodperformanceAll methodsperformbetteron DupontCircle andTurin mapsthanRosslynmapdueto
thefactthatRosslynmapwasmanuallysimplified beforeour algorithmswereapplied,while DupontCircle
andTurin mapsarenot preprocessedndcontainmary smallandirregularfootprints.

The simplification errors becomelarger if multi-passalgorithmsare usedinsteadof their single-pass
counterpartsandthey may be even larger when hybrid methodsare emplo/ed. For instance,in Dupont
Circle casethemeanandstandardieviation pairsof simplificationerrorsfor MAT andMIMD are(1.16m?,
13.20m?) and (0.68m?, 2.65m?), while they are (2.87m?, 18.30m?) for MMAT methodand (2.90m?,
19.00m?) for thehybrid MIMD-MMA T. Thesimplificationerrorandvertex reductionrateis closelyrelated
but not linear For instance,n Rosslyncase the meanandstandarddeviation of simplificationerrorsfor
IMD andMAT methodsaresimilar, but the vertex reductionrate of MAT methodis muchbetterthanthat
of IMD. Similar situationsexist in DupontCircle case However, it is almostalwaysthe casethattheworse
the simplificationerror, the betterthe vertex reductionrate. For example,the MAT algorithm(singlepass,
multipass,or hybrid with otheralgorithm)deliversthe bestperformancen termsof vertex reductionrate
while it hasworsesimplificationerrorthanothermethods.

The runningtimesfor all single-pasgootprint simplification methodsare similar, althoughtheir com-
putationalcompleities are not the same(i.e., O(n) for IMD, O(n?) for ReS-FPSMAT, and CHM in
worst-case)Thisis dueto thefactthatthe averagenumberof verticesfor eachfootprintis relatvely small.
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method avge | avga | meanerr. | dev. err. | vertices| red.rate% | time

(m | (m?) (m?) (m?) (sec.)
Rosslyn

original 29.83| 1683.64| 0.00 0.00 412 0.00 0.00
ReS-FPS | 31.78| 1710.16| 3.44 23.62 385 6.55 0.15
ReS-OCS | 31.63| 1677.49| 6.97 39.29 387 6.07 0.14
IMD 32.53| 1660.46| 20.48 62.63 375 8.98 0.15
MAT 33.66 | 1618.74| 23.86 67.40 362 12.14 0.17
randomMAT | 32.88| 1608.02| 23.00 66.01 371 9.95 0.16
CHM 30.39| 1681.11| 4.98 23.90 404 1.94 0.15

DupontCircle
original 5.50 | 137.73 0.00 0.00 23181 0.00 0.00

ReS-FPS | 6.83 | 143.37 0.61 9.35 18203 21.47 2.12
ReS-OCS | 6.86 | 142.92 0.67 9.66 18398 20.63 2.12

IMD 6.65 | 133.72 0.60 2.57 18982 18.11 2.22

MAT 7.80 | 130.76 1.16 13.20 | 15993 31.01 2.23

randomMAT | 6.82 | 131.85 1.08 12.23 | 18400 20.62 2.23

CHM 6.26 | 136.24 0.26 3.67 20265 12.58 2.28
Turin

original 10.93| 731.69 0.00 0.00 278329 0.00 0.00
ReS-FPS | 14.57| 751.96 0.31 2.33 204646 26.47 12.60
ReS-OCS | 14.45| 748.62 0.64 3.45 206365 25.86 12.60

IMD 13.13| 718.82 1.87 5.59 228554 17.88 11.31
MAT 15.47| 655.05 2.17 6.78 191472 31.21 12.43
randomMAT | 12.86| 666.07 2.16 6.10 232996 16.29 12.41
CHM 12.61| 717.98 0.44 2.22 239059 14.11 12.98

Tablel: Baselineexperimentalktatistics(singlgpassalgorithms)for Rosslyn,DupontCircle,and Turin
It is truefor bothmulti-passandhybrid algorithms.

7.2 Impact of Footprint Simplifications on Radio PropagationPredictions

To assesshe effects of footprint simplificationmethodson the radio propagatiorpredictiontime andac-
curag, we usethe city mapsof RosslynandDupontCircle (Figures39 and40). In our Rosslyntesternvi-
ronment,we useonly onetransmitter(denotedasT'z) locatedat the point having coordinateg237656.0,
118100.0m. Thereare 350 recevers (denotedas Rzx) scatteredalong several streets. Similarly, in our
DupontCircle testervironment,onetransmitter?"x locatedcloseto the epicenterof the mapat (322780.0,
4308550.0)n is used. Also, thereare400 recevers scatterechlongtwo east-wes(i.e., horizontal)direc-
tion streets.For theradio propagatiorcomponentye use2D ray-tracingsystemdevelopedat Polytechnic
University[20] andthefollowing key parameters:

e Thecarrierfrequeng is 900MHz andisotropicantennasireusedat boththe basestationsandmobile
stations.

¢ The maximumnumberof reflectionsfor eachray pathis 4 for Rosslyncase and5 for DupontCircle.

e Themaximumorderof diffractionsfor eachray pathis 1. Diffractedraysarethemaincontrilutorsto
thereceved powersfor thosereceversin non-lineof sightzone(NLOS).

e Theantennéheightof thetransmitteris 10m, while all recevershave height2.5m.

o All walls areassumedo be madeof the samematerial(concreteandsteel),andhave dielectriccon-
stante, = 6 for computingthereflectioncoeficient.
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method avge | avga | meanerr. | dev. err. | vertices| red.rate% | time

(m | (m?) (m?) (m?) (sec.)
Rosslyn
MFPS 32.18| 1601.41| 8.24 45.58 380 7.77 0.17
MIMD 33.17| 1584.96| 24.69 71.83 367 10.92 0.17
MMAT 35.01| 1532.65| 77.01 251.42 346 16.02 0.16
MIMD andMMAT | 35.66| 1530.03| 79.62 246.47 339 17.72 0.17
MIMD andMFPS | 33.89| 1588.38| 21.27 68.54 359 12.86 0.16
MMAT andMFPS | 35.11| 1531.70| 77.96 251.34 345 16.26 0.17
DupontCircle

MFPS 7.21 | 142.73 1.43 15.39 | 17380 25.02 2.85
MIMD 6.76 | 134.27 0.68 2.65 18631 19.63 2.87
MMAT 8.05 | 128.67 2.87 18.30 | 15342 33.82 2.90

MIMD andMMAT | 8.27 | 140.56 2.90 19.00 | 14925 35.62 3.62
MIMD andMFPS | 7.36 | 135.39 1.48 15.07 | 17007 26.63 3.56
MMAT andMFPS | 8.27 | 125.44 3.06 18.66 | 14922 35.63 3.67

Turin
MFPS 15.33| 750.69 0.80 4.60 192733 30.75 31.81
MIMD 13.34| 728.30 5.99 7.70 225254 19.07 31.90
MMAT 16.92| 650.50 2.25 20.01 | 171781 38.28 32.38
MIMD andMMAT | 17.28| 726.28 2.23 18.21 | 167958 39.65 43.54
MIMD andMFPS | 15.62| 740.33 1.11 7.58 188757 32.18 42.74

MMAT andMFPS | 17.38| 640.23 2.24 19.83 | 166977 40.01 43.87

Table2: Baselineexperimentalstatistics(multipasalgorithms)for Rosslyn,DupontCircle, and Turin

e Pincushionmethodis usedto launchrays[20]. The angularseparatiorn(stepsize)is 0.5 degreein
orderto achiere reasonablaccurag.

The main reasonthat we have chosenRosslynas one of our test-bedds that we have real field mea-
surement®f recevved powersfor all the recever locations[25]. As comparedo thesemeasurementshe
predictionsof receved powersusingthe original mapfor all mobile locationshave errorswhosemeanand
standardleviation are1.48dB and10.27dB (seeFigures45 and46 for the comparisons)This is typical of
ray tracingerrorwherethe meanerroris aboutl dB andthe standardieviation is 8-10dB [26, 20, 25].

Table3 outlinesthe meanandstandardleviation of the differencebetweerpredictedreceved powersfor
all receversobtainedusingtheoriginal andsimplifiedmapsfor RosslynandDupontCircle. This difference
of predictedreceved powersis dueto the simplificationof building footprints. All footprint simplification
methodsinvariably reducethe predictiontime andachiese the goal of speedingup the predictionprocess
(seecolumn“speedufy whichis theratio of processindimesby usingtheoriginalandsimplifiedmaps).In
Rosslynthespeedups aboutl.360on averagefor all simplificationalgorithmswith the highestspeedugbe-
ing 1.42achievedby MIMD-MMA T. For DupontCircle, theaveragespeedugor all simplificationmethods
is 1.45with thebestspeeduf.68deliveredby the hybrid of MIMD-MMA T.

Therearecloserelationshipamongthe vertex reductionrate(column®r ed. rate”), numberof diffraction
corners(column“df. corness”), and speedup(column “speedup”’. Theserelationshipsare derived in
Appendix B which depictsthat speedupnumberof diffraction corners,and vertex reductionrate satisfy
speedup = CNg,/Ng s andspeedup =~ C1/(1 — reduction_rate), whereN, , and N4 ; arethe number
of diffraction cornersgeneratedby usingthe original andsimplified mapsrespectiely, C is theratio of the
averageprocessindimesperdiffractioncornerwhentheoriginal andsimplified mapsareused,andC; is a
constanmultiplicity of C. WhenC > 1, thesimplificationmethoddecreasethe computationatompleity
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method vertices| red.rate% | time | speedup| df. corners| rays | mean| dev.

(sec.) (dB) | (dB)

Rosslyn
original 412 0.0 47.00 1.00 101 53366 | 0.00 | 0.00
ReS-OCS 387 6.07 36.20 1.30 89 47615 | -0.06 | 1.80
IMD 375 8.98 35.66 1.32 87 46889 | 0.20 | 1.96
MAT 362 12.14 34.10 1.38 84 45389 | 0.04 | 1.34
randomMAT 371 9.95 35.00 1.34 84 44786 | -0.22 | 1.47
CHM 404 1.94 35.54 1.32 86 45739 | -0.19 | 0.50
MIMD 372 9.71 34.57 1.36 84 45717 | 0.20 | 2.06
MFPS 380 7.77 33.46 141 81 43562 | -0.54 | 1.37
MMAT 346 16.02 35.61 1.32 88 47493 | -0.31 | 1.57
MIMD andMFPS 359 12.86 34.58 1.36 85 46207 | -0.54 | 1.86
MIMD andMMAT 339 17.72 33.10 1.42 85 46158 | 0.59 | 2.32
MFPSandMMAT 345 16.26 34.67 1.36 86 46593 | -0.06 | 2.40

DupontCircle

original 23181 0.0 1558.54| 1.00 1569 815049| 0.00 | 0.00
ReS-FPS 18203 21.47 1166.67| 1.34 1306 709769 -0.94 | 2.23
ReS-OCS 18398 20.63 1145.00f 1.36 1289 698866 | -1.03 | 2.41
IMD 18982 18.11 1200.03| 1.30 1343 722322| 0.19 | 2.11
MAT 15993 31.01 966.46 1.61 1162 632835| 0.24 | 2.13
CHM 20265 12.58 1301.70| 1.20 1392 737682| 0.20 | 1.35
MIMD 18631 19.63 1200.87| 1.30 1337 718960| -0.85 | 2.13
MFPS 17380 25.02 1085.03| 1.44 1254 686763 | -0.03 | 2.65
MMAT 15342 33.82 969.82 1.61 1176 644172| 0.30 | 3.47
MIMD andMFPS | 17007 26.63 1075.54| 1.45 1262 691220| -0.28 | 3.65
MIMD andMMAT | 14925 35.62 926.10 1.68 1149 631606| 1.45 | 4.01
MFPSandMMAT | 14922 35.63 936.03 1.67 1138 627039| 0.31 | 3.53

Table3: Statisticsof predictionresultsfor RosslynandDupontCircle

of eachdiffractioncorner therebyacceleratethe predictionprocessTheconstanC andC; canbeobtained
empirically for eachmethod.Basedon the experimentalresultsin Table3, C andC; canbe calculatedas
1.50and1.31,respectrely, for DupontCircle.

Whenthestatisticsof the predictionerrors,ascomparedo actualmeasurementss known for theoriginal
databaseywe canfind theerrorstatisticsusingthe simplified databaseSupposéhat i, ando, arethemean
andstandardieviation of predictionerrorscomparedvith realmeasurementghenthe originalmapis used,
while u; ando s arethemeanandstandardieviation of predictionerrorscomparedvith realmeasurements
whenthe simplified mapis used. Furthermorelet u,; ando,; be the meanand standardof prediction
errorswhenwe comparepredictionresultsobtainedusing the simplified map with thosegeneratedising
the original map. Then,we derive in AppendixC thatus = p, + pos ando? = o2 + o2, + €. Heree is
typically very smallcomparedo o2. Whenp,s ando,s aresmall, 5 ando; arevery closeto p, ando,. For
example,whenthe MIMD methodis appliedto Rosslyn,u, = 1.48dB, o, = 10.27dB, and 1,s = 0.20dB,
005 = 2.06dB. Thus, us = 1.68dB ando; = 10.47dB, which arevery closeto i, ando,. Theseresults
indicatethatour simplificationmethodswill not significantlyaffect the predictionerrorsif u,s < 1dB and
0.5 < 4dB.

In Table 3, the predictionerror statisticsu,s ando,s arelistedin the columns“mean” and“dev’’. All
footprint simplificationmethodshave a very smallmeanpredictionerror, but their standarddeviationsvary
dramatically For example,in the Rosslyncase,the differencebetweenthe predictionsmadeusing the
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original andthe simplified databasebtasa meanlessthanor equalto 0.59dB, but the standarddeviation
rangesrom 0.70to 2.40dB. For DupontCircle, the meanof predictionerroris typically lessthan1 dB and
the standardleviationis lessthan4 dB. It canbe noticedthato, is roughlyproportionalto the speedupas
well asto thevertex reductionrate. In DupontCircle, the speedugor ReS-FPSndhybrid MIMD-MMA T

arel.34and1.68,their vertex reductionratesare21.47%and 35.63%,while their standarddeviations of

predictionerrorsare2.23dB and4.01dB respectiely. Thereforethereis atrade-of betweerspeeduand
vertex reductionrate, and betweenspeedupand predictionaccurag. Among all single-passlgorithms,
MAT deliversthe bestspeedupn both testcases. The MFPSand MMAT have the bestperformancen

RosslynandDupontCircle respecitely amongall multi-passmethods.The hybrid MIMD-MMA T method
presentghebestoverall speedupatesin bothRosslynandDupontCircle.

The simplification methodsalsoaffect the numberof raypaths(column®r ays”). This essentiallydeter
minesthe predictiontime andaccurag. As we tracemore raypathswe not only improve the prediction
accurag but alsowe needlongertime for the predictionresult. For instance,in DupontCircle case,the
numberof tracedraypathss 722,322for the IMD method,with correspondingpeedur.30,while for the
MAT algorithmthe numberof processedaypathss 632,835andspeedu@at 1.61.

Prediction Results by Hybrid MIMD-MFPS Prediction Results by Hybrid MIMD-MMAT
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Figure 45: Comparisorof predictionsby MIMD-  Figure 46: Comparisornof predictionsby MIMD-
MFPSwith realmeasurement®r Rosslyn MMAT with realmeasurement®r Rosslyn

Figures45and46 shav our predictionresultsgeneratedyy bothhybrid MIMD-MFPS andMIMD-MMA T
for Rosslyn.Thex-axisshavs all 350recevers(with identifiersfrom 1000to 1350)usedin theRosslynarea
andthey-axisdepictsthe predicted/measurgabwersreceved. The graphfeatureghreecurves: prediction
resultsobtainedusingthe original map (with no simplifications),predictionresultsby usingthe simplified
mapsgeneratedby eitherMIMD-MFPS or MIMD-MMA T simplificationalgorithm,andfinally, therealfield
measurementsigures45 and46 shav thatthe predictionerrorgeneratedby the hybrid of MIMD-MFPS is
evenly distributedamongall recevers,while thehybrid MIMD-MMA T yieldsa distribution mostlylocated
in therecevers’ rangeof [1000,1050],[1120,1125],and[1310,1320]. Thus,the standardieviation of the
predictionerrorsfor hybrid MIMD-MMA T methodis worsethanhybrid MIMD-MFPS method.

Figures47 and48 shav the predictionresultsgeneratedby the MIMD andhybrid MFPS-MMAT, respec-
tively, for DupontCircle. The x-axesdepicttheidentifiersof thereceversandthey-axesthecorresponding
predictedpower recevedby eachrecever. Thesefiguresclearlypointoutthatthepredictionerrorgenerated
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by MIMD s scatterednore uniformly amongall receversthanthatof MFPS-MMAT. If thelatteris used,
the predictionerrorgenerateanostly concentratesn receversin therangeof [0, 25],[140, 155],and[160,
170]. Therefore the standarddeviation of predictionerrorfor hybrid MFPS-MMAT methodis largerthan
MIMD method(3.53dB vs. 2.13dB). However, the speedugdor hybrid MFPS-MMAT methodis better
(1.67vs. 1.30).Evidently thereis atrade-of betweerpredictionaccurag andpredictiontime.

Predictionerrorhascloserelationshipwith thecompleity of building databasesrThe DupontCircle map
containgmary morebuildings (footprintsandvertices)hantheRosslynmap. Predictionerrorsgeneratedby
our simplificationmethoddor DupontCircle arealsoworsethanthosefor Rosslyn.To avoid deterioration
of predictionaccuray, single-pas®r multi-passalgorithms(e.g.,MAT or MFPS)canbe choserfor large
coverageareaswhile hybrid algorithms(e.g., MIMD-MMA T) canbe usedin siteswith smallor medium
areas.

Dueto the factthatwe used2-D ray-tracingmethodin the foregoing studies,only building cornersnear
thetransmittersareilluminated. Shouldwe emplg 3-D ray-tracingmethod we anticipatethattheresulting
speedupateswill be greatlyimproved sinceraysfrom the transmittercanpassover the nearbybuildings
to directly illuminate the cornersof more distantbuildings. In orderto supportthe validity of the above

method red.rate% time speedup| df. corners rays pass-ays | total rays
(sec.)
original 0.0 12709.18| 1.00 2071 1077055| 793855 | 1870910
ReS-FPS 21.47 6597.05 1.93 1739 943289 | 704796 | 1648085
ReS-OCS 20.63 6721.12 1.89 1752 945480 | 709788 | 1655268
IMD 18.11 7455.51 1.70 1765 948317 | 703039 | 1651356
MAT 31.01 4367.46 | 2.91 1525 830176 | 627545 | 1457721
CHM 12.58 7987.07 1.59 1811 960270 | 719737 | 1680007
MIMD 19.63 7321.60 1.74 1765 948132 | 706428 | 1654560
MFPS 25.02 573091 | 2.22 1690 922583 | 687272 | 1609855
MMAT 33.82 4136.94 | 3.07 1539 845049 | 649263 | 1494312
MIMD andMFPS 26.63 5600.30 | 2.67 1708 934279 | 693855 | 1628134
MIMD andMMAT 35.62 3913.03 | 3.25 1517 833874 | 639635 | 1473509
MFPSandMMAT 35.63 3901.43 | 3.26 1492 823276 | 634090 | 1457366

Table4: Predictionresultsfor DupontCircle while allowing “pass-rays’over buildings

conjecturewe have run experimentsn which raysareallowedto passover buildings. In thisway, we force
moreilluminatedcorners(i.e., diffraction corners)to be generatedwhich actassecondarsourcef rays
thatmustbetraced. Table4 depictsthe resultsfor DupontCircle whenraysareallowedto “pass” over at
mostonebuilding. The sameconstraintsand parametergasthosediscussedn this sectionareusedfor all
footprintsimplificationalgorithms(seecolumn“red.rate%' in Table4). It is evidentthatthe speedupates
improve considerably For instance the MFPS-MMAT methodachievesthe bestoverall speedupf 3.26
while all methodsachiese rateshigherthan1.59. The columnentitled“df. corneis’ shawvs the numberof
diffractioncornerghatareilluminated. Clearly, thesenumbersaresignificantlylargerthantheir counterparts
in Table3. In this experiment,the runningtime hasincreasecearlyten-fold (column“timé’) dueto the
largernumberof thetracedraypathqcolumns‘rays, “pass-ays, and“total rays).
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Prediction Results by MIMD for Dupont Circle
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Figure 47: Predictionswith original map and Figure48: Predictionswith original mapandsim-
simplified map generatecby MIMD methodfor plified mapgeneratedby hybrid MFPS-MMAT for
DupontCircle DupontCircle

7.3 Sensitvity to Simplification Err or

In this part, we further investigatethe trade-of betweenpredictionerror andvertex reductionrate of the
simplificationmethods As it isimpossibleto expresgherelationshipbetweerpredictionerrorandprecision
of building database& a closed-form,we carry out a sensitvity analysisandin this mannerwe attempt
to obtaininsightsinto this relationship. The footprints of Rosslynare againusedasour testsetting. The
hybrid methodof MIMD-MMA T is choserasour shov-casebecaus®f its excellentperformancen terms
of vertex reductionrate and speed-up.The maximumnumbersof reflectionsand diffractionsare 10 and
2, respectiely. Thelengthfactor f; is 1.0 andlocal threshold(i.e., the averagelength of all edgesin the
footprintunderprocessingis used.No constraint@reimposednareaandcentroidto achiere ashighvertex

reductionrateaspossible . Thewidth factor f,, usedin MIMD s fixedto be0.15,while theaspectatio ;- in

MMAT methodvariesin [0.10,0.90]. It is intuitive thatthelarger ;. is, the higherthe vertex reductionrate.
For eacha,., the footprint simplificationalgorithmis appliedto the original map,the generategimplified

mapis usedastheinputof theray-tracingradiopropagatiorpredictionsystento generatg@redictionresults.
The predictionerrorsare computedfor the predictionresultsbasedon the predictionresultsgeneratedy

usingtheoriginal map. To evaluatethe correlationbetweeny, andthe constrainton areaandcentroid,we

calculatethepercentagesf footprintswhich satisfyconstraint©n areaandcentroidby settingboththearea
factor f, andcentroidfactor f. to 0.15.

Table5 presentgheresultsderived with the hybrid MIMD-MMA T procesdor the variousvaluesof the
a, parameter Simplified Rosslyncity mapandits areadifferencemap are shavn in Figures50 and51,
respectiely, for ;. = 0.20. Somekey obserationscanbe dravn from the above Tableand Figures.First,
the speedugor the predictionprocedurgcolumn“speed”)is nota monotonicfunctionof the vertex reduc-
tion rate (column“red.rate%”). For instance the vertex reductionrateis 33.98%whenthe aspectatio is
a,=0.50,its speedups 1.46; while the vertex reductionrateis 28.64%whena,.= 0.40, but its speedups
1.47. Next, the larger the o, the higherthe vertex reductionrate, however, the lower the percentagesf
footprintswhich satisfythepre-specifiedonstrainton areasandcentroidscolumns‘cnst. area’and“cnst.
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a, | vertices| vert. diff. | red.rate% | time | speed| mean| deviation | cnst.area | cnst.centoid
(sec.) (dB) (dB) (%) (%)
0.00| 412 0 0.0 279.00| 1.00 | 0.00 0.00 100 100
0.10 363 50 12.14 200.72| 1.39 | 0.22 2.48 100 100
0.20 330 82 19.90 193.75| 1.44 | 0.66 3.57 96 99
0.30 316 96 23.30 192.42| 1.45 | 0.95 4.01 84 86
0.40 294 118 28.64 189.80| 1.47 | 1.44 5.23 58 66
0.50 272 140 33.98 191.12| 1.46 | 2.54 6.35 29 37
0.90 265 147 35.68 180.01| 1.55 | 4.57 8.79 24 28

Table5: Meanandstandardieviation of predictionerrorsfor Rosslyn,VA (Hybrid MIMD-MMA T)
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Figure 51: Differencemap for
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MMAT with o, =0.20

centroid”). Finally, the predictionaccurag (meanandstandarddeviation in columns“mean” and“devia-
tion”) decreasesasa, increases.Thatis, the accurag of the predictionsis sensitve to the simplification
error generatedy the footprint simplificationalgorithm. For instance|f the numberof verticesremoved
is about20% (usinga, = 0.20),the meanandstandardleviation of the predictionerrorsareabout0.66dB
and3.57dB, respecirely. However, if the vertex reductionrateis about30% (usingca, = 0.40),the mean
andstandarddeviation are 1.44dB and5.23dB, which arelarger thanthe acceptablehresholdgi.e., 1dB
and4dB). Thereforethefeasiblevaluefor parametery, is [0.00,0.30].

One commonobsenration from all theseexperimentsis that the speedugor the predictionprocessis
closely relatedto the vertex reductionrate. This is becausesimplification methodsreducethe number
of cornersin footprints, therebyspeedup operationson cornerlevel. Reductionof cornersalso means
reductionin the numberof diffraction cornersaswell asprocessingime for diffraction corners.However,
therelationshipbetweernthe speedu@ndthe vertex reductionrateis nonmonotonic.Onereasoris thatthe
numberof buildingsdoesnotchangeasaresultof simplification,andoperation®nbuilding level (retrieving
a building, traversingall buildings within a grid) requiresimilar processingime for both the original map
andsimplifiedmap.Anotherreasoris thatsimplificationmethodsalsochangehe geometryof thetestarea,
sothatthe numberof sgmentsperray may changedueto the distortionof building shapesTherefore the
processindgime for araypathmay bedifferentwhenusingdifferentmaps.
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8 Conclusionsand Future Work

Todays wide-spreadnobile communicationgall for effective andaccurateadiowave propagatiorpredic-
tion systems.Among the parametershat greatly affect the function of suchsystemss the compleity of
the building databaseln this paper we dealwith the problemof simplifying the building footprint layout
in urbanareasso that the predictionprocesshecomedasterwithout unduelossof accurag. We propose
four familiesof single-passootprint simplificationalgorithms,namely:theinversemidpointdisplacement
(IMD), recursve subdvisions(ReS-FPS/ReS-OCSyaximum-aredriangulation(MAT), andcorvex-hull-
based CHM) methods We alsosuggesmulti-passmethodghattake advantageof theasymmetrigroperty
that single-passlgorithmsdemonstrate.The ideabehindmulti-passmethodsis to run single-passlgo-
rithmsfor all possiblestartingpointsin thefootprintandthenselectthe bestresult. Hybrid methodsexploit
the complementarpropertyexhibited by varioussimplificationalgorithms.We proposethe notionsof area
differencemapandcentroidtranslationmapasthe coremechanismsor evaluatingsimplificationerrorthat
maybeintroduced Statisticshasen areadifferenceandcentroidtranslatiormapsarealsousedasmetrics
to assesshe performancef our methods.

Footprintsimplificationmethodsarecritical to the reductionof the predictiontime andthe maintenance
of acceptablgredictionaccurag in radio wave propagatiorsystemshasedon ray-tracing. However, the
relationshipsamongthe errorsgeneratedy the utilized simplificationalgorithms,the achiezed prediction
times, andthe attainedaccurag levels are not straightforvard. In general,the preseration of footprint
shapsds closelyrelatedto the predictionaccurag of theradiowave propagatiormodel.In orderto maintain
theshape®f footprints,the characteristicef the shapeof afootprint, suchasits vertices long edgesarea,
centroid, should be maintainedwithin an acceptabldevel. That meansmultiple constraintson vertices,
edgesareaandcentroidshouldbe usedduringthefootprint simplification.

We have experimentedvith our proposedalgorithmsin thecontext of threerepresentate urbanareasand
have assessethe impactthat our techniqueshave on both speedandaccurag of radio propagation.Our
proposedsimplificationmethodgrovide aflexible way to reducethe compleity of theunderlyingbuilding
footprint (GIS) databasesvith algorithmic parameterghat can be usedto tune the simplification error.
Multi-pass methodsoverall outperformtheir single-passounterpartsyhile hybrid methodscan achiere
highervertex reductionratethantheir constituenimethods.On large databasexyur methodsdecreasé¢he
computatiortime for theradiopropagatiorpredictionprocessy up to afactorof threewithoutintroducing
unduepredictionerror The radio propagationpredictionaccurag is very sensitve to the distortion of
the GIS databasesOur experimentalresultsfinally indicatethat sizableperturbationof the simplification
algorithmtunableparameterteadsto unacceptableadio propagatiorpredictionresults.

We plan to extend our work in a numberof promisingdirections: a) establishanalyticalmodelto in-
vestigatethe correlationsamongdifferentparametersisedin footprint simplificationmethods;b) develop
empirical rulesto guide the selectionsof suitablefootprint simplification methodsfor differenttypesof
footprints; c) simplify the buildings databasdurther by meiging adjacentor combiningnearbybuildings
to form “larger” GIS entities;d) useprogressie andapproximategechniquesn the propagatiorprediction
modelsasit is likely thatdifferentray pathsmay contritute differently to the ultimateoutcome;e) employ
parallelizationtechnique®nanetwork of workstationgo improve theaccurag of radiopropagationn light
of minimally modifiedbuilding footprints.
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A Running Time for Maximum-Ar eaTriangulation Method

First, we analyzethe worst-caserunningtime for the maximum-aredriangulationalgorithm. Let 7'(n) betheworst-
caserunningtime for this methodon an n-vertex polygon. Obviously, T'(n) = ©(1) for n < 3. Without lost of
generalityassumehatedge(1,2)is thelongestoneamongall the edgesof the polygon,andtriangle(1, 2, p) hasthe
maximumareaamongall triangles(, 2, i), wherei = 3,4,...,n and3 < p < n. Theverticesareseparatedby p
intotwo sets,R; = {2,3,...,p}andR; = {1,p,p+1,...,n}. Thesizeq of setR; is ¢ = p — 1, andthesizeof set
Roisn+1—gq. ltisclearthat2 < ¢ < (n — 1). Theworst-caseunningtime occurswhenthe verticesarealways
partitionedinto two partsandoneof themhasa constanhumberq of verticesat eachstep.We have therecurrence:

T(n) =, max {T(q)+T(n+1-0)}+0n) &)

By guessinghat7'(n) < en? for someconstant andsubstitutingt into (1), we obtain,
2 )2 — 2 2
T(n) < , 0 {eg® +c(n+1—¢q)°} +6O(n) ¢, uax {+n+1-¢)°} +06(n) )
Let f(q) = ¢> + (n + 1 — ¢)2, we differentiatef (q) with respecto ¢ twice, andget f(V)(q) = 4¢ — 2(n + 1) and

f®(q) = 4 > 0. Therefore,f(g) achievesits maximumover therangeof 2 < ¢ < n — 1 atoneof its endpoints.
Sincef(2) = f(n — 1) =n? — 2n + 5, we obtain,

T(n) < € ax {ed® +c(n+1—¢g)*} +O(n) < c[n* - (2n - 5)] + O(n) (3)
= cn® —[e(2n = 5) — O(n)] < en? (4)

Sincewe canpick theconstant largeenougtsothattheterme(2n —5) dominateshe © (n) term. Thus,theworst-case
runningtime of the maximum-aredriangulationalgorithmis O (n?).

To analyzethe average-caseunningtime for MAT algorithm,let T'(n) bethe averagetime to processann-vertex
polygon.At eachrecursve step,MAT partitionstheverticesinto two partswith sizesof ¢ andn + 1 — ¢. By assuming
thateachpartitionoccurswith equalprobability, 7'(n) canbe expresseds:

O +T(n+1— )]+®(n):%iT(q)+@(n) 5)

We guessthatT'(n) < an log(n) + b for someconstants: > 0 andb > 0 to be determinedwe usebase2 for log
functionhere).We canpick a andb suficiently large sothatan log(n) + b > T'(3). Thenfor n > 3, by substituting
T(n) < anlog(n) + binto (5), we have

n—1

Z[aqlog( )+ bl +06(n —quog ) +2b+ O(n) (6)

q=2

T < 2o
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Since

n—1 [n/2]—1 n—1 [n/2]—1
D qlogle) = ) qloglg)+ D qlog(q) <log(n/2) Z g +log(n Z q 7
=2 q=2 q=[n/2] q=[n/2]

— log(n ”zqu"ﬁ“q:[@—l] log<n)—[§<n/z—1)<n/2)—1] ®)

= S+ 1)~ 2)log(n) ¢ [n(n —2) ~ 1] ©)
By plugging(9) into (6), we obtain,
Ty < 2% = {%(n +1)(n — 2) log(n) — % n(n —2) — 1]} +2b+0(n) (10)
< an log( ) +b—[an/4 - (O(n) + b)) (11)
< anlog(n) +b (12)

Aslongasn > 2, inequalityin (11) holds. We canchooseu large enoughsothatan/4 termdominatesd(n) + b in
(12). We concludethatMAT algorithmhasaveragerunningtime of O(n log(n)).

B Relationship betweenSpeedupand Vertex Reduction Rate

Let N; be the numberof transmittersin the areaunderstudy Ny, and N4, be the numberof diffraction corners
generatedn the original andthe simplified footprint respectiely, T; , andT; s be the averageprocessingimesfor

atransmitterin the original andsimplified footprint respectiely, T, , andTy, s bethe averageprocessindimesfor a
diffractioncornerin the original andthe simplified footprint, respectiely.

First,we derive therelationshipbetweerspeedumndnumberof diffractioncorners.Thetotal processindgimesT,
andT; by usingtheoriginal andsimplifiedfootprintsare
T, = NtTt,o + Nd,on,o; T, = NtTt,s + Nd,sTd,s

The speedumchievedby the simplificationmethodis

d To NtTt,o + Nd,on,o
speeaup = —~— =
e = T, ™ Ny + NawTus

WhenNg, >> Ni, Ny s >> N, Ty o = Ty 0, andTy ; = Ty 5, We have

Ndono CNdo
NdsTds Nds

whereC = Ty ,/T4 s is theratio of the averageprocessindime perdiffractioncornerfor original mapto the average
processingime perdiffractioncornerfor simplifiedmap.When(C is largerthanl, thesimplificationmethoddecreases
the computationatomplexity of eachdiffractioncorner

speedup =~

Next, we derive the relationshipbetweenspeedumndthe vertex reductionrate. If we assumehatthe numberof
diffractioncornersis proportionalto the total numberof cornersin thefootprints,we get

Nd,o = poNc,o; Nd,s = pch,s

wherep, andp, areconstantswith valuesin [0, 1], N,,, and N, arethe total numbersof cornersin the original
footprintsandsimplified footprints,respectrely. Then

. Nc o Nc 8 Nc 8
reduction_rate = ———= =1 — —=
Nc,o Nc,o

N, C1N, C

speedup — Cpo €0 _ 14i¥¢c,0 1

PsNe,s N.s  1—reduction_rate

whereCy = Cp,/ps.
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C Derivation of Prediction Err or

The estimationof the meanandstandardieviation of the predictionerrorwhenthe simplified mapis usedis basedn
thefollowing parameters:

e u, ando, arethe meanandstandardieviation whenthe original mapis usedandpredictionresultsarecom-
paredwith realmeasurements,

e us ando, arethe meanand standarddeviation whenthe simplified mapis usedand predictionresultsare
comparedvith realmeasurements,

* u,s ando,s arethe meanandstandarddeviation of predictionerrorswhenwe comparepredictionresultsby
usingthe simplified mapwith thoseby usingthe original map,

e M; is themeasurementf recevedpower for receveri, P;(0) and P;(s) arethepredictionsof received power
for receveri by usingthe original andsimplified maps respectiely,

e N isthenumberof recevers.

More specificallywe have thefollowing formulas:

1 1 1
Ho = % Z: s = 3 Z[Mz —Pi(s)];  pos = ~ ;[Pi(o) — Pi(s)]
N 1 N
o2 = Z —uk ol=~ Z[M —P) - o=+ ;[Pi(o) — P(s)]? - a2,
Usingthe above equationsye canhave thefollowing derivations:
1 N 1 N
He = % ;[Mz- ~Pi(s)] = ;[M Pi(0)] + Z[P ()] = o + Hos

[M; — Py(s)]* — pig

a
I
2|
.MZ

<
I
—

([M; = P(0)]” + [Pi(0) — Py(s)I” + 2[M; — P;(0)][Pi(0) — Pi(s)]) — (g + 1135 + 2ft0btos)

s
I
-

I
2| -

= 0p+ o+ 055+ s + Z[M Pi(0)][Pi(0) — Pi(s)] — (2 + 2, + 2ftoftos)
= ag-}-ags-i-e

wheree = 2 SN [M; — P;(0)][Pi(0) — Pi(s)] — 2ftoftos-
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