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Abstract

Building footprintsimplificationis of critical importanceto radiopropagationpredictionsin wireless
communicationsystemsasthepredictiontimeis closelyrelatedto thenumberof bothbuildingsandver-
ticesinvolved.Intuitively, if thecomplexity of footprints(i.e., thenumberof verticesin thefootprints)is
reduced,predictionscanbegeneratedmorequickly. However, suchreductionsoftenaffect theaccuracy
of resultsasthe simplificationerror constrainsthe efficiency that canbe achieved. To achieve a good
vertex reductionratefor thefootprintsinvolvedandat thesametimepreservetheshapesof footprintsin
termsof theirareas,orientations,andcentroids,weproposeanumberof efficientsingle-passmethodsto
simplify building footprints.To satisfyconstraintsonedges,areas,andcentroidof simplifiedfootprints,
multi-passmethodsaresuggested.Hybrid methodstake advantagesof complementarypropertyexhib-
ited by differentfootprint simplificationmethods.We assessthebaselineeffectivenessof our proposed
techniques,andcarryout anextensivecomparativeevaluationwith realGIS datafrom differentmunic-
ipalities. Throughexperimentation,we find that hybrid methodsdeliver the bestperformancein both
vertex reductionrateandsimplificationerror. We examinetheeffectsthatthesefootprint simplification
methodshaveon theray-tracingbasedradiopropagationpredictionsystemsin termsof processingtime
andpredictionaccuracy. Ourexperimentsshow thatfootprintsimplificationmethodsindeedreducepre-
diction time up to three-folds,andmaintainpredictionaccuracy with high confidenceaswell. We also
investigatethe relationshipbetweenfootprint simplificationerrorandthepredictionaccuracy. We find
that the predictionaccuracy is sensitive to the distortion(i.e., changeof shape)of building footprints.
This helpsusto betterunderstandthetrade-off betweenprecisionof building databaseandtheaccuracy
of predictionsgeneratedby ray-tracingbasedradiopropagationpredictionsystems.

Indexing Terms: Footprintsimplificationalgorithms,simplifiedmapsfor radiopropagationprediction,
experimentalevaluationof spatialreductionmethods.
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1 Intr oduction

Thetremendousgrowth in mobilecommunicationsnecessitatesfastandaccuratepredictionof radiowave
propagationfor systemdeployment. Microcells arecurrentlyusedto cover a small area,andtherebyin-
creasethecapacityof thecellularcommunicationsystems[24, 22, 21, 23]. To achieve smallareacoverage,
theheightof antennasinstalledin a microcellbasestationmaybelower thantheaverageheightof thesur-
roundingbuildings. In suchmodernradiowave propagationenvironments,conventionalstatisticalmodels
do not yield accuratepropagationpredictions[19]. On theotherhand,ray-tracingbasedradiopropagation
predictionmodelshave shown promisein microcellenvironments[52, 48, 49, 50, 51,25, 26, 1, 27]. Such
techniquestake into accountfine-level featuresof a geographicareaincludingbuilding shapesandorienta-
tions,electricalcharacteristicsof building materials,terrain,locationsof transmittersandreceivers,heights
andpatternsof antennasusedby bothbaseandmobilestations,andcanevenincorporateweatherandveg-
etation[53, 54]. Propagationpredictionscanplay an importantrole in determiningnetwork parameters
includingcoverage,transmitted-datarates,optimalbasestationlocations,andantennapatterns.Whenever
anetwork parameteris changed,theray-tracingsystemhasto beexecutedto evaluatetheeffectof themod-
ificationon theentirenetwork. Suchsystemsarefrequentlyusedin thedesign,analysis,anddeploymentof
wirelessnetworks.

For theelevatedbasestationantennasof microcellularsystems,raypathsinvolve combinedpropagation
overandaroundthebuildings.A databaseof buildingsis requiredto makepredictionsin thiscase.Whenthe
basestationantennasarebelow thesurroundingbuildings,asin microcellularsystems,propagationappears
to separateinto two classesof raypaths[20]. Oneclassgoesaroundthesidesof thebuildings,essentiallyin
thehorizontalplane,while theothergoesover thebuildingsin theverticalplanecontainingthebasestation
antennaandthemobile[47, 20]. Thisstudyinvestigatesaclassof raysthatgoaroundthesidesof buildings
andrely on 2-D ray tracingmethods.

For ray-tracingsystemsto work well, two key objectiveshave to be fulfilled: precisionof the building
databaseandreasonablepredictiontime. Thepredictionaccuracy canbeadverselyaffectedby theprecision
of building features[47]. In this regard,many smalldetailswill contribute little to thepredictions,but may
increasethepredictiontime dramatically. Ray-tracingis computationintensive sinceit attemptsto follow
all possibleroutes(i.e., raypaths)from all sourcepoints(transmittersanddiffractioncornersactingassec-
ondarytransmitters)to all receivers[25, 51]. Theseraypathsmayundergo multiple reflections,diffractions,
and/ordiffusescatteringeffectsincurring long processingtime [20, 21]. Theabove two objectivesarenot
orthogonalandrequiresubstantialtrade-offs. Thecoreissueis to speedupray-tracingandat thesametime
maintainthe predictionaccuracy at an acceptablelevel. Consistentwith ray tracing in 2-D for low base
stationantennas,werepresentbuildingsby their footprintsin thispaper.

Themostfrequentlyusedoperationin ray-tracingsystemsis theray-wall-intersectiontestwhichaccounts
for 90% of the processingtime [3]. The ray-wall-intersectiontest is tightly coupledwith the numberof
edgesin thebuilding databaseanda possibledecreasein numberof verticesmaysubstantiallyreducethe
processingtime required.Diffraction cornersact physicallyassecondarysourcesandaretreatedasaddi-
tional transmitters.Reductionof thenumberof verticesin thebuilding databasealsomeanssmallernumber
of diffraction cornersto be traced. Reductionof the amountof dataneededto be processedallows us to
designandusemuchsimplerdatastructures.Suchdatastructuresenablemoreefficient operations(i.e.,
retrievals,insertions,andupdates).

Theabove observationspoint out thatsimplificationof thebuilding footprintsto a versionthatapproxi-
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matestheoriginalbut hasfewerverticeswill speeduptheradiopredictionprocess.Footprintsimplification
canbedefinedasanoptimizationproblemwhoseobjective functionis to minimizethenumberof vertices
in building footprintswithout undulyeffecting predictionaccuracy. Maintainingpredictionaccuracy sug-
gestsa numberof constraints.First, all verticesin thesimplifiedfootprint shouldbea subsetof verticesin
theoriginal footprint to avoid spurioussecondarytransmitters(diffractioncorners).Second,long edgesare
muchmoreimportantthanshortonesin a footprint sincethey mayinterceptandreflectmorerays,andthus
mayilluminatemorereceiversandcorners.Finally, changein areaor translationof thefootprint’s centroid
mayaffect thenumberof interceptedrays,theconstituentsegmentsof raypaths,andtheirunfoldedlengths.

Theobjective to minimizethenumberof verticesin thebuilding databasecanbeevaluatedby thevertex
reductionrate definedas

�������
	��
������������������	
, where

������	
and
�������

are the numberof verticesin the
original andsimplifiedbuilding databases,respectively. Theproposedconstraintsarequantifiedasfollows:
a)verticesin simplifiedfootprintsmustbeasubsetof verticesin theoriginal footprints;b) edgeswith length�

have to beretainedif
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is the“length factor”
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aretheareasof theoriginalandsimplifiedfootprints,and
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is the“areafactor”(0 , � . , 1); d) thecentroid
of the simplified footprint shouldsatisfy / �����10 ����	 , ��2 / !$# 	 , where / �����10 �)�
	 is the distancebetweenthe
centroidsof theoriginal andsimplifiedfootprints, / !$# 	 is a giventhreshold,and

��2
is the“centroidfactor”

(0 , ��2 , 1); ande) simplificationerrorsshoulddistributeuniformly alongthefootprint boundary, instead
of concentratingon only someportionsof thefootprint.

The organizationof the paperis as follows: Section2 discussesrelatedwork and Section3 outlines
performancemetricsused. Section4 proposesfour familiesof single-passsimplificationalgorithmsand
Sections5 and6 discussmulti-passandhybrid methodsrespectively. Section7 presentsan experimental
comparisonof theproposedalgorithmsandevaluatestheimpactof footprintsimplificationsin theprediction
time and accuracy on radio propagationpredictions. Our conclusionsand future work can be found in
Section8.

2 RelatedWork

Building footprint simplificationsharessimilaritiesanddemonstratesdifferenceswith problemsin diverse
areas,includinga)polygonalizationin digital curveapproximation,b) polygonalsimplificationin computer
graphics,computer-aideddesignand virtual reality, and c) the generalizationin geographicinformation
systems(GIS).

Polygonalizationmethodsarewidely usedin digital curve approximations[2, 5, 28]. Thekey objective
is to approximatea curve with apolyline (connectedstraightline segments)sothattheresultingpolyline is
within user-specifiedthresholdsto theoriginal curve [13, 7, 9, 10, 15]. Thereexistsa wealthof polygonal-
izationmethodsincludingtheiterativeend-pointfit algorithm[17], thesequentialfit algorithms[10, 11,12],
thearea-basedmethods[7, 9], theerror-norm optimalmethod[16], thecomputational-geometricmethods
[14], andtheminimaxmethodandits variations[13, 15]. Theaforementionedmethodsareasymmetricin
natureas the resultsgeneratedcould be different if startedwith different initial datapoints. Somesuch
symmetricmethodsareproposedin [8]. Polygonalizationandbuilding footprint simplificationsconsidered
heredemonstratenoteworthy differences.Building footprintsarealwayspolygonswith verticesin order,
whereasthereis no suchrestrictionin polygonalization. The numberof verticesdepictinga building is
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generallymuch lessthan the numberof featurepoints in curve approximation. The objective functions
andconstraintsarealsodifferent. In curve approximation,functionsusedincludethenumberof edges,the
lengthof perimeter, andthe total area.In footprint simplification,we optimizeby reducingthenumberof
verticeswhile atthesametimewemaintainpredictionaccuracy of radiowavepropagation.Symmetryis not
requiredin building footprint simplificationmethods.Moreover, theasymmetricpropertycanbeexploited
to furthersimplify footprints.

Polygonalsimplificationin computergraphics,computer-aideddesign,andvirtual reality [33, 29] trans-
formsa3-D polygonalmodelinto asimplerversionby reducingthenumberof polygons.Adaptivesubdivi-
sionalgorithmscommencewith asimple,coarsebasemodel,recursively subdivide it, addingmoredetailto
local areasof themodelat eachstep[34, 35]. Oncethesubdividedmodelapproximatestheoriginal oneto
a user-specifieddegree,thealgorithmsterminate[35]. Geometry-removal algorithmsstartwith theoriginal
model,simplify it by repeatedlyremoving facesor vertices[37, 38, 39]. Sampling-basedalgorithmssample
thegeometryof theoriginal modelby eitherconsideringacertainnumberof randompoints,or by overlay-
ing the modelwith a grid andsamplingeachcell of the grid [43, 36]. Then,sampling-basedalgorithms
attemptto createsimplifiedmodelsderivedfrom thesampleddata.Finally, hybrid-algorithmscombinethe
above techniquesto take advantageof their individual featuresto achieve a high quality approximationof
theoriginal model[42]. Althoughbothpolygonalandfootprint simplificationmethodsareapproximations
that strive to presentsimplerversionsof initially “complex” models,they have substantialdifferences.In
polygonalsimplification,theobjective functionis to useasfew tiles (polygons)aspossible,while maintain-
ing theapproximationerrorwithin sometolerance.In our case,the respective objective function is to use
asfewer edgesaspossiblewhile toleratingsomeshapediscrepancies.We canalsoimposeconstraintson
centroid,area,andedges.In polygonalsimplification,constraintsareon curvatures,normals,andcolors.
Differentmetricsareusedto quantifysimplificationerroranddefineterminationcriteria.

Generalizationin geographicinformationsystems(GIS) dealswith thecreationof multi-scalerepresen-
tationsof the sameobjects[44, 30]. The main constraintshereare the preservation of perpendicularity,
collinearity and “parallelity” [44]. Thesecharacteristicsmustbe preserved, andsometimesenhancedor
exaggeratedto giveobserverstheimpressionof seeingaspecificobject.Pertinentgeneralizationalgorithms
arediscussedin [45, 17, 57], leastsquaresadjustmenttheoryis appliedfor thesamepurposein [44], andthe
useof specificrulesfor building facadecharacteristicsis proposedin [46] andincorporatedin modernGIS
systems[40, 41]. GIS generalizationandfootprint simplificationpresentkey differences:a) In generaliza-
tion, theobjective is to presenttheuserwith a “well-formed” visual impressionthat inherentlyintroduces
artificial verticesto preserve or enhancetheparallelityandrectangularityof a footprint. In ourwork, artifi-
cial verticesarenotallowed.b) In footprintsimplification,theconstraintsareimposedonarea,centroid,and
thelengthof edgeswhereasin generalization,theconstraintsareimposedon theedgesin orderto maintain
parallelity.

Finally, an evaluationhasbeencarriedout on the influenceof databaseaccuracy on ray-tracingbased
radiopropagationpredictionin urbanmicrocells[47]. Building databasesfor thesamecity but with different
precisionsarederivedfrom differentsources,includingsatellitemaps(cadastremaps),transportationmaps,
andcivil constructionmaps.In this paper, we considerdataoriginatingonly from thesamesource;that is,
we derive differentmapswith differentaccuraciesfrom thesamebuilding database.
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3 Simplification Err or

The ratio of predictiontimesincurredby usingthe original andsimplified maps,alsotermedasspeedup,
is usedto evaluatethe efficiency of a footprint simplificationmethod. The speedupis definedas 35476*358 ,
where 394 and 358 are the processingtimes when the original and simplified building databasesare used
in the ray-tracingsystem. In order to assessthe effectivenessof footprint simplification algorithms,we
correlatetheirwork with obtainedperformancemeasurementsthatincludemean( : ) andstandarddeviation
( ; ) of predictionerrors.As radiopropagationpredictiontime andaccuracy arecloselyrelatedto thenature
and/orcomplexity of footprints,metricson footprint simplificationerrorcanserveasreliableestimatorsfor
pertinentpredictionaccuracy.

The simplification error generatedby a footprint simplification methodcan be describedby the area
differencemapwhich is thesymmetricdifferencebetweentheoriginal andthesimplified footprints. The
statisticalfeaturesof areadifferencemapscanbeusedto characterizethesimplificationerrors,suchasthe
meanandstandarddeviation, aswell asthe distribution of the areadifferences.Area differencemapcan
be usedto evaluatethe performanceof a given footprint simplificationmethodsincewe canidentify the
following aspects:a) wheretheerrorsscatter, andwhatthesizeof theerrorscatteringregion is; b) whether
or not the distribution of errorsis uniform. If not, which part of the mapcontainsmostof simplification
errors;and,c) what is the distribution of error sizes(granularities).It is desirablethat the distribution of
errorsis uniform over theentiregeographicareasothat thedistortionis similar for every footprint, which
reducesthe varianceof simplificationerror. Also, it is desirablethat granularityof errorsis assmall as
possibleso that distortion is not heavy at any part of footprints. Finally, footprint simplificationshould
be “unbiased”in that no specificstructural(regular) shapesappearin the areadifferencemap. That is, it
doesnotdistortscertaintypesof footprintsheavily, while changingothersvery little. Therefore,a footprint
simplificationmethodcanbejudgedby thefollowing conditions:1) thedistribution of errors(residuals)is
randomanduniform; 2) thereis no structural(regular)shapein thedifferencemap;and,3) thegranularity
(size)of residualsis small,or thevarianceof sizesis small.

To bettervisualizeandevaluatethedifferencebetweenthecentroidsof simplifiedandoriginal footprints,
a centroidtranslationmapcanbe constructed.The centroidsof the original footprint and the simplified
footprint arecalculatedfor eachbuilding footprint. Thedisplacementvectorsof thecentroidsfor all build-
ingsconstitutesthecentroidtranslationmap,from whichstatisticssuchasmeanandvarianceof translations
canbederived. Froma centroidtranslationmap,just aswith theareadifferencemap,we cancalculatethe
distribution, granularity, orientation,mean,andstandarddeviation of thecentroidtranslations.Therefore,
centroidtranslationmapscanbeusedasanalternativemechanismfor theeffectivenessof building footprint
simplificationmethods.

4 Single-passFootprint Simplification Algorithms

4.1 InverseMidpoint DisplacementAlgorithms (IMD)

Themidpointdisplacement(MD) methodis usedin a wide varietyof applicationsincluding fractalshape
generation[3, 4]. Using a 2D example,MD works as follows: beginning with a triangle with vertices<>=@?7A�B-?DC

,
<>=FE�A�BGE7C

and
<>=FH�A�BGH*C

eachedgeis subdivided into two halves,movesthemidpointsomedistance
in theplane,andyieldsa hexagonduringthefirst iteration. Thelocationfor thenew midpointof theedge
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I>JFK�L�MNK�O
to
I>JQPNL�M*P�O

is calculatedas
JFRTSUI>JVKXWYJQP*O�Z�[

and
MNRTS\I>MNK9W]M*P^O�Z�[_W]`aI>JQPcbdJVKeO)fgI>JVR-O

, where`hI)i
O
is a perturbationfunction determiningthe extent of the midpoint movement,and

fgI)i
O
is a random

numbergenerator. Shouldtheaboveprocedurebeiteratedanumberof times,thena fractalobjectis formed
[3]. The objectsderived 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), areshown in Figures2 to 4. Here, the
perturbationfunction

`jSkJ P blJ K
, therandomfunction

fmSknNoqpXr-Z�s�t7p
,
n�oupXr

is a randomnumberin the

rangeof
I�v-wxv-Lys�t7p1O

, and
szt{p|S~} I>JQP�bTJVKeO)�"W�I>M*P�b�MNKzO)�

. Figure4 clearlydemonstratesa spiky behavior
thatexposestheself-similaritypropertyof theobject.
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In our proposedInverseMidpoint Displacementalgorithm(IMD), we take the inverseapproachto the
MD method;weremovepointsfrom theinitial two-dimensionalshapeandtransformanirregularobjectto a
simplifiedandmoreregularone.Shouldweknow one“original” pointof theshape,theperturbationfunction
aswell asthe randomfunctionused,we could easilyderive theexact original shape.In general,suchan
optionis notavailable.Therefore,wehave to allow someapproximationfor thetwo functions(perturbation
andrandomfunctions)andrandomlyselectonepoint (that is assumedto be the anchorfor thesimplified
shape).Althoughfootprintsdo notpossesstheexactself-similarityproperty, it is reasonableto assumethat
they demonstratestatisticalself-similarityproperty, thatis, somepartsof a footprint arestatisticallysimilar
to theotherpartsof thesameor differentfootprintsin termsof orientation,lengthdistribution, andslope
distribution [55, 56].

TodescribetheIMD method,wedefineabasicconcepttermedcaptureregionof aline segment
s
. Assume

thatthelengthof aline segment
s
is � . A strip is definedaround

s
whosecentralaxisis

s
andwhosewidth �

is a fractionof � , that is, � S���� � , where
���

is thewidth factor. Theareacoveredby this strip is termed
the � o7�F���FnNt�nGt��q����p of

s
. Themainideaof IMD algorithmis thatverticesthathappento belocatedwithin a

specificcapture regioncanbeeliminated.Morespecifically, for eachvertex in thepolygon-to-be-simplified,
weconstructthecaptureregion for theline segment

s
formedby its prior vertex andsuccessive vertex in the

polygon1. If this vertex is within thecaptureregion of
s
, thenit is consideredto bea “midpoint” of

s
and

thusit canberemoved.Thelatteroffersthebasicmechanismfor thesimplificationof theshapein question.
Algorithm 1 shows thestepsof theIMD algorithm.

Therunningtime of Algorithm 1 is linear in thenumberof vertices(
p

) in the initial shape(i.e., � I>p1O ).
Therearetwo issuesthat affect the quality of the simplificationprocess;they are: a) the selectionof the

1Theseverticescanbeeasilydeterminedasourshapesaredefinedwith a counter-clockwiseorientationfor theouterboundary,
anda clockwiseorientationfor theinnerboundary(hole).
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Algorithm 1 InverseMidpoint DisplacementAlgorithm (IMD)
1: A startingvertex � is chosenfrom thoseverticescomprisingthefootprint � .
2: Insertall theverticesof � startingfrom � into aqueue� .
3: Let thesetof verticesfor thesimplifiedversion,� , to empty.
4: while ( � is notempty)do
5: Removevertex � from theheadof � .
6: �����V�G�7�Q�7�{�*���^ ^� ¡Q�{��¢��{£¥¤e�§¦ ; ¨©�ª�7«¬���{�^�^�^ �� ¡Q�7��¢��{£¥¤e�§¦ ; form thecaptureregion for ¤���­y¨T¦ .
7: if ( � fallsoutsidethecaptureregion for ¤���­y¨T¦ ) then
8: Insertvertex � into theset � .
9: end if

10: end while
11: Thepolygonformedby theverticesin theorderedset � is thefinal simplifiedversionof thepolygon.

startingpointandb) thedesignationof thewidth of thecaptureregion. It is beneficialif thestartingpoint is
anactualmidpointin theobject.Weusetwo heuristicsthatattemptto designatemidpointsasstartingpoints
with high probability. Theseheuristicsare: 1) selecta vertex from the shortestedgein the polygonand
2) selectthevertex which hasthemaximuminnerangle.Alternatively, theeasiestway to selecta starting
point is by randomlypickingonevertex in thegivenpolygon.Thewidth factor ®�¯ of thethecaptureregion
is usuallyselectedfrom therange[0.10,1.00]. Anything higherthan1.00would indicatea very aggressive
simplification route. In this case,the shapeof a footprint may changedramaticallyand may affect the
accuracy of theradiopropagationprediction.To avoid this,a limit canbeimposedonthemaximumnumber
of verticeswhichcanberemovedconsecutively from a footprint.

Figure5 depictsa polygonobtainedafter applyingour IMD algorithm in the polygon that appearsin
Figure3. Thewidth of captureregion is setto 0.75.If we compareFigures 5 and 2, we canverify thatthe
two polygonsarevery similar. In addition,thevertex reductionrateis 29%(or 34 edgesdown from 48 in
theinitial polygonof Figure3).

4.1.1 Constrained InverseMidpoint DisplacementAlgorithm (CIMD)

Our IMD algorithm above considersonly one building at a time. In an urbanterrain, one may needto
simplify a numberof buildingsat thesametime. Thesimplificationof a footprint mayaffect oneor more
neighboringbuildings. For instance,althoughall theverticesin a simplifiedpolygonarealsothevertices
of the original one,someedgesof the simplified footprint may very likely be different from thoseof the
original polygon. This happensdueto the introductionof artificial edgesnecessaryfor thesimplification.
Thelattermayintersectwith theedgesof neighboringfootprintsor polygons.In this case,it is imperative
thatsimplifiedpolygonsstill obey “natural” constraints,e.g.,abuilding cannotoverlapothers.

In order to satisfynaturalconstraints,we maintainan outeraswell asone(or more) inner boundaries
for eachbuilding. All verticesandedgesof a simplifiedfootprint shouldlie insidetheouterboundaryand
outsideof innerboundary(ies).Whensimplifying, thealgorithmshouldcheckthateachartificial edgein the
simplified building lies within theareaformedbetweenthe inner andouterboundaries.The simplestand
moreaccurateway to definetheouterboundaryis theareasurroundedby theoriginalpolygon.In thiscase,
we modify our IMD algorithmto accountfor theabove constraint.Theresultingalgorithm,theconstrained
inversemidpointdisplacement(CIMD), is depictedin Algorithm 2. Therunningtime of CIMD depends
on theshapesof thegivenouterandinnerboundaries.If theoutercontourof theoriginal footprint is used
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Algorithm 2 ConstrainedInverseMidpoint DisplacementAlgorithm (CIMD)
1: A startingvertex ° is chosenfrom thoseverticescomprisingthefootprint ± .
2: Insertall theverticesof ± startingfrom ° into aqueue² .
3: Setthegroupof verticesfor thesimplifiedversion,³ , to beempty.
4: while ( ² is notempty)do
5: Removevertex ° from theheadof ² .
6: ´¶µ¸·V¹Gº7»Qº7¼{º*½�½*¾�¹ ¿-º{¹�À�º{Á�Âe°"Ã ; ÄÅµÆ½7Ç¬¼�¼{º^½^½^¾�¹ ¿Qº7¹�À�º{Á¥Âe°§Ã ; È is the last vertex in ³ ; form the

captureregion for Â�´�ÉyÄTÃ .
7: if (Edgeformedby vertices° and È is within specifiedouterandinnerboundaries)Ê ( ° fallsoutside

thecaptureregion of Â�´�ÉyÄTÃ ) then
8: Insertvertex ° into ³ .
9: end if

10: end while
11: Thepolygonformedby theverticesin theset ³ is thefinal simplifiedversionof thepolygon.

astheonly outerboundaryandno innerboundaryis imposed,thentheconditionsof line 7 (Algorithm 2)
canbeevaluatedin constanttime renderingCIMD’scomplexity linear(i.e., ËaÂ>Ì1Ã whereÌ is thenumberof
verticesin theinitial footprint).

Figure6 depictstheresultof theCIMD algorithmfor thepolygonin Figure3 with theoriginal footprintas
theouterboundary(i. e.,all edgesof thesimplifiedpolygonshouldbewithin theoutercontourof theoriginal
footprint). Weverify thattherequiredconstraintis satisfiedby thesimplifiedversion.In thisexample,wedo
not considerany innerboundariesastheinitial shapeis solid. Thevertex reductionrateachievedby CIMD
algorithmis 22.92%andthenumberof edgeshasbeenreducedto 37 (down from 48). Theconstraint-based
algorithmproducesa larger numberof edgesif comparedwith the resultsof Algorithm 1. However, the
resultingsimplifiedfootprintsaremoreaccuratein referenceto theoriginalpolygon.
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To satisfyadditionalconstraintson areaandcentroid,backtrackingshouldbe used. First, a simplified
footprint is found asusual. Then, the areaandcentroidof the simplified footprint are testedagainstthe
constraints.If constraintsarenot satisfied,the algorithmstepsbackonevertex andfinds anotherfeasible
route.Thisprocedureis repeateduntil asolutionis found,or all possiblepathshave beentried.
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4.2 RecursiveSubdivision Methods (Res-FPS/Res-OCS)

In this section,we introducealgorithmsbasedon theiterative end-pointfit methodor recursive subdivision
method[17] with thehelpof Figure8. Herethecurve is representedby pointsfrom Ô to Õ , which arethe
input to thealgorithm. Theoutputof thealgorithmis a groupof connectedline segmentsthatcollectively
approximatetheinitial curve. Wecommenceby connectingthetwo (provided)end-pointsof theset,which
is the line Ö�Ô�×DÕ�Ø in our example. Thenthe point which hasthe largestperpendiculardistancefrom the
line segment Ö�Ô�×DÕ�Ø in the featurepoints is found (i.e., point Ù ). If this largestdistance( ÙÒÙaÚ ) is above
a given threshold(setat run time by the user),then D is a vertex in the approximatedcurve. The new
vertex D will form two new line segments,Ö�Ô�×yÙÛØ and Ö�ÙÜ×DÕ�Ø . Thesetwo new line segmentsreplaceour
initial approximationline segment Ö�Ô�×DÕ_Ø . Thealgorithmproceedsrecursively with thenew line segmentsÖ�Ô�×yÙ'Ø and Ö�ÙÜ×DÕ_Ø andtheremainingfeaturepointsarepartitionedinto two pertinentsets.Thealgorithm
terminateswhenthedistanceof eachfeaturepointto its nearestapproximationline segmentis below agiven
threshold.We canmodify theabove baselinealgorithmto approximatepolygonsandoffer simplification
of building footprints. The key assumptionsin [17] that curvesarenot of closedform andfeaturepoints
arenot necessarilyprovided in orderdo not applyhere.Thesedifferencesaffect theselectionof objective
function,approximationerrormetrics,andtheterminationcriteriafor theapproximationmethod.

In our algorithm, we first needto split the input polygon into two curves by selectingtwo footprint
vertices.Thecoreproblemis how to selecttheabove 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 helpmaintaintheshapeof theoriginal footprint. Once
the two curves have beendetermined,the recursive subdivision algorithmcanbe individually appliedto
eachoneandcompilethetwo simplifiedpoly-lines.Thesynthesisof thetwo resultingpoly-lineswill offer
thefinal simplifiedfootprint. In orderto locatethefarthestlocatedpairof points,wefirst derive theconvex-
hull of all given pointsof our polygonandthen we usea divide-and-conqueralgorithm[18] to identify
thepair in question.To form theconvex-hull we need ÝgÖ>Þ1Ø computationalstepsfor a simplepolygon(no
self-intersection)with Þ vertices.Thefinal selectionof thefarthestpair requiresÝaÖzßàØ stepswhere ß is the
numberof theverticesin theconvex-hull ( ßÛá|Þ ) [6, 18]. Therefore,theoverall computationcomplexity to
find thefarthest-pairis ÝgÖ>Þ1Ø .

Our proposedmethod(Res-FPS:recursive subdivision – farthest-pairsplit), is depictedin Algorithm 3.
Theterminationcriteriausedin Res-FPScanbe:

1. Distance-based:theperpendiculardistanceÙâÖeã§×yäåØ of eachvertex ã to thenearestline segment ä
in thesimplifiedcurve shouldobey theinequality ÙâÖeã§×yäåØæáYç�è{ä whereç�è is thedistancefactorand
hasavaluein the(0, 1) range.

2. Area-based:thetotal areaof theclosedcontourformedby thecurve andtheline segmentconnecting
theend-pointsof thecurve shouldbelessthantheprovidedthreshold.

The runningtimesfor worst-caseandaverage-caseof Res-FPSalgorithmare ÝgÖ>ÞXé7Ø and ÝgÖ>Þ_êìëNí9Ö>Þ1Ø�Ø ,
respectively. Theseresultscanbe derived usinga similar approachto that of AppendixA. Optimization
techniquesto speedup theworst-caserunningtime to ÝgÖ>Þ_êìëNíFÖ>Þ1Ø�Ø aresimilar to thosediscussedin [57].

Figures9-11 outline the applicationof theRes-FPSalgorithmto the polygonof Figure3. The utilized
terminationcriterion is thedistance-basedcriterionwith its correspondingdistancefactor ç�èïîñð-ò$ó7ô . The
numberof verticesin thesimplifiedfootprint is 32 (down from 48)andthevertex reductionrateis 33%.
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Algorithm 3 Recursive Subdivision Algorithm-FarthestPair Split (Res-FPS)
1: for (Eachvertex õ in thegivenfootprint ö ) do
2: õ . ÷9ø�ùGú�ûü÷9ùuøzý�þ .
3: end for
4: Find thefarthest-pairvertices,ÿ and � , amongtheverticesin ö .
5: ÿ���� divide thepolygoninto two curves ��� and ��� ; insert ��� and ��� into aqueue	 .
6: ÿ . ÷9ø�ùqúïû�

���¬þ ; � . ÷9ø�ùqú�û�

���9þ .
7: while ( 	 is notempty)do
8: Remove thecurve � from 	 .
9: if (TerminationCriteriafor � notSatisfied)then

10: ��� û thefirst end-pointof � ; ���æû thelastend-pointof � .
11: Find thefarthestpoint � from theline �������
12: 	 û�	���������������������� � ; � . ÷9ø�ùqú û�

���9þ .
13: end if
14: end while
15: All verticeswith ÷9ø�ùGú"!#
$���¬þ form thesimplifiedversionof ö .
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Anotherwayto split thepolygonis to find thatpairof verticeswhicharelocatedat “oppositecorners”.In
particular, wecanfirst find four verticesõ&%(')�Dõ % * �Dõ+','-�Dõ&',* , where õ&%(' is theupper-left, õ % * is theupper-right,õ+',' is the lower-left, and õ&',* is the lower-right vertex. Thenwe cancompareline segments .eõ&%(' õ+'/* 0 and
.eõ % * õ&'1'20 andusethe longerto partition the curve, we namethis methodRes-OCS(Recursive subdivision
– OppositeCornerSplit). Similarly, we canconstructtheconstrainedrecursive subdivision algorithmsby
requiringthatall edgesof simplifiedversionmustbebetweenthegivenouterboundaryandinnerboundary.
Theresultof sucha constrainedRes-FPSalgorithmis shown in Figure12 for simplificationof thepolygon
in Figure3. Fromthis, we canestablishthat thesimplifiedversionsatisfiestheconstraint,andthenumber
of verticesin thefinal result is 34 with vertex reductionrateat 29.17%(which is lessthanthe rateof the
unconstrainedversion33%).

4.3 Maximum Triangulation Ar eaMethod (MAT)

Tessellationusespolygonalmeshesto describesurfacesand objects. As polygonalmeshesdemonstrate
good connectingstructureand can be manipulatedefficiently, they are popular in object representation,
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imageprocessing,andvirtual reality applications[29, 33]. The core objective in handlingmeshesis to
reducetheir complexity by usingsimpleandsimilar-type tile elementsfor meshconstruction.This is done
by reducingthenumberof tiles in themeshwhile maintainingacceptableaccuracy [31, 32]. Triangulation
is themostpopulartessellationmethodandcanhelpusin simplifying building footprints.Therationaleof
our proposedalgorithmhereis basedon two premises:a) triangulationof thebuilding footprint,andb) for
trianglesadjacentto theperimeterof thefootprint,checkwhetherthey satisfyimposedeliminationcriteria.
If so,trianglesareremovedyielding asimplerfootprint.

Conventionaltriangulationmethods[29, 18] do not complywith a numberof propertiesdeemedneces-
saryin footprintsimplification.First, thenumberof trianglesalongtheboundaryshouldbecomepotentially
very large. In turn this will increasetheprobability thatmoretriangleswill beultimatelyeliminated.Sec-
ond, the shapesof trianglesalong the perimetereithershouldoccupy small areasor shouldbe long and
skinny [33]. Finally, theaggregationof all internaltrianglesshouldmaintaintheoriginal shapewith high
fidelity. While takinginto considerationtheabove requirements,our proposedtriangulationmethodworks
alongthefollowing lines.Thetriangulationprocessis conductedstartingfrom theinternalareaof thepoly-
gonandmoving towardtheboundaryof thefootprint. The“internal” formedtrianglesshouldcoveraslarge
areasaspossible.Our conjectureis that this will helpmaintaintheshapeof theoriginal footprint. Before
furthertriangulationof anarea,it is beneficialto checkwhetherthis shapesatisfiestermination/elimination
criteria.

Therearetwo drawbacksif we proceedwith a straightforward implementationof theabove procedure:
first, therunningtime is 3547698 : where6 is thenumberof vertices,andsecondsuchanimplementationmay
generate(undesirable)“wedge” triangles2. Thiscomputationalcomplexity is dueto thefactthatall possible
triangleshave to beexaminedin every iterationof thealgorithm.Wedgetrianglescannotberemovedsince
they may partition a polygon into two othersthat have only onesinglecommonvertex. Shoulda large
numberof wedgesbecreated(duringtriangulation),thevertex reductionratewouldbeadverselyaffected.

In orderto overcometheseproblems,we modify our triangulationmethodasfollows:

(a) Find thelongestedge; in thefootprint.
(b) Amongall thetriangleswhichcontain; asoneof theiredges,find atriangle < thathasthemaximum

area.Weuse< astheworkingsimplifiedfootprint,anddenotetheedgesof < as ; , ;>= , and ;@? .
(c) Thetriangle < in discussionpartitionsthefootprint into two distinctpolygonscontaining;>= and ;A?

respectively. For eachof thesetwo polygons,we repeatstep(b) until the termination/elimination
criteriaaresatisfied.

Thetermination/eliminationcriteriain step(c) arethattheareaoccupiedby thepolygonis lessthanagiven
threshold,and/ortheaspectratio B9C 3 of thepolygonis verysmall(comparedwith apre-specifiedthreshold).
In our algorithm,it is evident thatno wedgesaregeneratedasthereis no gapbetweentrianglescreatedin
consecutive stepsandtrianglesshareacommonedge.WetermourproposedalgorithmtheMaximum-Area
Triangulation(MAT) method(depictedin Algorithm 4). It canbeshown that theworst-caseandaverage-
caserunningtimesof MAT are 3D476 ? : and 35476�EGFIHJ476K:L: , respectively (seeAppendixA for thederivation).

Figures13and14 demonstratetheoperationof theMAT methodappliedto thepolygonof Figure3 with
aspectratio B C =0.15. In the final simplified footprint (Figure15), thereare24 vertices(andwith vertex
reductionrateat 50%). In this algorithm,eachtrianglegeneratedoccupiesas large an areaaspossible.

2A wedgeis a trianglewhich is betweentwo other“large” triangles.
3Theaspectratio MON of a polygonis definedastheratio of shortestover thelongestsideof thetightestrectanglethatencloses

thepolygon.
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Algorithm 4 MaximumAreaTriangulationMethod(MAT)
1: for (Eachvertex P in thegivenfootprint Q ) do
2: P . RTSVUXWZY�RTU[S)\�] .
3: end for
4: Find thelongestedge,̂-P&_a`�Pb_dcKe�f , in Q .
5: Find P[g suchthattriangle ^-P&_a`�Pb_dcKeh`�P[gif hasthemaximumareaamong

all triangles ^-P&_$`�P&_dcKe `�P&jIf , for kDlnm�`poq`hrGrGrG`Ls (but kutlwv�`Lvyx#m ).
6: Q is dividedinto two curves z{m and z|o : zDm }AY~P g , zDmh��Y~P _ ; z|oI}AY�P _dcKe , z�o���Y�P g ;

// subscripts\ and ] indicatestartandendpointsrespectively.
7: Inserttuples ^-P&_a`�P�gX`�z�epf and ^-P�gX`�Pb_dcKe `�z��(f into aqueue� .
8: P&_ . RTSVU�W"Y��
���T] ; Pb_dcKe . RTS7U�W"Y��
���J] ; P[g . RTS7U�W"Y��
���J] .
9: while ( � is notempty)do

10: Remove thetuple ^-P } `�P � `�z|f from �
11: if (Termination/eliminationCriteriafor z notSatisfied)then
12: Find P suchthattriangle ^-P�}h`�P+� `�P"f hasthemaximumareaamongall triangleŝ-P�}h`�P+� `�P"f , where

P is in z (but P�tl�P } `�P � ).
13: z is dividedinto two curves z{m and z�o : z{m } Y~P , z{m � Y�P } ; z|o } Y~P � , z|o � Y�P .
14: Inserttuples ^-P } `�P�`�z�e�f and ^-P�`�P � `�z��(f into � .
15: P . RTSVUXW"Y��$���T] .
16: end if
17: end while
18: All verticeswith RTSVUXW"l#�$���J] form thesimplifiedversionof Q .

This helpsin achieving highervertex reductionrateandmaintaintheoriginal shapewith high probability.
To corroboratetheabove claim,we generateeachtrianglerandomly, with theresultshown in Figure16. In
Figure16,thenumberof verticesis 34andthevertex reductionrateis 39%,muchlessthantheoneproduced
by theMAT method(50%). This observationpointsto thefact that theMAT algorithmis preferableto the
randomizedone.

4.4 Convex-Hull BasedMethod (CHM)

Theconvex hull, � , of asetof points, � , is thesmallestconvex polygonfor whicheachpoint in � is either
on the boundaryof � or in its interior. A convex hull for a simplepolygonfeaturestwo propertiesthat
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a footprint simplificationalgorithmmight need:first, the verticesof � area subsetof the verticesof the
original polygon;andsecond,all edgesof the original polygonarewithin the convex hull � . A popular
convex-hull basedmethodusedin digital curveapproximationis theminimaxalgorithm[13]. Minimaxtries
to find a polygon, � , which not only hasminimumnumberof edgesbut alsofeaturesa maximumdistance
betweentheedgesof thepolygonandthedatapointsbeinglessthana given threshold.Subsequently, the
minimaxuses� to approximatetheoriginal digital curve. Theabove procedurecannotbedirectly usedin
footprint simplificationasit introducesartificial verticesandtheconstraintsmaynot suffice. For instance,
besidestheconstraintusedin minimax,we still needto keeplong edges,limit thechangeof area,restrict
themovementof centroidof thesimplified footprint. Anotherconvex-hull-basedmethodis introducedin
[15]. A setof pointscanbeapproximatedby a line segmentif astripexistswhichcontainsall thepointsand
is not wider thana givenvalue. A convex hull is constructedeachtime a new point is addedto thecurrent
set. Whena strip satisfyingthe above conditionno longerexists, the longestsegmentis found, that is, a
line joining theextremepointsof thelastacceptedstrip. Althoughthis methoddoesnot introduceartificial
vertex in thesimplificationprocess,it maynot retain“needed”long edgesin thebuilding footprint.

Our convex-hull-basedsimplificationmethod(CHM), shown in Algorithm 5, is derivedfrom [15]. How-
ever, somekey changesare:1) startfrom thelongestedgein thegivenfootprint; 2) keepall long edgesin
theoriginal footprint; 3) constructthestrip enclosingall pointsin thecurrentsetby usingtheline segment
( ���h���+� ) asits axis,where��� and �+� arethestartingandendpointsfor thecurve in thecurrentset(thewidth
of thestrip is setto �����)� �@�-�+�����+�h� , where ��� is thestrip factor);and4) usetheaxisof a strip whendesig-
natinga line segmentto approximateacurve in thecurrentsetinsteadof theline formedby extremepoints.
This convex-hull-basedfootprint simplificationalgorithm(CHM) hascomputationalcomplexity of �D�7�9�(�
in theworstcase.Therationaleis asfollows. For eachnew vertex � to beaddedto thecurrentset � , we
first checkwhetherthepolygonformedby � andverticesin � is asimplepolygon.Thiscanbeachievedby
testingif edge( � , ��� ) andedge( � , �+� ) intersectany edgein � , where��� and �&� arethestartingandending
verticesin � . Thereare � - 1 edgesin � , where � is thenumberof verticesin � , therefore,this stephas
complexity of �5�)�&� . If � and � form asimplepolygon,wethenconstructtheconvex hull containing� and
� , which takes �D�)�&� computationalsteps.It is clearthat thecomplexity of CHM is �D�- ¢¡£h¤K¥+�&�>¦§�D�7�9� � ,
where � is the total numberof verticesin theoriginal footprint. The resultby applyingCHM methodto
the footprint in Figure3 is shown in Figure7. Thestrip factoris �K� =0.15. The numberof verticesin the
simplifiedfootprint is 32andthevertex reductionrateis at33.33%.

5 Multi-pass Simplification Algorithms with Multiple Constraints

Thealgorithmsintroducedthusfar try to simplify footprintswhile attemptingto satisfyconstraintsonedge,
area,andcentroid. However, single-passmethodsmaynot be capableof consideringall theseconstraints
simultaneouslyif backtrackingtechniquesarenot used.For example,thecentroidof a simplifiedfootprint
canonly be computedonceall its verticesaredetermined.If the centroidof the simplified polygondoes
not satisfy the given constraint,we needto backtrackand find a different route to proceed. Therefore,
single-passmethodscan only satisfy constraintson edges. Backtrackingis in generaltime consuming.
By taking advantageof the asymmetricnatureof the methodspresentedso far, we are able to develop
multiple passsimplificationalgorithmsthat not only make useof multiple constraintssimultaneouslybut
alsoavoid backtrackingaltogether. The rationaleof multi-passfootprint simplificationmethodsis rather
straightforward. We first instantiateany of the proposedalgorithmswith a numberof different starting
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Algorithm 5 Convex-Hull BasedSimplificationMethod(CHM)
1: Find longestedge ¨-©�ªL«y¬h­�©�ª�® in givenfootprint ¯ .
2: ©�ªL«y¬ . °T±V²X³"´�µ$¶�·J¸ , ©�ª . °T±V²�³"´�µ
¶�·J¸ , ¹¢´~©�ª .
3: Putall otherverticesof ¯ startingat ©+ª
ºK¬ into aqueue» andsettheir correspondingflagsto °T²q±)¼i¸ .
4: while ( » is notempty)do
5: Remove thevertex ©&½ from » andlet © ª and ©&¾ bethefirst andlastverticesin ¹ .
6: if ((Edge ¨-© ½ «y¬�­�© ½ ® is a longedge)¿ (edge ¨-© ½ ­�©�ª�® or ¨-© ½ ­�© ¾ ® intersectsany edgein ¹ )) then
7: ©b½ «y¬ . °T±7²�³Z´�µ
¶�·J¸ , ©b½ . °T±V²�³"´�µ
¶�·J¸ , ¹À´~©&½ .
8: else
9: ¹K¬�´~¹ÂÁÂ© ½ , form convex-hull, Ã , for ¹K¬ .

10: if ( Ã satisfiesspecifiedconstraints)then
11: ¹¢´�¹�¬ .
12: else
13: © ½ «y¬ . °T±V²X³Z´�µ$¶�·J¸ , ¹¢´�Ä�© ½ «y¬h­�© ½
Å .
14: end if
15: end if
16: end while
17: All verticeswith °T±V²X³"Æ#µ$¶�·J¸ form thesimplifiedfootprint for ¯ .

conditions(or values). For every suchvalue, the resultingsimplified footprint is checked againstall the
imposedconstraints.If thelatteraresatisfied,thesolutionathandbecomesacandidatein theresultset.The
final resultis thebestcandidatein theresultset.Multi-passalgorithmsavoid backtracking,maysatisfyall
constraintson edge,area,andcentroid,andmay improve vertex reductionrateasthefinal resultis chosen
from many candidates.

Constrainton areacanhelp maintaintheshapeof a footprint. Intuitively, if large areadifferencesexist
betweenoriginal andsimplifiedbuilding footprints,significantdiscrepanciesin thenumbersof intercepted
raysthatultimatelyneedto beinvestigatedwill appear. Thelatterwill certainlyaffect thepredictionaccu-
racy. Areaconstraintis describedas ¨aÇ&ÈZ°�É(®
ÊÌËaÍ,ÎÐÏÑÊÌÒ�¾$ÓÔÏÕ¨aÇ[Ö5°�Éi®
Ê×Ë
Í1Î , whereÊÌËaÍ,Î and ÊÌÒ�¾ØÓ areareasof
theinitial andsimplifiedfootprints,and ° É is the“areafactor”. Anotherkey featurefor theshapeof a foot-
print is its centroidpoint. Centroidchangealwaysimplieschangesin footprint’s geometry. Consequently,
directionsof radioraysreachingthefootprint in questionaswell asunfoldedlengthsof raypathsformedbe-
tweentransmittersandreceiversvia this footprintwill beaffected.This will influencetheaccuracy of radio
prediction. The centroidconstraintcanbe describedas Ù ¨7Ú Ò�¾$Ó È¢Ú�ËaÍ,Î(®
Û@ÖÜ¨7Ý Ò�¾$Ó ÈÞÝXËaÍ,Î(®
ÛÂÏß°�à
¶ , where
¨7ÚJËaÍ,ÎI­LÝXËaÍ,Î(® is thex-coordinateandy-coordinatefor thecentroidof theoriginal footprint, ¨7Ú�Ò�¾$Ó@­LÝIÒ�¾$Ó�® is the
x-coordinateandy-coordinatefor thecentroidof thesimplifiedbuilding footprint, ¶ is a systemparameter,
and °�à is the “centroid factor”. We candesignate¶ to bea fraction of theminimum sideof thebounding
box for theoriginal footprint. Thatis, ¶�Æ#áãâ-ä@¨Vå"å×Í ¾ØÒ�æ�çdè ­�å"å Ó�½ Î çdè ® , whereå"å�Í ¾$Òiæ�çdè and å"å Ó�½ Î çdè arethe
lengthandwidth of theboundingbox for theoriginal footprint.

Single-passalgorithmsmay designatedifferent initial points to commencetheir work. In multi-pass
algorithms,thereis a variety in selectingsuchinitial points. For instancein a Multi-passInverseMidpoint
Displacement(MIMD) algorithm, á initial verticescanbeselectedin oneof thefollowing ways( á�ÏÜä ,
whereä is thenumberof verticesin thegivenfootprint ¯ ): a)Pick thefirst á verticesthatareconnectedto
theshortestedges;b) Choosethefirst á verticesthathave themaximuminnerangles;c) Find theendpoints
¨7é ½ ­Lé ½ ºK¬�® of theshortestedge,selectthoseá verticesbeginningfrom é ½ ; andd) Pick á verticesrandomly.
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TheMIMD algorithmwith multiple constraintsis shown in Algorithm 6 andhascomplexity ê5ë7ìyí�î .
Algorithm 6 Multi-passInverseMidpoint Displacementwith Multiple Constraints(MIMD)

1: Selectí numberof verticesfrom thegivenfootprint ï , whereíñðòì , and ì is thenumberof vertices
in ï .

2: Inserttheseí verticesinto aqueueó .
3: Set ô to be ï , where ô is thebestsolutionsofar.
4: while ( ó is notempty)do
5: Removevertex õ from queueó .
6: öÜ÷ñøXìyùqú ûXüiú ýÕþØÿ����iþØì�� �5þ
ü��	��

�húhí�úhì��hë-õZî .
7: if (( ö satisfiesall theconstraints)� ( ö is betterthan ô in termsof vertex reductionrate))then
8: ô¢÷�ö .
9: end if

10: end while
11: Return ô asthesolution.

We demonstratethe operationof multi-passfootprint simplificationalgorithmsMIMD with the help of
footprint mapof Rosslyn,VA which has79 buildingsand412vertices(shown in Figure17). First, we run
thesingle-passIMD algorithmby keepingall long edgeswith a global threshold(i.e., averagelengthof all
edgesfor all footprintsin thebuilding database).Figure18 depictsthe resultingsimplifiedmap. We then
run theMIMD algorithmwith constraintson edgesonly. Figures19 and20 show thesimplifiedfootprints,
respectively, by usingglobalthresholdandlocal threshold(i.e.,averagelengthof all edgesfor thefootprint
currentlyprocessed).Finally, theMIMD algorithmis run with additionalconstraintson area( ��� = 0.25)as
well ason centroid( ��� = 0.10),while globalthresholdis usedto keeplong edges.Thesimplifiedfootprints
areshown in Figures21 and22.
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Figure19: Resultof MIMD with
global constraintfor Rosslynin
Figure17

It canbeseenthat thesingle-passIMD methodreducesthenumberof verticesto 375providing a 8.98%
vertex reductionrate. Thereare367and376verticesin thesimplifiedmapsfor global thresholdandlocal
thresholdcaseswhentheMIMD methodis used.Thecorrespondingvertex reductionratesare10.92%and
8.74%.Evidently, MIMD with global thresholdachievesthebestvertex reductionrate. Thesimplification
appearsto bevery aggressive whenconstraintsareimposedonly on edges.For example,somebuildingsat
theupperright cornerandin themiddlearedistortedheavily in Figure18. Similarly, somebuildingsat the
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Figure22: Resultof MIMD with
centroidconstraintfor Rosslynin
Figure17

upperleft, upperright corner, andin themiddlearechangeddramaticallyin Figures19and20. Thenumber
of verticesin thesimplifiedmapis 370(with vertex reductionrateof 10.19%)whenareaconstraintis used,
while it is 372 (with vertex reductionrateof 9.71%)whenthe centroidconstraintis used. The resulting
shapesof simplified footprintsappearto be improved whenmultiple constraintsare in use,althoughthe
vertex reductionratesarecompromised.

Figure23 shows theareadifferencemapbetweenFigure17 andFigure19 generatedby MIMD method.
The meanandstandarddeviation for areadifferencesshown in Figure23 are24.69m� and71.83m� , re-
spectively. Thecorrespondingdistribution of areadifferenceis shown in Figure26.
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To demonstratethe differencesin the performancebetweenthe MIMD andMAT algorithms,we also
createareadifferencemapsfor MAT method,asshown in Figure24. Its distribution of areadifferencesis
depictedin Figure27 andits meanandstandarddeviation are23.86m� and67.40m� , respectively. Taking
into accountFigures23,24, 26,and27,onecanestablishthatalthoughtheerrorscatteringregionsfor the
MIMD andMAT algorithmsis similar, the distributions of residualsaredifferent. Errorsaredistributed
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morerandomlyin MAT thanMIMD. Themeanvaluesof simplificationerrorsfor theabove two algorithms
arealmostidenticalwhile thestandarddeviation for MAT is smallerthanMIMD. All theabove point into
thefactthatMAT’sperformanceis superiorto MIMD’ s for thebuilding footprintsin Rosslyn,VA.

Figure25 and 28 respectively depictthecentroidtranslationmapandthedistribution of incurrederrors
by MIMD for Rosslyn,VA. It is evident that thechangesin thecentroidsfor all footprintsarevery small,
thereis no large centroidtranslations(morethan75% of themarelessthan1� ), andthe orientationsof
centroidtranslationsarerandom.

6 Hybrid Simplification Methods

By examining areadifferenceand centroidtranslationmaps,one can qualitatively establishthat certain
algorithmscanbettersimplify differenttypesof buildings thanothers.This observation indicatesthat two
simplificationmethodscandemonstrateacomplementaryrelationshipin whichoneperformsbetteronsome
typesof footprintswhile thesecondyieldsenhancedresultsin differenttypesof polygons.Thus,combining
two (or more) complementaryfootprint simplification methodsis expectedto offer betterperformance.
However, if theselectedalgorithmsarenot complementary, thegainsobtainedby theresultinghybrid form
will be negligible. It is thereforeessentialthat we proposea methodto determinewhethertwo candidate
algorithmsmake up complementarypartiesin a hybrid method.If we considertwo simplificationmethods�

and � , thensuchaprocesscanfunctionasfollows:� Constructareadifferencemaps��� and ��� for
�

and � methodsrespectively.� Generatetheareadifferencemap � between� � and � � .� If thesumof areasappearingin � is large comparingwith the individual sumof areasin � � and��� , thenalgorithms
�

and � arecomplementary.

By combiningtwo (or more)complementarysimplificationalgorithms,thehybrid algorithmrunseachin-
dividual algorithm on a building by building basisand selectsthe resultswhich display the bestvertex
reductionrates.
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Weusethemapfor Rosslynasourdemonstrationvehicleandconsiderall two-algorithmcombinationsout
of threecandidatealgorithms:a) multi-passinversemidpoint displacement(MIMD) with areaconstraint,
b) multi-passfarthest-pairsplit (MFPS),andc) multi-passmaximum-areatriangulation(MMAT). To deter-
minewhetheror not thesealgorithmsarecomplementary, we constructareadifferencemapsfor thesethree
algorithmsandshow in Figures29,30,and31 respectively. Fromthesethreeareadifferencemaps,we can
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establishthatthereareoverlapsamongall threemapsindicatingthatthesemethodshavesimilar simplifica-
tion performanceon sometypesof building footprints.Thedistributionsof simplificationerrorsfor MIMD
andMFPSarequitedifferent. In contrast,theareadifferencemapfor MFPSis a subsetof thatfor MMAT.
Thegranularityof thesimplificationerrorsfor MMAT is quitedifferentfrom thosefor MIMD andMFPS,
andMMAT hasthelargestmeanandstandarddeviationof simplificationerrors.Theseobservationsleadus
to anticipatethatperformanceimprovementwill bebetterfacilitatedif we combineMIMD andMFPSthan
MFPSandMMAT. Also, hybridMIMD-MFPS will dobetterthanits constituentcomponentsalone.

The simplified footprint mapsgeneratedby MIMD-MFPS, MIMD-MMA T, and MMAT-MFPShybrid
methodsareshown in Figures32,33 and34. Thevertex reductionratesfor thesethreemulti-passfootprint
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simplificationmethodsandtheir hybrid methodscanbefound in Table2. Thehybrid MIMD-MFPS gives
thebestimprovementmargin in termsof vertex reductionrate(from 10.19%achieved by MIMD aloneto
12.86%)sincethesetwo algorithmsdemonstratebettercomplementarysimplificationpreferencesasdis-
cussedbefore. However, the hybrid MIMD-MMA T methodgives the bestabsolutevertex reductionrate
(17.72%). The MMAT andMFPSmethodshave similar insteadof complementarysimplificationprefer-
ences,thecombinationof whichdoesnotoffer muchimprovement(from 16.02%achievedby MMAT alone
to 16.26%).

7 PerformanceEvaluation

In this section,we experimentallyinvestigatetheperformanceof theproposedbuilding footprint simplifi-
cationalgorithmsusinga diversifiedsetof measurementsthat includevertex reductionrate,simplification
errorson edges,area,andcentroid. More importantly, we assessthe effectsof utilized footprint simpli-
fication methodson the radio propagationpredictiontime andpredictionerror in the form of meanand
standarddeviation. Thesensitivity of predictionaccuracy to thedistortionof building footprintsis alsoex-
aminedin detail. All experimentsareconductedon a single-CPUSunUltra 10 workstationwith clock rate
of 440MHz, mainmemoryof 384MBytes,andswapareaof 524Mbytes. Theoperatingsystemis Solaris
5.7.All algorithmsareimplementedby usingC programminglanguageandPerlscriptlanguage.

7.1 BaselineExperimentson Footprint Simplification Methods

In our evaluationwe usemapsfrom threemunicipalities:Rosslyn,VA, DupontCircle in WashingtonDC,
andTurin, Italy. The city map of Rosslyn,VA hasbeensimplified manuallyby eliminating very small
buildingsandunnecessarydetailsmakingtheoverallbuilding footprintsappear“regular” (Figure17). There
are79 building footprintsthatdisplay412vertices.Thebuildingshave from 4 to 13 verticeseach,with an
averageof 5. Thedistributionof sizesin footprintsis shown in Figure35. Theareasof footprintsrangefrom
94.06m! to 15,052.55m! , with an averageof 1,683.64m! , andthe areadistribution is depictedin Figure
36. Thelengthof footprint edgesarewithin therangeof [2.17,223.77]m, with anaverageof 29.83m, and
its distribution canbebetterviewedin Figure37. Figure38shows thedistribution of slopesfor all edgesin
footprints,that is, theanglebetweenthepositive x-axisandtheedgein questiongoingcounter-clockwise
aroundthebuildings. It is clearthatmostedgestake horizontalor verticalorientations.

Thesecondurbanareashown in Figure40 is DupontCircle in WashingtonDC. Thereis 3,564buildings
featuring23,181vertices,with eachbuilding having from 3 to 86vertices,with anaverageof 6. It is evident
thatthenumberof verticesin footprintsvariesdramatically, but mostof thefootprintshavelessthan8 edges,
andmorethanhalf of the footprintsfeaturebetween3 and4 edges.Theareasof footprintsarealsoquite
diverse;the minimum,maximum,andaverageareasare0.01,9,867.24,and137.73(in m! ), respectively.
The lengthsof edgesin footprintsdistribute in a wide range,with minimum, maximum,andaverageof
0.11,86.65,and5.50(in m), respectively. Most edgeshave horizontalandverticalorientationsasshown in
Figure43. Comparedto Rosslyn,the buildings in DupontCircle have muchsmallernumbersof vertices,
areas,andlengthsof edges,andtheir distributionsaremoreirregular.

The imprint of the last urbanarea,Turin, is shown in Figure41. It has31,249buildings and278,329
verticesin footprints.Thenumberof edgesfor eachfootprintvariesfrom 3 to 194,theaverageis 8,andmost
of thefootprintshave lessthan12 edges.Theminimum,maximum,andaveragein areasfor footprintsare
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4.84,325,699.19,and731.69m# respectively. Therangefor lengthsof footprint edgesis [0.03,582.73]m,
with average10.934m. Footprintedgestake any orientations,but mostof themlie in directionsof 60,160,
180,240,and340degreesasshown in Figure44. Becauseit encompassesanentirecity, theTurin building
databasehaslessconstraintin thenumberof walls,areasof footprints,orientationsof buildings,anddensity
of buildings.

The settingsfor experimentsareasfollows. No backtrackingtechniqueis usedfor all algorithms.The
only constraintusedin all single-passmethodsis to keepall long edgesbasedon local thresholdwith
“length factor” *�+ as1.0. Constraintson edge,area,andcentroidareimposedfor all multi-passandhybrid
algorithmswith both “areafactor” *�, and“centroid factor” *�- being0.15. The “width factor” */. in IMD
andMIMD, “distancefactor” *�0 in recursive subdivision methods,“strip width” 132 in CHM, and“aspect
ratio” 154 in MAT andMMAT areall set to 0.15. We initially evaluateour single-passbuilding footprint
simplificationmethodsandderive statisticson vertex reductionrate,averagelengthof edgesandaverage
areaof footprintsin thesimplified maps.All relevant statisticsfor theRosslyn,DupontCircle, andTurin
areprovidedin Table1. For eachfootprint simplificationmethod,we alsocalculateits runningtime,mean
andstandarddeviation of simplificationerrorin areas,andpresentthemundercolumns“time”, “meanerr.”
and“dev. err.” in Table1. Figures42 and49 presentthe simplified mapsgeneratedby single-passMAT
methodfor RosslynandDupontCircle respectively. Themapsappearto besimilar to theoriginalsshown
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in Figures17 and40. In additionto single-passmethodswehave testedmulti-passandhybridmethods,the
resultsaregivenin Table2.

FromTables1 and2, we canobserve that,amongall single-passmethods,MAT methoddeliversthebest
overallperformancein all cases.TheMMAT producesthebestvertex reductionrateamongall themultiple-
passalgorithms,while the hybrid MMAT-MFPSis the bestperformeramongall methods.All footprint
simplificationmethodsincreasethe averagelengthsof edgesimplying that all methodsindeedsatisfythe
dual constraintsof keepinglong anddroppingshortedges.The averagelengthof edgesfor MAT is the
largestamongall single-passmethods,it thereforehasthe bestvertex reductionrate. The sameapplies
to both MMAT and hybrid MMAT-MFPS.The averageareasof footprints are changedby all footprint
simplificationmethods,but thechangescanbepositive (largerthanoriginal)or negative (lessthanoriginal).
TheMAT methodhastheleastaverageareasof footprintsin almostall testcaseswhichmaycontributeto its
goodperformance.All methodsperformbetteron DupontCircle andTurin mapsthanRosslynmapdueto
thefactthatRosslynmapwasmanuallysimplifiedbeforeouralgorithmswereapplied,while DupontCircle
andTurin mapsarenotpreprocessedandcontainmany smallandirregularfootprints.

The simplification errorsbecomelarger if multi-passalgorithmsare usedinsteadof their single-pass
counterparts,andthey may be even larger whenhybrid methodsareemployed. For instance,in Dupont
Circlecase,themeanandstandarddeviationpairsof simplificationerrorsfor MAT andMIMD are(1.16m7 ,
13.20m7 ) and (0.68m7 , 2.65m7 ), while they are (2.87m7 , 18.30m7 ) for MMAT methodand (2.90m7 ,
19.00m7 ) for thehybridMIMD-MMA T. Thesimplificationerrorandvertex reductionrateis closelyrelated
but not linear. For instance,in Rosslyncase,the meanandstandarddeviation of simplificationerrorsfor
IMD andMAT methodsaresimilar, but thevertex reductionrateof MAT methodis muchbetterthanthat
of IMD. Similar situationsexist in DupontCircle case.However, it is almostalwaysthecasethattheworse
thesimplificationerror, thebetterthevertex reductionrate. For example,theMAT algorithm(singlepass,
multipass,or hybrid with otheralgorithm)deliversthebestperformancein termsof vertex reductionrate
while it hasworsesimplificationerrorthanothermethods.

The runningtimes for all single-passfootprint simplificationmethodsaresimilar, althoughtheir com-
putationalcomplexities are not the same(i.e., 8:9<;>= for IMD, 8�9<;57?= for ReS-FPS,MAT, and CHM in
worst-case).This is dueto thefactthattheaveragenumberof verticesfor eachfootprint is relatively small.
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method avg e avg a 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

Table1: Baselineexperimentalstatistics(singlepassalgorithms)for Rosslyn,DupontCircle,andTurin

It is truefor bothmulti-passandhybridalgorithms.

7.2 Impact of Footprint Simplifications on Radio PropagationPredictions

To assessthe effectsof footprint simplificationmethodson the radio propagationpredictiontime andac-
curacy, we usethecity mapsof RosslynandDupontCircle (Figures39 and40). In our Rosslyntestenvi-
ronment,we useonly onetransmitter(denotedas A'B ) locatedat the point having coordinates(237656.0,
118100.0)m. Thereare350 receivers (denotedas CDB ) scatteredalongseveral streets. Similarly, in our
DupontCircle testenvironment,onetransmitterA)B locatedcloseto theepicenterof themapat (322780.0,
4308550.0)m is used. Also, thereare400 receiversscatteredalongtwo east-west(i.e., horizontal)direc-
tion streets.For theradiopropagationcomponent,we use2D ray-tracingsystemdevelopedat Polytechnic
University[20] andthefollowing key parameters:E Thecarrierfrequency is 900MHz andisotropicantennasareusedatboththebasestationsandmobile

stations.E Themaximumnumberof reflectionsfor eachraypathis 4 for Rosslyncase,and5 for DupontCircle.E Themaximumorderof diffractionsfor eachraypathis 1. Diffractedraysarethemaincontributorsto
thereceivedpowersfor thosereceiversin non-lineof sightzone(NLOS).E Theantennaheightof thetransmitteris 10m, while all receivershave height2.5m.E All walls areassumedto bemadeof thesamematerial(concreteandsteel),andhave dielectriccon-
stant F�G = 6 for computingthereflectioncoefficient.
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method avg e avg a meanerr. dev. err. vertices red. rate% time
(m) (mH ) (mH ) (mH ) (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(multipassalgorithms)for Rosslyn,DupontCircle,andTurin

I Pincushionmethodis usedto launchrays[20]. The angularseparation(stepsize) is 0.5 degreein
orderto achieve reasonableaccuracy.

The main reasonthat we have chosenRosslynasoneof our test-bedsis that we have real field mea-
surementsof received powersfor all the receiver locations[25]. As comparedto thesemeasurements,the
predictionsof receivedpowersusingtheoriginal mapfor all mobile locationshave errorswhosemeanand
standarddeviation are1.48dB and10.27dB (seeFigures45 and46 for thecomparisons).This is typicalof
ray tracingerrorwherethemeanerroris about1dB andthestandarddeviation is 8-10dB [26, 20, 25].

Table3 outlinesthemeanandstandarddeviationof thedifferencebetweenpredictedreceivedpowersfor
all receiversobtainedusingtheoriginalandsimplifiedmapsfor RosslynandDupontCircle. Thisdifference
of predictedreceivedpowersis dueto thesimplificationof building footprints.All footprint simplification
methodsinvariably reducethe predictiontime andachieve the goal of speedingup the predictionprocess
(seecolumn“speedup”, which is theratioof processingtimesby usingtheoriginalandsimplifiedmaps).In
Rosslyn,thespeedupis about1.36onaveragefor all simplificationalgorithmswith thehighestspeedupbe-
ing 1.42achievedby MIMD-MMA T. For DupontCircle, theaveragespeedupfor all simplificationmethods
is 1.45with thebestspeedup1.68deliveredby thehybridof MIMD-MMA T.

Therearecloserelationshipsamongthevertex reductionrate(column“r ed.rate”), numberof diffraction
corners(column “df . corners” ), and speedup(column “speedup”). Theserelationshipsare derived in
AppendixB which depictsthat speedup,numberof diffraction corners,andvertex reductionratesatisfyJLK�MNM?OQPRKTSVUXWZY\[ ]�^_W`Y�[ a and J�KbMcM?ORPQKdSeU)f_^hgjiDkmlQM?ORP	n_oqpqrNs lutRo�MNv , where WZY\[ ] and WZY\[ a arethenumber
of diffractioncornersgeneratedby usingtheoriginal andsimplifiedmapsrespectively, U is theratio of the
averageprocessingtimesperdiffractioncornerwhentheoriginal andsimplifiedmapsareused,and U f is a
constantmultiplicity of U . When Uxw 1, thesimplificationmethoddecreasesthecomputationalcomplexity
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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 1.41 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 1145.00 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, therebyacceleratesthepredictionprocess.Theconstanty and y)z canbeobtained
empirically for eachmethod.Basedon theexperimentalresultsin Table3, y and y z canbecalculatedas
1.50and1.31,respectively, for DupontCircle.

Whenthestatisticsof thepredictionerrors,ascomparedto actualmeasurements,is known for theoriginal
database,wecanfind theerrorstatisticsusingthesimplifieddatabase.Supposethat {5| and }	| arethemean
andstandarddeviationof predictionerrorscomparedwith realmeasurementswhentheoriginalmapis used,
while {�~ and }	~ arethemeanandstandarddeviationof predictionerrorscomparedwith realmeasurements
when the simplified map is used. Furthermore,let {5|�~ and }�|�~ be the meanand standardof prediction
errorswhenwe comparepredictionresultsobtainedusingthe simplified mapwith thosegeneratedusing
theoriginal map. Then,we derive in AppendixC that { ~�� { |�� { |�~ and }��~ � }��| � }��|�~ ��� . Here � is
typically verysmallcomparedto } �| . When {5|�~ and }	|�~ aresmall, {�~ and }	~ areverycloseto {5| and }	| . For
example,whentheMIMD methodis appliedto Rosslyn,{5| = 1.48dB, }�| = 10.27dB, and {5|�~ = 0.20dB,}	|�~ = 2.06dB. Thus, {�~ = 1.68dB and }	~ = 10.47dB, which arevery closeto {5| and }�| . Theseresults
indicatethatour simplificationmethodswill not significantlyaffect thepredictionerrorsif {5|�~D� 1dB and}	|�~�� 4dB.

In Table3, the predictionerror statistics{5|j~ and }	|�~ arelisted in thecolumns“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 databaseshasa meanlessthanor equalto 0.59dB, but the standarddeviation
rangesfrom 0.70to 2.40dB. For DupontCircle, themeanof predictionerroris typically lessthan1dB and
thestandarddeviation is lessthan4dB. It canbenoticedthat �	��� is roughlyproportionalto thespeedup,as
well asto thevertex reductionrate.In DupontCircle, thespeedupfor ReS-FPSandhybridMIMD-MMA T
are1.34and1.68, their vertex reductionratesare21.47%and35.63%,while their standarddeviationsof
predictionerrorsare2.23dB and4.01dB respectively. Therefore,thereis a trade-off betweenspeedupand
vertex reductionrate,andbetweenspeedupandpredictionaccuracy. Among all single-passalgorithms,
MAT delivers the bestspeedupin both testcases.The MFPSandMMAT have the bestperformancein
RosslynandDupontCircle respectively amongall multi-passmethods.ThehybridMIMD-MMA T method
presentsthebestoverall speedupratesin bothRosslynandDupontCircle.

Thesimplificationmethodsalsoaffect thenumberof raypaths(column“r ays”). This essentiallydeter-
minesthe predictiontime andaccuracy. As we tracemoreraypathswe not only improve the prediction
accuracy but alsowe needlongertime for the predictionresult. For instance,in DupontCircle case,the
numberof tracedraypathsis 722,322for theIMD method,with correspondingspeedup1.30,while for the
MAT algorithmthenumberof processedraypathsis 632,835andspeedupat1.61.
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Figures45and46show ourpredictionresultsgeneratedby bothhybridMIMD-MFPS andMIMD-MMA T
for Rosslyn.Thex-axisshowsall 350receivers(with identifiersfrom 1000to 1350)usedin theRosslynarea
andthey-axisdepictsthepredicted/measuredpowersreceived. Thegraphfeaturesthreecurves:prediction
resultsobtainedusingtheoriginal map(with no simplifications),predictionresultsby usingthesimplified
mapsgeneratedby eitherMIMD-MFPS orMIMD-MMA T simplificationalgorithm,andfinally, therealfield
measurements.Figures45and46show thatthepredictionerrorgeneratedby thehybridof MIMD-MFPS is
evenlydistributedamongall receivers,while thehybridMIMD-MMA T yieldsadistribution mostlylocated
in thereceivers’ rangeof [1000,1050],[1120,1125],and[1310,1320].Thus,thestandarddeviation of the
predictionerrorsfor hybridMIMD-MMA T methodis worsethanhybridMIMD-MFPS method.

Figures47and48show thepredictionresultsgeneratedby theMIMD andhybridMFPS-MMAT, respec-
tively, for DupontCircle. Thex-axesdepicttheidentifiersof thereceiversandthey-axesthecorresponding
predictedpowerreceivedby eachreceiver. Thesefiguresclearlypointout thatthepredictionerrorgenerated
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by MIMD is scatteredmoreuniformly amongall receiversthanthatof MFPS-MMAT. If thelatter is used,
thepredictionerrorgeneratedmostlyconcentrateson receiversin therangeof [0, 25], [140,155],and[160,
170]. Therefore,thestandarddeviation of predictionerror for hybrid MFPS-MMAT methodis larger than
MIMD method(3.53dB vs. 2.13dB). However, the speedupfor hybrid MFPS-MMAT methodis better
(1.67vs. 1.30).Evidently, thereis a trade-off betweenpredictionaccuracy andpredictiontime.

Predictionerrorhascloserelationshipwith thecomplexity of building databases.TheDupontCirclemap
containsmany morebuildings(footprintsandvertices)thantheRosslynmap.Predictionerrorsgeneratedby
our simplificationmethodsfor DupontCircle arealsoworsethanthosefor Rosslyn.To avoid deterioration
of predictionaccuracy, single-passor multi-passalgorithms(e.g.,MAT or MFPS)canbechosenfor large
coverageareas,while hybrid algorithms(e.g.,MIMD-MMA T) canbe usedin siteswith smallor medium
areas.

Dueto thefact thatwe used2-D ray-tracingmethodin theforegoingstudies,only building cornersnear
thetransmittersareilluminated.Shouldweemploy 3-D ray-tracingmethod,weanticipatethattheresulting
speeduprateswill be greatlyimproved sinceraysfrom the transmittercanpassover thenearbybuildings
to directly illuminate the cornersof moredistantbuildings. In order to supportthe validity of the above

method red. rate% time speedup df. corners rays pass-rays 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 5730.91 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”overbuildings

conjecture,wehave runexperimentsin which raysareallowedto passoverbuildings. In thisway, we force
moreilluminatedcorners(i.e., diffractioncorners)to begenerated,which actassecondarysourcesof rays
thatmustbe traced.Table4 depictsthe resultsfor DupontCircle whenraysareallowed to “pass”over at
mostonebuilding. Thesameconstraintsandparametersasthosediscussedin this sectionareusedfor all
footprintsimplificationalgorithms(seecolumn“ red. rate%” in Table4). It is evidentthatthespeeduprates
improve considerably. For instance,the MFPS-MMAT methodachievesthe bestoverall speedupof 3.26
while all methodsachieve rateshigherthan1.59. Thecolumnentitled“df. corners” shows thenumberof
diffractioncornersthatareilluminated.Clearly, thesenumbersaresignificantlylargerthantheircounterparts
in Table3. In this experiment,the runningtime hasincreasednearlyten-fold (column“ time”) dueto the
largernumberof thetracedraypaths(columns“ rays”, “pass-rays”, and“ total rays”).
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7.3 Sensitivity to Simplification Err or

In this part, we further investigatethe trade-off betweenpredictionerror andvertex reductionrateof the
simplificationmethods.As it is impossibleto expresstherelationshipbetweenpredictionerrorandprecision
of building databasesin a closed-form,we carry out a sensitivity analysisandin this mannerwe attempt
to obtaininsightsinto this relationship.The footprintsof Rosslynareagainusedasour testsetting. The
hybrid methodof MIMD-MMA T is chosenasour show-casebecauseof its excellentperformancein terms
of vertex reductionrateandspeed-up.The maximumnumbersof reflectionsanddiffractionsare10 and
2, respectively. The lengthfactor ��� is 1.0 andlocal threshold(i.e., the averagelengthof all edgesin the
footprintunderprocessing)isused.Noconstraintsareimposedonareaandcentroidtoachieveashighvertex
reductionrateaspossible.Thewidth factor �/� usedin MIMD is fixedto be0.15,while theaspectratio ��� in
MMAT methodvariesin [0.10,0.90]. It is intuitive thatthelarger ��� is, thehigherthevertex reductionrate.
For each� � , the footprint simplificationalgorithmis appliedto theoriginal map,thegeneratedsimplified
mapis usedastheinputof theray-tracingradiopropagationpredictionsystemto generatepredictionresults.
The predictionerrorsarecomputedfor thepredictionresultsbasedon thepredictionresultsgeneratedby
usingtheoriginal map.To evaluatethecorrelationbetween��� andtheconstraintson areaandcentroid,we
calculatethepercentagesof footprintswhichsatisfyconstraintsonareaandcentroidby settingboththearea
factor ��� andcentroidfactor ��� to 0.15.

Table5 presentstheresultsderivedwith thehybrid MIMD-MMA T processfor thevariousvaluesof the��� parameter. Simplified Rosslyncity mapandits areadifferencemapareshown in Figures50 and51,
respectively, for � � = 0.20. Somekey observationscanbedrawn from theabove TableandFigures.First,
thespeedupfor thepredictionprocedure(column“speed”)is notamonotonicfunctionof thevertex reduc-
tion rate(column“red.rate%”). For instance,the vertex reductionrateis 33.98%whenthe aspectratio is��� =0.50,its speedupis 1.46;while thevertex reductionrateis 28.64%when ��� = 0.40,but its speedupis
1.47. Next, the larger the �5� , the higherthe vertex reductionrate,however, the lower the percentagesof
footprintswhichsatisfythepre-specifiedconstraintsonareasandcentroids(columns“cnst. area”and“cnst.
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��� vertices vert. diff. red. rate% time speed mean deviation cnst.area cnst.centroid
(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: Meanandstandarddeviation of predictionerrorsfor Rosslyn,VA (Hybrid MIMD-MMA T)
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centroid”). Finally, thepredictionaccuracy (meanandstandarddeviation in columns“mean” and“devia-
tion”) decreasesas ��� increases.That is, the accuracy of the predictionsis sensitive to the simplification
error generatedby the footprint simplificationalgorithm. For instance,if thenumberof verticesremoved
is about20%(using ��� = 0.20),themeanandstandarddeviation of thepredictionerrorsareabout0.66dB
and3.57dB, respectively. However, if thevertex reductionrateis about30%(using ��� = 0.40),themean
andstandarddeviation are1.44dB and5.23dB, which arelarger thantheacceptablethresholds(i.e., 1dB
and4dB). Therefore,thefeasiblevaluefor parameter� � is [0.00,0.30].

One commonobservation from all theseexperimentsis that the speedupfor the predictionprocessis
closely relatedto the vertex reductionrate. This is becausesimplification methodsreducethe number
of cornersin footprints, therebyspeedup operationson cornerlevel. Reductionof cornersalso means
reductionin thenumberof diffractioncornersaswell asprocessingtime for diffractioncorners.However,
therelationshipbetweenthespeedupandthevertex reductionrateis nonmonotonic.Onereasonis thatthe
numberof buildingsdoesnotchangeasaresultof simplification,andoperationsonbuilding level (retrieving
a building, traversingall buildingswithin a grid) requiresimilar processingtime for both theoriginal map
andsimplifiedmap.Anotherreasonis thatsimplificationmethodsalsochangethegeometryof thetestarea,
sothatthenumberof segmentsperray maychangedueto thedistortionof building shapes.Therefore,the
processingtime for a raypathmaybedifferentwhenusingdifferentmaps.
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8 Conclusionsand Futur eWork

Today’s wide-spreadmobilecommunicationscall for effective andaccurateradiowavepropagationpredic-
tion systems.Among the parametersthat greatlyaffect the function of suchsystemsis the complexity of
thebuilding database.In this paper, we dealwith theproblemof simplifying thebuilding footprint layout
in urbanareasso that the predictionprocessbecomesfasterwithout unduelossof accuracy. We propose
four familiesof single-passfootprint simplificationalgorithms,namely:theinversemidpointdisplacement
(IMD), recursive subdivisions(ReS-FPS/ReS-OCS),maximum-areatriangulation(MAT), andconvex-hull-
based(CHM) methods.Wealsosuggestmulti-passmethodsthattakeadvantageof theasymmetricproperty
that single-passalgorithmsdemonstrate.The ideabehindmulti-passmethodsis to run single-passalgo-
rithmsfor all possiblestartingpointsin thefootprintandthenselectthebestresult.Hybrid methodsexploit
thecomplementarypropertyexhibitedby varioussimplificationalgorithms.Weproposethenotionsof area
differencemapandcentroidtranslationmapasthecoremechanismsfor evaluatingsimplificationerrorthat
maybeintroduced.Statisticsbasedonareadifferenceandcentroidtranslationmapsarealsousedasmetrics
to assesstheperformanceof ourmethods.

Footprintsimplificationmethodsarecritical to the reductionof thepredictiontime andthemaintenance
of acceptablepredictionaccuracy in radio wave propagationsystemsbasedon ray-tracing. However, the
relationshipsamongtheerrorsgeneratedby theutilized simplificationalgorithms,theachieved prediction
times,and the attainedaccuracy levels arenot straightforward. In general,the preservation of footprint
shapeis closelyrelatedto thepredictionaccuracy of theradiowavepropagationmodel.In orderto maintain
theshapesof footprints,thecharacteristicsof theshapeof a footprint,suchasits vertices,long edges,area,
centroid,shouldbe maintainedwithin an acceptablelevel. That meansmultiple constraintson vertices,
edges,area,andcentroidshouldbeusedduringthefootprint simplification.

Wehaveexperimentedwith ourproposedalgorithmsin thecontext of threerepresentative urbanareasand
have assessedthe impactthat our techniqueshave on both speedandaccuracy of radio propagation.Our
proposedsimplificationmethodsprovideaflexible wayto reducethecomplexity of theunderlyingbuilding
footprint (GIS) databaseswith algorithmic parametersthat can be usedto tune the simplification error.
Multi-passmethodsoverall outperformtheir single-passcounterparts,while hybrid methodscanachieve
highervertex reductionratethantheir constituentmethods.On large databases,our methodsdecreasethe
computationtimefor theradiopropagationpredictionprocessby upto a factorof threewithout introducing
unduepredictionerror. The radio propagationpredictionaccuracy is very sensitive to the distortion of
theGIS databases.Our experimentalresultsfinally indicatethat sizableperturbationof thesimplification
algorithmtunableparametersleadsto unacceptableradiopropagationpredictionresults.

We plan to extendour work in a numberof promisingdirections: a) establishanalyticalmodel to in-
vestigatethecorrelationsamongdifferentparametersusedin footprint simplificationmethods;b) develop
empirical rules to guide the selectionsof suitablefootprint simplification methodsfor different typesof
footprints; c) simplify the buildings databasefurther by merging adjacentor combiningnearbybuildings
to form “larger” GIS entities;d) useprogressive andapproximatetechniquesin thepropagationprediction
modelsasit is likely thatdifferentray pathsmaycontributedifferently to theultimateoutcome;e) employ
parallelizationtechniquesonanetwork of workstationsto improvetheaccuracy of radiopropagationin light
of minimally modifiedbuilding footprints.
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A Running Time for Maximum-Ar eaTriangulation Method

First, we analyzetheworst-caserunningtime for themaximum-areatriangulationalgorithm.Let �)����� betheworst-
caserunning time for this methodon an � -vertex polygon. Obviously, �)�����X�x ¡�£¢_� for �¥¤§¦ . Without lost of
generality, assumethatedge(1,2) is thelongestoneamongall theedgesof thepolygon,andtriangle(1, 2, p) hasthe
maximumareaamongall triangles(1, 2, i), where ¨©�ª¦R«£¬­«¯®¯®°®�«£� and ¦:¤T±²¤³� . Theverticesareseparatedby ±
into two sets,́¶µ·�¹¸�ºu«»¦Q«¯®°®¯®�«¼±¾½ and ´À¿©�³¸c¢c«¼±�«Á±'ÂT¢c«°®¯®°®L«£�b½ . Thesize Ã of set ´�µ is Ã¶�Ä±DÅÆ¢ , andthesizeof set´ ¿ is �`ÂÇ¢ÈÅÆÃ . It is clearthat º`¤ÇÃ�¤�����ÅÉ¢\� . Theworst-caserunningtime occurswhentheverticesarealways
partitionedinto two partsandoneof themhasa constantnumberÃ of verticesat eachstep.We have therecurrence:

�'�����5� ÊDË?Ì¿LÍÏÎjÍ
ÐuÑÏµ ¸°�)�ÁÃ?�¾ÂÆ�)����ÂT¢·ÅÒÃ?��½3Â² ¡�Á��� (1)

By guessingthat �)�Á���3¤²Ó�� ¿ for someconstantÓ andsubstitutingit into (1), weobtain,

�)�����>¤ ÊXË�Ì¿LÍÏÎjÍhÐ�ÑÏµ�Ô Ó¯Ã ¿ ÂÆÓ?�Á�ÕÂÉ¢·ÅÄÃ?� ¿/Ö Â× ¡�����5�dÓØÊDË?Ì¿LÍÏÎjÍ
ÐuÑÏµ¾Ô Ã ¿ Âd���ÕÂT¢·ÅÒÃ?� ¿NÖ Â× ¡����� (2)

Let Ùb�¼Ã?�Ú�¥Ã ¿ Â¹���ZÂÇ¢ÀÅÛÃ?� ¿ , we differentiateÙb�ÁÃ?� with respectto Ã twice, andget Ù	Ü µÞÝ �¼Ã?�Ú�ß¬NÃ�Å²ºQ�Á�`Âm¢_� andÙ	Ü ¿qÝ �¼Ã?�À��¬Òàßá . Therefore,Ùb�¼Ã?� achievesits maximumover the rangeof º:¤âÃ�¤â��Åd¢ at oneof its endpoints.
Since Ùb�<ºc�5�dÙb���ãÅ²¢\�5�ä� ¿ Ååº��XÂ×æ , weobtain,

�)�����ç¤ ÓØÊXË�Ì¿LÍÏÎjÍhÐ�ÑÏµ Ô Ó¯Ã ¿ ÂÆÓ?�Á�ÕÂÉ¢·ÅÄÃ?� ¿/Ö Â× ¡�����3¤äÓÀè � ¿ Å×�<º��ZÅÄæN��é�Â² ¡�Á��� (3)

� Ó�� ¿ Åäê Óc�¼º��ZÅåæc��ÅÆ ¡������ë	¤×Ó�� ¿ (4)

Sincewecanpick theconstantÓ largeenoughsothattheterm Ó?�¼º?�ìÅ¶æN� dominatesthe  ¡�Á��� term.Thus,theworst-case
runningtimeof themaximum-areatriangulationalgorithmis íD��� ¿ � .

To analyzetheaverage-caserunningtime for MAT algorithm,let �)�Á��� betheaveragetime to processan � -vertex
polygon.At eachrecursivestep,MAT partitionstheverticesinto two partswith sizesof Ã and �¶ÂÄ¢bÅ`Ã . By assuming
thateachpartitionoccurswith equalprobability, �)����� canbeexpressedas:

�)�Á���5� ¢�ãÅåº
Ð�ÑÏµî
ÎÞï¾¿ ê �)�¼Ã?�¾Âå�'����ÂÉ¢·ÅÄÃ?��ë�Â× ¡�����5� º�ZÅÄº

ÐuÑÏµî
Î£ï¾¿ �)�¼Ã?��Â× ¡����� (5)

We guessthat �)�����)¤âð/��ñóòNô­������ÂÉõ for someconstantsðÄàâá and õDàâá to be determined(we usebase2 for ñöòcô
functionhere).We canpick ð and õ sufficiently largesothat ð/��ñóòNô­������Â×õ�àÉ�)�Á¦/� . Thenfor �ÆàT¦ , by substituting�'�����>¤×ð/��ñöòcô­�Á����Â²õ into (5), we have

�)�����÷¤ º�`Ååº
Ð�Ñ¾µî
ÎÞï�¿ ê ð/Ã�ñöòcô
�ÁÃ?��Â²õ»ë�Â× ¡�����5� º?ð�`Ååº

Ð�Ñ¾µî
ÎÞï�¿ Ã�ñóòNô
�¼Ã?��Â²ºcõbÂ² ¡�Á��� (6)
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Since øuùÏúûü£ý¾þ�ÿ�� ����� ÿ �	� 
 ø�� þ
� ù¾úûü£ý¾þ ÿ�� ����� ÿ ���
ø�ù¾úûüÞý 
 ø�� þ�� ÿ�� ����� ÿ ��� � ����������� ��


ø�� þ�� ùÏúû üÞý¾þ ÿ � � ������� �
øuùÏúûüÞý 
 ø�� þ�� ÿ (7)

� � ������� �
ø�ùÏúûüÞý¾þ ÿ�� 
 ø�� þ�� ùÏúû üÞý¾þ ÿ ��� � ��� �"! �� �"!$#%� ������� � � � !� ������� �&! � ������� � �&!'# (8)� !� ��� � ! � ��� � � � � ������� � � !(*) � ��� � � � �&!'+ (9)

By plugging(9) into (6), we obtain,, ��� �-� ��.� � �0/ !� ��� � ! � ��� � � � � ������� � � !( ) � ��� � � � �"!$+�1 � ��2 �&3 ��� � (10)� .4� � ������� ��� 2 � ) .����65 � � 3 ��� ��� 2 � + (11)� .4� � ������� ��� 2 (12)

As long as �879� , inequalityin (11) holds.We canchoose. largeenoughsothat .4���:5 termdominates
3 ��� ��� 2 in

(12). We concludethatMAT algorithmhasaveragerunningtimeof ; ��� � ���<��� ��� .
B RelationshipbetweenSpeedupand Vertex ReductionRate

Let =?> be the numberof transmittersin the areaunderstudy, =A@CB D and =A@CB E be the numberof diffraction corners
generatedin the original andthe simplified footprint respectively,

, >FB D and
, >FB E be the averageprocessingtimesfor

a transmitterin theoriginal andsimplified footprint respectively,
, @CB D and

, @CB E betheaverageprocessingtimesfor a
diffractioncornerin theoriginalandthesimplifiedfootprint, respectively.

First,we derive therelationshipbetweenspeedupandnumberof diffractioncorners.Thetotal processingtimes
, D

and
, E by usingtheoriginalandsimplifiedfootprintsare, D � =G> , >FB D � =A@CB D , @CB D:H , E � =G> , >FB E � =I@CB E , @CB E

Thespeedupachievedby thesimplificationmethodisJ
K�L:LNM�O4K � , D, E � = > , >FB D � = @CB D , @CB D=?> , >FB E � =I@CB E , @CB E
When =A@CB DQPRP&=G> , =A@CB ESPRP&=G> , , >FB DST , @CB D , and

, >FB E%T , @CB E , wehaveJ
K�L:LNM�O4K T = @CB D , @CB D=I@CB E , @CB E TVU = @CB D=I@CB E
where U � , @CB D � , @CB E is theratioof theaverageprocessingtimeperdiffractioncornerfor original mapto theaverage
processingtimeperdiffractioncornerfor simplifiedmap.When U is largerthan1, thesimplificationmethoddecreases
thecomputationalcomplexity of eachdiffractioncorner.

Next, we derive the relationshipbetweenspeedupandthevertex reductionrate. If we assumethat thenumberof
diffractioncornersis proportionalto thetotalnumberof cornersin thefootprints,weget=I@CB D � K DW=IX�B D6H =I@CB E � K EY=IX�B E
where K D and K E areconstantswith valuesin ) Z\[ !'+ , =IX�B D and =IX�B E are the total numbersof cornersin the original
footprintsandsimplifiedfootprints,respectively. Then]6L:M�O<^W_a`ab � ] . _cL � = X�B D � = X�B E=IX�B D � !S� = X�B E=AX�B DJ�K�L:L:M�O�K � U K D'=AX�B DK E = X�B E � U ú =AX�B D= X�B E � U ú!S� ]:L:M�O�^'_a`Fb � ] . _cL
where U ú � U K D � K E .
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C Derivation of Prediction Err or

Theestimationof themeanandstandarddeviationof thepredictionerrorwhenthesimplifiedmapis usedis basedon
thefollowing parameters:dfe�g and h g arethemeanandstandarddeviation whentheoriginal mapis usedandpredictionresultsarecom-

paredwith realmeasurements,dfe�i and h i are the meanand standarddeviation when the simplified map is usedandpredictionresultsare
comparedwith realmeasurements,dfe�g�i and h gji arethemeanandstandarddeviation of predictionerrorswhenwe comparepredictionresultsby
usingthesimplifiedmapwith thoseby usingtheoriginalmap,dVkml is themeasurementof receivedpower for receiver n , o l�prq�s and o ljprt:s arethepredictionsof receivedpower
for receiver n by usingtheoriginal andsimplifiedmaps,respectively,dvu is thenumberof receivers.

Morespecificallywe have thefollowing formulas:e�gxw yu z{ l}|�~�� k l�� o l p�q�sF�F� e�iSw-yu z{ l�|�~4� k l�� o l p�tNsa��� e�gjiSw�yu z{ l}|�~4� o l p�q�s � o l p�t:sF�
h��g w yu z{ l}|�~ � k l�� o l p�q�sF� � � e � g � h��i w-yu z{ l}|�~ � k l�� o l prt:sF� � � e � i � h��g�i w-yu z{ l�|�~ � o l prq�s � o l prt:sF� � � e � g�i
Usingtheaboveequations,we canhave thefollowing derivations:e�i�w yu z{ l}|�~ � k l�� o l prt:sF�<w-yu z{ l}|�~ � k l�� o l p�q�sF�\��yu z{ l�|�~ � o l prq�s � o l prt:sF��w�e�g���e�g�i

h �i w yu z{ l}|�~ � k�l � o ljprt:sF� � � e � iw yu z{ l}|�~ p � k l�� o l p�q�sa� � � � o l prq�s � o l prt:sF� � �"� � k l<� o l p�q�sF� � o l p�q�s � o l p�t:sF��s � p�e � g ��e �g�i �"�6e�gWe�gjiWs
w h��g ��e �g � h��g�i ��e �gji � �u z{ l}|�~4� k l�� o l prq�sF� � o l p�q�s � o l p�t:sF� � p�e � g �me �gji �"�6e�g'e�g�iWsw h��g � h��gji ���

where��w �z&� zl}|�~ � k l<� o l p�q�sa� � o l prq�s � o l prt:sa� � �6e�gYe�gji .
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