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Abstract

We presentan acceleated proximity query algorithm betweermoving corvex polyheda. Thealgo-
rithm combinesvVoronoi-basedeature tracking with a multi-level-of-detailrepresentationjn order to
adaptto the variation in levels of coheenceand speedup the computation.It providesa progressive
refinementramevork for collision detectionand distancequeries.\\e haveimplementeaur algorithm
and haveobservedsignificantperformancemprovementsn our experimentsgspeciallyon scenarios
where themotioncoheenceis low.

Keywords: Collision detection)evel-of-details,Voronoidiagrams.

1 Intr oduction

Proximity queriesj.e. distancé computationsaindthe closelyrelatedcollision detectionproblems are
ubiquitousin robotics,designautomationmanugcturing,assemblyandvirtual prototyping. The setof
tasksincludemotion planning,sensotbasedmanipulation assemblyanddisassemblydynamicsimula-
tion, maintainabilitystudy simulation-basedesigntoleranceverification,andergonomicsanalysis.

Proximity querieshave beenextensiely studiedin roboticsand several specializedalgorithmshave
beenproposedor corvex polyhedraaswell ashierarchicabpproachesor generageometrionodels.In
this paper we presenta novel algorithmthat precomputes hierarchycomposedf a seriesof bounded
error levels-of-detail(LODs) and usesthemto acceleratgroximity queries. Algorithms to generate
LODs for polygonalmodelshave beenwidely usedfor renderingaccelerationanimationand simula-
tion applicationd12, 22, 24]. Oneof our goalsis to take advantageof multiresolutionrepresentations
commonlyusedin renderingapplicationsandusethemfor proximity queriesaswell.

Distanceis commonlydefinedasthe Euclideanseparatiordistanceby mary applicationsandwe adoptthe samedefini-
tion in this paper



Givenacorvex polyhedronpur algorithmprecomputes boundecderrorlevel-of-detail(LOD) hierar
chy. It constructsa seriesof boundingvolumesthatenclosehe original polyhedron.Then,it establishes
parent-childrelationshipetweerthe featuresof adjacentevels. At runtime,the hierarchyis traversed
accordingo thetypeof querybeingperformed.Within eachlevel, the surfaceof anobjectis “marched”
acrosausingamodifiedLin-Canry [16] closesfeaturetrackingalgorithmbasedn Voronoiregions. We
referto suchatechniqueas“Voronoimarching”in this paper Spatiallocality andtemporalcoherencés
capturedoy boththe Voronoiregionsandthe hierarchyof LODs.

ThealgorithmhasbeenimplementedandanalyzedusingvariousbenchmarksExperimentsvereper
formedusingvariousshape®f objectsandvariousmultiresolutionoptions.Furthermoreit is compared
againsta straightforvarddirectionallookuptableschemawve devisedto determineoverall effectiveness.
We obsene speedup$or eachtype of queryover asimplesurfacetraversal.

1.1 Main Results

In this paper we presentan accelerategbroximity queryalgorithmbetweenmoving convex polyhedra
which exploits multiresolutionrepresentation®ur main contritutionsare:

e An accelerategbroximity query algorithm betweencornvex polyhedrausing multi-level Voronoi
marching.The substantiaperformancemprovementsare mainly dueto the useof a multiresolu-
tion representatioanda fasterVoronoimarchingalgorithm.

e A progressie refinementalgorithmicframeavork for proximity computation.For mary applica-
tions including motion planningandtoleranceverification, a relatively inexpensve approximate
distancecomputationwith boundederroris sufficient. Our framework allows applicationgo pro-
gressvely refinethe distanceestimateto suit their needswhile minimizing overall computation
cost.

¢ A betterunderstandin@f theissuesnvolvedin designingsuitablelevel-of-detailrepresentations
for proximity queries. Theseissuesinclude level of coherencepbjectaspectratios,and contact
scenarios.

1.2 Organization

Therestof the paperis organizedasfollows. Section2 givesa brief surwey of relatedwork. Section3
present@anoverview of our approachThedesignandcomputatiorof the multi-level-of-detailrepresen-
tationis describedn Section4 alongwith our lookuptableschemeNext, a proximity queryalgorithm
usingthe multiresolutionrepresentatioms describedn Section5 alongwith otherwaysto accelerate
gueries. Section6 describeur prototypeimplementatiorand shavs the performanceof our system,
SWIFT. Finally, we concludewith futureresearchdirectionsin Section7.

2 Previous Work

Distancecomputatiorandintersectior(collision) detectionproblemshave beenfundamentasubjectsof
studyin robotics,computationatjeometrysimulation,andphysical-basethodeling.Thereis awealthof
literatureon bothanalyzingthetheoreticacomplexity of proximity queriesandondesigningalgorithmic
solutionsto achieve interactve performance We will limit the scopeof the discussionn this paperto



rigid convex polyhedraalthoughsomeof thetechniquesnaybe applicableto otherdomainsandmodel
representatioaswell.

2.1 Proximity Queriesfor Convex Polyhedra

Most of the earlierwork hasfocusedon algorithmsfor corvex polyhedra.A numberof algorithmswith
goodasymptoticperformancenave beenproposedn the computationageometryliterature[6]. Using
hierarchicalrepresentationsan O(log?n) algorithmis givenin [4] for the corvex polyhedraloverlap
problem,wheren is the numberof vertices.This elegantapproachs difficult to implementrobustly in
3D, however.

Goodtheoreticalandpracticalapproachebasedon the linear complexity of the linear programming
problemareknown [18, 23]. Minkowski differenceandcornvex optimizationtechniquesareusedin [9]
to computethe distancebetweercornvex polyhedra.

Erickson, et al [7] recentlyproposeda new classof kinetic datastructuresfor collision detection
betweercornvex polyhedra.This classof hierarchicarepresentationsasonly beenanalyzedor the 2D
casehowever.

In applicationsnvolving rigid motion, geometriccoherencédasbeenexploitedto designalgorithms
for corvex polyhedrabasedon eithertraversingfeaturesusinglocality or corvex optimization[2, 5, 16,
15, 19]. Thesealgorithmsexploit the spatialandtemporalcoherencéetweensuccessie queriesand
work well in practice.

2.2 Hierarchical Representations

Boundingvolumehierarchiesarepresentlyregardedasoneof the mostgeneraimethodgor performing
proximity queriesbetweengeneralpolyhedra. Specifically spheretrees,conetrees,axis-alignedbox
trees,orientedbox trees k-d treesandoctreestreesbasedon S-boundsandk-dopshave beenusedfor
fastintersectionqueriesfor generalpolyhedra,aswell aspolygonsoups[13, 20, 10, 21, 1, 14]. For
mostscenariosthesehierarchiesexcel at intersectiondetectionbut do not do sowell whenit comesto
distancecomputation.

2.3 Multir esolutionTechniques

Multiresolutionmodelingtechniquessuchas model simplification, have beenproposedo extractthe
shapeof the underlyinggeometry[25]. A recentsurney on polygonalmodelsimplificationis available
[17]. Themainideabehindusinga multiresolutionhierarchyis to computeandutilize acorrespondence
betweenthe original modeland a simplified one. We will discussthe useof a pair of simplification
algorithmsdueto Dobkin andKirkpatrick [4] andto GarlandandHeckber{8]. Cohen[3] haspresented
algorithmsbasedn successie mappingsandappearancpreservingsimplification.

For proximity query Guibas.etal. [11] proposedanelegantapproachhatexploits both coherencef
motionandhierarchicakrepresentatiofor fasterdistancecomputation.Our approachdiffersfrom their
H-Walk algorithmin thatour algorithmcaneasilycomputeanapproximatedlistancewith a guaranteed
errortolerancewithout alwaysdescendingnd/orascendinghe entirehierarchy



3 Algorithm Overview

Our algorithmoperaten orientable2-manifoldsthat are closedandrepresentedsingtriangles. The
polyhedramustbe corvex andundego rigid motion. We will usetheterms“polyhedron”and“object”
interchangeably

Multiresolutiontechniquegypically consistof two maincomponentsThey involve the precomputa-
tion of ahierarchicakepresentationponwhich subsequemueriesareperformed.We wish to compute
amultiresolutionrepresentatiothatsupportgroximity queries.

In the preprocessingtagewe computea level-of-detailrepresentatiofor eachobject. This hierarchy
is organizedasa sequenc®f corvex polyhedraF,, P, P, ---, P, where P, is the input polyhedron.
Eachsuccessiepolyhedrons composeaf fewerfeaturesandhasthepropertythatit boundgheoriginal
object. Furthermorea correspondencis establishedetweensuccessie levelsin eachdirectionof the
sequenceMore detailsof the actualconstructiorof this representatioaregivenin Section4.

A queryusingthis hierarchyis performedin muchthe sameway for eachtype of proximity query
Basically aslong ascertainlevels of two objectsareintersectingthenthe hierarchyis refined. When
two levels are found to be disjoint, thenit may be possibleto endthe query at a subsequenpoint of
refinementFurthermorefor queriesotherthanintersectionatolerancemaybeprovidedwhich specifies
how closeobjectsmustbein orderto answerthequery In Section5 the hierarchicalqueryis described
in moredetail.

4 Hierar chical Representations

The multi-level-of-detailrepresentationf eachobjectthatis constructedn the algorithm’s preprocess-
ing stagemusthave certainpropertiesn orderto beusefulandefficientfor performingproximity queries.
Next, we describedesirablecharacteristic$or the representationdiscusshe stepsinvolvedin the cre-
ationof the hierarchy andtouchuponvarioustradeofs alongthe way. Then,we discusswo hierarchy
creationmethodsve implementedWe concludewith a descriptionof our lookuptablescheme.

4.1 Terminology

Recallthatthe hierarchyis organizedasa sequencef corvex polyhedraP,, Py, P, - - -, P, whereP,
is theinput polyhedron.We will call P, thefinestlevel and P, the coarsestevel. We will call thelevel
P;_, the“child” of the level P, andthe level P;,, the “parent” of P,. We usethe corventionthatthe
finestobjectis at the bottom of the hierarchyso the term moving up the hierarchymeansmoving to a
coarsetievel. Moving to afiner level is termedmoving downthe hierarchy

The maximumdeviation of P; from P, is representedby ¢;. The computeddistancebetweencertain
levelsof two objectsthatarefoundto bedisjointis 6 andthe maximumerrorassociateavith thedistance
is e. Thedistanceolerancegivenby the applicationis 6,,,,, andtheerrortolerances ¢,,,;.

4.2 Desired Features

To designa multi-level representatiorior acceleratingdistancecomputationwhile preservinglocality
andcoherencegur goalis to producea hierarchythat providesthefollowing characteristics:

e Simplified Combinatorial Complexity: Eachlevel of representatiom the hierarchyshouldhave
lesscombinatorialcompleity thanits child andhighercombinatorialcompleity thanits parent.
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Ideally we would like to createO(log n) levels,wheren is the numberof verticesin the original
polyhedronP,. Thisis possibleif a constanfraction of featuresareeliminatedfor eachlevel. In
addition, it is wiseto stopthe hierarchyconstructionwhena certainnumberof levels or features
hasbeenreached.

e Bounding Volumes: If we wish to have a mechanisnto computeapproximatedistanceswith
boundecerrortolerances,, .., thenwe canmake useof thelevels P; of the hierarchywhich bound
the original polyhedronP, with a globalsurfacedeviatione¢; < €,,,,. Queryperformanceanbe

furtherimprovedby aimingto createa hierarchywherethe boundingvolumesarekeptassmallas
possible.

e Local Correspondence:For eachlevel of the hierarchyP; for i > 0 thatboundsP,, theremust
alsobe spatialcoherencédetweenit andits adjacentievels. This implies that a featureon poly-
hedronP; will have a correspondindeatureon P, andon P;_; which areproximatein position
andorientation.Thesearecalledthe parentandchild featuregespectrely.

4.3 Construction

Thelevelsof thehierarchyareconstructedn orderstartingwith P;. In particular whenconstructingp;,
P;_, providesthetopologicalandgeometrianformationrequiredto reducethe numberof featureswhile
P, providesgeometridnformationto satisfythe boundingcriterion. The procesf constructinga level
in the hierarchyis givenby thefollowing stepsto createp;:

1. CreateP; asahigh quality simplificationof P;_;.
2. Make P; corvex by computingits corvex hull.

3. Computehecenterof massof P; andtranslateP; suchthatits centerof masscoincideswith P;_;’s
centerof mass.

4. ScaleP; from its centerof masssothatit barelyboundspP.

5. Computethe maximumdeviation ¢; of P; from FP,. Thisis the sameascomputingthe Hausdorf
distancebetweenP; and F,.

6. Assignthefeaturecorrespondencdsom P; to P;,_; andfrom P;_; to P,.

For thefirst step,any simplificationalgorithmmaybeusedaslong asthetopologyis maintained Any
convex hull algorithmmay be usedfor the secondstep.

The computatiorof the centerof masss straightforwardfor a closedpolyhedron.To scaleP; in Step
4,themaximumscalingrequiredover all of thefacesof P, is foundandapplied.Thescalingrequiredfor
afaceis computedoy finding the extremalvertex on P, in the directionof the (outward pointing) face
normalandcomputingthe scalingfactorrequiredto causethe vertex to coincidewith the scaledfaces
supportingplane.

The Hausdorf distance(e;) canbe computedin this context by computingthe maximumdeviation
over all the verticesof P;. Thedeviation of avertex of P; is computedoy computingits distancefrom
Py. Theverticesaretheonly pointson P; thathave to be checled becausehey representocal maxima
of thedeviationfunctionover P;.



To assignchildren(featuresof P,_,) to thefeaturesof P;, thenearesteatureof P;_, is foundfor each
vertex of P, andthe nearesvertex is selectedrom this nearesteature.Eachneighborof eachvertex of
P, (includingthevertex) is assignedhe nearestertex asits child feature.To assignparentqfeaturesof
P) to thefeaturesof P, ;, the extremalvertex of P; is foundfor eachfaceof P, ;. Eachfaceaswell
asits edgesandverticesareassignedhe extremalvertex astheir parent. Thesefeaturecorrespondence
schemesverechoserfor their spatialcoherenceOf coursethereareotherschemeshatmaywork better
but it is unlikely thata sizeableoverallimprovementwould be gained.

4.4 Dobkin-Kirkpatrick Hierar chy

Vertex Removal

e@» Qﬂj

Retriangulation Scaling Relaxation
Figure 1. Dobkin-Kirkpatrick Hierarchy Construction

Thefirst methodthatwe implementeds basedon the Dobkin-Kirkpatrick hierarchy[4]. It is a spe-
cializedalgorithmthatis the sameasthe stepsgiven above but with a differentscalingprocedureand
differentparentandchild featureassignmentsAn illustration of the processs showvn in Figurel.

4.4.1 Simplifying

The Dobkin-Kirkpatrick simplification doesnot specify which verticesshouldbe removed but simply
thatanindependergetis beremovedateachstep.If anyindependensetis removed,verylargebounding
volumes(Step4) canresult. Therefore we try to choosethe independensetin anintelligent manner
Thisis doneby assigninganimportancevalueto eachvertex. A higherimportancaneanghatthevertex
is moreimportantandshouldnotberemoved. It alsoindicateshatthe geometryis not very flat nearthe
vertex. Vertex v;; of objectP; is assignedinimportancevalue

v
Z (1 — cos 0;;x)

whereV is the valenceof the vertex and#;;;, is the dihedralangleof the kth edgeof the vertex. Thus,
to createthe independenset, verticesareaddedto it in orderof increasingmportance.As eachvertex
is addedto the set,its neighborsare marked andnot allowedto be subsequentlyadded,otherwisethe
independensetcriterionwould beviolated. Theseverticesareremovedandtheholesarere-triangulated
in a corvex manner This canbe doneby taking the outercorvex hull of the verticesneighboringthe
removedvertex. Levelsarecreateduntil atetrahedrons reacheduntil a minimum numberof triangles
is reachedpr until the centerof massof the original objectfalls outsideof the simplified objectwe are
trying to create.



Even with this schemewe found that excessvely large boundingvolumesoccurred(Step4). The
reasorstemsfrom the choiceof verticesthatareplacedin theindependenset. We found thatif we add
asmary verticesaspossibleto the independenset,we still addverticeswith high importancebecause
mostof the low importanceverticeshave neighborsthat are added. This may causethe volumesto
becomdarge whenverticeswhich have sharppeaksareremaoved becausehe facesthatfill a hole will
have to be scaledby a large amountin orderto bounda high importance(sharp)vertex. To reducethe
effects of this problemwe decidedto only add verticesto the independensetthat meetthe criterion
I;; < 1. In otherwords, we stopthe independensetcreationwhenthereare no more verticeswhose
importancevaluesarelessthanor equalto one. This causedewer verticesto be removed per level but
keepshesizesof the boundingpolyhedrain check.

4.4.2 Bounding

Thenext stepwe discusss Step4 which involvesscalingthe sequencef polyhedrasothatthey bound
the finestobject. A scalingfactoris computedfor eachP; for i > 0 suchthat P, boundsthe finest
polyhedron Eachlevelis thenscaledby theamountcomputedor it. Thescalingis donefrom thecenter
of massof thefinestpolyhedron.

We foundthatdueto the structureof the simplification,we canadda relaxationprocessat this point.
The relaxationinvolvestrying to move the verticesbacktoward the centerof masswhile maintaining
convexity andboundednesef P,. Note thatin boththe scalingandthe relaxation,the verticesmove
alongraysfrom the centerof massthroughtheir original positions.The holescausedy vertex removal
form regionswhichwe call centerof massegions By keepingtrackof theverticesthatbelongto certain
centerof masgegions,thescalingandrelaxationcomputationganbe performedmoreefficiently. Then,
themaximumsurfacedeviation is computedase;.

4.4.3 AssigningFeature Correspondence

Level i+1

Level i

Figure 2. Dobkin-Kirkpatrick Level Correspondence

Eachvertex, edge,andfaceon P, for ¢ > 0 is assigned child pointerwhich pointsto a featureon
P,_,. Theassignmentanbedonein avarietyof ways.Figure2 shovs someof thepointersbhasednour
assignmenscheme.We assignthe verticesat the coarserlevel to have aschildrentheir corresponding
verticesat thefiner level. Edgesandfacesat the coarseidevel canbe of two varieties:keptor remowed
Keptfeaturesareonesthatarenot destryed by the vertex removals. They includeedgesandfacesthat
have noneof their verticesin the independenset. Remored edgesandfacesare onesthat have one of
their verticesin theindependenset. They arereplacedwith new featuresat the coarsetevel. The kept
featuresareassignecthildrenthatcorrespondo themselesatthefinerlevel. For simplicity, we choose
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to assignto the new featuresthe vertex thatwasremoved from thefiner level in orderto createthem.
Thereareotherschemesywhich may performbetter thatcanbe usedto assignthe childrenin this latter
case.Thisassignmenis actuallydoneduringthe building of the hierarchy

4.5 QSlim Hierarchy

Thedrawvbackof the Dobkin-Kirkpatrick hierarchyis thatmary levelsarecreatedvhich causes slow-

down for the queryalgorithm. The problemis thatthe decimationrateis not high enough.Thatleadus
to considerthis type of hierarchywhich relieson a moregeneralsimplificationalgorithmwhich is able
to achieve high decimatiorrates(arbitrary)while atthe sametime maintainingsmallboundingvolumes.

The secondmethodthat we implementedis basedon the publicly available QSlim package. We
usedthe QSlim systemwhich is an implementationof Garlandand Heckberts quadric error metric
simplification algorithm [8] for the first stepof the hierarchycreationprocess. It allows an arbitrary
facetarget for eachstepof simplificationallowing us to choosethe decimationrate. We usethe term
“decimationrate” to meanthe fraction of trianglesleft whena coarseievel is createdrom afiner one.
For example,if alevel has1000trianglesandadecimatiorrateof 0.25is applied thenthenewly created
(coarser)evel has250triangles.For the secondstep,we usedthe QHull corvex hull library thatis also
publicly available.All the otherstepsremainthe same.

Thereis atrianglecountcutoff thatdeterminesvhento stopbuilding the hierarchy In addition,there
is aconstanfactorthatdeterminesvhatthe decimatiorrateis acrosdevels. Theseparameteraffectthe
gueryperformanceandarediscussedater.

The quadricerrormetricmethodemployedby QSlimis very desirabldor keepingthe volumesof the
boundingpolyhedrasmall sinceonly flat areason a fine modelarerefined. This alsohasthe effect of
causinghetesselatiorensitypersolid angleof thesimplifiedcorvex polyhedrao becomemoreor less
constant.

4.6 Directional Lookup Table

S

Figure 3. Lookup Table Construction

For performancecomparisonwe alsodesignedandimplementeda directionallookup table scheme
for initializing the Voronoimarching.Thelookuptableis basedupondirectionfrom the centerof mass
(COM) of a polyhedron.Verticesarestoredin thetable. Figure 3 showns the ideaof the constructionn
two dimensions.

The parametersisedto constructthe table areresolutionand a boundingsphereradiusfactor The
resolutionof the lookup table determineshow closetogetherthe samplesare. The tableis basedon
sphericalcoordinatesand hasan entry for eachangleincrement(determinedby the resolution)in the
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altitudeandazimuthdirectionsexcludingthe northandsouthpoles.Therearetwo additionalentriesfor

the poles. The polyhedronfor which thetableis built hasa “radius” which is definedasthe maximum
distanceof ary of its verticesfrom its centerof mass. In otherwords, a spherecenterecat the center
of masswith radiusequalto the polyhedron$ radiuswould boundthe polyhedronat any orientation.
Theboundingsphereradiusfactoris multiplied by the polyhedrons radiusto constructanother(larger)
boundingsphere.Theradiusfactormustbe greaterthanor equalto 1. Samplepointsaregeneraten

the new boundingspheren the directionsprescribedy the lookuptable. For eachof thesepoints,the
nearestertex on the polyhedronto the pointis storedat the correspondindocationin the table. Using
thistablefor querypurposess discussedn Section5.3.

5 Proximity Query

Proximity queriescanbein theform of intersectiordetectionerrorboundedapproximatedistancecom-
putation,exact distancecomputation,or contactdetermination.The hierarchyis queriedin muchthe
sameway for all four of thesequerytypes. The basisis a multiresolutionextensionon the algorithm
proposedy Lin andCanry [16]. First we describethe marchingwithin a level andthenshov how to
answera queryby marchingacrosdevelsof a multiresolutionhierarchyfor eachof the querytypes.

5.1 Voronoi Mar ching Within a Level

We have implementedan algorithm which marchesacrossthe surface of a convex polyhedronusing
Voronoiregions. It is basicallythe samealgorithm asthe original Lin-Canny[16] algorithmandthe
improved version,V-Clip [19], in the sensethatit hasthe samehigh level behaior and computeshe
sameresults.We do not give afull descriptionherebut rathera quick sketch.

The original algorithmis basedon traversingthe externalVVoronoiregionsinducedby the featuresof
eachcorvex polyhedron.Theinvariantis thatat eachstep,eitherthe inter-featuredistanceas reducedor
the dimensionalityof oneor both of the featuresdecreaseby one,i.e. a move from afaceto anedge
or from anedgeto a vertex. We employ the notion of stateswith the samedefinitionasin V-Clip. The
statetransitionsare a bit differentbecausave sometimeshangefeatureson both objectsin onestep.
For example,this happengrom the edge-edgetateto the vertex-vertex state. Traditionally, the feature
whoseVoronoiplaneis foundto be violatedfirstis the onethatis updatedo. Thereareothermethods
for updatingto a closerfeature.For instancewe found that performancemproveswhenwe updateto
the featurewhoseplaneis mostviolatedwhich meanshatwe have to checkall the planes.This gives
a highercostto eachlocal decisionbut yields a global benefit. We are currently investigatingbenefits
from betterchoicesof the next featureandotherlow level optimizations. A comparisorof our low level
marchingimplementations comparedgainstv-Clip in Section6.

5.2 Multi-Le vel Voronoi Mar ching

In the caseof intersectiondetectionthe searcmormally startsat a pair of featuregelatedto the closest
featuresfrom the previous query sothat coherenceanay be exploited. Like in Lin-Canry, the distance
betweentwo corvex polyhedrais minimized by marchingacrosstheir surfaces. If an intersectionis
detectedafinerlevel of thehierarchyis traversedo. If atanylevel, we reachaminimumin thedistance
function and the objectsare disjoint, thenthis is reported. With no additionalcost, an approximate
distancecanbe provided asé with the errore, whenthe objectsaredisjoint. The distancebetweerthe



levels of the two objectsis § ande = ¢; + ¢; is the associatearror equalto the sumof the two level
deviations. The pair of closestfeaturesareusedto find the featureso be usedfor the next query This
is doneby traversingtheir parentpointers,usingthe deviationse;, andkeepingtrack of the distanced
thatis decreasedby the differencesn deviation. If anintersectionhasbeendetectedand P, hasbeen
reachedor both objects thenintersections reported.The pair of intersectingieaturess storedfor the
next query

For errorboundedapproximatedistancecomputationtheapplicationcanprovide adistancdolerance
dmaez @ndanerrortolerance,,.,.. If thelevelsof thetwo objectsintersectall theway to the finestlevels
of both objects,thenintersectionis reportedandthe pair of featuresis stored. Otherwise,two levels
werefoundto bedisjointduringtherefinementThedisjoint featuresareusedasin theintersectiorcase
to determinethe initial featuresto be usedfor the next query If atary pointd > d,,., the queryis
terminatedandnothingis reported.f atany point, e < ¢,,,, thentheerrortolerancehasbeenmetandd
ande arereported.This meanghatthe exactdistances in therange[d, o + €].

To computeexactdistancethe samemethodis followedbut only the distancetolerance), .. is spec-
ified. Aslongasd < d,,.:, the distanceis refineduntil the finestlevels are reachedat which point
0 is reported. Finally, contactdetermination(closestpoints) queriescan be handledthe sameas exact
distanceones.

For the Dobkin-Kirkpatrickhierarchywe foundthattherearemary levelscreated We tried threedif-
ferentrefinemenmethodsrefineonelevel on oneobject,refineonelevel onbothobjectsandrefinetwo
levelson bothobjects.Thesearecalled“Single”, “Single-Single”,and“Double-Double’respectiely in
Section6é wherewe comparehe performancef eachof themethods.

5.3 Directional Lookup Table

P

Figure 4. Lookup Table Initialization of a Query

Whenusingthe directionallookuptableto helpanswera query the featuresrom the previous query
are not used. Therefore,the query time shouldbe motion independent.Showvn in Figure4 is a two
dimensionatepresentationf theinitialization of aquery Firstthevectordefinedby the centerof mass
of thetwo objectsbeingtested(VCOM) is computed.Thevectoris transformedo the local coordinate
frame of the objectsandis usedto find the tablelocationthatis the nearesto the directiongiven by
thevector Theverticesat the correspondingocationsin eachobjectstable(V, andV;) areusedasthe
featurepairto startmarchingfrom. Whenthelookuptableis used thereis no hierarchybeingused.The
performanceof the querydependsolely on how thetablesarebuilt for eachobject. In the next section
we seehow varioussettingsaffect the performancef thelookuptables.
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6 Experimental Results

The modelsusedto test our query algorithm were empirically createdby taking the corvex hull of
randomly sampledpoints on objectsof variousaspectratio. Threedifferentellipsoidal modelswere
createdeachwith 2000triangles. Their aspectratiosare(1,1,1),(1,1,0.1),and(1,0.1,0.1). They are
referredto as“fat”, “plate”, and“long” respectrely. Eachof the modelswas normalizedto have a
boundingsphereof radiusr.

Following the performancébenchmarkinglgorithmdueto Mirtich [19] andusedin [11], we created
variousscenariosThealgorithmhasoneobjectremainfixedwhile anothermrbitsaboutit in anelliptical
trajectory An orbit radiusis definedasthe distancebetweenthe centersof the modelswhenthey are
closestn theorbit. Threedifferentpair combinationsvereused:fat-fat, plate-plateandlong-long. The
orbit radiuswas setto be either2r, (small) or 3r, (large). Thus,the modelseitherjust touchor are
alwaysseparatetby a distanceof atleastr.

Our implementations called SWIFT (SpeedyWalking via Improved FeatureTesting). We obtained
empiricalobsenationsfor it by runningprogramson an SGI Reality Monsterusinga single 300 MHz
MIPS R12000CPU. Timingsweredoneby usinga highly accuratdree-runninghardwareclock.

6.1 Marching Within aLevel

Fatvs. Fat Plate vs. Plate Long vs. Long

IFT

—— swi
—=— V-Clip

—— swiFt
—a— V-Clip

—— swiFf
—a— V-Clip

time (ms)

0 2 40 60 8 100 120 140 160 180 0 20 40 60 8 100 120 140 160 180 0 2 40 60 80 100 120 140 160 180
relative movement (degrees) relative movement (degrees) relative movement (degrees)

Figure 5. Performance of Marching Within a Level: SWIFT vs. V-Clip

Our implementationof the algorithmthat marcheswithin a level was comparedo V-Clip [19] and
foundto befastef. Figure5 shavs timings for differentobjectpairsusingthe orbiting algorithmwith
anorbit radiusof 2ry. No hierarchicalor lookuptableenhancementsereusedin the comparison All
future experimentakesultsthatarepresentedrebasedsolely on the SWIFT implementation Next, we
addthedirectionallookuptableandobsenre its performance.

6.2 Directional Lookup Table

In Figure6 we shaw theresultsof usingadirectionallookuptable(LUT) with anorbit radiusof 2ry. The
first parametegivenin the graphlegendsis the boundingsphereradiusfactorof the lookup tableand
the seconds the resolutionin degrees.For the fat pair of objects,the resolutionof thetableis the only
thing thatmatters.Furthermorenoticethatthe performancef thelookuptablefor thefat pairis much
betterthanfor the othertwo pairsbecauset (the LUT) is basedon a sphereandthe fat objectsarevery

2In the preliminaryversionof this report,availablein the ElectronicProceedingsf IEEE IROS 2000, we statedthatour
implementationwvas nearly twice asfast. However, we have sincegatheredmore dataand found that to be aninaccurate
assessment.
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Figure 6. Performance of Various Lookup Tables

nearlyspheresFor thelong andplatepairs,aradiusfactorof 2 seemgo bebest.It shouldbe statedthat
this may be becausef the scenariowe areusing. The sizesof the lookup tablesof variousresolutions
are: 8 KB for 5.625degreesand2 KB for 11.25degrees.We will usethe“LUT 2 5.625” performance
datafor theoverall comparison.

6.3 Multir esolutionHierar chy

Thelevel-of-detailhierarchywe have implementedcanalsobe usedto achieve speedups$or bothinter-
sectiondetectiorandexactdistancecomputation.Thetitles onthegraphsn thefollowing figuresreflect
theobjectpairsthatwereusedaswell aswhetherthe orbit wassmallor large.

6.3.1 Dobkin-Kir patrick Hierarchy

Shavnin Figure7 istheperformancef variousintersectiordetectiomuerieausingthe Dobkin-Kirkpatrick
hierarchy Similarly, Figure8 shaws exactdistancecomputatiorperformanceln eachentry of theleg-
endsof thegraphgs thenumberof trianglesthatthe hierarchywascutoff at,thenumberof levelscreated
(in parenthesegndtheinterlevel marchingmethodused(asintroducedn Section5).

Thereis notalot of differenceamongthe varioussettingsfor intersectiordetectionsincemostof the
time is spenttraversingthe coarsestevel. However, the settingswhich producea coarsercoarsestevel
dothebest.Sinceall thelevelsaretraversedmostof thetime in thecaseof exactdistancejt makessense
thethe methodgo do the bestarethe onesthatemploy doubledescenbn thelevelsof both objects.We
will usethe“DK Hier 100 Double-Double’performancelatafor the overall comparison.

6.3.2 QSlim Hierarchy

Shavnin Figure9is theperformancef variousintersectiordetectiorguerieusingthe QSlim hierarchy
Similarly, Figure 10 shows exactdistancecomputatiorperformanceln eachentry of thelegendsof the
graphss thedecimatiorrate(Section4.5) andthe numberof levelscreatedin parentheses).

For theintersectiondetectionquery the 0.125hierarchyis anomalousecauseéts coarsestevel con-
sistsof 250triangleswhile the otherhierarchieshave fewer. This resultsin a slower querybecausdor
intersectiordetectionmostof thetimeis spenttraversingthe coarseslevel. Thecoarseshierarchydoes
thebestontheintersectiordetectionestsbecaus®f thereasomreviously stated.For theexactdistance
tests,t seemghathaving morelevelsis notasgoodasjust having two. Evenhaving threeis noticeably
slower. Also, it still seemdik e acoarsehierarchydoesbetterfor this type of queryaswell. We will use
the“QS Hier 0.03125"performancelatafor the overall comparison.
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6.4 Overall Performance Comparison

Figurell givestheoverall performanceomparisorof intersectiordetectionusingthe bestresultsfrom
eachcatgyory alongwith the performanceof SWIFT whenthereis no hierarchyor lookuptable (Noth-
ing). Similarly, Figure12 givesthe overall performance&omparisorfor exactdistancecomputation.

For intersectiondetectionthe hierarchiegdo well becausef their simplecoarsestevels but they do
not performaswell whenit comesto exact distancecomputationbecausef the overheadassociated
with marchingon the finestlevel to the true minimum of the distancefunction. The QSIlim hierarchy
alwaysoutperformsthe Dobkin-Kirkpatrick hierarchybecauseherearetoo mary levelsto traversein
thelatter.

6.5 Summary

Thereasonfor the differencein the performanceof the two querytypesis dueto the factthatin exact
distancecomputationye cannotstoponcethemodelsarefoundto bedisjointlik e we canin intersection
detection. Approximatedistancecomputationis highly dependentiponthe applicationso we did not
evaluateits performanceut expectthe majority of casesn whichit is usedto resembldheintersection
detectionquery It canbe shavn thatits costlies in betweernthe costof intersectiordetectionandexact
distancecomputation.

It canbe seenfrom the profilesof our timing curvesthatour multi-level Voronoimarchingalgorithm
is ableto keepthe impactof the relatve motion of the objectsundercontrol. It is alsoapparenthat
a simplelookup table schemdik e the one we have presenteduflicesto performin the samekind of
manner It is possiblethatif the objectsare composedf more triangles(10,0000r 100,000),thena
hierarchyof threeor four levelsmaywin out over the simplelookuptableandthetwo level hierarchies.

7 Conclusion

We have presente new algorithmfor acceleratingoroximity queriesbetweencorvex polyhedrausing
level-of-detailrepresentationd/Ve describedhe constructiorof therequiredhierarchicadatastructures
anddiscussedariousdesignissuesnvolved. Theruntimealgorithmalongwith its issuesvereaddressed
andthe performanceresented.

Our implementatiorhasbeenshownn to have goodperformance.The sourcecodeis availableto the
public and provides a completeand entire proximity query library, with the two typesof hierarchies
presentedlt is availableat

http://www.cs.unc.edutgeom/SWIFT/

We have shawn thata hierarchicakepresentatiomtegratedwith Voronoimarchingoffersa progressie
refinementiramavork for exact and approximatedistancecomputationwhich optimizesperformance
while meetingthe applications needfor boundederror computation.We have alsoshovn thata simple
directionallookuptablecanbe usedvery effectively.

This researchs the first steptoward the designof distancequery algorithmsusing multiresolution
representationsThereare mary potentialdirectionsfor future research.Thereis a needto develop
a suitablemetric for measuringor quantifyingthe optimality of the hierarchiescoherencdevels, and
level relationships.On the theoreticalside, thereis the interestingproblemof proving a betterbound
on the computatiorof the distancebetweentwo convex polyhedra.The extensionof this framework to
non-coivex objectsanddeformablenodelsremainsa very challengingproblem.
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