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Abstract

Theneedto performfastand accuate proximity queriesarisesfrequentlyin physically-basednodeling simu-
lation, animation,real-timeinteraction within a virtual ervironment,and gamedynamics.The setof proximity
gueriesincludeintersectiondetectiontoleranceverification,exactand appoximateminimumdistancecomputa-
tion, and (disjoint) contactdetermination Specializeddata structues and algorithmshaveoftenbeendesigned
to performead type of query sepaately We presenta unified approac to performany of thesequeriesseam-
lesslyfor geneal, rigid polyhedal objectswith boundaryrepresentationsvhich are orientable2-manifoldsThe
proposedmethodinvolvesa hierarchical data structure built upona surfacedecompositiorof the models.Fur-
thermoe, theincrementalqueryalgorithm takesadvantae of coheencebetweersuccessivérameslit hasbeen
appliedto comple bentimarksand compaesveryfavorably with earlier algorithmsand systems.

1. Intr oduction

Proximity queriesare fundamentaln a wide rangeof do-
mainssuchassimulatedervironments virtual prototyping,
androbotics.Thesetof applicationgncludevirtual erviron-
ments,computergamestoleranceverification, simulation-
baseddesignandmotionplanning.

Proximity querieshave beenextensiely studied.andsev-
eral specializedalgorithmshave beenproposed.Theseal-
gorithmsdiffer basedon modelrepresentationghe type of
queries,and the characteristicof the simulatederviron-
ments20. Someof the commonlyusedalgorithmsarebased
on spatialdatastructuresor boundingvolume hierarchies.
They cannotefficiently computecontactregionsor perform
disjoint contactdeterminationwhile our algorithmcan.

We presenta novel approachthat can handle multiple
typesof queriesof varying difficulty for generalpolyhedral
models.Our goalis to provide a unified algorithmicframe-
work within which mary typesof queriescanbe answered
withoutusingspecializedlatastructuresandcostly postpro-

cessingsuchasis the casewith mary earlierapproaches.

Thetypesof querieswe addressare:
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Intersection Detection: returnsa booleanvalue indicat-
ing whethera pair of polyhedrais intersectingor not.
Tolerance Verification: given a tolerance,returns a
booleanvalueindicating whetherthe minimum distance
betweenra pair of polyhedrais below thetoleranceor not.
This type of queryis a generalizatiorof intersectionde-
tectionwhich hasatoleranceof zero.

Exact Minimum Distance:givenatolerancereturnsthe
minimumseparatioristancebetweera pair of polyhedra
if thedistanceds lessthanthetolerance.

Approximate Minimum Distance: givenanabsolutesr-
ror, a relative error, and a tolerance,returnsa distance
value suchthat the exact minimum distancebetweena
pair of polyhedrais within eitherof thegivenerrorbounds
andthereturneddistancevalueis lessthanthetolerance.
Disjoint Contact Determination: given a toleranceye-
turnsa setof pairs of featuressuchthat eachpair repre-
sentsalocal minimumin the distancdunctionbetweera
pair of polyhedraand the distanceat the local minimum
is lessthan the tolerance.From thesepairs of features,
distancesnearespoints,andcontactnormalscanbecom-
putedyieldingasimplegeometricdescriptionof a contact
region thatcanbeusedfor collisionresponsé 4 25,

Thesequeriescan be further groupedinto threeclasses

baseduponthegeneralizationgiven.Wewill callthem:tol-
erancedistanceandcontactqueries.
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1.1. Main Contrib utions

We presenta family of algorithms for efficient proxim-
ity queryof generalrigid polyhedra,basedon corvex sur
facedecompositionOur approactproceedsn threephases.
First,acorvex surfacedecompositiorof a givenpolyhedron
is computedA hierarchyis createdbut of theresultingcon-
vex patchesEachnode of the hierarchyis a corvex hull
which boundsts children.At theleavesarethecorvex hulls
of the convex patchesyieldedby the decompositionA pair
of corvex hullsis testedusinga modifiedLin-Canry closest
featurealgorithm?22. A pair of hierarchiecanbe efficiently
queriedby recursve descentOur key contritutionsare:

e A unifiedframework for proximity queriesof varyinglev-
elsof generality

e An efficient disjoint contactdeterminatioralgorithmfor
computingpairs of nearesfeaturesandlocal minimain
thedistancdunctionbetweerpolyhedraTheseareuseful
in dynamicsfor computingcollision responsesubjectto
non-penetratiogonstraints.

e Theability to performproximity queriesfor solidsin ad-
dition to their boundarysurfaces Our algorithmalsosup-
portssurfaceswith boundary

e An integratedgeneralizatiorof queryaccelerations.

Thealgorithmhasbeenimplementedandanalyzedusing
variousbenchmarksExperimentsvereperformedondiffer-
ent shapesand combinatorialcompleity of objectsalong
with several algorithmic variations.We obsere excellent
performancéor our algorithm,alongwith anindicationthat
our acceleratioriechnique®ffer substantiaimprovements.

The next sectionsuneys previous work. Section3 gives
anoutline of our algorithm.Corvex surfacedecomposition
is describedn sectiord. Hierarchyconstructioris discussed
in section5. Sectionst and7 describein detail the queries
and query acceleratiortechniquesSection8 compareghe
performancenf our prototypeimplementatioragainstother
publicly availablepackages.

2. Previous Work

Proximity querieshave beenwidely studiedin mary fields.
Mary algorithmshave beenproposedor variousmodelrep-
resentationsThey areeitherapproximateor exact, andan-
swer differentsubsetf proximity queries.Similarly, con-
vex decompositionand hierarchy constructionhave also
beeninvestigatedn computergraphics,computationabe-
ometry andsolid modeling.Next, we examineearlierwork
in theseareas.

2.1. Convex Decomposition

The problemof computingwhatwe call a convex solid de-
compositiorof agenerapolyhedrorP, hasbeenextensvely
investigated? 682829 gndis known to have outputof size
O(n?) wheren is the numberof boundaryelementsof P.

Thedefinition of this decompositions:

P:UCi

Vi,jii#] GNCj=0 (1)
wheretheC; aresolid corvex pieces.

Another type of decompositionis a corvex surfacede-
composition.This hasbeenaddressethy 7 ° andthe defini-
tionis:

boundary(P) = Jc;
i

Vi,jii#j cncj=0

¢ C boundary(G;) &)

wherethe ¢; arecorvex surfacepatcheghatlie entirely on
the surface (boundary)of their convex hull C; = CH(c;)
which is the correspondingsorvex piece.This type of de-
compositionis of compleity O(r) wherer is the numberof
reflex edgesin the surface(boundary)of P. This alsoworks
for surfaceswith boundary(non-solids)sinceno notion of
insideor outsideis required Theproblemof findingthemin-
imum numberof patchess provento be NP-Completdn 7,
sothey investigatevariousapproximatioralgorithmsto find
a small numberof patchesSomeof our decompositioral-
gorithmsarederived andextendedrom theirs.

2.2. Hierarchy Construction

BoundingvolumehierarchiegBVHs) have proven efficient
toolsin thecomputatiorof proximity information.Theprop-
erty that they satisfy is that each node of the hierarchy
boundsall the geometryin its child subtreesTherearetwo

main approacheso build BVHs: top-davn or bottom-up.
Top-davn constructioninvolves recursve splitting and is

fastandsimpleto implement! 21, Bottom-up,on the other
hand,involvesgroupingprimitiveshierarchicallyandis of-

tencomputationallymoreexpensve 2. For themostpart, bi-

narytreesareconstructeclthoughtreesof higherdegreeare
possible.Analytical evidenceagainstusing degreeshigher
thantwo is presentedn 18,

2.3. Proximity Query
2.3.1. Convex Polyhedra

Much of the prior work on proximity querieshasfocused
on algorithmsfor solid corvex polyhedra. A numberof al-
gorithmswith goodasymptotigperformancéave beenpro-
posed,including an O(Iogzn) algorithm by 0. This ele-
gantapproachs difficult to implementrobustly in 3D, how-
ever. Good theoreticaland practical approachedasedon
the linear compl«ity of the linear programmingproblem

(© TheEurographic#ssociationandBlackwell Publisher2001.
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areknown 24 39, Minkowski differenceandconvex optimiza-
tion techniquesare usedin 4 to computethe distancebe-
tween corvex polyhedraby finding the closestpoint be-
tweenthe Minkowski polytope and the origin. In applica-
tionsinvolving rigid motion,geometriccoherencéasbeen
exploited to designalgorithmsfor convex polyhedrabased
on eithertraversingfeaturesusinglocality or convex opti-

mization® 22 2326, Thesealgorithmsexploit spatialandtem-
poral coherencédetweersuccessie queriesandwork well

in practice.Multiresolutionrepresentationeave beenused
to further speedup queriesbetweencorvex polytopest® 16,

For a morethoroughdiscussiorof convex polyhedralprox-

imity query see!2. We usea minimumdistancecomputation
algorithm basedon “Voronoi marching”as a subroutineto

testthe proximity of a pair of convex polyhedralt is power-

ful andgeneraln thatit yieldsanswerdo all five proximity

querytypesfor corvex polyhedrawith justonequery

2.3.2. General Polygonal Models

Bounding volume hierarchiesare presently regarded as
one of the most generalmethodsfor performing proxim-

ity queriesbetweengeneralpolyhedra.Specifically sphere
trees,AABB trees,OBB trees,andk-dopshave beenused
for fast intersectiondetection queries2 15171827 Swept
spherevolumes(SSVs)have beenusedfor intersectionde-

tection, toleranceverification, and exact and approximate
minimum distancequeries2!. Thesealgorithmsdo not as-
sume connectity or corvexity of the input, thus their

queriesare purely basedon boundaryrepresentationand

cannotdiscriminatebetweenthe caseof one solid entirely
within anotheranddisjoint solids. With the exceptionof 4,

mostof themdo not performthe contactanalysisrequired
for physically-basedimulation.

3. Algorithm Overview

We assumefor simplicity, and without loss of generality
thata polyhedrons boundaryis composedf triangles.Our
algorithmconsistof threemajor componentsT hefirst two
arepreprocessingndthelastis thequery happeningtrun-
time. Next, a brief overview of eachis given.

3.1. Convex Surface Decomposition

The first phaseis the decompositiorof a general(possibly
non-corwex) polyhedrons surfaceinto a smallcollectionof

corvex patchesWe have developedan approachbasedon

graphsearchingmethods’. A seedpoint is usedto starta

graphsearchwhich includesfacesinto the currentconvex

patchif certaincriteriaaremet. Theresultingdecomposition
is similarto Eqn.2. Thisis in contrastto a corvex solid de-

composition A corvex pieceis formedfrom aconvex patch
by takingits corvex hull. More details,alongwith our expe-

riencesaregivenin section4.

3.2. Hierar chy Construction

Basedonthedecompositiona BVH is built with the corvex
piecesasits leaves.We focuson the top-davn construction

(© TheEurographic#ssociationandBlackwell Publisher2001.

of binary boundingvolume hierarchiesThereare various
splitting axesandrulesthatwe could use.Typically, BVHs
have primitives at the leavesthat are trianglesand internal
nodeswhich arecertainsimpleboundingvolumes Sincewe
usecorvex hull boundingvolumes,a corvex polyhedronis
the only type of geometrystoredin our BVH. BVHs con-
structedusing our algorithm have substantiallyfewer lev-
elsandaretighterfitting thanotherBVHs. Furthermorewe
have apotentialfor pruningrelationshipbetweerary inter-
nal nodeandits leaves.More detailson the hierarchycon-
structionin generalregivenin sectionb.

3.3. Query

Without loss of generality the proximity of two modelsis
queried. Giventhatthe geometryin the hierarchyis convex,
geometridocality is exploited to speedup queriesin a uni-
fied manner A recursve traversalalgorithmis usedto test
a pair of hierarchiesDue to the structureof our BVHs, we
only requireatestbetweerapairof corvex polyhedraMore
detailson the queryalgorithmin generalalongwith possi-
ble acceleratioriechniquesaregivenin sectionss and7. In
section8, we benchmarkvariousquerieswith andwithout
optimizations.

4. Convex Surface Decomposition

We consideran orientable polyhedral surface S. If it is
closed,thenit is the surface of somepolyhedralsolid P:
S=boundary(P). A constrainis addedo Eqn.2 to decom-
posea polyhedralsurfaceS:

SNGi =¢; (3)

Thatis, Scanonly meetthe surfaceof any convex piece(C))

in exactly the corvex patch(c;) usedto createthepiece.lf S
is closed the piecesarecontainecentirelywithin P but their
union doesnot necessarilyequalP. Whetherit is closedor

not, Sis asubsebf theunionof theboundarie®f thepieces:
S C Ujboundary(C;). This is importantin orderto ensure
correctnessf thequery

The algorithmthatwe useto createa decompositiodik e
thisis basedn exploring facerelationshipsasa patchis be-
ing created It usesa graphsearchandanincrementalkcon-
vex hull algorithm.We have noticedthattherearemary fac-
torsthat determinethe numberand structureof the patches
that are created.The interactionbetweena decomposition
methodandthe query performancds comple, difficult to
characterizen practice,and highly dependenbn the en-
vironmentsand contactscenarios Therefore we take as a
gooddecompositiorior now, onewhosecollectionof pieces
takesup a smallamountof memory

We extend the surfacedecompositioralgorithmsof 7 to
handlethe additional non-intersectiorconstraint(Eqgn. 3),
andproposea better‘seeding”technique.

The graphof a polyhedralsurfaceis simply its edgesand
vertices.The dual of this graphis a graphwith the same



EhmannandLin / Proximity QueriesUsing Corvex SurfaceDecomposition

convex edge
~ =~ non-convex edge
S seed face

A excluded by criterion 1

B excluded by criterion 2

Figure 1: Creation of a convex patch

edgesbut with the roles of verticesand facesreversed.A

depth-firstsearcHDFS)or breadth-firssearch BFS)is used
to traversethe dual graphof S while a corvex hull C, is

maintainedasfacesareaddedo the currentcornvex patchc.

Whenthe searchterminatesc is the collection of facesof

S that were addedduring the search.The convex hull C is

the corvex piececorrespondingo c. In generalwhenthe
searchentersa candidateface f (which s triangular),there
is avertex v, on the oppositesidefrom the edgee, of entry.

The additionof v to C is identicalto the additionof f to c.

Not every facevisited by the graphsearchcanbe included
however.

To meetthe requiredconstraintsthe criteriaby which to
addvto C to getC' are:

1. eis notareflex edge

2. nofacesrom Sthatarein c arevisible from v

3. theadditionof v to C doesnot causeC’ to interseciwith
ary partof Snotin ¢

which if satisfied,allow the additionof v to C and f to c.
Figure 1l shaws a searchthat startsat a faceS andforms a
patch.FaceA cannotbeincludedbecause¢hesearctcrosses
areflex edgeto getto it (first criterionviolated).FaceB can-
notbeincludedbecausé (alreadyin the patch)is visible to
Vv (seconctriterionviolated).

5. Top-Down Hierar chy Construction

To createa binary hierarchytop-davn, a recursve splitting
of the list of primitivesis done.Recall that the primitives
in this context areconvex pieces Algorithm 1 demonstrates
theprocessFirst, therecursiordescendssplitting asit goes.
As therecursiorunwinds,theboundingvolumesarecreated
andfacesharingandclassificatiorarecomputed.

5.1. Splitting

Thereare mary waysto split a setof primitivesinto two
groups.We assignas a representatie point to eachprimi-
tive its centerof mass(COM). The covariancematrix of the
corvex hull of theCOMsis computedUsingeigen-analysis,
themaximumspreadlirectionis foundandthisbecomeshe
splitting axis.EachCOM is projectedontothesplitting axis.
The projectedCOMs arethensortedalongit. The problem
hasnow beenreducedto a sortedlist of real values.There

Algorithm 1: Construct_Hierarchyl( )

Input: list L of primitives

1. if Lisoflengthlthen

2 returnNew_Leaf Node( )

3. Split(L, L1,L2)

4. H1=Construct_Hierarchy(1)

5. H2=Construct_Hierarchyl(2)

6. H=New_Internal_NodeH1,H2)

7. CH=Compute_Covex_Hull( H1,H2)
8. for all thefacesin CH do

9. if thefaceisin H1 then

10. storea pointerto theH1 facein H
11. elseif thefaceis in H2 then

12. storea pointerto theH2 facein H
13. else

14. createa copy of the CH facein H
15. returnH

aremary possiblewaysto go aboutsplitting the valuesinto
two groups We consideredhefollowing:

e Median: split atthe medianvalue.
e Midpoint: splitatthemidpointof thefirst andlastvalue.
e Mean: split atthe meanof thevalues.

Of coursethereare mary other methodsthat canbe used.
An optimal splitting strateyy for top-dovn constructionof
BVHs remainsanopenresearclhissue.

5.2. FaceSharing and Classification

In Algorithm 1, lines8-14computethefacesharingbetween
levels. If afaceis sharedby morethanonecornvex polyhe-
dron,only onecopy of it exists. This cutsdown thememory
requirementsThe faceadjacenyg informationmuststill be
copiedsincethefaces neighborscould be differentfor each
corvex polyhedrorit resideson.

Eachfaceis givenoneof threeclassificationsTheseclas-
sificationsarethefacerelationshipbetweeraboundingvol-
umeat aninternalnodeandthe convex piecesatits leaves.
They areimportantfor makingthe queryefficient. Theclas-
sificationslisted in orderof decreasingruning power are:

1. ORIGIN AL: facesfrom theoriginal surface.

2. CONTAINED: facescreatedvhenconvertingpatchego
pieceshy corvex hull. Accordingto thedefinitionof con-
vex surfacedecompositiothatwe use all thesefacesare
containedn the original solid if the surfaceis closed.

3. FREE: facescreatedwhen constructingthe hierarchy
Thesearecreatedn line 14 of Algorithm 1. They arefree
in the sensethatthey do not belongto ary of the convex
pieces.

Theseclassificationsare propagatedip the hierarchyasfar
asthey cango dueto the facesharing,which is desirable.

(© TheEurographic#ssociationandBlackwell Publisher2001.
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B ORIGINAL

V
2 CONTAINED

D FREE

Figure 2: Hierarchy with face classifications

Thus,everyfacein every corvex polyhedronn thehierarchy
hasoneof the classificationsSeeFigures2, 9, and10. Each
lower dimensionalffeature(vertex or edge)mustalso have

a classification.No verticeswere createdduring either the
decompositioror the hierarchyconstruction.Therefore all

verticesareimplicitly treatedasORIGIN AL . We consider
anedgeto bea partof bothfacesit is adjacento. Thus,we

classifyanedgethe sameasits neighboringfaceof highest
pruning power. Theseclassificationsare usedin the query

whichis describedn the next section.

6. Hierarchical Query

In this section,the runtimequeryalgorithmis explainedin
detail. First, the coreroutinethat performsa proximity test
betweena pair of convex polyhedrais describedThen,we
describeanalgorithmfor traversinga pair of hierarchiesA
basictraversalis outlined, followed by an elaborationfor
eachtypeof query

6.1. Atomic Query Using Voronoi Mar ching

We usean iterative distanceminimization algorithmbased
onVoronoimarching(VM) 11 to performatomicqueriesbe-
tweenpairsof convex polyhedraVM is atechniquehatper
forms surfacewalking on a pair of corvex polyhedrausing
their externalVoronoiregionsto find the pair of nearesfea-
turesbetweerthem.Fromthispair, all theinformationthatis
neededor all typesof queriestolerancedistanceandcon-
tact) canbe derived. If intersections detectedthe distance
is consideredo benegative. Thetestis doneon convex poly-
hedralsolids Thus,evenif theboundaryof oneis contained
entirely within the other intersectionis still detectedOne
issuerelatingto this subroutines its initialization. We pro-
posea simpleyet effective directionallookup table scheme
12 for casesvithouthightemporalcoherencef temporalco-
herencas presentthe previous closesteaturesfor a pair of
corvex polyhedraareusedto initialize wherepossible.

6.2. Hierar chical Traversal

Algorithm 2 is the generictraversalalgorithmusedto query
apair of polyhedraby usingtheir hierarchiesHere,we will

(© TheEurographic#ssociationandBlackwell Publisher2001.

Algorithm 2: Traverse_Hierarchiedd1, H2)

Input: thehierarchiesH1 andH2, to traverse

1. PerformVM testontherootsof H1 andH2 to get
nearesfeatures1 andf2
if notprunedthen
if f1 is FREE then
Traverse_Hierarchiedfl1.left_child,H2)
if queryis resohedthenreturnanswer
Traverse_Hierarchiedf1.right_child,H2)
elseif f2 is FREE then
Traverse_Hierarchiedfl1l, H2.left_child)
if queryis resohedthenreturnanswer
10. Traverse_Hierarchiedfl1, H2.right_child)
11. returnanswer

©CxNOO,®WN

only focuson the threefundamentatypesof queriestoler

ance distanceandcontact.Thetraversalhasdifferentprun-
ing conditionsanddifferentconditionsunderwhich to find

ananswetifor thedifferenttypesof query In generalpotall

the featureson the boundingvolumesat the internalnodes
are FREE. If both of the nearestfeaturesare non+REE

(conditionsat line 3 andline 7 arebothfalse),thenthe re-

cursionterminatesandan answercanbe givenfor the pair
of sub-hierarchiefEachquerytypeis examinednext.

6.2.1. ToleranceQuery

Tolerancequeriesinvolve returninga booleananswey given
atolerancejndicatingwhethertwo polyhedrahave a mini-

mumdistancdessthanthetoleranceThetolerancemustbe
greateror equalto zero.If it is zero,thenthe queryis the
sameas intersectiondetection.The recursionis prunedfor

this type of queryif the distanceyielded by the VM sub-
routineis greaterthanthe tolerancelf this is the case,we

know that no pairsin the sub-hierarchiegan possibly be
closer Theanswemreturnedwould befalse If the minimum
distances lessthanthetoleranceandbothof thenearesfea-
turesarenon+REE, thenthepolyhedrafailedthetolerance,
andtrue is returned Otherwise recursionis performed.

6.2.2. DistanceQuery

Given an absoluteerror €4, a relative error g, anda toler
ance distancequeriesreturna distancethatis lessthanthe
toleranceandis within thegivenerrorof theexactminimum
distancelf theerroris zero,thenexactminimumdistances
computedlf thetoleranceis zero,thenthe queryis equi-
alentto intersectiondetection.Eachrecursve call receves
as a parametetthe minimum distance Dnin, found so far.
Therecursionis prunedfor thistype of queryif thedistance
yieldedby the VM subroutined, is greaterthanthe toler-
anceor if no pairsin the sub-hierarchiesanaffect the dis-
tancelf d+4 €a > Dmin andd x (1+€r) > Dmin, thenthereis
no needto recur Therecursionhasreachedhe basecaseif
bothof thenearesfeaturesarenonfREE. If thisis thecase
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andthenearesfeaturesareintersectingthena negative dis-
tanceis returnedsincethe polyhedraareintersectingandthe
distancecannotbe further minimized.Otherwised is com-
paredto Dpin. The new minimum distanced is assignedo
Dmin if d+ €a < Dmin ord x (1+ &) < Dmin. Onthe other
hand,if at leastone of the nearesffeaturesis FREE, then
recursionis performedandDyy;y, is passewn.

6.2.3. Contact Query

Given a tolerance contactqueriesrecord pairs of features
atlocal minimain the distancefunction betweentwo poly-
hedra.This is the mostgeneraltype of query Its recursve
structureis identicalto that of the exact minimum distance
query At eachrecursve invocation,the VM subroutineis
performedandthe nearesfeaturesand distanceare evalu-
ated.Therecursionis prunedif the distanceis greaterthan
thetoleranceTherecursiorhasreachedhebasecasef both
of thenearesteaturesarenon+REE. If thisis the caseand
the nearestfeaturesare intersecting,then the entire query
terminatesand reportsintersectionsince contactsare only
computedwhen the polyhedraare disjoint. Otherwise,the
nearesfeaturepair is addedto the contactlist. On the other
hand,if atleastone of the nearesfeaturesis FREE, then
recursionis performed.

7. Query Acceleration

In this section,we describethreetechniquedor accelerat-
ing hierarchicalqueries.We presentthem in order of in-
creasingsophistication An evaluationof themis given in
section8. They arederived from somerelatedwork but ex-
tendedandgeneralizedor ourframework. Eachexploitsone
of two typesof coherencespatialor temporal. The former
type refersto the coherencehat is inherentin the spatial
structureof asinglepolyhedronSinceit is rigid, thistype of
coherencexists for ary query Thelattertypeis coherence
for apair acrossqueries.In a senseijt refersto the changes
in relative positionsandorientationsf two polyhedra.

7.1. PieceCaching

Piececachingis an idea similar to triangle cachingin 21
which exploits temporalcoherencelt canbe usedfor tol-
eranceanddistancequeriessincethey only requirea single
answer Theideais to remembethe pair of corvex polyhe-
drathatansweredhe lastquery If therewasnot muchrel-
ative movementbetweerthe lastqueryandthe currentone,
it is highly likely thatthe samepair canyield somevaluable
informationthatcanspeedup the query The pair of nearest
featuresoundin thepreviousquerycanbeusedto initialize
theatomicqueryfor the cachedpair of corvex pieces.

For tolerancequeries,the pair from the previous query
is not storedif the polyhedraare suficiently distant.Oth-
erwise,the previous queryfailed andthe pair wherefailure
was detecteds testedbeforeary other pair. If the current
queryfails onit, we aredone.Otherwise anordinaryquery
is performed.

For distancequeries,the pair that yielded the minimum
distancdrom the previous queryis testedfirst. If the pair of
nearesfeaturesarebothnon+REE, thentheminimumdis-
tanceis initialized to be the distancecomputedby the test.
This doesnot entirelyanswerthe query but providesfor in-
crease@runingdueto Dy beingsmaller Otherwise Dmin
is initialized to infinity andthe ordinaryqueryis performed.

7.2. Priority DirectedSearch

This type of optimizationis derived from 21 and takes ad-
vantageof spatialcoherencewithin the geometryof a sin-
gle objectand canbe usedeven whentemporalcoherence
is not presentlt speedsup distancequeriesby honingin on
the minimum distancemore quickly. The ideais to always
procesqext, the pair of sub-hierarchiesvhoseroot bound-
ing volumeshave the smallestdistance A priority queueof
outstandingpairs of sub-hierarchiess maintainedwith the
highestpriority goingto the pair with theminimumdistance
betweerits roots’ boundingvolumes.

This accelerationtechniquecounts on the fact that it
is likely that a small distancecan be found betweensub-
hierarchiesvhoserootshave a smalldistancebetweertheir
boundingvolumes.Thus,the priority directedsearchtends
to first explore the recursionbrancheghataremostpromis-
ing, with the hopeof lowering D, and pruningrecursion
brancheshatwould otherwisehave beentaken.

To illustrate how priority directedsearchworks, assume
that the pair at the headof the queueis to be tested.lIt is
removed from the queueand the two root boundingvol-
umesaretestedusingthe subroutinefor corvex polyhedra.
If thetestprunesaway ary moretestsbetweerthe two sub-
hierarchiesor if bothof thenearesfeaturesarenon+REE,
we are done (sincethe recursionbranchterminated).Oth-
erwise,one or both of the nearesffeaturesis FREE. It is
decidedwhich sub-hierarchyo descendn, andthe two re-
cursie pairsareinsertedinto the queuelf the queueis too
full to accommodat¢he secondpair (it canalwaysaccom-
modatethe first due to the removal of the head),thenthe
secondpair is immediatelyresohed recursvely like would
be donewithout priority directedsearch.

7.3. GeneralizedFront Tracking

Our mostpowerful andsophisticatednethodis calledgen-
eralizedfronttracking andis a queryacceleratioriechnique
that exploits temporalcoherencelt can be appliedto all
typesof queriesFronttrackingis atermoriginally coinedby
19 for cachinga singleboundingvolumewith respecto one
hierarchyduring a hierarchicaltraversal. Generalizedront
trackingextendsthis ideato cachingmultiple pairsof BVs.

Themainideais thatwhentwo objectsarein closeprox-
imity, we would like to avoid having to traversethe up-
per levels of their BVHs eachtime. If the roots of sub-
hierarchieswhere important events happenedin a query
could be rememberedthenthesespotsin the traversalcan

(© TheEurographic#ssociationandBlackwell Publisher2001.
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be usedas startingpointsfor future traversals.In our case,
pairsin therecursiorfoundto intersectareimportant.

A frontrefersto theleavesof a specialrecursiorntreethat
is built and modified as queriesprogressThis treeis akin
to the boundingvolumetesttree (BVTT) thatwasusedas
ananalysigool in 21, TheBVTT representshe hierarchyof
testsperformedduringaquery Eachnodein theBVTT cor-
respondgo a singletestbetweena pair of BVs. Eachnode
in theBVTT represents pair of corvex polyhedrafrom the
hierarchieswhich eitherhasno children(it is aleaf), or ex-
actlytwo children.If apair existsin thetree,thenoneof the
following conditionsholdsfor it:

e it wasintersectinghelasttimeit wastested

e itssiblingwasintersectinghelasttime andthis pairexists
to ensurehatits parenthastwo children

e neitherit norits sibling areintersectingSincethe front is
only raisedonelevel at a time, thefront hasnot yet been
raisedto its parent

The front is usedto initialize multiple recursionbranches,
whoseoverall effect is identical to starting at the root of
the two hierarchiesEachitem in the front canalso possi-
bly storea pair of featuresusedto initialize theatomicquery
subroutinefor its pair of convex polyhedra.

Theissueof how to modify the BVTT is explainednext.
As the recursiondeepensthe tree grows by the creation
of new children. This is termed“dropping” the front and
normally occurswhenthe polyhedramove closertogether
Usually whenthe polyhedramove apart,the front mustbe
“raised”. We only raiseit onelevel per querysinceraising
it recursvely incursthe costof additionalboundingvolume
tests.

Generalizedront tracking,aswe have presentedt here,
workswell acrosdifferenttypesof queries As anexample,
if intersectionis queriedfollowedby contactthefront gen-
eratedby the intersectionqueryis a good startingpoint for
thecontactquery

8. Implementation and Experiments

Weimplementeduralgorithmsincludingthevariousaccel-
erationtechniquesusing C++. The sourcecodeis available
to the public at our projectwebsite:

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

We usedthe publicly availableQHULL packageo perform
corvex hull computationsWe also createdour own rigid
body dynamicssimulatorwhich wasusedto preparebench-
marksandverify the overall correctnessf theimplementa-
tion. We usedan OpenGLfront-endto visualizethe various
phasef ouralgorithm.

8.1. Benchmark Design

For performancecomparisonwe created6 scenariossee
Figures3-8):

(© TheEurographic#ssociationandBlackwell Publisher2001.

1. apairof interlockedtori, onebent,the otherwrinkled

2. afixedcupandaspoonbeingdroppednto thecup

3. afixedspiralpey andthreelarge benttori moving onit

4. afixedspiralpeg andthreesmallbenttori moving onit

5. afixed upperteethmodeland a lower teethmodel that
shiftslaterally

6. afixed upperteethmodeland a lower teethmodel that
opensandcloses.

For thefirst four, we generatedequencesf transformations
by runninga dynamicsimulationwith non-penetratiocon-
straints For thelasttwo, we generatedransformationgro-
cedurally Eachof thetori is composeaf 2000trianglesand
thespiralof 8000.The cuphas8000trianglesandthe spoon
consistf 84. Theteetharescannednodels,andhave over
40,000triangleseach.Pleaserefer to the ProceedingsCD
andthe projectwebsitefor videoclips of our simulations.

Eachscenariowas run and querieswere performedfor
intersectiondetection, approximatedistance computation
(10%relative error),andexactdistancecomputationall us-
ing our implementatiorof corvex hull (CH) boundingvol-
ume hierarchiesFor intersectiondetection,we also tested
BVHs composedf OBBs 1> and 18-dops!8. For distance
computationyve alsotestedSSVBVHSs 2L, Implementations
of all threetypesof BVHSs arepublicly availableasRAPID,
QuickCD,andPQPrespeciiely.

8.2. Resultsand Analysis

All timingswere performedon a 450 MHz Intel PIIl. Tim-

ings are given in millisecondsand correspondto average
querytime. We only shav timings for our algorithmwith

the Midpoint splitting methodsinceall the splitting meth-
odsyieldedsimilar results.

Intersectiondetectionresultsarereportedin Tablel. Our
implementationusingCH BVHs, wasrunwith all thecom-
binationsof piececaching(PC)andgeneralizedront track-
ing (FT) optimizations.Since our benchmarksdo not in-
clude muchintersectionthe PC resultsdo not yield much
additionalinsight, thereforewe do not shav them. BVHs
using OBBs and 18-dopswere testedusing identical in-
put data. The 18-dop BVHs were testedwith and without
the front tracking (FT) optimizationavailablein QuickCD.
Since QuickCD is unableto handlesceneswith multiple
moving objectsthoseentriesin thetablearedenoted'N/A”.

The performanceof approximatedistance(10% relative
error) and exact distancecomputationare very similar, so
we just reportthe exact distanceresultsin Table2. Ourim-
plementationvasrun with all combinationsof PC,FT, and
priority directedsearch(PD). SSV BVHs were alsotested
usingidenticalinput data,oncewith the optimizationof tri-
anglecaching(TC), andoncewith theoptimizationof prior-
ity directedsearch(PD), eachavailablein PQP

OBB BVHs arewell-suitedto intersectiordetection They
performbetterthanourson someof the benchmarksHow-
ever, they are very inefficient at distancecomputation??,
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Algorithm Interlocked ~ Cupand SpiralPgy Spiral Pey Teeth Teeth

Tori Spoon LargeTori SmallTori Shifting OpenandClose
OBB 2.711 0.8761 0.276 0.459 0.514 0.841
18-dop 1.609 0.584 N/A N/A 24.69 17.79
18-dop(FT) 7.857 0.660 N/A N/A 91.67 20.65
CH 1.510 0.840 9.865 1.410 43.42 14.32
CH (FT) 0.696 0.505 3.505 0.966 0.177 4.190

Table 1: Performance of Various Algorithms on Intersection Detection.

Algorithm Interlocked ~ Cupand Spiral Pgy Spiral Pgy Teeth Teeth
Tori Spoon Large Tori SmallTori Shifting OpenandClose
SSV(TC) 7.492 3.931 34.91 36.61 0.604 1.733
SSV(PD) 11.16 3.814 43.16 47.67 1.780 3.432
CH 4.424 1.728 11.81 2.720 54.73 20.23
CH (PC) 2.452 1.234 10.99 1.910 11.53 10.43
CH (PD) 2.562 1.284 11.88 2.009 7.152 9.937
CH (FT) 2414 1.058 4.938 1.572 0.184 7.980
CH (PC,PD) 2.498 1.266 11.78 1.969 1.466 9.285
CH (PC,FT) 2.444 1.070 4.975 1.599 0.114 8.090
CH (PD,FT) 1.602 0.923 5.105 1.513 5.529 7.740
CH (PC,PD,FT) 1.612 0.919 5.113 1.526 5.653 7.957

Table 2: Performance of Various Algorithms on Exact Distance Computation.

andcannotbe usedto do contactdeterminatiorwithout ad-
ditional post-processingvhich can be costly Eachof our
boundingvolumetestsyields muchmore informationthan
eitherthe OBB or the 18-dopoverlaptest,allowing usto an-
swerthe more complex querieswithout additionalcompu-
tation. Furthermore generalizedront tracking works well
in parallelcloseproximity situationsasdo OBBs,ascanbe
seenin theshifting teethbenchmark.

Ouralgorithmoutperformghe 18-dopimplementatioron
every benchmarkThe 18-dopimplementatiorperformsbet-
ter without FT. We conjecturethat this could be dueto the
factthatits front trackingtechniquevasdesignedo handle
a comple static scenewith a single relatively simpler dy-
namic object. Our generalizedront tracking, on the other
hand, gives a performancegain on all of the benchmarks,
thusit is applicableto varioustypesof ervironments.

For exact distancecomputation SSV BVHs are outper
formedby our algorithm consistentlyin four of the bench-
marks. In the shifting teeth benchmark,generalizedfront
tracking once againgives a noticeablespeedupand is the
bestoverall. Our distancecomputatiorin generals very ef-
ficient, partly dueto thelarge convex groupingattheleaves
of the hierarchyandpartly dueto the VM subroutinewvhich
is quiteefficientatcomputingdistanceAll of thequeryopti-
mizationsyield improvementsn all thebenchmarksGener
alizedfront trackingcombinedwith priority directedsearch

is the bestcombinationin the first two benchmarkswhile
front trackingaloneis the bestin the others.

9. Conclusion

We have presentechn unified algorithmic framework that
provides multiple typesof proximity queriesbetweengen-
eral polyhedralsolids. The three phasesof the algorithm
werediscussedndthe resultingperformancesvaluated.A
new algorithm for disjoint contactdeterminationwas pre-
sentedaswell assomequeryacceleratiortechniques.

Thereis still openresearchn eachof the areasFor con-
vex surfacedecompositionpther heuristicsfor startingthe
surfacesearchingnayyield performanceyains.Optimal hi-
erarchyconstructiorremainsa hardproblemdueto thevast
differenceamongmodels.A combinationof bottom-upand
top-dawvn constructionmay yield betterhierarchiesthan a
purelytop-davn approachat areasonableost.Finally, the
memoryrequirement®f ouralgorithmarehigherthanmost
commonlyusedboundingvolumehierarchiesandit maybe
possibleto performlazy evaluationwith almostno degra-
dationin speedratherthanstoringthe entire hierarchiesn
memoryduring precomputation.

Perhapsa multiresolutionhierarchycanbe built directly
ontop of theoriginal surfacefor generapolyhedra.The ex-
tensionof this methodto deformablemodelsis an exciting
challengeaswell.
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For moredetailsaswell asadditionalresults pleaserefer

to the companiortechnicalreport1s.
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Figure 3: Two interlocked tori Figure 4: A cup and a spoon

) >
%

Figure 5: Spiral peg and three large bent tori Figure 6: Spiral peg and three small bent tori

Figure 7: Scanned teeth model (over 40k polygons) shifting Figure8: Scanned teeth model (over 40k polygons) opening
laterally and closing
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Figure 9: The surface decomposition of a head composed
of over 20k triangles. The different colors are randomly
assigned to the different patches. Regions of higher non-
convexity result in more patches like in the ear and eye. The
top of the head is fairly convey, yielding few patches.
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Figure 10: A level of the hierarchy built for the head model.
The convex hulls have been translated outwards for easier
visualization. Green denotes ORIGINAL faces, yellow is for
CONTAINED faces, and the red faces are FREE.



