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Abstract
We present“ contactlevels of detail” (CLOD), a novel conceptfor multiresolutioncollision detection.Givena
polyhedral model,our algorithmautomaticallybuildsa “dual hierarchy”, botha multiresolutionrepresentationof
theoriginal modelandits boundingvolumehierarchyfor acceleratingcollisionqueries.Wehaveproposedvarious
error metrics,includingobject-spaceerrors,velocitydependentgap,screen-spaceerrorsandtheir combinations.
At runtime, our algorithmusestheseerror metricsto selecttheappropriatelevelsof detail independentlyat each
potentialcontactlocation.Compared to theexistingexactcollision detectionalgorithms,weobservesigni�cant
performanceimprovementusingCLODson somebenchmarks,with little degradationin thevisual renderingof
simulations.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.3 [ComputerGraphics]:Hierarchy andGeometric
Transformations

1. Intr oduction

Collision detectionis an importantproblemin physically-
basedmodeling,computeranimation,virtual environments,
electronicprototyping,roboticsandmany otherengineering
applications.Collision detectionis oftenoneof thecompu-
tational bottlenecksin achieving interactive simulationfor
complex environments.The running time of any collision
queryalgorithmdependson boththe input size(thecombi-
natorialcomplexity of the models)andthe outputsize(the
numberof contactpoints).Despitethehugebodyof litera-
ture,theexisting techniquescannotoffer thedesiredperfor-
mancefor many real-timeapplications,suchashapticren-
deringof largestructures,real-timeinteractionwith massive
CAD models,andinteractive dynamicsimulationsof com-
plex objects.

In this paper, we investigate the useof multiresolution
techniquesfor collision detection.Model simpli�cation has
beenanactive researchareafor thepastdecade.Many ef�-
cientandeffective simpli�cation algorithmshave beenpro-
posedto acceleratethe visual renderingof highly complex
modelsin real time.Applicationsof meshsimpli�cation al-
gorithmsto the problemof collision detectioncan poten-
tially acceleratecollisionqueries.However, to dateonly rel-
atively simple algorithmshave beenproposedfor convex
polytopes.A simpleapproachwould beto generatea series
of simpli�ed representations,alsoknown aslevels-of-detail
(LOD), and usethem directly for collision detection.But,
collision queriesrequireauxiliary datastructures,suchas
boundingvolumehierarchies(BVH) or spatialpartitioning,
to achieve goodruntimeperformance.Thesedatastructures

oftentake a substantialamountof memory, while theLODs
themselvescanrequirea largeamountof storageaswell. To
representthe auxiliary datastructuresfor eachstaticLOD
canquickly increasethe memoryrequirementto the point
where the memoryaccesstime may dominatethe overall
runtimeperformance.Ontheotherhand,constructingBVHs
for on-the-�y simpli�cation canbetimeconsuming.

Main Contrib ution: Wepresentthenotionof “contactlev-
els of detail” (CLODs) that is basedon a novel datastruc-
ture andalgorithmsfor multiresolutioncollision detection.
The datastructureis a “dual hierarchy” that servesboth as
a BVH for acceleratingcollision queriesanda multiresolu-
tion representationof theoriginalmodelfor computingcon-
tact information.We have alsoproposedseveral error met-
rics, including object-spaceerrors,velocity dependentgap,
screen-spaceerrorsandtheir combinations.At runtime,the
algorithmusestheseerrormetricsto selectadaptive CLOD
ateachpotentialcontactlocationindependently. In addition,
CLODs offer the capability to perform time-critical colli-
sion queriesfor real-timeapplications.We have testedour
approachon a diversesetof benchmarkswith challenging
contactscenarios.We observednoticeableperformanceim-
provementwith little degradationin thevisual renderingof
simulationresultsonsomeof thebenchmarks.

Organization: Section2 brie�y surveyspreviouswork. We
presentthe generaldatastructureandassociatedproximity
queryalgorithmfor contactlevels-of-detailin section3.Sec-
tions4 and5 describeaspeci�c implementationof hierarchy
constructionusingconvex hulls andits usefor runtimecon-
tactqueriesrespectively. We discussthe implementationis-
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suesand demonstratethe effectivenessof our approachin
section6.

2. RelatedWork

Thisresearchis built uponalargecollectionof knowledgein
meshsimpli�cation andcollision detection.We brie�y sur-
vey relatedwork in this section.

2.1. Model Simpli�cation

Many techniquesfor meshdecimationandmodelsimpli�-
cationhave beenproposedfor the last few years.We refer
readersto anexcellentbookonthissubject18. Therehasbeen
somegrowing interestin perception-basedsimpli�cation for
interactiverendering17. However, thesetechniquesarebased
on different criteria than thosefor collision detection.Al-
thoughwe precomputethe level of detail (LOD) hierarchy
of�ine, theway we selecttheappropriateLOD on the�y is
“contactdependent”ateachpotentialcontactlocationacross
the object surfaces.It sharesa more commonthemewith
view-dependentsimpli�cation18, which useshigherresolu-
tion representationsonthesilhouetteof theobjectandmuch
coarserapproximationsontherestof theobjectthatis notas
noticeableto theviewpoint.

El-SanaandVarshney4 proposedto constructa continu-
ous,multiresolutionhierarchy of the modelduring prepro-
cessing.At run time, a high-detailrepresentationis usedin
the region of contact,and a coarserrepresentationfarther
away. Theproposedapproachonly appliesto hapticrender-
ing usinga point probeto explore a 3D model.It doesnot
extendnaturallyto collisionqueriesbetweentwo interacting
3D objects,sincemultipledisjointcontactscanoccursimul-
taneouslyat widely varying locationswithout muchspatial
coherence.Thelatterproblemis thefocusof ourpaper.

2.2. Collision Detection

Data structuresbasedon hierarchicalrepresentationshave
been extensively used in the design of ef�cient algo-
rithmsfor collisiondetectionbetweengeometricmodels(see
survey12; 14). Examplesof typicalboundingvolumesinclude
spheresandaxis-alignedboundingboxes,dueto their sim-
plicity in performingoverlap testsbetweentwo suchvol-
umes.Otherhierarchiesincludeoctrees,k-d trees,k-DOPs,
OBBTrees,treesbasedon S-bounds,R-treesandtheir vari-
ants,etc.12; 14. Other spatial representationsare BSP's and
theirextensionsto multi-spacepartitions,space-timebounds
or four-dimensionaltests(seea brief survey22), and many
more.

O'SullivanandDingliana20 investigatedLOD techniques
for collision simulationsandstudiedvariousfactorsaffect-
ing collision perception,including separation,eccentricity,
causality, distractors,and accuracy of simulation results.
Their work is basedon the modelof humanvisual percep-
tion andvalidatedby psychophysicalexperiments.Thefea-
sibility of using thesefactorsfor schedulinginterruptible

collision detectionamonglargenumbersof visually homo-
geneousobjectsis alsodemonstrated.Insteadof addressing
theschedulingof multiple collision eventsamongmany ob-
jects,we focusprimarily on theproblemof contactqueries
betweentwo highly complex objects.

RecentlytechniquesbasedonGPUaccelerationhavealso
beenproposedfor collision queries9; 16. However, theseap-
proachesare not necessarilyfasterfor rigid bodieswhere
precomputationcanbeeffectively carriedout off-line, since
the readbackfrom framebuffer anddepthbuffer cannotbe
donefastenough.

The concept of time-critical collision detection was
�rst introducedby Hubbard11 usingsphere-trees.Collision
queriesareperformedasfar down the sphere-treesastime
allows, without traversing the entire hierarchy. The con-
tact informationwas derived from two colliding bounding
spheresand could deviate arbitrarily from the actualcon-
tactnormalsandcontactlocations.This ideacanbeapplied
to any typeof boundingvolumehierarchies(BVH). An er-
ror metric is often desirablefor interactive applicationsto
formally andrigorouslyquantify theamountof error intro-
duced.However, no tight error boundshave beenprovided
usingsuchapproaches.This canbeproblematic,especially
when contactnormalsand contactpoints are requiredto
computeaplausiblecollision response.

Sometechniqueslimited to convex polytopeshave been
proposedto exploit hierarchicalrepresentationsandmotion
coherencefor fast distancecomputation2; 7. The progres-
sivehull representation23 alsopresentssomefavorablechar-
acteristicsfor collision detectionpurposes,but to the best
of our knowledgeno datastructurefor collision detection
hasbeende�ned usingthis representation.In addition,these
techniquessuffer from a surfaceenlargementproblemdue
to meetingcontainmentconditions,that can result in no-
tablesurfacedeviationswhenbeingusedfor multiresolution
collision detection.Our implementationof CLODs creates
a BVH of convex hulls, taking advantageof the work by
EhmannandLin3. Our work differsfrom theirsin thesense
that we createa new multiresolutionrepresentationof the
objectsto beusedin multiresolutioncollisiondetection.

Thebasicideaof CLODshasbeensuccessfullyappliedto
hapticrendering21. Herewe generalizeCLODsby de�ning
implementation-independentdatastructuresandalgorithms,
presentmore diverseerror metrics,and apply CLODs to
rigid bodydynamicsimulation.

3. Contact Levelsof Detail

In this section,we presentour approachfor constructinghi-
erarchiesof CLODs.Firstweanalyzetheadvantageof using
CLODsin hierarchicalcollision detection,thenwe describe
theassociateddatastructures,aswell astheprocessfor cre-
ating them,and�nally we explain how CLODsareusedin
runtimecollisionqueries.
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3.1. Hierar chical Collision Detection

Boundingvolume hierarchies(BVHs) arecommonlyused
for collision detectionbetweengeneralgeometricobjects.
To performintersectiontests,two modelsarequeriedby re-
cursively traversingtheir BVHs in tandem.Eachrecursive
steptestswhethera pair of boundingvolumesa andb, one
from eachhierarchy, overlap.If a andb do not overlap,the
recursionbranchis terminated.Otherwise,if they do over-
lap, thealgorithmis appliedrecursively to their children.If
a andb areboth leaf nodes,the primitiveswithin themare
testeddirectly.

The testbetweenthe two BVHs canbedescribedby the
boundingvolume test tree (BVTT)13, a tree structurethat
holds in eachnode the result of the query betweentwo
BVs.Whentemporalcoherenceispresent,collisiontestscan
be acceleratedby generalized front tracking (GFT)3. GFT
cachesthefront of theBVTT, wheretheresultof thequeries
switchesfrom"true" to "false",for collisionqueryin thenext
time step.Theoverall costof a collision testis proportional
to thenumberof nodesin thefront of theBVTT.

Whenlargeareasof thetwo objectsarein acloseproxim-
ity, a largerportionof theBVTT front is closeto theleaves,
andit consistsof a largernumberof nodes.Thesizeof the
front alsodependson theresolutionatwhich theobjectsare
modeled;higherresolutionimplies a BVTT with a greater
depth.We candraw the conclusionthat the costof a colli-
sionquerydependson two key factors:

� Thesizeof thecontactarea
� Theresolutionof themodels

Figure1: a) Largecontactareain highresolution;b) Large
contactareain low resolution;c) Smallcontactareain high
resolution

The contactbetweentwo real objects typically occurs
alongacertaincontactarea.With polygonalizedmodels,this
may result in multiple contactpoints.The �ner the resolu-
tion of theobjects,the larger the numberof contactpoints,
as seenin Fig. 1. However, employing a larger resolution
may have little effect on the forcescomputedbetweenthe
objects,becausetheseforcesarecomputedasasumof con-
tactforcesarisingfrom anetof contactpoints.Wecanargue
that intuitively a largercontactareaallows theobjectsto be
describedat a coarserresolution.This is alsosupportedby
studieson tactualperception21. In this paperwe exploit this
hypothesisto createmultiresolutionrepresentationsof the
objects,andusethemateachcontactlocationindependently
for selectingthe appropriateresolutionof eachapproxima-
tion. UsingCLODswe canachieve nearlyconstantcostfor

collisionqueriesby exploiting,amongotherfactors,therela-
tion betweencontactareaandtheresolutionof local contact
features.

3.2. Data Structur e

In orderto performef�cient multiresolutioncollision detec-
tion, weneedto achieve two mainobjectives:
1. Createaccuratemultiresolutionrepresentations.
2. Embed the multiresolution representationsin effective

boundingvolumehierarchies.
Multiresolutionrepresentationsareoften createdby per-

forming meshdecimationon the given polyhedralmodels.
The dif�culty ariseswhentrying to embedtheserepresen-
tationsin BVHs. If we considereachLOD of theobjectas
onewholemodel,eachLOD would requirea distinctBVH
for collisiondetection.Thiswouldresultin avery inef�cient
collisionquery, becausethefrontof theBVTT wouldhaveto
beupdatedfor theBVH of eachLOD. Instead,we introduce
a procedureto createoneuniquedualhierarchy that serves
asbothamultiresolutionrepresentationandaBVH.

Assumingthat the input modelis describedasa triangle
meshM0, thedatastructurefor CLODsis composedof:
� A sequenceof LODs f M0;M1; :::;Mn� 1g, where Mi+ 1

is obtainedby applyingsimpli�cation operationsandre-
moving high resolutiongeometricdetailfrom Mi .

� For eachmeshMi , a partitionof thesetof trianglesof Mi
into disjoint clustersf ci;0;ci;1; :::;ci;mg.

� For eachclusterci; j , aboundingvolumeCi; j .
� A treeT formedby all theBVs of clusters,whereBVs of

clustersin Mi arechildrenof BVs of clustersin Mi+ 1, and
all theBVs excepttheonescorrespondingto M0 have at
leastonechild.

� For every BV, Ci; j , themaximumdirectedHausdorff dis-
tanceh(Ci; j ) from its descendentBVs.
ThetreeT of BVs, togetherwith theHausdorff distances,

servesastheBVH for cullingpurposesin collisiondetection.
DirectedHausdorff distancesarenecessarybecausein our
de�nition of CLODsthesetof BVs associatedwith onepar-
ticular LOD may not boundthe surfaceof previous LODs.
The Hausdorff distancesare usedto perform conservative
collision tests,aslaterexplainedin Sec.5.1.

An additionalconstraintis addedto the datastructure,
suchthatthecoarsestLOD, Mi� 1 is partitionedinto onesin-
gleclusterci� 1;0. Therefore,therootof theBVH will bethe
BV of thecoarsestLOD. Descendingto thenext level of the
hierarchy will yield thechildrenBVs, whoseunionencloses
thenext LOD. At theendof thehierarchy, theleafBVs will
enclosetheoriginal surfaceM0.

The processof creatingthe CLODs, depictedin Fig. 2,
startsby groupingthe trianglesof the original surfaceinto
clusters.Thesizeandpropertiesof theseclustersdependon
the type of BV that is usedfor the BVH, andwill be such
thatthecollisionqueryperformancebetweentwo BVs is op-
timized.Thenext stepis to computetheBV of eachcluster.
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Figure 2: ConstructingDual Hierarchies: (a) Initial surface;(b) Clusters of triangles; (c) BVsfor each cluster(in this case,
AABBs);(d) Meshsimpli�cation; (e)BVof theunionof clustersafter someconditionsaremet.

After this initialization,we starta meshdecimationprocess
with abottom-upconstructionof theBVH. This is achieved
by mergingclustersandcomputingtheBV of their union.

The atomicsimpli�cation operationsneedto satisfy the
following:

� Constraints imposedby the BVH: Thecontainmentof
surfacegeometryinsidetheBVs hasto bepreservedafter
eachsimpli�cation operation.This mayimposetopologi-
caland/orgeometricconstraints.

� Designrequirementsto achieve better ef�ciency: The
union of clustersis possiblewhencertainconditionsare
met.TheBVH will bemoreeffectivein collisionpruning,
if theseconditionsaretakeninto accountwhendesigning
theatomicsimpli�cation operations.

In Sec.4,wepresentaspeci�c implementationof CLODs
thatusesconvex hullsastheBVs.

3.3. Runtime Querieswith CLOD

Using CLODs, multiresolutioncollision detectioncan be
implementedby slightly modifying thetypical collision de-
tection proceduresusing BVHs. For each node x of the
BVTT, we perform a collision query. If the query returns
"false",we do not needto descendto the children. If the
queryresultis "true", thenweperformatestfor selectivere-
�nement. This testcanembedvariousperceptualerrormet-
rics, andit determinesif the resolutionof x is �ne enough
to describethecontactinformationateachquerylocation.If
there�nementtestreturns"true", thenwe candirectly com-
putecontactinformationfor x, otherwisewe descendto its
childrenin the BVTT. Descendingto the childreninvolves
descendingto thechildrenBVs, aswell asre�ning thesur-
facerepresentation.This approachhandlestheselective re-
�nement ateachquerylocationindependentlyin averyef�-
cientway.

CLODscanalsobeusedto performtime-criticalcollision
detection11. We needto storethenodesof theBVTT front,
andassignpriorities to eachnodebasedon the re�nement
test.

In Sec.5 we describehow we implementthe collision
queriesusingCLODsbasedon convex hulls,aswell asvar-
iouserrormetricsthatwehavedesigned.

4. Dual Hierar chiesof Convex Hulls

In this sectionwe describea particularimplementationof
CLODs using BVHs of convex hulls. We �rst addressthe
reasonsfor choosingconvex hulls astheBVs, andthende-
scribethedetailsof constructingdualhierarchies.

4.1. Selectionof the BVs

Overlaptestsbetweenconvex hulls canbeexecutedrapidly
in expectedconstanttime with motioncoherence7. Further-
more,convex hulls provide at leastequallygood,if not su-
perior, �tting to the underlyinggeometryas OBBs6 or k-
DOPs12.

Most importantlythe�tting propertyis relatedto theper-
formanceof thequeryto obtaincontactinformationof acer-
tain CLOD. As explainedin Sec.3.3, whenthe re�nement
testdeterminesthataCLOD doesnotneedto bere�ned, we
mustgetcontactinformationat that level. That impliesget-
ting contactinformation from the trianglesof that speci�c
CLOD. If the BVs at that level areoneof AABB, OBB or
k-DOPs,theef�ciency of gettingcontactinformationusing
trianglesis relatedto thenumberof trianglesin eachcluster.
However, with convex hulls,if weensurethattheclustersare
themselvesconvex surfacepatches,thecontactinformation
at thetrianglelevel is obtainedfor freewhenperformingthe
querybetweenBVs3.

The initial clusterswill bede�ned asthesurfacepatches
of a convex surfacedecomposition1; 3. We follow thede�ni-
tion of convex surfacepatchesby EhmannandLin 3, which
imposestwo typesof convexity constraintsontheprocessof
creatingdualhierarchies:

� Local constraints: the interior edgesof convex patches
have to remainconvex aftersimpli�cation operationsare
applied.

� Global constraints: the enclosingconvex hulls cannot
protrudethesurfaceof theobject.

However, it is importantto note that convex hulls pose
somelimitationsonthetypesof modelsthatcanbehandled.
In our implementation,theconvex hulls areformedby con-
vex surfacedecomposition,which requirestheinputmodels
to bedescribedas2-manifoldorientedsurfaces.
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4.2. Construction of the Dual Hierar chy

As alreadymentioned,theprocessis initializedby perform-
ing a convex surfacedecompositionof theobjectandcom-
putingtheconvex hullsof thepatches.This is followedby a
simpli�cation loop representedschematicallyin Fig. 3.

We applyatomicsimpli�cation operationstakinginto ac-
countconvexity constraints.After eachoperation,we testif
the union of every pair of neighboringconvex patchesis a
valid convex patch.If so, we merge the patches,construct
the convex hull of the union, and set parentchildren rela-
tionshipsbetweenthe BVs. We have chosento generatea
new LOD every time that the numberof convex patchesis
halved.

Due to theconvexity constraints,we might reacha point
whereno more simpli�cation operationsare possible.We
completetheconstructionof thehierarchy by unconstrained
pairwisemerging of patches3. The levels of the hierarchy
createdin thismannercannotbeusedasCLODsin collision
queries,but arenecessaryto completetheBVH.

Figure3: Generationof CLODs
There are various aspectsof the simpli�cation process

central to our constructionof CLODs that needto be de-
�ned:
� Thetypeof simpli�cation operation
� Theassignmentof prioritiesfor simpli�cation
� Thelocal retriangulationafterthesimpli�cation

We selectedgecollapseasthe atomicsimpli�cation op-
eration.Therearemany optionsfor prioritizing edgesand
selectingthepositionof theresultingvertices:minimization
of energy functions10, optimization approaches15, quadric
error metrics for measuringsurfacedeviation5, and more.
However, none of theseapproachesmeetsthe convexity
constraintsor takes into accountthe factorsthat maximize
the ef�ciency of CLODs. Anotherpossibility is to employ

the progressive hulls representation23, which presentsthe
interestingpropertyof containmentfor collision detection
purposes.However, in this representationsuccessive LODs
arenot simply multiresolutionrepresentationsof the initial
mesh,becausethey also undergo an enlargementprocess
whichcanresultin noticeablevisualartifacts.Our localsim-
pli�cation operationsareinspiredby multiresolutionanaly-
sisandsignalprocessingof meshes.

4.2.1. Multir esolutionAnalysisof Meshes
An LOD M j of a meshM0 at resolutionr j is de�ned asan
approximationof M0 thatstoresall thesurfacedetailat res-
olutions lower than r j . Following this de�nition, we have
decidedto prioritize theedgesto becollapsedbasedontheir
resolution.We usethesamede�nition of edgeresolutionas
in 21, which is inspiredby the de�nition of resolutionfor
functionsin the1D setting.By thesamede�nition of LODs,
the collapseof an edgeat resolutionr j involves removing
thegeometricdetailat resolutionshigherthanr j . We imple-
mentthis by incorporatinga �ltering stepin the placement
of verticesresultingfrom edgecollapseoperations.

We have comparedthis approachto othertechniquesfor
placingtheverticesresultingfrom edgecollapses,andit has
provedto acceleratetheprocessof mergingconvex patches.
This is probablybecausethe �ltering steptendsto remove
concavities at high resolution,while othertechniquesfail to
remove theseconcavities in favor of preservingotherprop-
erties.Notethata moreef�cient merging of convex patches
hasbene�cial consequencesin the performanceof CLODs
at runtime.

4.2.2. Filter edEdgeCollapse
We employ a local simpli�cation operation�lter ed edge
collapse21 subjectto localandglobalconvexity constraints.
Thisoperationis composedof thefollowing steps:
1. A topologicaledgecollapse.
2. An initialization processthat setsthe positionof the re-

sultingvertex usingquadricerrormetrics5.
3. Unconstrained�ltering of the position of the vertex

using Guskov's minimization of secondorder divided
differences8.

4. Solving an optimization problem to minimize the dis-
tanceof the vertex to its unconstrainedposition while
takinginto accountthelocal convexity constraints.

5. A bisectionsearchbetweentheinitial positionof thever-
tex andtheonethatmeetsthe local constraints,to �nd a
locationwherethe global convexity constraintsarealso
met.
The�ltered edgecollapseoperationis describedin further

detail in 21.

In Fig. 5 (seecolor plate)we show anexampleof a dual
hierarchy of CLODs.Theprocessisappliedto themodelof a
wrinkled torus.Fig. 5-bshowsadetailedview of theconvex
decompositionof the original surface.In the next CLODs,
the �ltering smoothensthe concave areas,and the convex
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patchesgrow forming trianglestrips on the hyperbolic re-
gions. Likewise, the simpli�cation operationscoarsenthe
triangulation.Also noticethatinitially thesimpli�cation op-
erationsareconcentratedin the region wherethe wrinkles
mergeandis alsotheareawith the�nest detail.

5. Runtime Queries

In this sectionwe discussour implementationof collision
queriesusingCLODsof convex hulls, presentvariouserror
metricsfor selectingthe appropriateCLODs, and demon-
stratetheapplicationto rigid bodydynamicsimulation.

5.1. Collision QueriesbetweenCLODs of Convex Hulls

A typical collision querybetweentwo BVs a andb deter-
minesif a andb arecloserthana distanced. The collision
detectionalgorithmsbasedon BVHs mustensurethat if a
leafnodex of theBVTT returns"true" to thecollisionquery,
thenall its ancestorsmustreturn"true" too. This is usually
achievedby containingthesurfaceof eachobjectinsidethe
unionof theBVs ateverylevel of its BVH. In ourimplemen-
tation of CLODs this containmentpropertydoesnot hold,
but we canensurethecorrectnessof thecollision detection
by modifying thecollisiondistancedab betweentwo convex
hullsa andb:

dab = d+ h(a) + h(b) (1)

whereh(a) andh(b) aremaximumdirectedHausdorff dis-
tancesfrom the descendantBVs of a andb to a andb re-
spectively.

5.2. Err or Metrics

We have designeda functional f to evaluatethe resulting
error, when we stop a collision query at a nodeab of the
BVTT.

f a =
sa

r2
a

(2)

wheresa is the surfacedeviation of the convex hull a with
respectto the original surfaceandra is its resolution.Both
valuesareprecomputed.The functional f canbe regarded
asa measureof thevolumeof the�ctitious featuresthatare
�ltered outwhenusinga astheCLOD.

As introducedin Sec.3.1, larger contactareasallow the
modelsto be describedat coarserresolution.We take into
accountthis observationby averagingthe functionalf over
anestimatedcontactareaD. Thus,we computea weighted
surfacedeviations� as:

s�
ab =

max(f a; f b)
D

(3)

s� can been consideredas the surface deviation errors
weightedby aconstantthatdependsonboththecontactarea
andtheresolutionsof localsurfacefeatures.Thecontactarea
D is estimatedbasedon precomputedper-vertex supportar-
eas(see21 for moredetails).

Thenodeof theBVTT ab is re�ned if s�
ab is largerthana

thresholdvalue,s0. This thresholdcanbedeterminedbased
upondifferentperceptualmetrics.

SizeDependantMetric

s0 will bedeterminedasa �x edpercentageof theradii of
theobjectsinvolvedin thecontactqueries.

Velocity DependantMetric

Sets0 asa valueproportionalto the relative velocity of
the colliding objectsat the contactlocation.This is based
on the observation that the gap betweenthe objectsis less
noticeableastheobjectsmove faster.

View DependantMetric

Determines0 basedon screen-spaceerrors.GivenN pix-
els of error, a distancel from the camerato the contactlo-
cation,a distancen to thenearplaneof theview frustum,a
size f of thefrustumin world coordinates,andasizei of the
imageplanein pixels:

s0 =
N � l � f

n� i
(4)

Selective re�nement using CLODs can be implemented
combiningany of theseerror metrics.It can also support
othertypesof perceptualerrormetrics20.

ConstantFrame-rate: Anotherimportantfeatureis thefact
thatCLODscanbeusedfor time-criticalcollisiondetection.
Thefactor s�

s0
, computedat every potentialcontactlocation,

canbeusedto prioritize the re�nement.To achieve a guar-
anteedframeratefor real-time applications,the algorithm
will performasmany collision queriesaspossible,within a
�x edtimeinterval.Thequeryeventqueuewill beprioritized
basedon s�

s0
.

5.3. Application to Rigid Body Dynamic Simulation
In rigid body dynamicsimulations,many of the factorsin-
volved in the selectionof CLODs, suchas the velocity of
theobjects,thecontactareaandthedistanceto thecamera,
will vary dynamically. This resultsin transitionsin the re-
�nement testsandthusswitchingbetweenselectedCLODs.
Rigid bodydynamicsimulationsoftenrequiretheexecution
of time-steppingalgorithmsto searchfor the time instants
prior to collisionevents.With CLODstheresultof thecolli-
sionqueriesmayvary dependingon theselectedresolution,
thereforespecialtreatmentis necessaryso that switching
CLODs do not generateinconsistenciesor deadlocksitua-
tionsin thetime-steppingalgorithms.(Theanalogyin visual
renderingis the “popping” effects often seenduring LOD
switching.)

Givenanodexi of theBVTT, with collisionquery“f alse”
at timesti andti+ 1 of the simulation,anda nodex j , child
of xi , with collision query “true” at both time instants,if
the re�nement testof xi switchesfrom “f alse” to “true” at
t 2 [ti ; ti+ 1], the time steppingmethodwill encounteran in-
consistency. It will try to searchfor a non-existentcollision
event in the interval [ti ; ti+ 1]. We solve this problemby es-
timatinga collision time tc interpolatingtheseparationdis-
tanceof thenodexi atti andthepenetrationdepthof thenode
x j at ti+ 1. We applythecontactresponseandrestartthenu-
mericalintegrationfrom tc with xi astheactiveCLOD.
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6. Implementation and Performance

In thissectionwedescribetheimplementationissuesandthe
benchmarksusedto analyzetheperformanceandeffective-
nessof CLODs.

6.1. Benchmark Models
Fig. 6 in color plate shows the set of benchmarkmodels.
They are:

� A wrinkled torusfalling alongaspiralpeg
� A spoonsliding insideacup
� A soupof numberssettlingin abowl

In Table1 wepresentthestatisticsof thedualhierarchies
createdto representthebenchmarkmodels.Note that in all
casesthe modelsaresimpli�ed to a coarsestCLOD with a
complexity in the order of 1000 trianglesand 100 convex
pieces.This limitation is imposedby thetopologyof theob-
jectsandthelocalizedin�uence of thesimpli�cation opera-
tions.The statisticsof the numbers representan averageof
all themodelsfrom number0 to number9.

Models Cup Spoon Spiral Torus Bowl Numbers

Trisorig 64000 86016 32160 32000 12288 1080

BVsorig 15490 16125 6448 5919 4336 161

Trissimp 1532 1074 716 644 634 306

BVssimp 241 61 100 92 63 37

CLODs 7 9 7 7 8 3

LODs 14 14 13 13 13 9

Table 1: Modelsand AssociatedHierarchies.Thenumber
of triangles(Trisorig) and convex patches(BVsorig) of the
initial meshof themodels;thenumberof triangles(Trissimp)
andconvex patches(BVssimp) of the coarsestvalid CLOD;
andCLODsandtotalnumberof LODs in thehierarchies.

6.2. Runtime Performance

The rigid body simulationscapturedin the snapshotsin
Fig. 6 on the color plate were computedusing impulsive
methods19. ThesesimulationswereperformedonaPentium-
4 2.4GhzprocessorPC with 2.0GB of memory, a NVidia
GeForce-FXgraphicscardandWindows2000OS.

The timing pro�le of Fig. 4 shows query times and the
numberof nodesin theBVTT front for a simulationof the
spoonsliding insidethecup.We have comparedresultsob-
tainedwith an exact collision detectionalgorithm3 against
theresultsof our CLOD techniqueusingthesizedependant
errormetric.In particular, wehaveusedvaluesof s0 of 3:5%,
0:35%,and0:035%of theradiusof thecup.As thetimings
show, CLODswith s0 = 3:5%performatleastasgoodasthe
exactalgorithmfor mostof thesimulationduration.During
severaltime intervals,we observe a performancegain of al-
mostoneorderof magnitude.In theothertwo benchmarks,

wehavenotobservedassigni�cant performancegainsusing
CLODs.Thus,their timing pro�les areomittedhere,given
thepagelimit.

We have also evaluatedCLODs with velocity and view
dependanterror metrics.In Fig. 7 (seecolor plate) coarse
CLODs areselectedwhenthe spoonhits the bottomof the
cup,and�ne resolutionCLODsareselectedwhenthespoon
slidesalongthesideof thecup.In the�rst casethepolygon
countof the representationsis roughly10 timeslarger than
in thesecondcase.
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Figure 4: Comparisonof querytime and sizeof the BVTT
front for exactfull res.collisiondetectionandCLODs

6.3. Limitations and Analysis
We have chosena diversesetof benchmarkswith varying
modelcomplexity andobservedtheperformanceof CLODs
on differentsimulationscenarios.As a resultof themodi�-
cationto the collision toleranceintroducedin Sec.5.1, the
multiresolutioncollision detectionalgorithmusingCLODs
cannotpruneas ef�ciently as the exact algorithm3, when
the objectsareseparatedby a distancenotably larger than
d. However, when they comecloseto contact,the tempo-
ral coherencein thefront of theBVTT is muchhigherwith
CLODsthanwith theexactalgorithm.Thiscanbeveri�ed in
Fig. 4, wherethenumberof nodesdoesnot vary muchwith
CLODs.This alsoexplainsthespikespresentin thetimings
for the exact algorithm.Thesespikes take placeat the in-
stantswhenthe objectsareaboutto interpenetrate.Even if
the numberof nodesin the front of the BVTT is smaller
for theexactalgorithmthanfor CLODswith s0 = 0:035%,
thecoherenceis lower, becausesuddenlymany nodesin the
BVTT comecloserthand, thusyielding longerquerytimes.

We believe that the insigni�cant performancegain in the
simulationof thetorusfalling alongthespiralis dueto sim-
ilar reasons.Becauseof thehigh travelingspeedandtheim-
pactsof thefalling torus,thesimulatedobjectsarerarely in
closeproximity or have low spatialcoherence.As for the
simulationof thenumberssettlingin a bowl, thepolygonal
complexity of themodelsof thenumbersis nothighenough
to bene�t from CLODs.
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To summarize,we canconcludethatCLODsperformre-
markablybetterthanexactcollisiondetectionalgorithms(up
to oneorderof magnitude)for situationsof slidingor resting
contactsbetweencomplex models.Thesearein factsomeof
themostchallengingcontactscenarios,becauselargeareas
of theobjectsarein parallelcloseproximity6.
7. Summary and Futur eWork

We have introducedthe conceptof “contact levels of de-
tail” (CLOD) for multiresolutioncollision queries.CLODs
arebasedon a dualhierarchy thatservesasbotha multires-
olution representationof the input modeland its bounding
volume hierarchy for collision queries.The runtime algo-
rithm dynamicallyselectsadaptiveCLODsateachpotential
contactindependentlyusingvariouserrormetrics.This ap-
proachconsiderablyspeedsup the overall performanceof
collision queriesin complex environmentswith challenging
contactscenarios.

This researchmaybeextendedin severaldirections:

� A further investigation of the problem of switching
CLODsandits implicationsonthecontactresponsemod-
elsof varioussimulationmethods;

� Optimizationof thesimpli�cation processto obtainmore
effective hierarchies,perhapsincorporatingan operation
with amoreglobalsupportthanthecurrentones;

� Theimplementationof CLODswith othertypesof BVHs.
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Figure5: Fromleft to right, original meshanddetail view ofCLOD0, CLOD1, CLOD2, CLOD4 andCLOD6. Meshsimpli�ca-
tion is combinedwith theconstructionof theBVH.Differentcolors correspondto differentconvex patches.

Figure6: Snapshotsof our benchmarksimulations.Fromleft to right: torusfalling alonga spiral peg, a spoonin a cup,anda
soupof numbers in a bowl.

Figure 7: Velocitydependentadaptiveselectionof CLODsusedin detectingcontactbetweena cupanda spoon.In blueand
green,the vicinity of the contact locationsshownat the resolutionof the adaptivelyselectedCLODs. In the right, coarse
resolutionis selectedwhenthe spoonfalls insidethe cup. In the left, �ne resolutionis selectedwhenthe spoonslidesslowly
alongthesideof thecup.
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