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Abstract
Wepresenta novel algorithmto selectivelyrestructure boundingvolumehierarchies(BVHs)for ray tracingdynamic
scenes.We derive two new metricsto evaluatethe culling ef�ciency and restructuringbene�t of any BVH. Based
on thesemetrics,weperformselectiverestructuringoperationsthat ef�ciently reconstructsmallportionsof a BVH
insteadof theentire BVH.Our approach is general andapplicableto complex anddynamicscenes,includingtopo-
logical changes.We usethe selectiverestructuringalgorithm to improve the performanceof ray tracing dynamic
scenesthatconsistof hundredsof thousandsof triangles.In our benchmarks,weobserveupto anorderof magnitude
improvementoverprior BVH-basedray tracingalgorithms.

1. Intr oduction

Ray tracinghasbeenwidely researcheddue to its ability to
generaterealistic images.However, the performanceof cur-
rent ray tracingalgorithmsis considerablyslower thanGPU-
basedrasterizationalgorithms,especiallyon dynamicscenes.
In this paperwe addresstheproblemof ef�cient computation
of boundingvolume hierarchies(BVHs) of dynamicscenes
for fasterray tracing.

BVHs have beenwidely usedasanaccelerationdatastruc-
ture for ray tracing [RW80, KK86], visibility, and proxim-
ity computations[LM03, TKH� 05]. A BVH is a hierarchy of
boundingvolumes(BVs) suchthat the BV at eachinternal
nodeenclosesthegeometricprimitivesandtheBVsassociated
with its descendants.BVHs areconstructedin sucha manner
as to maximizeculling ef�ciency. Ideally, we would like to
computeBVHs with highculling ef�ciency sothatthey result
in fewerfalsepositivesin termsof intersectiontests.Recently,
BVHs have beenusedfor interactive ray tracingof dynamic
models[WBS07, LYTM06, CSE06, LAM03b].

Many dynamicscenesconsistof oneor moremoving ob-
jectsthatmayundergonon-rigidor deformablemotion.These
include changesin the topology due to explosions,cutting,
tearingor fracture.Suchscenariosarisefrequently in gam-
ing, simulation,computeranimation,andotherapplications.
In thesedynamicenvironments,aBVH computedfor thepre-
vious framemay not provide high culling ef�ciency for the
currentframeandneedsto beupdatedor recomputed.

At a broadlevel, therearetwo kinds of approachesto re-
computethe BVH [TKH� 05, OCSG07, LYTM06]. The �rst
setof algorithmsrestructure theBVHs by eitherreconstruct-
ing theentireBVH or a subsetof theBVH. This is achieved

by recursively partitioninganinputsetof primitivesof anode
into multiple disjoint setsof primitives of child nodessuch
that theBVs associatedwith child nodeshave higherculling
ef�ciency. Although this methodcan computeBVHs with
highculling ef�ciency, thecomplexity of thesehierarchy con-
structionalgorithmson a nodewith k primitives is typically
O(klogk). Sincethis methodhassuper-linear time complex-
ity, it canbeslow for largedynamicmodelsconsistingof sev-
eralhundredsof thousandsor moretriangles.

The secondset of methodsre�t the extentsof the BV of
eachnode such that the BV tightly enclosesits associated
primitives.This involvesno re-partitioningof primitivesand
theBVH canbeupdatedin lineartimeby traversingtheBVH
in a bottom-upmanner. However, theculling ef�ciency of the
re�t BVH maydegradeafterafew frames(e.g.onsceneswith
explosions);therefore,the re�t BVH may result in too many
falsepositivesin termsof intersectiontests.

Main Results: We presenta novel algorithm to selectively
restructurea BVH for ray tracing dynamicscenes.Our ap-
proachdetectssmallsubsetsof theBVH thathave low culling
ef�ciency andrestructuresonly thosesubsets.Therestof the
BVH is updatedusingthelineartimere�tting algorithm.In or-
der to robustly identify thesubsetsof theBVH, we introduce
two metrics:

� Culling ef�ciency metric: Thismetricprobabilisticallyes-
timatesthe culling ef�ciency of a BVH or a sub-BVH in
termsof thenumberof rayintersectiontestsperformeddur-
ing theBVH traversal.Thismetricis basedonsurface-area
heuristic(SAH) [GS87].

� Restructuring bene�t metric: This metric is a probabilis-
tic modelthatestimatesthebene�t of restructuringasubset
of theBVH in termsof improvedculling ef�ciency.

c
 TheEurographicsAssociation2007.



S.Yoon& S.Curtis& D. Manocha / RayTracingDynamicScenesusingSelectiveRestructuring

Figure 1: Exploding dragonbenchmark: Threeimagesare
shown from a dynamic simulation of a bunny breaking a
dragon.Thissceneconsistsof 252K trianglesandundergoes
drastic topological changes.We useour algorithm to selec-
tively restructure an axis-alignedboundingbox (AABB)tree
duringeach frame. Our ray tracingalgorithmbasedonselec-
tiverestructuringis ableto achieve65%–1000%performance
improvementoverprior ray tracingalgorithmsthatarebased
onAABB-trees.

We presentsimpleandef�cient algorithmsto computethese
metrics. Our selective restructuringalgorithm traversesthe
BVH in atop-down mannerandperformsincrementalrestruc-
turingoperationsbasedon thesemetrics.

We demonstratethe bene�ts of selective restructuringfor
ray tracingdynamicscenes.Weuseanoptimizationapproach
thatreducesthetotal frametime,includingBVH restructuring
operationsandrayintersectiontestsduringBVH traversal.We
have testedtheperformanceof our algorithmon a wide range
of benchmarks,consistingof tensor hundredsof thousands
of trianglesandvarying levelsof dynamicbehavior. In prac-
tice, selective restructuringtakesa small fractionof theover-
all frame time and can signi�cantly improve the culling ef-
�ciency of theBVH. We alsocomparetheperformancewith
prior BVH-basedraytracingalgorithmsandobserveupto one
orderof magnitudeperformanceimprovementon our bench-
marks.

As comparedto prior BVH-basedray tracingalgorithms,
ourapproachoffersthefollowing bene�ts:

1. Generality: Our algorithm works with various types of
BVHs and arbitrary deformation including topological
changes.Furthermore,ouralgorithmcanbecombinedwith
otherhierarchy constructionmethods.

2. Formal models:Ourapproachis basedon two probabilis-
tic metricsthatquantify theculling ef�ciency andrestruc-
turing bene�t of BVHs. As a result,our dynamicBVH re-
structuringalgorithmworkswell on differentkindsof dy-
namicmodels.

3. Complex models:Theoverheadof performingour selec-
tive restructuringoperationis relatively small. Also, our
BVH restructuringalgorithmscaleswell to largedynamic
models.

4. Faster ray tracing: Our ray tracing algorithm can offer
signi�cant performanceimprovementover prior dynamic
BVH-basedapproaches.

Figure 2: BART benchmark: This �gur e showsthree im-
agesfromthewell knownBARTbenchmarkwith 16K triangles
([LAAM01]). We useour selectiverestructuringalgorithmto
recomputetheAABB-treefor ray tracingthismodel.Wecom-
pare our algorithm with four prior approachesand observe
11� 2700%performanceimprovementon thisbenchmark.

Organization: The restof thepaperis organizedasfollows:
Sec.2 givesa brief summaryof prior work on hierarchy up-
date methodsand ray tracing dynamic scenes.We give an
overview of ourapproachanddescribethebasicrestructuring
operationin Sec.3. We presentour two metricsin Sec.4 and
usethemto formulatethe selective BVH restructuringalgo-
rithm for ray tracingin Sec.5. We highlight theperformance
ondifferentbenchmarksin Sec.6. Finally, weanalyzetheper-
formanceof ouralgorithmin Sec.7.

2. Relatedwork

In thissectionwegiveabriefoverview of priorwork onBVHs
as well as the re�tting and restructuringalgorithmsfor ray
tracingdynamicscenes.

2.1. Bounding VolumeHierar chies

There are different types of BVs. Someof the commonly
used BV types include simple shapessuch as spheres
[Hub93, BO04] and axis-alignedboundingboxes (AABBs)
[vdB97], or tight �tting BVs such as oriented bounding
boxes(OBBs)[GLM96], sphericalshells[KPLM98] anddis-
cretely orientedpolytopes(k-DOPs) [KHM � 98], etc. Many
hybrid combinationsthat usemorethanoneBV in a hierar-
chy or combinethemwith spatialpartitioningmethodshave
also beenproposed[LGLM99, SM04] Many top-down and
bottom-uptechniqueshave beenproposedto constructthese
BVHs [LM03, TKH� 05].

2.2. Hierar chiesfor Dynamic Scenes

The problem of building good hierarchies for dynamic
datasetshasbeenaddressedin computergraphics,computa-
tional geometry, anddatabaseliterature.An excellent recent
survey is given in [Sam06]. Theseincludespecializedhierar-
chieslikeparametricR-treeandTPR-treefor timeparametric
rectanglesor �eldtr eesfor objectsundergoingrelatively little
motion.Mostof thealgorithmsin computergraphicsor inter-
activeapplicationsusesimpleBVs suchasspheresor AABBs
andrecomputethe BVH. The simplestalgorithmsupdateor
re�t eachBV andtake linear time in thenumberof nodesin
thetree[LAM06]. Many specializedre�tting algorithmshave
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alsobeenpresentedfor boundeddeformations[JP04], morph-
ing objects[LAM03a], andkineticdatastructures[ZW06].

TherestructuringalgorithmsreconstructtheentireBVH or
asubsetof theBVH ateachframe[TKH� 05]. However, prior
algorithmscanbe slow in practiceon large dynamicmodels
with hundredsof thousandsof primitives.Many techniques
have beenproposedto improve the performanceof the en-
tire tree constructionalgorithms[WK06, HMS06, PGSS06],
detect the quality degradationof BVHs and meshclusters
[Sam06, LAM06, CH04], or perform dynamic restructuring
for fracturingobjects[OCSG07].

2.3. Ray Tracing and Intersection Computations

Spatial partitioning and BVHs have been widely used to
accelerateray tracing and intersectioncomputations.Inter-
active ray tracing of dynamic sceneshas received consid-
erableattention in the last few years [LAAM01, WBS03].
Theseinclude algorithmsthat combineBVHs with spatial
partitioninghierarchies[GFW� 06, HHS06, WMS06, WK06]
or use a combination of re�tting or reconstructionalgo-
rithms [WBS07, LYTM06]. We compareour method with
prior BVH-basedray tracingmethodsin Section6.

3. Overview

In thissectionwegiveanoverview of ourapproachandintro-
ducethenotationusedin thepaper. Ouralgorithmtakesinput
dynamicscenesaspolygonsoupmodelsanddoesnotassume
any particulardeformationson theinputscenes.

Bounding Volume Hierar chies: Eachnodein a BVH hasa
boundingvolume(BV), which canbe usedfor ray intersec-
tion queries.Theleafnodesof aBVH containprimitives(e.g.,
triangles)containedin theBV of thenode.Ideally, we would
like to computea tight �tting BV for eachinternalnodethat
enclosesall theprimitiveswithin its descendantnodes.Oural-
gorithmdoesnotmakeany assumptionsaboutthetypeof BV.
However, we assumethat the BVH representsa layered hi-
erarchy [GNRZ02], wherea BV at an internalnodeencloses
the BVs of its child nodes.For simplicity, we assumea bi-
naryBVH. However, our algorithmcanbeeasilyextendedto
n-aryBVHs. Also, our approachdoesnot make any assump-
tions aboutthe speci�c constructionalgorithmusedto parti-
tion theprimitivesbelongingto theentireBVH or a subsetof
theBVH.

Notation: For the restof the paper, we usethe symboln to
denotea nodeand BV(n) to denotethe BV associatedwith
a noden. The term sub-BVH(n) denotesthe subtreethat is
rootedat n andincludesall thedescendantsof n. We usethe
symboln̂ to denotea nodethat is obtainedafterapplyingour
restructuringoperationto sub-BVH(n). Let Lef t(n), Right(n),
and Parent(n) denotethe left child, right child, and parent
nodeof n, respectively, andnRoot betherootnodeof theBVH.
Thesymboljnjtri denotesthenumberof trianglescontainedin
sub-BVH(n).

3.1. BVH Restructuring

The simplest algorithms for dynamic BVHs are basedon
BV re�tting. Theseare simple to implementand quite fast
due to their linear time complexity. Moreover, re�tting al-

Figure3: Performanceof Dif ferentMethods: Theleft graph
showsthe relativetotal renderingtime of ray tracing break-
ing bunny and dragon modelsconsistingof 252K triangles
during 80 frames(Fig. 1). Our selectiverestructuring al-
gorithm showsmore than one order of magnitudeimprove-
mentover "BV-re�tting only" methodand 6 times improve-
mentovercompleteBVHrestructuringmethodoptimizedwith
surface-areaheuristic(SAH).Thisperformanceimprovement
is achievedby selectivelyrestructuringsub-BVHsonly when
we can improve the overall performanceof ray tracing. The
right graphsshowthe numberof intersectiontestsat each
frame;the insetin the right graphshowszoomedview of the
graph. Our methodshowsmore than 20 timesimprovement
over "BV-re�tting only" method.

gorithmsbasedon AABB treescan be an order of magni-
tudefasterthancompletereconstructionalgorithmsfor AABB
trees[TKH� 05, vdB97]. In practice,completereconstruction
algorithmscan take many secondson modelswith 100K �
500K triangles.

At the sametime, BVHs updatedby using BV re�tting
methodscanhavepoorculling ef�ciency. Onesuchexampleis
shown in Fig. 3, whichshows thenumberof intersectiontests
perframeperformedduringray tracinga dynamicscenewith
breakingobjectsasshown in Fig. 1. Thenumberof intersec-
tion testson the dynamicBVH computedusingthe re�tting
algorithmis two ordersof magnitudehigher, ascomparedto
that on the dynamicBVH computedusing completerecon-
struction.

In orderto overcometheseperformanceissues,we present
aselectiveBVH restructuringalgorithmthatonly restructures
smallsubsetsof theBVH thathavelow culling ef�ciency. This
is demonstratedin Fig. 3, wherethe culling ef�ciency of the
dynamicBVH computedby our algorithm is comparableto
that of the completereconstructionalgorithm.Moreover, the
time spentin restructuringoperationsby our selective BVH
restructuringalgorithmis a fractionof thatspentby thecom-
pletereconstructionalgorithm.

In orderto performrestructuringoperations,our algorithm
usestwo metrics,asmentionedin Sec.1. Thesemetricseval-
uate the culling ef�ciency of a given sub-BVH as well as
the restructuringbene�t, which measuresthe improvement
in culling ef�ciency due to selective restructuring.Next, we
introducethe basicrestructuringoperationusedby our algo-
rithm.

c
 TheEurographicsAssociation2007.



S.Yoon& S.Curtis& D. Manocha / RayTracingDynamicScenesusingSelectiveRestructuring

Figure 4: Basic restructuring operation: Our algorithm se-
lects a node pair (n1, n2), whoseBVs overlap consider-
ably (showon the left). Our restructuringoperations takes
the union of primitives containedin sub-BVH(n1) and sub-
BVH(n2), re-partitionsthe primitivesinto two new nodes,n̂1
and n̂2, and recursively processthe sub-BVHsof the new
nodes.The complexity of this operation is O(klogk), where
k = jn1jtri + jn2jtri . Thisis in contrastwith otherrestructuring
algorithmswhere k = jnAjtri , where nA is thelowestcommon
ancestorof n1 andn2.

3.2. SelectiveRestructuring Operation

Our algorithmperformsselective restructuringoperationsin
an incrementalmanner. Each operationevaluatesa pair of
nodesin the BVH, say(n1, n2), shown in Fig. 4. Thesecan
be any two nodesof the BVH, aslong asoneof themis not
anancestorof another. Let nA bethelowestcommonancestor
of bothof thesenodes.Our algorithmcomputestheextentof
overlapbetweenBV(n1) andBV(n2). If thereis ahighdegree
of overlapbetweentheseBVs, this nodepair is a goodcandi-
datefor restructuringoperation.This is basedon thefact that
a high degreeof overlapbetweenthe BVs can lead to poor
culling ef�ciency.

In orderto performtherestructuringoperation,we useour
metrics to estimatethe culling ef�ciency and restructuring
bene�t of sub-BVH(n1) and sub-BVH(n2), beforeand after
therestructuringoperation.Basedon thesemetrics,our algo-
rithm determineswhetherthispair is agoodcandidatefor per-
forming the restructuringoperation.If so,we take the union
of all the primitives in sub-BVH(n1) and sub-BVH(n2) and
re-partitiontheprimitivesin thatunioninto new nodesn̂1 and
n̂2, asshown in Fig.4. Therefore,theBVs of new nodeswould
haveconsiderablylessoverlap.

The major advantageof our selective restructuringopera-
tion is thatit is localizedandonly asmallnumberof theprim-
itives are re-partitionedor re-groupedduring this operation.
For example,if werestructureasinglenodeandits sub-treeto
minimizetheoverlapbetweenBV(n1) andBV(n2), thatnode
would be the commonancestorof n1 andn2 (i.e. nA). Since
the numberof primitives associatedwith sub-BVH(n1) and
sub-BVH (n2) canbe much lower ascomparedto that with
sub-BVH (nA), the costof our selective restructuringopera-
tion is lower thanthatof reconstructingonly a singlenodeof
theBVH.

4. BVH Metrics

In thissectionwe introducetwo novel metricsthatareusedto
performselective restructuring.First, we presentour culling
ef�ciency metricthatmeasurestheexpectednumberof inter-
sectiontestsperformedduring ray tracing.Next, we present
therestructuringbene�t metric,which estimatestheimprove-
ment in culling ef�ciency due to the restructuringoperation
describedin Section3.2. Thesemetricsareapplicableto all
BVHs.

4.1. CostModel for Intersection Queries

An intersectionquery is the basicgeometricoperationsper-
formed during BVH traversal. In ray tracing there are two
typesof intersectiontests:ray-BV andray-primitivetests.The
traversal algorithm startsfrom the root node and performs
theseintersectiontestsin a recursive manner. If thereis an
intersectionwith a node,it recursively checksfor intersection
with its children.Otherwise,it terminates.At the leaf nodes,
the algorithmperformsintersectiontestswith the primitives
(e.g.,triangles).

We de�ne the probabilistic cost model of intersection
query, CM-IQ , of a noden. CM-IQ measuresthe expected
numberof intersectiontestsperformedduringanintersection
query that startsat sub-BVH(n), given that thereis an inter-
sectionwith BV(n). Werelatethismodelwith theculling ef�-
ciency of sub-BVH(n). A highervalueof CM-IQ implieslow
culling ef�ciency of thesub-BVH.

4.1.1. CM-IQ Derivation

Let C(n) denotethe value of CM-IQ associatedwith sub-
BVH(n). Also, let P(n) denotethe probability that a noden
will be accessedduring an intersectionquery. Then,by the
de�nition of intersectionquerydescribedabove, we cande-
�ne C(n) in a recursivemanneras:

C(n) =

8
<

:

jnjtri � Cleaf ; if n is a leafnode
1+ P(Lef t(n)) � C(Lef t(n))+

P(Right(n)) � C(Right(n)) , otherwise,
(1)

whereCleaf is the relative costof performingan intersection
testwith aprimitive(e.g.atriangle)comparedto thecostof an
intersectiontestwith a BV. We includeCleaf to considerthe
costsof intersectiontestswith primitivesandBVs in onemet-
ric. Later, we will describea simplemethodto automatically
computeCleaf .

In order to computeCM-IQ for eachnode,we needto
compute the probability, P(n), that a node n is accessed
given that its parent node Parent(n) is accessedduring
the intersectionquery. This probability formulation is well
known in ray tracing literatureas the surface-areaheuristic
(SAH) [GS87, MB90, Hav00, WH06] andis de�ned as:

P(n) =
Area(n)

Area(Parent(n))
; (2)

whereArea(n) is thesurface-areaof theBV of thenoden. For
moregeneralintersectionqueriesbetweentheBVs, we could
alsousethevolume-basedformulationproposedin [YM06].
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Figure 5: Accuracy of CM-IQ metric: This graph shows
valuesof our CM-IQ metric basedon surface-area heuristic
(SAH)andthenumberof ray intersectiontestsobserveddur-
ing raytracingofN-bodysimulationshownin Fig. 8. Although
theintersectiontestsare measuredfroma certainview point,
there is strongcorrelation(0.85)betweenthem.Thisindicates
a highdegreeof accuracyof our CM-IQ metric.

Pleasenotethatour CM-IQ measurestheexpectednumber
of intersectiontestsgiventhataray intersectswith BV(nRoot ),
theBV of theroot nodeof a BVH. To estimatethetotal num-
berof intersectiontestsperformedduringray tracingatanen-
tire frame,we needto multiply theCM-IQ valueby thenum-
berof suchraysintersectingBV(nRoot ). Sincewedonotknow
thenumberof suchraysata frame,weestimateit with thatof
the previous frame.For the sake of simplicity, we chooseto
omit this factorin thederivationsfor therestof thepaper.

Cost Value DecompositionProperty: Supposethat the BV
of a noden canbedecomposedinto two virtual disjoint child
nodesa andb, i.e., BV(a) \ BV(b) = ; . Then,the following
equationholds,basedonconditionalprobability:

C(n) = C(a[ b) =
Area(a)
Area(n)

C(a) +
Area(b)
Area(n)

C(b): (3)

We usethis propertyto explain a derivationof our restructur-
ing bene�t metriclater.

Evaluating CM-IQ: Thesimplestmethodto evaluateCM-IQ
is to recursively apply Eq. (1) to sub-BVH(n). This method
assumesthat all the nodesof the sub-BVH rootedat noden
will beaccessedduringray-BV intersectionqueries.However,
many of thedescendantnodesmaynotbeaccesseddueto var-
iousgeometricfactors(e.g.,visibility) duringaframe.In order
to ef�ciently take thispropertyinto account,weuseframe-to-
framecoherenceto estimatewhich nodeswould beaccessed
in the currentframe basedon the nodesthat were accessed
duringthepreviousframe.Eventually, weevaluateourmetric
only on thosenodes.We associatea time-stampvariablewith
eachnodeof the BVH andupdatethe variablefor the nodes
that areaccessed.We have empirically veri�ed the accuracy
of CM-IQ metric by computinga linear correlationbetween
valuesof CM-IQ computedby our algorithmandthenumber
of intersectiontestsobserved during ray tracing.We observe
ahigh linearcorrelationrangingfrom 0:7 to 0:9 in ourbench-
marks.This is illustratedin a correlationgraphshown in Fig.
5.

4.2. Restructuring Bene�t Model

We now presentour restructuringbene�t model for ray in-
tersectionquery, which predictstheexpectedimprovementin

Figure 6: Classi�cation of Overlapping Regions: This �g-
ure illustratestheoverlappingregionsbetweentheBVsof two
nodes,n andn̂. Notethat nc, n� , andn+ are regionsthat be-
long to bothBV(n) andBV(n̂), only BV(n), andonly BV(n̂),
respectively.

culling ef�ciency during restructuringoperations.We de�ne
restructuringbene�t model of intersectionqueries,RM-IQ ,
to estimatethebene�t of performingthe restructuringopera-
tion on sub-BVH (n1) andsub-BVH (n2), given a nodepair,
(n1;n2). The restructuringoperationwould computea new
nodepair (n̂1; n̂2). The bene�t is computedin termsof im-
proved culling ef�ciency, i.e., reductionin the numberof in-
tersectiontests.Let R(n1; n̂1;n2) representtheexpectedreduc-
tion in the numberof intersectiontestsdueto the new node,
n̂1, and its sub-BVH. In the samemanner, our restructuring
algorithmalsocomputesR(n2; n̂2;n1).

4.2.1. RM-IQ Formulation

Let DC(n1; n̂1;n2) representthedifference,C(n1) � C(n̂1), in
theexpectednumberof intersectiontestsbeforeandafter re-
structuring.Thisis basedontheconditionthattherebuilt node
n̂1 is accessedduringthetraversal.

Then,we representR(n1; n̂1;n2) as:

R(n1; n̂1;n2) = DC(n1; n̂1;n2)P(n̂1): (4)

Ourgoalis to estimatethis termwithoutexplicitly computing
n̂1 anditssub-BVH(n̂1). WecannotexactlycomputeP(n̂1), as
it requiresactuallyperformingtherestructuringoperationand
computingn̂1. Instead,we simply usetheprobability, P(n1),
asanapproximationfor P(n̂1).

4.2.2. Derivation of DC(n1; n̂1;n2)

In orderto estimateDC(n1; n̂1;n2), weneedto estimateC(n̂1),
which in turnsdependson BV(n̂1). To do that, let usdecom-
poseBV(n1) [ BV(n̂1) into threeregions: nc

1, n�
1 , and n+

1
thatbelongto bothBV(n1) andBV(n̂1), only to BV(n1), and
only to BV(n̂1), respectively (seeFig. 6). Thesuperscriptsc,
� , and + indicatethe areasthat are common,deleted,and
added,respectively, after restructuringthe noden to n̂. Intu-
itively speaking,theculling ef�ciency afterrestructuringwill
be improvedastheregion of n�

1 increasesandtheregionsof
n+

1 decreases.

Given the decompositionof BV(n1) [ BV(n̂1), we derive
thefollowing equation,obtainedby expandingourcostmodel
basedoncostvaluedecompositionpropertyintroducedin Sec-
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tion 4.1.1:

C(n1) � C(n̂1) = C(nc
1 [ n�

1 ) � C(nc
1 [ n+

1 )

=
Area(nc

1)

Area(nc
1 + n�

1 )
C(nc

1) +
Area(n�

1 )

Area(nc
1 + n�

1 )
C(n�

1 )

�
Area(nc

1)
Area(nc

1 + n+
1 )

C(nc
1) �

Area(n+
1 )

Area(nc
1 + n+

1 )
C(n+

1 ):

(5)

It follows that DC(n1; n̂1;n2) increasesas the region corre-
spondingto n�

1 increasesand n+
1 decreases.However, the

region correspondingto n�
1 mainly dependson the overlap

region betweenBV(n1) and BV(n2). Moreover, we do not
know theseregions exactly without explicitly computingn̂1
andBV(n̂1). We presentasimpleandef�cient approximation
methodto computeDC(n1; n̂1;n2) without actually comput-
ing n̂1. Themainobservationbehindourapproximationis the
propertythat theoverlapregion betweentwo BVs is likely to
bereducedaftera restructuringoperation.

4.3. Approximation of DC(n1; n̂1;n2)

In order to approximatethe difference,DC(n1; n̂1;n2), we
make thefollowing threeassumptions:

� CompleteRemoval of BV Overlap: The improvementin
culling ef�ciency after restructuringwill increaseas re-
gion n�

1 increasesand region n+
1 decreasesaccordingto

Eq. (5). If there is considerableoverlap betweenBV(n1)
andBV(n2), that overlapcanbe reducedby restructuring
thetwo nodesandall theprimitivescontainedin sub-BVH
(n1) and sub-BVH(n2). Therefore,it is likely that the re-
gion n�

1 would increasewhentheoverlapbetweenBV(n1)
andBV(n2) is higher. Weassumethatany reasonablerecon-
structionmethodwill reducemostof theoverlappingregion
by restructuringprimitivesassociatedwith two overlapping
nodes.Particularly, we assumethat the entireoverlapping
regionwill beeliminated.For example,if weuseAABB as
BVs, half of the surfaceareasof facesof the overlapping
region, exceptfor facesparallelto thedividing plane,will
be reducedfrom Area(n1). Let Area(nr

1) denotetheextent
of sucha reducedarea.

� Ignoring n+
1 : We assumethatthereconstructionalgorithm

will constructnew BVs suchthatthey minimizethisregion.
Therefore,we do not take the region of n+

1 into account
duringour approximation.TheBV exampleshown in Fig.
4 alsodoesnot introducen+

1 norn+
2 afterrestructuring.

� Linear Approximation: In order to approximatethe dif-
ferencesin theculling ef�ciency shown in Eq.(5), weneed
to computeC(nc

1). Weassumethatthegeometricprimitives
areuniformly distributedin BV(n1). Then,we linearly ap-
proximateC(nc

1) basedon the ratio of surfaceareasof re-
gion of nc

1 to that of BV(n1). Therefore,C(nc
1) canbe ap-

proximatedas Area(nc
1)

Area(n1) C(n1).

Basedon theseassumptions,DC(n1; n̂1;n2) can be approxi-
matedas:

C(n1) � C(n̂1) � C(n1) � C(nc
1) � C(n1) �

Area(nc
1)

Area(n1)
C(n1)

� C(n1)
Area(nr

1)
Area(n1)

:

(6)

To verify the accuracy of theseapproximations,we mea-
suredhow muchtheobservedcostvaluesdeviatefrom theex-
pectedcostvaluesin termsof surfaceareasof BVs.80%of ob-
servedvaluesarewithin 25%of theexpectedvalue.Moreover,
thestandarddeviationsof ratiosof those80%observedvalues
to theexpectedvaluesarewithin 0:08acrossourbenchmarks.
Therefore,theexpectedvaluesarevery closeto theobserved
valueson average.However, in the other20% observed val-
ues,our simpleapproximationcanresultin signi�cant errors
dependingon con�gurations.In theworstcases,theobserved
valuesweretwo timesbiggerthantheexpectedvalues.

Final RM-IQ: After substitutingall the equationsinto our
RM-IQ formulationshown in Eq. (4), we obtain the follow-
ing approximationof our restructuringmetric,RM-IQ:

R(n1; n̂1;n2) = C(n1)
Area(nr

1)
Area(n1)

P(n1): (7)

Our restructuringalgorithm reconstructstwo nodes,n1 and
n2, and their sub-BVHsonly if R(n1; n̂1;n2) + R(n2; n̂2;n1)
is larger than the restructuring cost, frebuild(n1;n2), of
sub-BVH (n1) and sub-BVH (n2). The restructuringcost,
frebuild(n1;n2), canbecomputedbasedonthenumberof trian-
glesassociatedwith thosetwo sub-BVHs.Typically, thetime
complexity of a reconstructionmethodis O(klogk). There-
fore, frebuild(n1;n2) = Crebuild � (klogk), wherek = (jn1jtri +
jn2jtri ). Crebuild is a machine-dependentconstantusedin esti-
matingthecostof thereconstructionalgorithm.

5. Ray Tracing with SelectiveRestructuring

In thissection,wepresentouralgorithmto ef�ciently restruc-
ture BVHs for ray tracingdynamicscenes.Also, we explain
how this selective restructuringalgorithmis combinedto per-
form ray tracing.

5.1. Overall SelectiveRestructuring Algorithm

The selective restructuringalgorithmis performedat the be-
ginning of eachframe.We �rst performBV re�tting by up-
dating the BVs in a bottom-upmanner. However, thesere-
�t BVs may have the low culling ef�ciency. To detectsuch
BVs, we evaluatethe culling ef�ciency metric for eachnode
of the BVH. Next, we performselective restructuringopera-
tions.OuralgorithmtraversestheBVH anddetectssub-BVHs
whoseculling ef�ciency can be improved by restructuring
them.Themaingoalof our restructuringalgorithmis to min-
imize the frametime of ray tracing,which is a combination
of restructuringtime and traversaltime of a BVH. In order
to achieve this goal, our algorithm computesa set of node
pairs,which arecandidatesfor our basicrestructuringoper-
ations.Eachpair, (n1, n2), is associatedwith two values:1)
therestructuringcostof sub-BVH(n1) andsub-BVH(n2); and
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2) the RM-IQ valueshown in Eq. (7). Our overall algorithm
proceedsin two phases:hierarchicalre�nementphaseandre-
structuringphase,asshown in Alg. 1. Next, we describeeach
of themin moredetail.

5.2. Hierar chical Re�nement Phase

Our algorithmperformsthe basicrestructuringoperationde-
�ned in Section3.2. The algorithmstartswith selectingtwo
nodes,whoseBVs have a high degreeof overlap.However, if
therearem differentBV nodesin a BVH, a naive approach
would needto checkO(m2) nodepairsto detectall theover-
lapsbetweentheBVs. Instead,we traverseaninputBVH in a
top-down mannerandperformhierarchicalculling to reduce
thenumberof pairsto becheckedfor overlaptests.Themain
motivation of hierarchicalculling arisesfrom the following
property:if thereis nooverlapbetweentheBVs of two nodes,
thereis nooverlapbetweenBVs of their descendantnodes.

Re�nement: Westartwith aninitial pairwith thetwo children
of nroot . We alsomaintaina queueof pair nodescalledpair-
queue, which serves as a computationfront during the top-
down BVH traversal.We initialize the queuewith the initial
pair. Thealgorithmproceedsby extractinga pair, say(n1;n2)
from the pair-queue,and checkingfor overlap betweenthe
BVs of the two nodes.Basedon theoverlap,we evaluatethe
RM-IQ metric for eachnodeanddeterminewhetherthatpair
is agoodcandidateto performour restructuringoperation.

If there is no overlap betweenBV(n1) and BV(n2), it
is guaranteedthat there is no overlap betweenthe BVs of
any node in sub-BVH(n1) and the BVs of any node in
sub-BVH(n2). Therefore,we do not need to considerany
such pairs for the restructuringoperation.However, there
can be overlap betweentwo children nodesof n1 or the
two childrennodesof n2. Therefore,we addtwo new pairs,
(Lef t(n1);Right(n1)) and (Lef t(n2);Right(n2)) to the pair-
queue.In otherwords,the pair (n1;n2) is re�ned into those
two pairs.On theotherhand,if thereis overlapbetweenBVs
of two nodesof apair (n1;n2), thispair is apossiblecandidate
for restructuringoperation.Therefore,we alsoperforma re-
�nement operationto furtherlocalizetheoverlappingareabe-
tweenBV(n1) andBV (n2). We comparethevolumesof both
the BVs andselectthe nodewith the larger volume,sayn1.
Were�ne thisnodewith its children,andcreatetwo new pairs,
(Lef t(n1);n2)) and(Right(n1);n2). At thesametime,wealso
addanotherpair (Lef t(n1);Right(n1)) to thepair-queue.

StoppingCriteria: Thereis acostassociatedwith re�ning the
nodepairsandevaluatingtheRM-IQ metricfor thenodepairs.
Let Cref ine representthe costof re�ning a pair. We re�ne a
pairwhenit is likely thatre�nementcouldresultin improving
the overall performance.Speci�cally, we re�ne a pair if its
restructuringbene�t is at leastbiggerthanthere�nementcost.
We de�ne the re�nement costof a pair asa function of the
numberof nodesin thequeuesincewehave to processall the
pairsin thequeuebeforeweprocessthere�ned pairs.

Propagation: Whenwe apply the basicrestructuringopera-
tion to two nodesof apair, theoverlapbetweentheBVs of the
nodescanbereduced.Moreover, restructuringany of thean-
cestornodesof thosetwo nodescanreducethe overlaptoo.
However, when we evaluaterestructuringbene�t only with
thoseancestornodes,wecannotforeseesuchbene�t with their

Algorithm 1 SelectiveRestructuringAlgorithm
1: // Hierar chical Re�nement Phase
2: PairQ (Left(nRoot ), Right(nRoot )) // Add initial pair to the

queue
3: while (! PairQ.empty()) do
4: Pair  PairQ.front();
5: EvaluateRM-IQ(Pair); // EvaluateRM-IQ basedon the

overlap
6: // Checkwhetherrestructuringbene�t of a pair is largerthan

there�ning cost
7: if (WorthRe�ne(Pair)) then
8: PairQ  Re�ne (Pair);
9: end if

10: Propagate(Pair); // PropagateRM-IQ valueof Pair to pairs,
whicharere�ned to Pair

11: endwhile
12: // Restructuring Phase
13: PairH  All createdpairs // Add thecreatedpairsto thepair

heap
14: while (! PairH.empty()) do
15: Pair  PairH.front();
16: // Restructurebene�t shouldbe larger thanthe restructuring

cost
17: if (WorthRebuild (Pair)) then
18: (n1;n2)  Pair
19: RestructureTwoSubBVHs (n1;n2); // Describedin

Sec.3.2
20: end if
21: endwhile

descendantnodes.To addressthis issue,therestructuringben-
e�t of a pair p1 shouldbe recursively propagatedandadded
to theRM-IQ valueassociatedwith a pair, which wasre�ned
to p1. Also, this informationis recursively propagatedto the
very �rst pair (Lef t(nRoot );Right(nRoot )) . This is becausere-
structuringtwo child nodesof the root nodecan reduceall
theoverlapsbetweenany nodesof theBVH. We performthe
propagation right after the re�nementoperation,asshown in
Line 10of Alg. 1.

5.3. Restructuring Phase

In thehierarchicalphase,we computedtherestructuringben-
e�t of pairsin top-down manner. To maximizetheoverallper-
formanceof ray tracingdynamicscenes,we restructurepairs
with higherrestructurebene�tsin agreedymanner. In orderto
performthis computation,we starttherestructuringphaseby
puttingall thepairscreatedsofar into a pair-heap, wherethe
pairsaresortedbasedon differencebetweentherestructuring
bene�t and the restructuringcost associatedwith eachpair.
As we fetcha pair from thepair-heap, we restructurethetwo
sub-BVHsassociatedwith thepairwhenever therestructuring
bene�t is largerthantherestructuringcost.

Partitioning Plane: Our goalin performingrestructuringop-
erationsis to reducethe overlapbetweenBVs of two nodes
of a pair. To achieve this goal, we needto computea parti-
tioning planethat will re-partitiontrianglesassociatedwith
two nodesandtheir sub-BVHs.Supposethat we restructure
two nodesn1 andn2 of a pair. Also, supposethat n1 andn2
aredescendantnodesof Lef t(nA) andRight(nA), respectively,
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Figure 7: Cloth simulation benchmark: Three image se-
quencesareshownamong80framesfroma dynamicsequence
of a cloth twisting arounda ball. This sceneconsistsof 92K
triangles.Wecomparetheperformanceofdifferentraytracing
algorithmson this scene. TheBVH createdfor the�r st frame
workswell for the restof the frameswith simpleBV re�tting
method.Therefore, "BV re�tting only" methodshowsthebest
performance. However, evenin thiscase, our algorithmshows
only 4% worseperformanceover the re�tting algorithm and
more than threetimesimprovementover thecompleterecon-
structionalgorithm.

wherenA is thelowestcommonancestorof n1 andn2. We set
the partitioningplaneto passthe centroidof the overlapping
areabetweenBV(Lef t(nA)) andBV(Right(nA)) andthenor-
mal of theplaneis parallelto a directionthathaslongestex-
tent of BV(nA). The main reasonthat the partitioningplane
is computedbasedon BV(nA), not basedon thelocal overlap
betweenBV(n1) andBV(n2), is to minimizeor avoid any BV
overlapbetweenany ancestornodesof n1 andn2. Pleasenote
that theseancestornodeswerepartitionedto reducetheover-
lap betweenBV(Lef t(nA)) andBV(Right(nA)) . We observe
thatour heuristicto computea partitioningplaneworkswell
in ourbenchmarks.

5.4. Ray Tracing

Once we computea BVH for the dynamicdatasetat each
frame,we run BVH-basedray tracingalgorithmandperform
ray intersectionqueries.BVH-basedraytracingmethodshave
beenrecentlyusedfor interactive ray tracingof dynamicor
deformablemodels.This is dueto thefact that it is relatively
inexpensive to updateaBVH ascomparedto akd-tree,which
works better for static scenes[LYTM06, WBS07]. We fur-
therimprovetheperformanceof BVH-basedraytracingbased
on our selective restructuringalgorithm.We useaxis-aligned
boundingbox (AABB) asa BV dueto its simplicity andem-
ploy a surface-areaheuristic[WH06] within our basicselec-
tive restructuringoperations.

Thesimplestalgorithmsshoota ray correspondingto each
pixel andperformray-AABB intersectionqueriesduringtree
traversal.At eachintersection,thealgorithmmayspinoff sec-
ondaryrays, including shadow raysandre�ection rays.The
overall performanceof ray tracingalgorithmis governedby
boththerestructuringtimeandtreetraversaltime.

In orderto achieve betterperformancefor ray tracing,we
further specializethe RM-IQ metric. For example,a rebuilt

noden̂ canbe usedfor many framesbeforeit will be rebuilt
again. Therefore,it is likely that the culling ef�ciency im-
provementof n̂ canbeobservedfor many frames.Wetakethis
factorinto accountby introducingthenotionof life timeof all
nodesin theBVH. Thisexpectedlife timeis simplycomputed
asanaveragelife timeof all nodesby consideringthenumber
of rebuilt nodesand the numberof nodesin the BVH from
the �rst frameto the currentframe.Sinceit is likely that we
geta higherrestructuringbene�t on sub-BVHsby restructur-
ing themastheexpectedlife time is gettinglonger, wesimply
multiply our �nal RM-IQ modelshown in Eq.(7) by thevalue
of expectedlife time.

6. Implementation and Results

In thissection,wedescribeourimplementationandtheperfor-
manceimprovementfor ray tracingdynamicscenesusingour
algorithm.We highlight its performanceon differentbench-
marksandalsocompareit with prior restructuringmethodsas
well asray tracingalgorithms.

6.1. Implementation

Wehave implementedouralgorithmonaIntel Pentium4 mo-
bile laptopmachinewith a 2.1GhzCPUand2GBmainmem-
ory. All the timing datacollectedin this paperis basedon a
single-threadedimplementation.WeuseAABB astheBV and
implementedanAABB-basedray traceron dynamicmodels,
asdescribedin Sec.5.4.

Machine-speci�c constants:Theperformanceof ourselected
restructuringalgorithmdependson machine-dependentcon-
stants.Theseincludethecostof reconstructingasub-BVH(n)
(Crebuild(n)), the costof performingan intersectiontestwith
a leaf nodevs. the intersectiontest with a BV, i.e. Cleaf =

( ray-triangleintersectioncost
ray-AABB intersectioncost), andthecostof re�ning apair

of nodesperformedduring selective restructuring(Cref ine).
WealsomeasureCref ine andCrebuild astherelativecostto the
costof ray-AABB intersectioncost;therefore,all our metrics
usingtheseconstantsarecomparedin thesameunit. Weauto-
maticallycomputethesecostsby runningthoseroutinesafew
timeswithout any manualinterventionduring theray tracing
system's initialization. Then,we usetheir averagevaluesin
our algorithm.Oncetheseconstantsarecomputedon a ma-
chine,theseconstantsareusedfor all dynamicsceneswithout
any modi�cation.

Lazy computations: Many interactive algorithmsusea lazy
strategy to constructa hierarchy [LAM06]. Thesealgorithms
only constructa nodeof a treeif that nodeis neededto per-
form anintersectiontestduringthetraversal.Ourselectivere-
structuringoperationon thepair (n1;n2) alsoreconstructsthe
nodeswithin sub-BVH(n1) andsub-BVH(n2) in a lazy man-
ner. Thenew descendantsof n̂1 andn̂2 arecomputedin a lazy
manneronly if they areneededto performintersectiontests
duringthetraversal.

Benchmarks: In order to test the performanceof our algo-
rithm, weusedthreetypesof dynamicscenes.Theseinclude:

� Deformable models: Modelsundergoing non-rigid defor-
mation.Thistypeof modelsis representedby ourclothsim-
ulation(with 92K) triangles,shown in Fig. 7.
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Model Triangles Numberof Image
(K) Frames

Explodingdragon 252 100 Fig. 1
N-bodysimulation 146 130 Fig. 8
Clothsimulation 92 80 Fig. 7
BART benchmark 16 40 Fig. 2

Table1: DynamicBenchmark Models:Thistableshowsthe
complexity of thebenchmarksandthenumberof framesused
in our timingcomputations.

� N-body simulations: Theseconsistof multiplemoving ob-
jects.Eachobjectmay undergo a rigid or deformablemo-
tion andtheobjectscollidewith eachotherandtheground.
Weuseasimulationof hundredsof moving ballswith 146K
triangles(Fig. 8).

� Breaking objects: In thesebenchmarks,oneor moreob-
jectsbreakinto smallerpieces(i.e.explosions)andthereby
changetheir topologies.Thesearesomeof the mostchal-
lengingdynamicscenes.Wealsousethewell-knownBART
benchmarkwith 16K triangles(Fig. 2) andan "Exploding
dragon"benchmark,whereabunny collideswith thedragon
modelandbreaksthedragoninto numerouspieces(Fig. 1).
Thismodelhasmorethan250Ktrianglesandis achalleng-
ing benchmarkfor many prior algorithms.

All of thesemodelshave differentcharacteristicsandmodel
complexity. As a result,they provide a goodsuiteof bench-
marksto testtheperformanceof our algorithm.Detail infor-
mationabouteachbenchmarkis shown in Table1.

6.2. PerformanceComparison

We comparethe performanceof our selective restructuring
basedray tracingalgorithmwith prior ray tracingalgorithms
that usedynamicBVHs. Speci�cally, we have comparedthe
performancewith four prior approaches:

� BV re�tting only: In this case,thedynamicBVH is com-
putedby re�tting all the BVs in the tree in a lazy man-
ner. This is the cheapestalgorithmfor recomputinga dy-
namic BVH and has beenusedfor ray tracing dynamic
scenes[WBS07]. Its performancestronglydependson an
initially built BVH andcandrasticallydegradeon models
with changingtopologies.

� Complete reconstruction: This algorithm reconstructsa
new BVH duringeachframeusingO(klogk) computations.
Its performanceslows down on large modelsdue to the
complexity of thealgorithms.

� RT-Deform: This is a hybrid re�tting/reconstructionalgo-
rithm [LYTM06]. By default, this algorithmonly re�ts the
BVs during eachframe.However, it usesa simpleheuris-
tic basedon SAH metric to evaluatethe culling ef�ciency
of thewholetree.If theculling ef�ciency is low, this algo-
rithm computesanew BVH usingcompletereconstruction,
andtherebytakesa largefractionof theframetime.

� LM-r econstruction algorithm: [LAM06] proposea re-
structuringalgorithmthatonly reconstructsa subsetof the
BVH. This algorithm was initially designedfor collision
detectionbetweentwo objects.However, becausethecore
of thealgorithmis focusedon detectingBVH degradation
andlocalizing reconstruction,the sameapproachcanalso
be usedto computea dynamicBVH for ray tracing.We

LM- RT-DEFORM Re�tting CompleteBVH
algorithm algorithm only Reconstruction

Explodingdragon 2:16 1:65 11 8:5
N-bodysimulation 1:36 1:25 > 80 1:81
Clothsimulation 1:29 1:03 0:96 4:69
BART 1:11 2:5 28 1:14

Table 2: Comparisonof our ray-tracing algorithm with
prior approaches: This table showsthe speedupsobtained
by our ray tracingalgorithmover prior approachesin terms
of the total ray tracing time. We use512� 512 image reso-
lution and single ray per pixel. All the restructuringopera-
tions are basedon SAH-basedconstructionmethod.Our se-
lectiverestructuringalgorithmyieldsimprovementover prior
algorithmsondifferentbenchmarks,exceptfor theclothsimu-
lation benchmarkwhere "re�tting only" methodoutperforms
our method.In the cloth benchmark, an initial BVH at the
�r st frameis built with almostuniformlyspreadtrianglesand
worksquitewell for therestof frameswith BVre�tting method
(seeour accompanyingvideo).However, evenin thiscase, our
methodshowsonly 4% lower performanceover BV re�tting
method.

have implementedtheirmetricfor detectingBVH degrada-
tion. In orderto employ theirmethod,we traversetheBVH
in atop-down mannerwhile evaluatingeachnodewith their
metric.If themetricsuggestsre-constructionof a node,we
reconstructa sub-treeof the node.Finally, we usethe dy-
namicallycomputedBVH to performray intersections.

Also, we employ thelazy constructionfor thetestedmethods
to perform fair comparisonswith our selective restructuring
method,which alsouseslazy construction.Table 2 summa-
rizestheperformanceimprovementof ourselectiverestructur-
ing methodcomparedto othertestedmethodswith ourbench-
marks.

It is relatively simple to compareand contrastthe per-
formance of our algorithm with re�tting only and com-
pletereconstruction.On the otherhand,it is harderto iden-
tify the caseswhere RT-DEFORM or LM-restructuringal-
gorithmsmay or may not work well. The metric in the LM-
reconstructionalgorithmis de�ned astheratio of thevolume
of anodeto thesumof thevolumesof its childrennodes.This
is a simpleheuristicto measuretheextentof overlapbetween
thechildrennodes.[LAM06] rebuilds a sub-BVHif thecom-
putedmetricis lessthanacertainthreshold.Themetricin the
RT-DEFORM algorithmis similar to the metric usedby the
LM-reconstructionalgorithm,exceptit is basedonthesurface
areaof BVs. TheRT-DEFORMalgorithmaccumulatesall the
ratiosof thenodesupto therootnodeof theBVH. If theaccu-
mulatedratio is bigger thana certainthreshold,thealgorithm
performscompletereconstruction.In someways,themetrics
usedin LM-reconstructionand RT-DEFORM algorithm are
oppositein natureandwe observe their relative performance
in Table2. On the otherhand,our selective restructuringal-
gorithm alwaysoutperformsboth of thesealgorithmsin our
benchmarks.

Robustness:One of the main featuresof our selective re-
structuringalgorithmis that it offers consistentperformance
improvementacrossvariousbenchmarkswith differentchar-
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Figure 8: N-bodySimulation Benchmark: Two images are
shownamong130 dynamicsequencesof the bouncingball
benchmark consistingof 146K triangles. We useour selec-
tiverestructuringalgorithmto improvetheperformanceof ray
tracing this dynamicscene. We are able to achieve near two
orders of magnitudeimprovementon the performanceof ray
tracingover "BV re�tting only" methodon thismodel.

acteristics.At the sametime, our algorithmdoesnot exhibit
any majorslowdown comparedto prior approaches,exceptfor
4%slowdown ononebenchmarkwith respectto the"re�tting
only" method.Overall,ourapproachofferssigni�cant or com-
parableperformanceimprovementover othermethodsin ray
tracingdynamicscenes.This makesit usefulfor ray tracinga
wideclassof dynamicscenes.

7. Analysisand Limitations

In this section,we analyzethe performanceof our selective
restructuringalgorithmandits applicationto ray tracing.We
alsodiscusssomeof its limitations.

7.1. Analysis

Overhead of our algorithm: Our selective restructuringal-
gorithm hasrelatively small overheadas comparedto com-
plete reconstruction.Our algorithm involves computationof
overlapbetweentheBVs andevaluationof two metrics,CM-
IQ andRM-IQ. Eachof thesemetricscanbe evaluatedin a
few operations,especiallyfor simpleBVs suchasspheresand
AABBs. Our selective restructuringalgorithmcomputesa set
of pairs,whicharepotentialcandidatesfor restructuringoper-
ationby traversingtheBVH in atop-down manner. Duringre-
�nement of apair, we take into accountthere�nementcostas
well asits expectedrestructuringbene�t. We alsofound that
the time spentin our selective restructuringalgorithm takes
about0:1%–1%of total ray tracingframetime in our bench-
marks.This low overheadis mainlydueto thefactthatourse-
lectiverestructuringalgorithmconsidersasmallnumber(e.g.,
200to 1000pairs)of pairsfor restructuringoperationsateach
frame.

Restructuring time vs. model complexity: We measurethe
timespentin therestructuringalgorithmandrestructuringop-
erationsas we increasethe scenecomplexity in an N-body
benchmarkof atomsandelectronsshown in Fig. 10. In this
modelonly a small portionof geometricprimitivesaremov-
ing signi�cantly. As can be seenin Fig. 9, the restructur-
ing time of our algorithmis signi�cantly lower thanthoseof

Figure 9: Restructuring time vs. model complexity: This
graph showshow restructuringtime varies as a function of
modelcomplexity. We measure this timein thebenchmarkin-
volvingmultiplespheres(Fig. 10), wherea smallsubsetof ge-
ometricprimitivesis moving. Ourselectiverestructuringalgo-
rithm exhibitsalmostlinear growthrateasa functionof model
complexity. Ontheotherhand,otherrestructuringalgorithms
such as LM-reconstructionand completereconstructiontake
considerably more time.

Figure10: N-bodysimulationwith restrictedmotion: In this
benchmark,onlya smallsubsetof thegeometricprimitivesare
moving. Our algorithm is able to capture theselocalizedbe-
havior andperformsrelativelyfew selectiverestructuringop-
erations.Therefore, our selectivealgorithmis ableto achieve
betterperformancethanothermethodsasshownin Fig. 9.

completerestructuringandLM-method.Thistestalsodemon-
stratesthat our methodidenti�es smallersubsetsfor the re-
structuringoperationand, thus,hasbetterperformanceover
LM-reconstructionalgorithm.This is dueto the fact that we
perform selective restructuringoperationsat lower levels of
theBVH (asshown in Fig. 4), whereastheLM-reconstruction
algorithmmay recomputethe sub-BVH rootedat the lowest
commonancestorof thetwo nodes.

Lazy construction: We uselazy constructionmethodgiven
our selective restructuringtechnique,sincethelazy construc-
tion methodcan further reducethe constructiontime, espe-
cially for large models.If we do not employ the lazy con-
structionmethodin ourselectiverestructuringmethod,ourse-
lective restructuringwill trigger restructuringoperationsless
frequentlysincerestructuringoperationscanbemoreexpen-
sive.Moreover, in anon-lazyconstructionframework, ourse-
lective restructuringalgorithmis likely to offer betterperfor-
mancecomparedto othermethodsincludingcompleterecon-
struction,RT-Deform,andLM-reconstruction,which will be
muchmoreexpensive,especiallyon largemodels.

Comparison with kd-tr eebasedray tracer: In staticmod-
els,thebestperformanceof raytracinghasbeenachievedwith
kd-trees[RSH05, WSB01, Hav00]. BVH-baseddynamicray
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tracers,however, have also shown comparableperformance
to that of kd-tree basedray tracers[WBS07, LYTM06] or
even betterperformancein GPU [TS05]. Sinceincremental
updatemethodslike BV-re�tting arenot readilyapplicableto
kd-trees,the resultingray tracersreconstructa kd-treefrom
scratchevery time the modelundergoesany changesor mo-
tion. To moreef�ciently dealwith dynamicmodels,several
fastkd-treeconstructionmethodshavebeenrecentlyproposed
[HMS06, PGSS06]. It is expectedthat,in smalldynamicmod-
els,kd-treebasedray tracerswith thesefastkd-treeconstruc-
tion methodsmayexhibit betterperformancethanBVH-based
ray tracers.However, sincetimecomplexity is still O(klogk),
wherek is thenumberof primitivesin a hierarchy, construct-
ing thekd-treescanbecomeamajorbottleneckin termsof ray
tracinglargedynamicmodels.

Extensionto parallel ray tracer: Our currentselectivealgo-
rithm proceedsin a serialmanner. Given its small overhead
amongthetotal ray tracingframetime, it maybeunnecessary
to makeourselectivealgorithmrunin aparallelmanner. How-
ever, restructuringoperationsperformedduring our selective
algorithmcanbe performedin a parallelmanner. Moreover,
sincetheserestructuringoperationsarechosensuchthat they
do not modify thesameregion of theBVHs, theseoperations
canbeperformedin a parallelmannerwithout any expensive
synchronizationand can be performedin an asynchronous
manner[IWP07]. Also, BV-re�tting and our metric evalua-
tionsastheinitial stepof ouralgorithmcanbeperformedin a
parallelmanner.

7.2. Bene�ts and Limitations

Ouralgorithmworkswell onourbenchmarks.As comparedto
prior approachesfor computingdynamicBVHs, our selective
restructuringalgorithmhasthreemajoradvantages:

1. SelectiveRestructuring: Ouralgorithmdetectssmallsub-
setsof BVHs andrestructuresthemto improve theculling
ef�ciency. Prior approachesrebuild the entire BVH or a
sub-BVH,or performmoreglobalrestructuring.

2. Quanti�cation of Restructuring Bene�ts: Wederive two
new metricsfor BVHs thatquantify theculling ef�ciency
in termsof intersectiontests,aswell as the expectedre-
structuringbene�t of performinga selective restructuring
operation.Thesemetrics could also be useful for other
BVH-basedcomputationsandapplications.

3. Broad application: Our selective restructuringalgorithm
can work well with various kinds of dynamic datasets.
This is in contrastwith other algorithmsthat useheuris-
tics which maynot work well in somecases,asshown in
Table2.

Limitation: Our approachalsohasa few limitations.First of
all, our metrics,CM-IQ andRM-IQ, areprobabilisticmodels
that estimatethe culling ef�ciency andrestructuringbene�t,
respectively. Therefore,thereis no guaranteethat our algo-
rithm would always improve the performanceof ray tracing
on all benchmarks.Secondly, theselective restructuringalgo-
rithm hassomeoverhead.If the BV re�tting only algorithm
offers the optimumperformancefor an application,thenthe
overheadof selectiverestructuringalgorithmcouldslow down
the application,as observed in the cloth simulationbench-
mark. Finally, our approachis rathergeneraland makes no

assumptionaboutobjectsmotion. In somecases,it may be
possibleto develop fasteralgorithmsthat take into account
the characteristicsof the underlyingapplication.Thesemay
includeselectiverestructuringalgorithmsfor clothsimulation,
FEM simulationor fracture[OCSG07].

8. Conclusionand Futur eWork

We presentedanovel selective restructuringalgorithmto ef�-
ciently re-computedynamicBVHs. Our formulationis based
on two metrics,CM-IQ andRM-IQ. We alsodescribedef�-
cient formulationsto computethesemetricsandappliedthe
selective restructuringoperationsin an incrementalmanner
to improve BVH culling ef�ciency. As comparedto prior re-
structuringalgorithms,our approachhaslower overheadand
resultsin fewer falsepositive tests.We usedour algorithmto
improve the performanceof ray tracing algorithmsand ob-
servedtheperformanceimprovementoverprior methods.One
of themajorbene�tsof our approachis thatit is applicableto
abroadrangeof dynamicscenes.

Therearemany avenuesfor futurework. We would like to
useour algorithm for other applications,including collision
detectionand visibility computationson complex, dynamic
scenes.It would be useful to test the performanceof our al-
gorithm on otherBVH hierarchies,including spheretreesor
OBBtrees.Many applicationsalsousehybridcombinationsof
BVHs andspatialpartitioninghierarchies,andwe would like
to extendour selective restructuringalgorithmto suchhybrid
combinations.Finally, it may be possibleto further improve
theperformanceof ouralgorithmby takinginto accountsome
of thecharacteristicsof thedeformingmodels.
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