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Abstract

We presenta novel algorithmto selectivelyrestructue boundingvolumehierarchies(BVHs)for ray tracingdynamic
scenesW\e derivetwo new metricsto evaluatethe culling efciency and restructuringbene t of any BVH. Based
on thesemetrics,we performselectiverestructuringopemationsthat ef ciently reconstructsmall portionsof a BVH
insteadof the entire BVH. Our appmoad is generl and applicableto comple and dynamicscenesincluding topo-
logical changes. We usethe selectiverestructuringalgorithm to improve the performanceof ray tracing dynamic
sceneshat consistof hundedsof thousand®f triangles.In our bendcimarks weobserveupto anorder of magnitude

improvemenover prior BVH-baseday tracingalgorithms.

1. Intr oduction

Ray tracing hasbeenwidely researchedlueto its ability to
generateealisticimages.However, the performanceof cur-
rentray tracingalgorithmsis considerablyslover thanGPU-
basedasterizatioralgorithms,especiallyon dynamicscenes.
In this paperwe addresghe problemof ef cient computation
of boundingvolume hierarchies(BVHs) of dynamicscenes
for fastemraytracing.

BVHSs have beenwidely usedasanacceleratioratastruc-
ture for ray tracing [RW80, KK86], visibility, and proxim-
ity computationgLMO03, TKH 05]. A BVH is ahierarcly of
boundingvolumes(BVs) suchthat the BV at eachinternal
nodeencloseshegeometrigrimitivesandtheBVs associated
with its descendant8VHs areconstructedn sucha manner
asto maximizeculling ef ciency. Ideally, we would like to
computeBVHSs with high culling ef ciency sothatthey result
in fewerfalsepositivesin termsof intersectiortests Recently
BVHs have beenusedfor interacte ray tracingof dynamic
models[WBSO07, LYTM06, CSE0§ LAMO3b].

Many dynamicscenesconsistof one or more moving ob-
jectsthatmayundego non-rigidor deformablemotion. These
include changesn the topology due to explosions,cutting,
tearingor fracture. Suchscenariosarise frequentlyin gam-
ing, simulation,computeranimation,and otherapplications.
In thesedynamicervironmentsa BVH computedor the pre-
vious frame may not provide high culling ef ciency for the
currentframeandneedso be updateddr recomputed.

At a broadlevel, therearetwo kinds of approacheso re-
computethe BVH [TKH 05 OCSGO7LYTMO6]. The rst
setof algorithmsrestructue the BVHSs by eitherreconstruct-
ing the entireBVH or a subsebf the BVH. This is achieved
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by recursiely partitioninganinput setof primitivesof anode
into multiple disjoint setsof primitives of child nodessuch
thatthe BVs associatedvith child nodeshave higherculling
efciency. Although this method can computeBVHs with
high culling ef ciency, thecompleity of thesehierarcly con-
structionalgorithmson a nodewith k primitivesis typically
O(klogk). Sincethis methodhassupeflineartime complex-
ity, it canbeslow for large dynamicmodelsconsistingof sev-
eralhundredof thousand®r moretriangles.

The secondset of methodsre t the extentsof the BV of
eachnode suchthat the BV tightly enclosests associated
primitives. This involves no re-partitioningof primitivesand
theBVH canbeupdatedn lineartime by traversingthe BVH
in a bottom-upmannerHowever, the culling ef ciency of the
re t BVH maydegradeafterafew frames(e.g.onscenesvith
explosions);thereforethere t BVH mayresultin too mary
falsepositivesin termsof intersectiortests.

Main Results: We presenta novel algorithmto selectvely

restructurea BVH for ray tracing dynamicscenesOur ap-
proachdetectsmallsubset®f theBVH thathave low culling

ef ciency andrestructure®nly thosesubsetsThe restof the
BVH is updatedisingthelineartimere tting algorithm.In or-

derto robustly identify the subset®f the BVH, we introduce
two metrics:

Culling ef ciency metric: This metricprobabilisticallyes-
timatesthe culling ef ciency of a BVH or a sub-BVH in
termsof thenumberof ray intersectiortestsperformeddur-
ing theBVH traversal.This metricis basedn surface-area
heuristic(SAH) [GS81.

Restructuring bene t metric: This metricis a probabilis-
tic modelthatestimateshebene t of restructuringasubset
of theBVH in termsof improvedculling ef ciency.
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Figure 1: Exploding dragonbendimark: Threeimagesare

shownfrom a dynamic simulation of a bunny breaking a

dragon. This sceneconsistof 25X trianglesand undegoes
drastic topolagical changes. We useour algorithm to selec-
tively restructue an axis-alignedboundingbox (AABB)tree

during eadh frame Our ray tracingalgorithmbasedon selec-
tiverestructuringis ableto achieve 65%-1000%performance
improvemenbver prior ray tracingalgorithmsthatare based
on AABB-tees.

We presentsimpleandef cient algorithmsto computethese
metrics. Our selectve restructuringalgorithm traversesthe
BVH in atop-davn mannerndperformsincrementatestruc-
turing operationdasedn thesemetrics.

We demonstrateéhe bene ts of selectve restructuringfor
ray tracingdynamicscenesWe useanoptimizationapproach
thatreduceghetotal frametime, includingBVH restructuring
operationgndrayintersectiortestsduringBVH traversal We
have testedthe performancef our algorithmon awide range
of benchmarksgonsistingof tensor hundredsof thousands
of trianglesandvarying levels of dynamicbehaior. In prac-
tice, selectve restructuringakesa smallfraction of the over-
all frametime and can signi cantly improve the culling ef-
ciency of the BVH. We alsocomparethe performancewith
prior BVH-basedaytracingalgorithmsandobsere upto one
orderof magnitudeperformancemprovementon our bench-
marks.

As comparedo prior BVH-basedray tracing algorithms,
our approactoffersthefollowing bene ts:

1. Generality: Our algorithm works with various types of
BVHs and arbitrary deformationincluding topological
changesk-urthermorepuralgorithmcanbecombinedwith
otherhierarcly constructiormethods.

2. Formal models: Our approachs basedn two probabilis-
tic metricsthatquantify the culling ef ciency andrestruc-
turing bene t of BVHSs. As aresult,our dynamicBVH re-
structuringalgorithmworks well on differentkinds of dy-
namicmodels.

3. Complex models: The overheadof performingour selec-
tive restructuringoperationis relatively small. Also, our
BVH restructuringalgorithmscaleswell to large dynamic
models.

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

Figure 2: BART bendimark: This gure showsthreeim-

agesfromthewell knownBARTbhentimarkwith 16K triangles
([LAAMOT]). We useour selectiverestructuringalgorithmto

recomputehe AABB-treefor ray tracingthis model.\We com-
pare our algorithm with four prior approadcesand observe
11 2700%performancemprovemenbn this bendcimark.

Organization: The restof the paperis organizedasfollows:
Sec.2 givesa brief summaryof prior work on hierarcty up-
date methodsand ray tracing dynamic scenesWe give an
overview of our approactanddescribethe basicrestructuring
operationin Sec.3. We presenbur two metricsin Sec.4 and
usethemto formulatethe selectve BVH restructuringalgo-
rithm for ray tracingin Sec.5. We highlight the performance
ondifferentbenchmark Sec.6. Finally, we analyzetheper
formanceof our algorithmin Sec.7.

2. Relatedwork

In this sectionwe give abrief overview of priorwork onBVHs
aswell asthe re tting and restructuringalgorithmsfor ray
tracingdynamicscenes.

2.1. Bounding Volume Hierar 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], sphericakhells]KPLM98] anddis-

cretely orientedpolytopes(k-DOPs) [KHM 98], etc. Mary

hybrid combinationghat usemorethanoneBV in a hierar

chy or combinethemwith spatialpartitioningmethodshave

also beenproposed[LGLM99, SM04 Mary top-dovn and
bottom-uptechniqueshave beenproposedo constructthese
BVHs [LM03, TKH 05].

2.2. Hierar chiesfor Dynamic Scenes

The problem of building good hierarchiesfor dynamic
datasetdasbeenaddressed computergraphics,computa-
tional geometry and databasditerature.An excellentrecent
suney is givenin [Sam06. Theseincludespecializechierar
chieslike parametricR-treeand TPR-treefor time parametric
rectangler eldtr eesfor objectsundegoingrelatively little
motion.Most of the algorithmsin computergraphicsor inter-
active applicationausesimpleBVs suchassphere®r AABBs
andrecomputethe BVH. The simplestalgorithmsupdateor
ret eachBV andtake lineartime in the numberof nodesin
thetree[LAMOG6]. Many specializede tting algorithmshave
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alsobeenpresentedor boundeddeformationgJP04, morph-
ing objects[LAMO03a], andkinetic datastructure§ZWo06).

Therestructuringalgorithmsreconstructhe entireBVH or
asubsebf theBVH ateachframe[TKH 05]. However, prior
algorithmscanbe slow in practiceon large dynamicmodels
with hundredsof thousandsf primitives. Many techniques
have beenproposedto improve the performanceof the en-
tire tree constructionalgorithms[WKO06, HMS06, PGSS0§
detectthe quality degradationof BVHs and meshclusters
[Sam06 LAMO6, CHO4, or perform dynamic restructuring
for fracturingobjects{OCSGOT.

2.3. Ray Tracing and Intersection Computations

Spatial partitioning and BVHs have beenwidely usedto
accelerateray tracing and intersectioncomputationsnter
active ray tracing of dynamic sceneshas receved consid-
erable attentionin the last few years[LAAMO01, WBS03.
Theseinclude algorithmsthat combine BVHs with spatial
partitioning hierarchie{ GFW 06, HHS06 WMS06, WKO06]
or use a combinationof re tting or reconstructionalgo-
rithms [WBSO07, LYTMO06]. We compareour method with
prior BVH-basedray tracingmethodsn Section6.

3. Overview

In this sectionwe give anoverview of our approactandintro-
ducethenotationusedin the paper Our algorithmtakesinput
dynamicsceneaspolygonsoupmodelsanddoesnotassume
ary particulardeformation®ntheinputscenes.

Bounding Volume Hierar chies: Eachnodein aBVH hasa
boundingvolume (BV), which canbe usedfor ray intersec-
tion queriesTheleafnodesof aBVH containprimitives(e.g.,
triangles)containedn the BV of the node.ldeally, we would
like to computea tight tting BV for eachinternalnodethat
enclosesll theprimitiveswithin its descendantodesOural-
gorithmdoesnot make ary assumptionaboutthetypeof BV.
However, we assumethat the BVH represents layered hi-
erarchy [GNRZ0Z, wherea BV at aninternalnodeencloses
the BVs of its child nodes.For simplicity, we assumea bi-
nary BVH. However, our algorithmcanbe easilyextendedto
n-ary BVHs. Also, our approactdoesnot make ary assump-
tions aboutthe speci ¢ constructionalgorithmusedto parti-
tion the primitivesbelongingto the entireBVH or a subsef
theBVH.

Notation: For the restof the paper we usethe symboln to

denotea nodeand BV(n) to denotethe BV associatedvith

a noden. The term sub-BVH() denotesthe subtreethat is

rootedat n andincludesall the descendantsf n. We usethe
symbolfi to denotea nodethatis obtainedafterapplyingour
restructuringoperatiorto sub-BVH(). Let Left(n), Righ(n),

and Parert(n) denotethe left child, right child, and parent
nodeof n, respectiely, andnreq betherootnodeof theBVH.

Thesymboljnjiy; denoteshenumberof trianglescontainedn

sub-BVHM).

3.1. BVH Restructuring

The simplestalgorithmsfor dynamic BVHs are basedon
BV re tting. Theseare simple to implementand quite fast
due to their linear time complity. Moreover, re tting al-
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Figure 3: Performanceof DifferentMethods Theleft graph

showsthe relative total renderingtime of ray tracing break-
ing bunny and dragon modelsconsistingof 25X triangles
during 80 frames(Fig. 1). Our selectiverestructuring al-

gorithm showsmore than one order of magnitudeimprove-

mentover "BV-re tting only" methodand 6 timesimprove-

mentover completeBVH restructuringmethodoptimizedwith

surface-aeaheuristic(SAH).This performancamprovement
is achieved by selectivelyrestructuringsub-BVHsonly when
we canimprove the overall performanceof ray tracing The
right graphs showthe numberof intersectiontestsat each

frame;the insetin theright graph showszoomedview of the

graph. Our methodshowsmore than 20 timesimprovement
over"BV-re tting only" method.

gorithmsbasedon AABB treescan be an order of magni-
tudefasterthancompletereconstructiommlgorithmsfor AABB
trees[TKH 05, vdB97]. In practice,completereconstruction
algorithmscan take mary secondson modelswith 100K
50K triangles.

At the sametime, BVHs updatedby using BV re tting
methodsanhave poorculling ef ciency. Onesuchexampleis
shavn in Fig. 3, which shavs the numberof intersectiortests
perframeperformedduringray tracinga dynamicscenewith
breakingobjectsasshavn in Fig. 1. The numberof intersec-
tion testson the dynamicBVH computedusingthe re tting
algorithmis two ordersof magnitudehigher ascomparedo
that on the dynamicBVH computedusing completerecon-
struction.

In orderto overcometheseperformanceassueswe present
aselectve BVH restructuringalgorithmthatonly restructures
smallsubset®f theBVH thathavelow culling ef ciency. This
is demonstratedh Fig. 3, wherethe culling ef ciency of the
dynamicBVH computedby our algorithmis comparableo
that of the completereconstructioralgorithm.Moreover, the
time spentin restructuringoperationsby our selectve BVH
restructuringalgorithmis a fraction of thatspentby the com-
pletereconstructioralgorithm.

In orderto performrestructuringoperationspur algorithm
usestwo metrics,asmentionedn Sec.1. Thesemetricseval-
uate the culling efciency of a given sub-BVH as well as
the restructuringbene t, which measureghe improvement
in culling ef ciency dueto selectve restructuring Next, we
introducethe basicrestructuringoperationusedby our algo-
rithm.
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Figure 4: Basicrestructuring operation Our algorithm se-
lects a node pair (n1, np), whoseBVs overlap consider

ably (showon the left). Our restructuringopemations takes
the union of primitives containedin sub-BVH(n) and sub-
BVH(p), re-partitionsthe primitivesinto two newv nodes iy

and ri;, and recusively processthe sub-BVHsof the new

nodes.The compleity of this opefation is O(klogK), whee

K= jnijtri + jn2jtri- Thisis in contrastwith otherrestructuring
algorithmswheee k = jnajiri, whee na is thelowestcommon
ancestorof ny andnj.

3.2. Selectve Restructuring Operation

Our algorithm performsselectve restructuringoperationsn
an incrementalmanner Each operationevaluatesa pair of
nodesin the BVH, say(n1, ny), shown in Fig. 4. Thesecan
be ary two nodesof the BVH, aslong asoneof themis not
anancestoof anotherLet np bethelowestcommonancestor
of both of thesenodes Our algorithmcomputeghe extent of
overlapbetweerBV(n;) andBV(ny). If thereis ahigh degree
of overlapbetweertheseBVs, this nodepair is a goodcandi-
datefor restructuringoperation.This is basedon thefactthat
a high degreeof overlap betweenthe BVs canleadto poor
culling ef ciency.

In orderto performtherestructuringoperationwe useour
metrics to estimatethe culling efciency and restructuring
bene t of sub-BVH(1) and sub-BVH(,), beforeand after
therestructuringoperation Basedon thesemetrics,our algo-
rithm determinesvhethetrthis pairis agoodcandidatdor per
forming the restructuringoperation.If so, we take the union
of all the primitivesin sub-BVH(1) and sub-BVH,) and
re-partitionthe primitivesin thatunioninto newv nodesi; and
r2, asshavnin Fig. 4. ThereforetheBVs of new nodeswould
have considerablyessoverlap.

The major advantageof our selectve restructuringopera-
tionis thatit is localizedandonly asmallnumberof the prim-
itives are re-partitionedor re-groupedduring this operation.
For example,if werestructurea singlenodeandits sub-trego
minimize the overlapbetweerBV(n1) andBV(ny), thatnode
would be the commonancestorof n; andny (i.e. na). Since
the numberof primitives associatedvith sub-BVH({;) and
sub-BVH (np) canbe muchlower ascomparedo that with
sub-BVH (np), the costof our selectie restructuringopera-
tion is lower thanthatof reconstructingnly a singlenodeof
theBVH.

4. BVH Metrics

In this sectionwe introducetwo novel metricsthatareusedto
perform selectve restructuring First, we presentour culling
ef ciency metricthatmeasureshe expectednumberof inter
sectiontestsperformedduring ray tracing. Next, we present
therestructuringoene t metric,which estimatesheimprove-
mentin culling ef ciency dueto the restructuringoperation
describedn Section3.2 Thesemetricsare applicableto all
BVHs.

4.1. CostModel for Intersection Queries

An intersectionqueryis the basicgeometricoperationsper

formed during BVH traversal.In ray tracing there are two

typesof intersectiortestsray-BV andray-primitive tests The
traversal algorithm startsfrom the root node and performs
theseintersectiontestsin a recursve manner If thereis an
intersectiorwith anode,it recursvely checksfor intersection
with its children.Otherwise,t terminatesAt the leaf nodes,
the algorithm performsintersectiontestswith the primitives
(e.g. triangles).

We de ne the probabilistic cost model of intersection
qguery, CM-1Q, of a noden. CM-IQ measureshe expected
numberof intersectiortestsperformedduring anintersection
querythat startsat sub-BVH(), giventhatthereis aninter
sectionwith BV (n). We relatethis modelwith theculling ef -
cieng of sub-BVH({). 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 associatedwvith sub-
BVH(n). Also, let P(n) denotethe probability thata noden
will be accessedluring an intersectionquery Then, by the
de nition of intersectionquery describedabore, we cande-
ne C(n) in arecursve manneras:

8

< jnjtri Ceafs if nis aleafnode
C(n) = . 1+ P(Left(n)) C(Left(n))+
: P(Right(n)) C(Rigt(n)), otherwise,

@

whereCiezf is therelative costof performinganintersection
testwith aprimitive (e.g.atriangle)comparedo thecostof an
intersectiontestwith a BV. We includeCi4; to considerthe
costsof intersectiortestswith primitivesandBVs in onemet-
ric. Later, we will describea simplemethodto automatically

computeCieas -

In orderto computeCM-1Q for eachnode, we needto
computethe probability P(n), that a node n is accessed
given that its parent node Parert(n) is accessedduring
the intersectionquery This probability formulation is well
known in ray tracing literature as the surface-areéheuristic
(SAH) [GS87 MB90, Hav00, WHO06] andis de ned as:

P(n) = Area(n)

= AreqParert(n))’ )

whereArea(n) is thesurface-areaf theBV of thenoden. For
moregeneraintersectiomueriesbetweerthe BVs, we could
alsousethevolume-basedormulationproposedn [ YMO6].
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Figure 5: Accuracy of CM-IQ metric: This graph shows
valuesof our CM-1Q metric basedon surface-aea heuristic
(SAH)andthe numberof ray intersectiontestsobservediur-
ing raytracingof N-bodysimulationshownin Fig. 8. Although
theintersectiontestsare measued froma certainview point,
thereis strongcorrelation(0.85)betweerthem.Thisindicates
a high dggreeof accuracy of our CM-1Q metric.

Pleasenotethatour CM-1Q measureghe expectedhumber
of intersectiortestsgiventhataray intersectwith BV(nrogd),
theBYV of therootnodeof a BVH. To estimatethetotal num-
berof intersectiortestsperformedduringray tracingatanen-
tire frame,we needto multiply the CM-1Q valueby the num-
berof suchraysintersectingBV(nrogq)- Sincewe do notknow
thenumberof suchraysat aframe,we estimatet with thatof
the previous frame. For the sale of simplicity, we chooseto
omit this factorin the derivationsfor therestof thepaper

Cost Value DecompositionProperty: Supposehatthe BV
of anoden canbe decomposethto two virtual disjoint child
nodesa andb, i.e.,BV(a)\ BV(b) = ;. Then,thefollowing
equationholds,basedn conditionalprobability:

Areaa) Areab)
Area(n) Area(n)

We usethis propertyto explain a derivation of our restructur
ing bene t metriclater.

Evaluating CM-IQ: Thesimplestmethodto evaluateCM-1Q
is to recursvely apply Eqg. (1) to sub-BVH(). This method
assumedshatall the nodesof the sub-BVH rootedat noden
will beaccesseduringray-BV intersectiorqueriesHowever,
mary of thedescendamodeanaynotbeaccessedueto var
iousgeometridactorg(e.g.,visibility) duringaframe.In order
to ef ciently take this propertyinto accountwe useframe-to-
frame coherenceo estimatewhich nodeswould be accessed
in the currentframe basedon the nodesthat were accessed
duringthe previousframe.Eventually we evaluateour metric
only onthosenodes We associate time-stampvariablewith
eachnodeof the BVH andupdatethe variablefor the nodes
that are accessedWe have empirically veri ed the accurag
of CM-1Q metric by computinga linear correlationbetween
valuesof CM-1Q computedby our algorithmandthe number
of intersectiorntestsobsened during ray tracing.We obsene
ahighlinearcorrelationrangingfrom 0:7 to 0:9 in our bench-
marks.This is illustratedin a correlationgraphshavn in Fig.
5.

c(n) = C(a[ b) = C(a) + c(b): @3)

4.2. Restructuring Bene t Model

We now presentour restructuringbene t model for ray in-
tersectiomuery which predictsthe expectedmprovementin
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Figure 6: Classi cation of Owerlapping Regions This g-

ureillustratestheoverlappingregionsbetweerthe BVsof two
nodesn andf. Notethatn®, n , andn” are regionsthat be-
long to both BV (n) and BV (f), only BV (n), andonly BV (A),
respectively

culling ef ciency during restructuringoperationsWe de ne
restructuringbene t model of intersectiomueries,RM-1Q ,
to estimatethe bene t of performingthe restructuringopera-
tion on sub-BVH (n1) andsub-BVH (ny), given a nodepair,
(n1;n2). The restructuringoperationwould computea new
nodepair (riy;i2). The bene t is computedin termsof im-
proved culling ef ciency, i.e., reductionin the numberof in-
tersectiortestsLet R(ny; 1i1; np) representheexpectededuc-
tion in the numberof intersectiontestsdueto the new node,
1, andits sub-BVH. In the samemanney our restructuring
algorithmalsocomputesR(ny; rix; n1).

4.2.1. RM-1Q Formulation

Let DC(ny;r1; np) representhedifferenceC(ny) C(riy), in
the expectednumberof intersectiortestsbeforeandafterre-
structuring Thisis basedntheconditionthattherekuilt node
ry is accesseduringthetraversal.

Then,we represenR(ny;rz; ny) as:
R(ny;rig;n) = DC(Ng; rig; ng) P(riy): (4)

Our goalis to estimatethis termwithout explicitly computing
iy andits sub-BVH(ri1). We cannotexactly computeP(ri;), as
it requiresactuallyperformingtherestructuringoperationand
computingri; . Instead we simply usethe probability P(n;),
asanapproximatiorfor P(ri1).

4.2.2. Derivation of DC(ng;r1; ny)

In orderto estimateDC(ny; z; N2), we needto estimateC(riy),
which in turnsdependn BV(riy). To do that, let usdecom-
poseBV(ny) [ BV(riy) into threeregions: n§, n, , and n‘l“
thatbelongto both BV (n;) andBV (ri1), only to BV(n;), and
only to BV(ri1), respectiely (seeFig. 6). The superscripts,
, and + indicatethe areasthat are common,deleted,and
added respectiely, after restructuringthe noden to fi. Intu-
itively speakingthe culling ef ciency afterrestructuringwill
beimprovedastheregion of n; increasesindthe regionsof

n; decreases.

Giventhe decompositiorof BV(n;) [ BV(ri;), we derive
thefollowing equationpbtainedby expandingour costmodel
basedncostvaluedecompositiopropertyintroducedn Sec-
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tion4.1.1

C(m) C(ri) =C(nf[ ny) C(nf[ np)

- Ar;r(ii(:l; )C(nﬁ)+ Ar::rfc(rllrz )C(nl)
itn i+t
Area(ns) () Area(ny) cmty:

Area(n§ + ny) Area(n§ + ny)

®)

It follows that DC(ny;r1;np) increasesas the region corre-
spondingto n, increasesand nI decreasesHowever, the

region correspondingo n,; mainly dependson the overlap
region betweenBV(n;) and BV(n,). Moreover, we do not

know theseregions exactly without explicitly computingriy

andBV(ri1). We presenta simpleandef cient approximation
methodto computeDC(ns; ri1; np) without actually comput-
ing ;. Themainobsenationbehindour approximatioris the

propertythatthe overlapregion betweerntwo BVs is likely to

bereducedafterarestructuringoperation.

4.3. Approximation of DC(n1;i1;n2)

In order to approximatethe difference,DC(ny;r1;ny), we
male thefollowing threeassumptions:

Complete Removal of BV Overlap: Theimprovementin
culling efciency after restructuringwill increaseas re-
gion n,; increasesand region nI decreasesccordingto
Eq. (5). If thereis considerableoverlap betweenBV(n1)
and BV(ny), that overlap can be reducedby restructuring
the two nodesandall the primitivescontainedn sub-BVH
(n1) and sub-BVH(y). Therefore,it is likely that the re-
gionn, would increasevhenthe overlapbetweerBV(n;)
andBV(ny) is higher We assumeéhatary reasonableescon-
structionmethodwill reducemostof theoverlappingregion
by restructuringorimitivesassociateavith two overlapping
nodes.Particularly, we assumethat the entire overlapping
regionwill beeliminated For example,if we useAABB as
BVs, half of the surfaceareasof facesof the overlapping
region, exceptfor facesparallelto the dividing plane,will
be reducedrom Area(n;). Let Area(n}) denotethe extent
of suchareducedarea.

Ignoring ny : We assumehatthe reconstructioralgorithm
will construchew BVs suchthatthey minimizethisregion.
Therefore,we do not take the region of nI into account
during our approximationThe BV exampleshavn in Fig.
4 alsodoesnotintroducen; nornj afterrestructuring.
Linear Approximation: In orderto approximatethe dif-
ferencesn theculling ef ciency shavnin Eq. (5), we need
to computeC(n§). We assumehatthe geometrigorimitives
areuniformly distributedin BV (n1). Then,we linearly ap-
proximateC(n§) basedon the ratio of surfaceareasof re-
gion of n§ to thatof BV(n;). Therefore C(n§) canbe ap-

. Area(n®
proximatedas A:EZ((ES C(m).

Basedon theseassumptionsPC(ny;iy;ny) canbe approxi-
matedas:

Cn) C(R) Cm) C() Cln) reehc(m)
Arean}) .
() Areg( ni) ’

©)

To verify the accurayg of theseapproximationswe mea-
suredhow muchthe obsenedcostvaluesdeviatefrom the ex-
pectedtcostvaluesin termsof surfacearea®of BVs. 80%o0f ob-
senedvaluesarewithin 25%of theexpectedvalue.Moreover,
thestandardleviationsof ratiosof those80%obseredvalues
to the expectedvaluesarewithin 0:08 acrossour benchmarks.
Therefore the expectedvaluesarevery closeto the obsened
valueson average.However, in the other20% obsenred val-
ues,our simpleapproximationcanresultin signi cant errors
dependingdn con gurations.In theworstcasesthe obsened
valuesweretwo timesbiggerthanthe expectedvalues.

Final RM-1Q: After substitutingall the equationsinto our
RM-IQ formulationshowvn in Eq. (4), we obtainthe follow-
ing approximatiorof our restructuringmetric, RM-1Q:

Area(n})
Area(np)

Our restructuringalgorithm reconstructswo nodes,n; and
ny, andtheir sub-BVHsonly if R(ng;ri;n2) + R(ny;riz; ng)

is larger than the restructuring cost, frepiiig(ny;ng), of
sub-BVH (n1) and sub-BVH (ny). The restructuringcost,
fretita(N1; N2), canbecomputedasednthenumberof trian-
glesassociatedvith thosetwo sub-BVHs.Typically, thetime
complity of a reconstructiormethodis O(klogk). There-
fore, fremild(N1;N2) = Cremila  (Klogk), wherek = (jngjeri +

iN2jtri)- Crenuild is @machine-dependenbnstanusedin esti-
matingthe costof thereconstructioralgorithm.

R(n;riing) = C(ny) P(ny): ™

5. Ray Tracing with Selective Restructuring

In this sectionwe presenbur algorithmto ef ciently restruc-
ture BVHs for ray tracingdynamicscenesAlso, we explain

how this selectve restructuringalgorithmis combinedto per

form raytracing.

5.1. Overall Selectve Restructuring Algorithm

The selectve 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 performselectve restructuringopera-
tions.OuralgorithmtraversegheBVH anddetectsub-BVHs
whose culling ef ciency can be improved by restructuring
them.The maingoal of 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 are candidatedor our basicrestructuringoper
ations.Eachpair, (n1, np), is associatedvith two values:1)
therestructuringcostof sub-BVH(n1) andsub-BVH{,); and
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2) the RM-1Q valueshavn in Eq. (7). Our overall algorithm
proceedsn two phaseshierarchicake nementphaseandre-
structuringphaseasshavn in Alg. 1. Next, we describesach
of themin moredetail.

5.2. Hierar chical Re nement Phase

Our algorithm performsthe basicrestructuringoperationde-
ned in Section3.2 The algorithmstartswith selectingtwo
nodeswhoseBVs have a high degreeof overlap.However, if
therearem differentBV nodesin a BVH, a nave approach
would needto checkO(mZ) nodepairsto detectall the over
lapsbetweerthe BVs. Insteadwe traverseaninput BVH in a
top-davn mannerand performhierarchicalculling to reduce
the numberof pairsto be checledfor overlaptests.Themain
motivation of hierarchicalculling arisesfrom the following
property:if thereis no overlapbetweerthe BVs of two nodes,
thereis no overlapbetweerBVs of their descendantodes.

Re nement: We startwith aninitial pairwith thetwo children
of nroat. We alsomaintaina queueof pair nodescalled pair-
queue which senes as a computationfront during the top-
down BVH traversal.We initialize the queuewith the initial
pair. Thealgorithmproceedsy extractinga pair, say(nz;nz)
from the pairqueue,and checkingfor overlap betweenthe
BVs of the two nodes Basedon the overlap,we evaluatethe
RM-IQ metricfor eachnodeanddeterminewhetherthat pair
is agoodcandidateo performour restructuringoperation.

If thereis no overlap betweenBV(n;) and BV(ny), it
is guaranteedhat thereis no overlap betweenthe BVs of
ary node in sub-BVH{;) and the BVs of ary node in
sub-BVH{,). Therefore,we do not needto considerary
such pairs for the restructuringoperation. However, there
can be overlap betweentwo children nodesof n; or the
two childrennodesof ny. Therefore we addtwo new pairs,
(Left(ny);Right(ny)) and (Left(ny);Right(ny)) to the pair-
queue.ln otherwords,the pair (ny;ny) is re ned into those
two pairs.On the otherhand,if thereis overlapbetweerBVs
of two nodesof apair(ny; ny), this pairis apossiblecandidate
for restructuringoperation.Therefore we alsoperforma re-
nement operatiorto furtherlocalizethe overlappingareabe-
tweenBV(n;) andBV (ny). We comparethe volumesof both
the BVs andselectthe nodewith the larger volume, say n;.
Were ne thisnodewith its children,andcreatewo new pairs,
(Left(ny);nz)) and(Right(n1);ny). At thesametime,we also
addanotherpair (Left(ny); Righ(ny)) to thepair-queue.

Stopping Criteria: Thereis acostassociatedvith re ning the
nodepairsandevaluatingtheRM-1Q metricfor thenodepairs.
Let Crefine representhe costof re ning a pair. Were ne a
pairwhenit is likely thatre nementcouldresultin improving
the overall performance Speci cally, we re ne a pair if its
restructuringoene tis atleastbiggerthanthere nementcost.
We de ne the re nementcostof a pair asa function of the
numberof nodesn the queuesincewe have to processll the
pairsin thequeuebeforewe processhere ned pairs.

Propagation: Whenwe apply the basicrestructuringopera-
tion to two nodesof a pair, theoverlapbetweerthe BVs of the
nodescanbereducedMoreover, restructuringary of thean-
cestornodesof thosetwo nodescan reducethe overlaptoo.
However, when we evaluaterestructuringbene t only with
thoseancestonodeswe cannofforeseesuchbene twith their
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Algorithm 1 Selectve RestructuringAlgorithm
1: // Hierar chical Re nement Phase

2: PairQ (Left(nroa), Right(nroq)) // Addinitial pairto the
queue
3

. while (! PairQ.empty()) do
. Pair  PairQ.front();
5. EvaluateRM-IQ(Pair); // EvaluateRM-IQ basedon the
overlap
6: /I Checkwhetherrestructuringoene t of a pairis largerthan
there ning cost
if (WorthRe ne(Rair)) then
PairQ Re ne (Pair);
endif
Propagte(Pair); // PropagiteRM-IQ valueof Pair to pairs,
which arere ned to Pair
11: endwhile
12: // Restructuring Phase
13: PairH  All createdairs // Add thecreatedpairsto the pair
heap
14: while (! PairH.empty()) do

N

Q© XN

1

15:  Pair  PairH.front();

16: /I Restructureébene t shouldbe larger thanthe restructuring
cost

17:  if (WorthReluild (Pair)) then

18: (ng;np)  Pair

19: RestructureWoSubBVHSs (ny;ny); // Describedin

Sec.3.2
20: endif
21: endwhile

descendamodesTo addresshisissue therestructuringpen-
et of apair p; shouldbe recursvely propagtedandadded
to the RM-IQ valueassociatedvith a pair, whichwasre ned

to pz1. Also, this informationis recursvely propagtedto the
very rst pair (Left(nroa); Right(nroa)) - Thisis becausee-
structuringtwo child nodesof the root node canreduceall

the overlapsbetweerary nodesof the BVH. We performthe
propagtion right after the re nementoperation,asshavn in

Line 100of Alg. 1.

5.3. Restructuring Phase

In the hierarchicalphasewe computedherestructuringoen-
e t of pairsin top-dovn mannerTo maximizethe overall per
formanceof ray tracingdynamicscenesye restructurepairs
with higherrestructurdene tsin agreedymannerin orderto
performthis computationwe startthe restructuringohaseby
puttingall the pairscreatedsofar into a pair-heap wherethe
pairsaresortedbasedn differencebetweertherestructuring
bene t and the restructuringcost associatedvith eachpair.
As we fetcha pair from the pair-heap we restructureghe two
sub-BVHsassociatewvith the pairwheneertherestructuring
bene tis largerthantherestructuringcost.

Partitioning Plane: Ourgoalin performingrestructuringop-
erationsis to reducethe overlap betweenBVs of two nodes
of a pair. To achieve this goal, we needto computea parti-
tioning planethat will re-partitiontrianglesassociatedvith
two nodesand their sub-BVHs.Supposehat we restructure
two nodesn; andn, of a pair. Also, supposéhatn; andn,
aredescendamodesf Left(na) andRight(na), respectiely,
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Figure 7: Cloth simulation bendymark: Three image se-
guencesire shownamong80framedroma dynamicsequence
of a cloth twisting arounda ball. This sceneconsistsof 92K
triangles.We compaetheperformancef differentraytracing
algorithmson this scene TheBVH createdfor the r stframe
workswell for the restof the frameswith simpleBV re tting
method.Theefore, "BV re tting only" methodshowsthe best
performanceHowever, evenin this case our algorithmshows
only 4% worse performanceover the re tting algorithmand
more than threetimesimprovementover the completerecon-
structionalgorithm.

whereny is thelowestcommonancestoof ny andn,. We set
the partitioning planeto passthe centroidof the overlapping
areabetweenBV (Left(na)) andBV(Right(na)) andthenor-
mal of the planeis parallelto a directionthathaslongestex-
tent of BV(na). The main reasonthat the partitioning plane
is computedbasedon BV (na), notbasedon the local overlap
betweerBV(n;) andBV (ny), is to minimizeor avoid ary BV
overlapbetweerary ancestonodesof n; andn,. Pleasenote
thattheseancestonodeswerepartitionedto reducethe over-
lap betweenBV (Left(na)) and BV (Righ(na)). We obsere
thatour heuristicto computea partitioningplaneworks well
in our benchmarks.

5.4. Ray Tracing

Oncewe computea BVH for the dynamic datasetat each
frame,we run BVH-basedray tracingalgorithmandperform
rayintersectiorgqueriesBVH-baseday tracingmethodshave

beenrecentlyusedfor interactize ray tracing of dynamicor

deformablemodels.This is dueto thefactthatit is relatively

inexpensve to updatea BVH ascomparedo a kd-tree,which

works better for static scenegLYTM06, WBS07. We fur-

therimprove theperformancef BVH-basedaytracingbased
on our selectve restructuringalgorithm.We useaxis-aligned
boundingbox (AABB) asa BV dueto its simplicity andem-
ploy a surface-aredeuristic[WHO06] within our basicselec-
tive restructuringoperations.

The simplestalgorithmsshoota ray correspondingo each
pixel andperformray-AABB intersectiomueriesduringtree
traversal At eachintersectionthealgorithmmayspinoff sec-
ondaryrays, including shadev raysandre ection rays. The
overall performanceof ray tracing algorithmis governedby
boththerestructuringime andtreetraversaltime.

In orderto achieve betterperformanceor ray tracing,we
further specializethe RM-1Q metric. For example,a rehuilt

nodef canbe usedfor mary framesbeforeit will be retuilt

again. Therefore,it is likely that the culling efciency im-

provementof i canbeobsenedfor mary framesWetake this

factorinto accountby introducingthe notionof life time of all

nodesn theBVH. This expectedife timeis simply computed
asanaveragdife time of all nodesby consideringhe number
of rekuilt nodesand the numberof nodesin the BVH from

the rst frameto the currentframe.Sinceit is likely thatwe
getahigherrestructuringoene t on sub-BVHsby restructur
ing themasthe expectedife time is gettinglonger we simply
multiply our nal RM-IQ modelshavnin Eq.(7) by thevalue
of expectedife time.

6. Implementation and Results

In thissectionwe describeourimplementatiorandtheperfor

mancemprovementfor ray tracingdynamicscenesisingour
algorithm. We highlight its performanceon differentbench-
marksandalsocomparet with prior restructuringnethodsas
well asray tracingalgorithms.

6.1. Implementation

We have implementedur algorithmon a Intel Pentium4 mo-
bile laptopmachinewith a2.1GhzCPUand2GB mainmem-
ory. All the timing datacollectedin this paperis basedon a
single-threadednplementationWe useAABB astheBV and
implementedcan AABB-basedray traceron dynamicmodels,
asdescribedn Sec.5.4.

Machine-speci c constants:Theperformancef ourselected
restructuringalgorithm dependson machine-dependerion-
stantsThesencludethecostof reconstructing sub-BVH(n)
(Cremiita(n)), the costof performingan intersectiontestwith
a leaf nodevs. the intersectiontestwith a BV, i.e. Cjgat =
(g};/_tx)i%gé?:ttggggégggg), andthecostof re ning apair
of nodesperformedduring selectve restructuring(Crefine)-
We alsomeasureefine andCrep,ilg astherelative costto the
costof ray-AABB intersectiorcost;thereforeall our metrics
usingtheseconstantsarecomparedn the sameunit. \We auto-
maticallycomputethesecostsby runningthoseroutinesa few
timeswithout ary manualinterventionduring the ray tracing
systems initialization. Then, we usetheir averagevaluesin
our algorithm. Oncetheseconstantsare computedon a ma-
chine,theseconstantareusedfor all dynamicscenesvithout
ary modi cation.

Lazy computations: Many interactve algorithmsusea lazy
strat@y to constructa hierarcly [LAMO6]. Thesealgorithms
only constructa nodeof atreeif thatnodeis neededo per

form anintersectiortestduringthetraversal.Our selectve re-

structuringoperationon the pair (ny; np) alsoreconstructshe
nodeswithin sub-BVH{;) andsub-BVH(,) in alazy man-
ner Thenew descendantsf ri; andri, arecomputedn alazy
manneronly if they are neededo performintersectiontests
duringthetraversal.

Benchmarks: In orderto testthe performanceof our algo-
rithm, we usedthreetypesof dynamicscenesThesenclude:

Deformable models: Modelsundegoing non-rigid defor
mation.Thistypeof modelsis representetly ourclothsim-
ulation (with 92K) triangles,shavn in Fig. 7.
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Model Triangles | Numberof Image
(K) Frames
Explodingdragon 252 100 Fig. 1
N-bodysimulation 146 130 Fig. 8
Cloth simulation 92 80 Fig. 7
BART benchmark 16 40 Fig. 2

Table1: DynamicBendchmark Models: Thistable showsthe
compleity of the bendymarksand the numberof framesused
in our timing computations.

N-body simulations: Theseconsistof multiple moving ob-

jects.Eachobjectmay undego arigid or deformablemo-

tion andthe objectscollide with eachotherandtheground.
We usea simulationof hundredof moving ballswith 146K
triangles(Fig. 8).

Breaking objects: In thesebenchmarkspne or more ob-

jectsbreakinto smallerpieced(i.e. explosions)andthereby
changetheir topologies.Theseare someof the mostchal-
lengingdynamicscenesWe alsousethewell-knovn BART

benchmarkwith 16K triangles(Fig. 2) andan "Exploding
dragon"benchmarkwhereabunry collideswith thedragon
modelandbreakghedragoninto numerougpiecegFig. 1).

This modelhasmorethan250K trianglesandis achalleng-
ing benchmarkor mary prior algorithms.

All of thesemodelshave differentcharacteristicand model
compleity. As a result,they provide a good suite of bench-
marksto testthe performanceof our algorithm.Detail infor-
mationabouteachbenchmarks shavn in Table1.

6.2. Performance Comparison

We comparethe performanceof our selectve restructuring
basedray tracingalgorithmwith prior ray tracingalgorithms
that usedynamicBVHSs. Speci cally, we have comparedhe
performancevith four prior approaches:

BV re tting only: In this casethe dynamicBVH is com-

putedby re tting all the BVs in the treein a lazy man-

ner This is the cheapestlgorithm for recomputinga dy-

namic BVH and has beenusedfor ray tracing dynamic
scene§WBSO07. Its performancestrongly dependsn an

initially built BVH andcandrasticallydegradeon models
with changingtopologies.

Complete reconstruction: This algorithm reconstructsaa

new BVH duringeachframeusingO(klogk) computations.
Its performanceslows down on large modelsdue to the

compleity of thealgorithms.

RT-Deform: Thisis a hybrid re tting/reconstructionalgo-

rithm [LYTMO6]. By default, this algorithmonly re ts the

BVs during eachframe.However, it usesa simple heuris-
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 the frametime.

LM-r econstruction algorithm: [LAMO6] proposea re-

structuringalgorithmthat only reconstructa subsebf the

BVH. This algorithm was initially designedfor collision

detectionbetweentwo objects.However, becausehe core
of the algorithmis focusedon detectingBVH degradation
andlocalizing reconstructionthe sameapproachcanalso
be usedto computea dynamicBVH for ray tracing. We
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LM- |RT-DEFORMREe tting [CompleteBVH

algorithnm] algorithm only |Reconstructio
Explodingdragon| 2:16 1:65 11 85
N-bodysimulation) 1:36 1:25 > 80 1.81
Cloth simulation 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 approadtes: This table showsthe speedupobtained
by our ray tracing algorithm over prior approacesin terms
of the total ray tracingtime We use512 512 image reso-
lution and singleray per pixel. All the restructuringopea-

tions are basedon SAH-basedonstructionmethod.Our se-
lectiverestructuringalgorithmyieldsimprovemenbver prior

algorithmson differentbendmarks exceptfor thecloth simu-
lation bendimarkwhete "re tting only" methodoutperforms
our method.In the cloth bendimark, an initial BVH at the
r stframeis built with almostuniformly spreadtrianglesand
worksquitewell for therestof frameswith BV re tting method
(seeour accompanyingideo).However, evenin this case our

methodshowsonly 4% lower performanceover BV re tting

method.

have implementedheir metricfor detectingBVH degrada-
tion. In orderto emplgy their method we traversethe BVH

in atop-davn mannemvhile evaluatingeachnodewith their
metric.If themetricsuggestse-constructiorof anode,we
reconstruct sub-treeof the node.Finally, we usethe dy-

namicallycomputedBVH to performray intersections.

Also, we employ thelazy constructiorfor thetestedmethods
to performfair comparisonith our selectve restructuring
method,which also useslazy construction.Table 2 summa-
rizestheperformancémprovementof our selectve restructur

ing methodcomparedo othertestedmethodswith our bench-
marks.

It is relatively simple to compareand contrastthe per
formance of our algorithm with re tting only and com-
plete reconstructionOn the otherhand,it is harderto iden-
tify the caseswhere RT-DEFORM or LM-restructuringal-
gorithmsmay or may not work well. The metricin the LM-
reconstructioralgorithmis de ned astheratio of the volume
of anodeto the sumof thevolumesof its childrennodes This
is asimpleheuristicto measurehe extentof overlapbetween
thechildrennodes[LAMO06] rekuilds a sub-BVHif thecom-
putedmetricis lessthana certainthreshold The metricin the
RT-DEFORM algorithmis similar to the metric usedby the
LM-reconstructioralgorithm,exceptit is basednthesurface
areaof BVs. The RT-DEFORMalgorithmaccumulatesll the
ratiosof thenodesupto therootnodeof theBVH. If theaccu-
mulatedratio is bigger thana certainthresholdthe algorithm
performscompletereconstructionln someways,the metrics
usedin LM-reconstructionand RT-DEFORM algorithm are
oppositein natureandwe obsene their relative performance
in Table 2. On the otherhand,our selectve restructuringal-
gorithm always outperformsboth of thesealgorithmsin our
benchmarks.

Robustness: One of the main featuresof our selectve re-
structuringalgorithmis thatit offers consistenperformance
improvementacrossvariousbenchmarksith differentchar
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Figure 8: N-body Simulation Benchmark: Two images are
shownamong 130 dynamicsequencesf the bouncingball

bendimark consistingof 146K triangles. We use our selec-
tiverestructuringalgorithmto improvetheperformancefray
tracing this dynamicscene We are able to achieve near two
orders of magnitudeimprovementon the performanceof ray
tracingover "BV re tting only" methodon this model.

acteristics At the sametime, our algorithmdoesnot exhibit
ary majorslovdown comparedo prior approachesxceptfor
4% slowdown on onebenchmarkwvith respecto the're tting
only" method Overall,ourapproaclofferssigni cant orcom-
parableperformanceamprovementover othermethodsin ray
tracingdynamicscenesThis makesit usefulfor ray tracinga
wide classof dynamicscenes.

7. Analysisand Limitations

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

7.1. Analysis

Overhead of our algorithm: Our selectve restructuringal-

gorithm hasrelatively small overheadas comparedtio com-
plete reconstructionOur algorithm involves computationof

overlapbetweerthe BVs andevaluationof two metrics,CM-

1Q and RM-1Q. Eachof thesemetricscanbe evaluatedin a
few operationsespeciallyfor simpleBVs suchasspheresand
AABBs. Our selectve restructuringalgorithmcomputes set
of pairs,which arepotentialcandidate$or restructuringpper

ationby traversingtheBVH in atop-dovn mannerDuringre-
nement of a pair, we take into accounthere nementcostas
well asits expectedrestructuringbene t. We alsofound that
the time spentin our selectve restructuringalgorithm takes
about0:1%-1%of total ray tracingframetime in our bench-
marks.Thislow overheads mainly dueto thefactthatourse-
lective restructuringalgorithmconsidersa smallnumber(e.g.,
200to 1000pairs)of pairsfor restructuringoperationsateach
frame.

Restructuring time vs. model complexity: We measureahe
time spentin therestructuringalgorithmandrestructuringop-
erationsas we increasethe scenecompleity in an N-body
benchmarkof atomsand electronsshavn in Fig. 10. In this
modelonly a small portion of 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
modelcompleity. We measue this time in the bendymarkin-
volvingmultiplesphees(Fig. 10), where a smallsubsebf ge-
ometricprimitivesis moving. Our selectiverestructuringalgo-
rithm exhibitsalmostlinear growthrateasa functionof model
compleity. Ontheotherhand,otherrestructuringalgorithms
sud as LM-reconstructiorand completereconstructiortake
consideably more time

Figure 10: N-bodysimulation with restrictedmotion: In this
bentimark,onlya smallsubsebfthegeometrigprimitivesare
moving. Our algorithmis able to captule theselocalizedbe-
havior and performsrelativelyfew selectiverestructuringop-
erations.Theefore, our selectivealgorithmis ableto achieve
betterperformancehanothermethodssshownin Fig. 9.

completerestructuringandLM-method.Thistestalsodemon-
stratesthat our methodidenti es smallersubsetdor the re-

structuringoperationand, thus, hasbetterperformanceover

LM-reconstructionalgorithm. This is dueto the factthatwe

perform selectve restructuringoperationsat lower levels of

theBVH (asshavn in Fig. 4), whereaghe LM-reconstruction
algorithm may recomputethe sub-BVH rootedat the lowest
commonancestoof thetwo nodes.

Lazy construction: We uselazy constructionmethodgiven
our selectve restructuringechnique sincethe lazy construc-
tion methodcan further reducethe constructiontime, espe-
cially for large models.If we do not employ the lazy con-
structionmethodin our selectve restructuringnethod our se-
lective restructuringwill trigger restructuringoperationdess
frequentlysincerestructuringoperationscanbe more expen-
sive. Moreover, in anon-lazyconstructiorframenork, our se-
lective restructuringalgorithmis likely to offer betterperfor

mancecomparedo othermethodsncluding completerecon-
struction,RT-Deform, and LM-reconstructionwhich will be
muchmoreexpensve, especiallyon large models.

Comparison with kd-tr eebasedray tracer: In staticmod-
els,thebestperformanc®f raytracinghasbeenmachiezedwith
kd-trees[RSHO5 WSBO01 Hav0(Q]. BVH-baseddynamicray
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tracers,however, have also shavn comparableperformance
to that of kd-tree basedray tracers[WBS07, LYTMO06] or
even better performancein GPU [TS09. Sinceincremental
updatemethoddike BV-re tting arenotreadily applicableto
kd-trees,the resultingray tracersreconstrucia kd-treefrom
scratchevery time the modelundegoesary changesr mo-
tion. To moreefciently dealwith dynamicmodels,several
fastkd-treeconstructiormethodshave beenrecentlyproposed
[HMS06, PGSSO# It is expectedhat,in smalldynamicmod-
els, kd-treebaseday tracerswith thesefastkd-treeconstruc-
tion methodsnayexhibit betterperformancehanBVH-based
ray tracers However, sincetime compleity is still O(klogk),
wherek is the numberof primitivesin a hierarcly, construct-
ing thekd-treescanbecomeamajorbottleneckin termsof ray
tracinglargedynamicmodels.

Extensionto parallel ray tracer: Ourcurrentselectve algo-
rithm proceedsn a serial manner Given its small overhead
amongthetotal ray tracingframetime, it maybeunnecessary
to make ourselectve algorithmrunin aparallelmannerHow-
ever, restructuringoperationgperformedduring our selectve
algorithm can be performedin a parallelmanner Moreover,
sincetheserestructuringoperationsarechosensuchthatthey
do not modify the sameregion of the BVHs, theseoperations
canbe performedin a parallelmannemwithout ary expensve
synchronizationand can be performedin an asynchronous
manner[IWP07]. Also, BV-re tting and our metric evalua-
tionsastheinitial stepof ouralgorithmcanbeperformedn a
parallelmanner

7.2. Bene ts and Limitations

Ouralgorithmworkswell onourbenchmarksAs comparedo
prior approachefor computingdynamicBVHSs, our selectve
restructuringalgorithmhasthreemajoradwvantages:

1. Selectve Restructuring: Ouralgorithmdetectsmallsub-
setsof BVHs andrestructureshemto improve the culling
efciency. Prior approachesehuild the entire BVH or a
sub-BVH,or performmoreglobalrestructuring.

2. Quanti cation of Restructuring Bene ts: We derive two
new metricsfor BVHSs that quantify the culling ef ciency
in termsof intersectiontests,as well asthe expectedre-
structuringbene t of performinga selectve restructuring
operation.Thesemetrics could also be useful for other
BVH-basedcomputationgndapplications.

3. Broad application: Our selectve restructuringalgorithm
can work well with various kinds of dynamic datasets.
This is in contrastwith otheralgorithmsthat use heuris-
tics which may not work well in somecasesasshownn in
Table2.

Limitation: Our approactalsohasa few limitations. First of
all, our metrics,CM-IQ andRM-1Q, areprobabilisticmodels
that estimatethe culling ef ciency andrestructuringbene t,
respectiely. Therefore thereis no guaranteahat our algo-
rithm would always improve the performanceof ray tracing
on all benchmarksSecondlythe selectve restructuringalgo-
rithm hassomeoverheadlf the BV re tting only algorithm
offers the optimum performancefor an application,thenthe
overheadf selectve restructuringalgorithmcouldslow down
the application,as obsered in the cloth simulation bench-
mark. Finally, our approachis rathergeneraland makes no
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assumptioraboutobjectsmotion. In somecasesjt may be
possibleto develop fasteralgorithmsthat take into account
the characteristicof the underlyingapplication.Thesemay
includeselectverestructuringalgorithmsfor cloth simulation,
FEM simulationor fracture[ OCSGOT.

8. Conclusionand Futur e Work

We presented novel selectve restructuringalgorithmto ef -
ciently re-computedynamicBVHs. Our formulationis based
on two metrics,CM-IQ and RM-1Q. We alsodescribedef -
cient formulationsto computethesemetricsand appliedthe
selectve restructuringoperationsin an incrementalmanner
to improve BVH culling ef ciency. As comparedo prior re-
structuringalgorithms,our approachthaslower overheadand
resultsin fewer falsepositive tests.We usedour algorithmto
improve the performanceof ray tracing algorithmsand ob-
senedtheperformancémprovementover prior methodsOne
of themajorbene tsof ourapproacths thatit is applicableto
abroadrangeof dynamicscenes.

Therearemary avenuedor future work. We would like to
useour algorithm for other applications,including collision
detectionand visibility computationson comple, dynamic
sceneslt would be usefulto testthe performanceof our al-
gorithm on otherBVH hierarchiesjncluding spheretreesor
OBB treesMary applicationsalsousehybrid combinationof
BVHs andspatialpartitioninghierarchiesandwe would like
to extendour selectve restructuringalgorithmto suchhybrid
combinationsFinally, it may be possibleto furtherimprove
theperformancef ouralgorithmby takinginto accounsome
of the characteristicef thedeformingmodels.
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