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Figure 1: Exampleimagesfrom animationsray tracedin realtime From left to right: HAND, BEN, CHICKEN, Cow, and DOLPHIN.
Thecolor encodesepantedclustes generatedby our motiondecompositiorlgorithm. All animationscombine e xible non-afne body
motionfromskinning and otherdeformationsThey canberay tracedwith 5 to 15 framesper secondat 1024 on a singleCPU.

Abstract

Thoughray tracing has recentlybecomeinteractive its high precomputatiortime for building spatial indices
usuallylimits its applicationsto walkthroughsof static scenesThis is a major limitation, as mostapplications
demandsupportfor dynamicallyanimatedmodelsin this paper wepresenta new approad to ray tracea special
but importantclassof dynamicscenesnamelymodelsvhoseconnectivitydoesnot change overtimeandfor which

thespaceof all possibleposeds knownin advance

We supportthesekinds of modelsby introducingtwo new concepts:primary motion decompositionand fuzzy
kd-trees We analyzethe spaceof posesand breakthe modeldowninto submeshewith similar motion.For eat

of thesesubmeshesand for every time step,we calculatea bestaf ne transformationthrough a least squae

approad. Anyresidualmotionis thencaptuedin a single“fuzzy kd-tree” for the entire animation.

Together thesetechniquesallow for ray tracinganimationswithout retuilding the spatialindex structuesfor the
submeshesesultingin interactiveframeratesof 5 to 15 fpsevenon a single CPU.

CatagyoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.7[ComputerGraphics]Raytracingl.3.6 [Method-
ology andTechniques]Graphicsdatastructuresanddatatypes

1. Intr oduction and Related Work tially the domainof rasterizatiorhardware dueto its sup-
portfor immediatemoderenderingandits stronghardware-
acceleratione. g. for vertex shadersRay tracing, rst dis-
coveredby Appel et al. [App68, on the otherhandis well
known for its high renderingquality but wasin the pastcon-
sideredastoo slow for realtime3D applications However,
in recentyearsnumerouspublicationsreportedinteractive
or even realtime renderingframe rates[Muu95 PMS 99,
On the other hand, mary renderingapplicationsrequire WSBWO1, RSHOS.
dynamically changingsceneswhich is not yet well sup-
portedin realtimeray tracingapproachedn this paperwe
focusonanimportantsubsebf dynamicscenesparticularly
whereall posesof a dynamicobjectareknown in advance
andthe meshconnectity is constanticrosgheanimation.

With recentimprovementsin PC hardware and ray trac-
ing technology ray tracing has nally becomeinteractie.
Even realtime frame ratesfor full-screenimageshave re-
cently beenreportedon a single CPU [RSH0J for non-
trivial sceneswith millions of triangles.Neverthelessmost
technique®nly supportstaticwalk-throughapplications.

However, in orderto achieve good ray tracing perfor
manceit is necessaryo make useof spatialindex structures
thatyield sublinearrenderingcompleity in the numberof
primitives. Many different data structuresfor accelerating
ray tracinghave beenproposedncluding,amongothersoc-
Right know, realtime renderingof animationsis essen- trees[Gla84 Arv88], boundingvolumehierarchiegRW80],
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grids[CWBV83, AW87], ray classi cation[AK87], binary
spacepartitioning[FKN80], andkd-treeqJan86SF9Q.

In particularkd-treesbuilt with heuristicsto minimizethe
expectedtraversal cost— such as the surface areaheuris-
tic (SAH) [MB89] — have shavn to work very well. Even
though some variationsin scenesremain, extensie sta-
tistical comparisonshave shavn that in generalkd-trees
perform best or are at least highly competitve with the
bestone [HPPOQ. As a result, most realtime ray trac-
ing systemstoday use kd-treesincluding CPU-basedsys-
tems[Wal04, RSHOg, ray tracing hardware [WSS03, and
GPU-baseday tracerd FS03.

Apart from optimized accelerationstructuresand hard-
ware impraovements recentrenderingspeedimprovements
are also achieved due to the usageof SIMD extensions
like SSEor Altivecto parallelizetraversal,intersectionand
shadingoperations]WSBWO01. Recently Multilevel Ray
Tracing(MLRT) with inversefrustumculling traversal and
kd-tree entry-point search[RSHO9 allows to further im-
prove the performancéy almostoneorderof magnitude.

Dynamic Scenes

In general,various different types of motion can be ob-
sened.In this paperwe will distinguishbetweerfour kinds
of dynamicsin 3D mesh-basedomputergraphics.First,
there are static objectsthat are not deformednor is their
positionin spacealtered.In ray tracing, static objectscan
berenderedrery quickly usingkd-tree§g RSHO5WSBWO01,

Hav01]. Second,there are objectswhich undego simple
afne transformationdike translationor rotation. Lext et
al. [LAMO1] proposeda hierarcty of oriented bounding
boxesto minimizereconstructiotimesvia lazy retuilds for

this kind of dynamics.FurthermoreWald et al. [WBS03

have proposeda two-level kd-treeschemebasedon hierar

chically af ne transformingsubmeshesThoughthis is suf-
cient for several engineering-styl&/R applicationsmore
generahnimationscannotbe handled Thirdly, thereis com-
pletely randommotion like in particle systemsand turbu-

lencesimulations.The renderingof randommotion, asde-
scribed canbeachievedusinginteractivegrids by Reinhard

etal!s[RSHOQ usinganSGIOnyx 2000with 32 processors.

Finally ourlastcateory is (piecavise)continuousdynamics
(PCD).This lasttype of motionis in our realworld abound
andin graphicalsystemdike gamesand animatedmovies
widely simulated PCDfor examplecanbeobsenredif wind
bendsatreeandtheleavesarewaving orif ngers aremoved
andits skinis stretchedr squeezed.

While kd-treesarewell suitedfor staticscenesconsider
ableeffort is requiredfor building themwell. Thoughef -
cientalgorithmswith O(NlogN) compleity exist [WHO06)]
they often requireseconddo minuteseven for moderately
complex scenesThis pre-processingime is almostnegli-
gible for walk-throughapplicationswith a staticgeometry

ervironment, but it is not acceptableio updateor rekuild

thekd-treesat runtimedueto changesn thescene Eventu-
ally, this leaveshbut threechoices:Speedup kd-treebuilding

to make it suitablefor interactive applicationsabandorkd-

treesfor dynamicscenesandtry to develop competingdata
structuresto yield similar performancepr extend kd-trees
suchasto allow for certainkindsof motion.

It isimportantto notethatary supportfor dynamicscenes
is inherently basedon assumptionr speci ¢ knowledge
aboutthe typesof dynamicscontainedn a sceneslf noin-
formationwereavailable,e.g.in completelyrandommotion,
we would have to retuilt thespatialindex for every frameas
ary geometrymay have seerrandomtransformationgn ary
frame.

In this paperwe will investicatethe usageof kd-treesfor
(piecavise) continuousdynamicobjects.For the courseof
this paper we will assumethat objectsare de ned asde-
formationsof a basemeshi.e. the connecwity of the mesh
remainshe samefor every poseof themesh e.g.theanima-
tion is given by a setof differentposesSecondwe assume
thatthesetof possibledeformation®f thatmeshis bounded
andknown in advance A goodexampleis agamecharacter
de ned throughskinning of a baseskeleton,for which the
setof valid posesis de ned throughthe valid parameteri-
zationsof the underlyingskeleton,but we do not needthis
boneinformation.

2. Method Overview

For thesekinds of dynamic scenespur nev methodstill

allows for utilizing the performanceand advantagesof kd-

treesby compensatinghe deformationsof the model. We
use a motion decompositiorapproachfor this purpose.lt

breakghedeformationsnto two parts:anaf ne transforma-
tion, andtheresidualmotion.Subtractingheaf ne transfor

mationfrom the animationyields a local coordinatesystem
in which the (residual)motion of the verticesis typically

muchsmaller(seealsoFigure?2).

Theresidualmotionof eachtriangleis thenboundecdby a
fuzzybox a box boundingthe motion of eachvertex in the
local coordinatesystem.The kd-treeis thenbuild over the
fuzzyboxesof thetrianglesinsteadf thetrianglesthemself,
resultingin afuzzykd-tree This needgo bedoneonly once
in a preprocessinghaseasthe fuzzy kd-treesarevalid for
the entireanimationsequencéseeFigure3).

As the efciency of a fuzzy kd-treesobviously deterio-
ratesquickly with increasingsize of the fuzzy boxeswe do
notbuild a singlefuzzy kd-treefor the entirescenelnstead,
we clusterthe meshinto sub-meshesf coherenimotion by
usingthe amountof residualmotion asa costfunction that
mustbe minimized.

A huge numberof meshsegmentationalgorithmshave
beenproposedin the past.However, most of thesemeth-
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Figure 2: Exampleof a motion decompositionTop row:
Threeframesof anexampleanimationwhee aball is thrown
ontoa oor. Theboundingboxesand local coodinate sys-
temsof the two sepanated objectsare shown.The motion
of theseobjectsis encodedby af ne transformationsex-
tractedfromtheanimation.Bottomrow: Visualizationof the
boundedresidualmotionin the local coodinate systemof
theball. Notethat the af ne transformationsanalsocom-
pensatethe shearingof the ball in the third frameyielding
smallerfuzzyboxes.
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Figure 3: Theresidualmotion of ead triangle (green)is

boundedby a fuzzybox (red). Althoughthe trianglesmove

a little bit in the local coordinate systentheir fuzzyboxes
do not change. Asthe fuzzykd-treeis build over thesefuzzy
boxesnsteadof thetrianglesit is valid for all time steps.

odswork only on staticsmeshesNeverthelessfor anima-
tion dataSattleret al. [SSK09 useda variantof Principal
Componentnalysis(PCA) to segmentthe meshinto parts
thatare“coherent’overtime prior to compressionAlthough
promisingit shavedthattheir algorithmproducedunusable
clustersfor our purposeasit wasdesignedvith meshcom-
pressiorin mind andnot for ray tracing.

Recentlyl eeet.al [LLYLO5] proposedh meshdecompo-

sition methodusinginformationfrom animationsequences.

After applyingPCA only oncefor themeshthey analyzethe
resulting PCA-weightsto derive a motion similarity mea-
sureof vertices.This measurés thenusedto guidearegion
growing algorithmto clusterthemesh.

As an intermediatestepto skin meshanimationsJames
and Twigg [JT0Y used meanshift clusteringof rotation
sequence®f trianglesto sgmentan animatedmeshinto
nearrigid structuresHowever, the verticesareexpresseds
weightsof several transformationsindthusthis methodcan
notbeusedfor ray tracinganimations.

© TheEurographic#ssociatiorandBlackwell Publishing2006.

Thereforewe decidedto develop our own clusteringal-
gorithmspeci cally designedor the purposeof ray tracing
animatedmeshes.

The motion of the meshis analyzedo sggmentthe mesh
into clustersof similarmotionandwe nd af ne transforma-
tions for eachclusterto expressthis commonmotion (Sec-
tion 3.1).

Becausein our approachthe relationshipbetweenthe
clusters and their motion is determinedby af ne-only
transformationsve can use a two-level schemesimilar to
[WBS03. For eachframe to be renderedwe updatethe
transformation®f our clustersandretuild a smalltop-level
kd-treeover the currentboundingboxesof the clustery(Fig-
ured).

Figure 4: Toraytracea frameof ananimationwe r stbuild
asmallkd-treeoverthecurrentboundingboxesof ead clus-
ter. Theseboxesare shownfor three framesof the Chicken
animation.Rayshitting a clusterget inverselytransformed
into the local coodinate systenof this clusterandtraverse
its fuzzykd-tree

Thenraytraversalstartsin thetop-level kd-tree.For every
intersectecclustersthe rays are transformednto the local
coordinatesystemof the hit clusterwherethey traversethe
associateduzzy kd-tree.

Whentheray traversesa leafit mustbetestedagainstthe
currentinstantiationof arny containedriangle.This triangle
intersectiortestcanbedonein world coordinatesystemwith
the untransformedays. Thusthe positionsof the triangles
in thelocal coordinatesystemarenot explicitly requiredfor
renderinghussaving memory Our approachs summarized
in Figures.

3. Motion Decompositionand Fuzzy KD-Trees

This sectiondiscusseshe detailsof the motion decomposi-
tion approactandfuzzy kd-treesandprovidesa moreformal
descriptionof thetechniquesnvolved.

Our methodrequiresthatthe animationis de ned asde-
formationsof a basemesh,i.e. thatthe connectvity of the
meshremainsthe samefor every time step.Thustheanima-
tion is givenby a constansetof trianglesf Dg andtheir ver-
tex positionsf vg. vj(t) 2 R® describeghe motion of a ver
tex over time. No additionalknowledgeaboutthe deform-
ing meshis necessarput we inherentlyassumeoherento-
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Figure 5: Motion decompositioriogetherwith fuzzykd-treesallow for ray tracing animatedmodelswith continuousdefor

mationby decomposinghe motionof the meshinto an af ne transformationplus someresidualmotion.(a) Oneframeof the
HAND animation,modelledwith “P oser”. (b) Thedeformingmeshis split into submeshesf similar motion,shownin therest
pose (c) Reconstructiorof frame(a) usingthe af ne transformationf ead clusteronly. (d) Close-upview of (c) revealing
the erroneousmeshwhenapproximatedonly by an af ne transformation(e) Addingthe residualmotionhandledby the fuzzy

kd-treesyieldstheoriginal mesh.

cal motion,i.e., verticesthataretopologicallycloseto each
othershouldhave similartrajectories.

We exploit this coherentotionof themeshto “subtract”
commonmotion becausehe resultingsmallerresidualmo-
tion canthenbe betterhandledby fuzzy kd-trees thusim-
proving performancdor ray tracingthe animation.Mathe-
maticallythismotiondecompositiotanbedescribedsfol-
lows. The positionv attimet of the verticesin world space
can then be expressedby applying the appropriateaf ne
transformatiorX to arestposeM = f {ig plusaresidualmo-
tiond:

vi(t) = X(t) - + di(t) @)

Therestposeof ananimatedbjectis ameshwhereusually
all partsof the objectarein arelaxedposition.

Transforminginto the coordinatesystemof the restpose
by multiplying (1) with the inverseTransformationX 1(t)
andsubstitutingd; (t) = X l(t) -di(t) yields

Gi(t) = G+ dit) = X0 wi(); @)

the fuzzy position Vi(t) of vertex i at time t. The fuzzy
box F B(Dape) Of triangle Dy With verticesa; b;c is the
axis-alignedboundingbox (AABB) of all fuzzy positions
Va(t); Vb(t); Vc(t)8t and boundsthe local residual motion
d(t). Thefuzzy kd-treeis thenbuild over thesefuzzy boxes
insteadof thetrianglesandis thusvalid for all time steps.

3.1. Clustering of Coherent Motion

Olviously the performancef the fuzzy kd-treefor ray trac-
ing is stronglydependenbn the size of the fuzzy boxes. If
all fuzzy boxesarequite big andoverlapthemselessigni -
cantlytheacceleratiorstructurecanhardlydiscardtriangles
for intersectionyesultingin mary costly ray-triangleinter-
sections.

Thereforewe like to keepthe residualmotion relatively
small,or equivalentlywe wantto subtractasmuchcommon
motionaspossible This canonly achiezed by exploiting the

local coherencén motion,whichrequiresaclusteringof the
meshinto submeshethatdeformcoherently

To partitionthe trianglesof the meshinto clusterswe ap-
ply a generalized_loyd Relaxation[LI082] algorithm (see
e.g.[DFG99 for an introduction). Note that we needto
clustertrianglesand not verticesbecausehe triangleswill
betestedfor intersectionwith rays.

In eachiterationstepwe rst nd afne transformations
thatminimize the residualmotion of eachclustersandsec-
ond reassigreachtriangleto the clusterwhereits residual
motionis smallest.

Theiterationprocesstopswhentheclusteringconverged,
i.e. whenno trianglechangsits clusterarymore.Practically
we stop when the decreasén the overall residualmotion
dropsbelowv somethresholde.g.belov 1%e.

As Lloyd relaxationis proneto nd local minima andthe
optimalnumberof clusterds notknown in advancewe start
with oneclusteranditeratively inserta new clusteruntil the
costfunctioncorverges.

A new clusteris insertedin the following way. We take
asseedrianglethetrianglewith thelargestresidualmotion.
We alsoalsoincludeits neighboringtrianglessuchthatthey
de ne a coordinatesystem.The existing clustersare also
newly initialized with the seedtrianglesthathave the small-
estresidualmotion. Theseseedrianglesactasprototypesof
thecommonmotionof the(currently)clusteredrianglesand
ensureastableclusteringprocedureWe stopaddingclusters
whenthethe overall residualmotion cannotbe reducedsig-
ni cantly anymore.Seenext Sectionfor our costfunction.

Theclusteringprocesss shovn in Figure6. Notethatthe
most similar moving partsof the meshare clustered rst.
Onecan nd the proposedclusteringalgorithmin pseudo
codesummarizedn Algorithm 1.

3.2. Finding “Good” Transformations

For the motion decompositiorand the clusteringwe need
to nd afne transformationdbetweenthe restposeandall
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Figure 6: Top row: Several framesof the HAND animation.Bottomrow: Clusteringof the HAND animationwith 1, 2, 4, 8,
and12 clustes, respectivelyTriangleswith the samecolor belongto the samecluster Theoutlined boxesdenotethebounding
box of eadh cluster Note how the cost-drivenclusteringappoad automaticallysegmentsthe handinto clustes in which the
trianglesperformroughlythe samemotion.For examplethe pinky andthering nger are clusteed r stasthey performsimilar

motion.

Algorithm 1 Clustering
startwith oneclustercontainingall trianglesof thescene
while globalcoststill changesigni cantly do
while costnot corvergedfor current#clustersio
nd transformationsminimizing d 8cluster
reclustettrianglesminimizing d
endwhile
createnew cluster
chooseseedDs
endwhile

other posesthat minimize the residual motion kai (Hk =
k¥ Lovi(t) Vikst.

Theafne-only 3 3 transformatiormatrix andits trans-
lation can be combinedto a 4 4 transformationmatrix
using the homogeneousoordinatesystem.Thus X * has
12 unknawvn elementsandwe need(at least)4 linearinde-
pendentvertex positionsfor a unique solution. With more
than 4 vertex positions (the generalcase)we solve the
linear least squaresproblem that minimizes the L?-norm
kX 1.vi(t) Viky of theresidualmotiond.

Insteadof minimizing the L2-normof theresidualmotion
we really wantto optimizethe surfaceareaof the resulting
fuzzy boxes. This is more closely linked to LY -norm, but
we foundthatthis approachs alreadygiving theright results
while guarantyingcorvergence.

3.3. Selectingthe RestPose

So far we have not yet de ned the restposeM = f{ig. To
avoid anexpensve generabptimizationproblemwe simply

© TheEurographic#ssociatiorandBlackwell Publishing2006.

take the positionsf Vi(t)g of one of the key framesof the

animationasM. During the clusteringwe try all key frames

andtake the one that minimizesthe sumover all clusterc
andall time stepg:

f=agmind & & k"M wi) vtk @)

t ci2c

If the animationconsistsof a large numberof frameswe
uniformly subsampléhe setof frameswhile searchingor
anoptimalrestposein orderto reducethe searchspace.

3.4. Optimizing Local Bounding Boxes

We can male two obsenrationsthat canleadto betterray
tracingperformancef exploited properly

First, whenrays hit the axis-alignedboundingboxes of
the clustersin the top-level kd-treethey getinverselytrans-
formedto the local coordinatesystemof that cluster The
following traversalof its fuzzy kd-treestartsby clipping the
transformedaysto the local axis-alignedboundingbox of
thecluster Thisis meaningfubecaus¢heaf ne transforma-
tion canrotatethe coordinatesystemsandthusrayshitting
the globally axis-alignedbox do necessarilalsohit the lo-
cally axis-alignedbox.

Secondthe verticesof eachclustercan be rotatedarbi-
traryin thelocal coordinatesystembecausghis rotationcan
becompensately multiplying theaf ne transformationsf
thecorrespondinglusterwith arotationmatrix.

We cantake adwantageof thesefactsto make tighter lo-
cal axis-alignedboundingboxesof clusters.By calculating
anorientedboundingbox (OBB) of the fuzzy positionsand
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rotatingthisboxto makeit axis-alignedve candirectly min-
imize thelocal boundingboxes.

To approximatelycomputethe OBB of eachcluster(in
local coordinatesyve apply PCA to the fuzzy positionsand
take the rst three PCA vectorsasnew coordinatesystem
axes. Exactly nding the OBB [BHPO] could be usedas
well.

4. Implementation and Results

We implementedour motion decompositiorapproachand
the ray tracerwith fuzzy kd-treesusing C++, SSE[Int02],

andthe LAPACK [ABB 99 library for fastmatrix opera-
tionsandlinearalgebracomputationsTheray tracerimple-
mentationis equialentto the approachin OpenR [Wal04]

with someextensionsof MLRT [RSHOY, namelythe in-

verse frustumculling for kd-treetraversal.No further op-
timizations suchas empty occludersor an efcient entry-
pointsearctareincluded. Themeasurementseredoneona
workstationequippedwith two AMD Opteron2.8GHz pro-
cessoranda GeForce6800GT PClegraphicsboard.

Figurel shaws severalof ourexamplescenesThey cover
differentamountsof animationcompleity andcontainbe-
tweenapproximatelylOk and80k triangles.

The HAND and BEN scenesare examplesof hierarchi-
cal animationsandwerecreatedwith Poser{Pog usingaa
skeletonwith vertex skinning.Becausehis directly matches
our assumptionsve expectthat our motion decomposition
approachwill perform well. Although the motion of the
DoLPHIN is not controlled by a skeletonbut by a mass-
springsimulationit still movesnaturallyandthusalsomeets
ourassumptions.

The Cow scene,on the contrary shavs highly unnatu-
ral motion. It is anexampleof ananimationgeneratedy a
physics-basedimulationof a cow consistingof very elastic
material,resultingin “jelly-lik e”, unnaturalposes Finally,
asa stresstestfor our algorithm,we choosethe CHICKEN
animation.This sectionof an animatedIm is dif cult be-
causeof the extreme,cartoon-like sequencearoundframe
250 (seeFigure 1c and the left of Figure 4) that include
strong stretchingof the chickens' neck and oozing of its
eyes.Eventhoughthe motionin thelasttwo scenewiolates
the assumptionsur methodstill works surprisinglywell as
demonstrateth thefollowing sections.

4.1. Clustering

Our proposedclusteringalgorithm minimizesthe residual
motion by usingthe leastsquaredistance®of the vertex po-
sitions in the local coordinatesystemas a cost measure.
However, the surfacearea of the fuzzy boxesis the better
measurdor the expectedray tracing performancg MB89].
Figure7 compareghesetwo measuresluring clustering.It
shavsthattheleastsquaradistancedy therelaxation-based

clusteringis highly correlatedwith the surfaceareaof the
fuzzy boxesandboth areminimized.Furthermoredt canbe
seenthat addingnew clustersis not bene cial anymore at
somepoint andclusteringis automaticallyterminatedby a
thresholdon the changeof theleastsquaradistances.

Also notethata numberof clustersaround20-25is suf-
cient for our exampleanimations.The clusteringprocess
takesfrom about20 minutesfor the HAND to about95 min-
utesfor the CHICKEN when25 poseswveretestedor therest
poseTheclusteringtimeincreaseinearwith thenumberof
time stepsandis alsolinearin the numberof candidateest
posesThusit canbe shortenedrasticallyby subsampling
thetime stepsduringtheclusteringprocessvith anegligable
effecton clusteringquality.

Althoughour algorithmonly seegheanimatedrertex po-
sitions of the meshand hasno knowledge aboutthe un-
derlying skeleton,the resultingclusterscorrespondvell to
the bonesof the HAND and BEN model (see Figure 1a
and1b). Also for the DoLPHIN andevenfor the Cow and
CHICKEN animationsmeaningfulsubmeshethat move co-
herentlywerefound (seeFigurelc, 1d and1e).

4.2. Comparisonto Static KD-Tree

To evaluatethe ef ciency of our proposeduzzy kd-treefor
raytracinganimatedscenesve comparet to astatickd-tree.

Table 1 lists two characteristicvaluesfor acceleration
structures,namely the numberof traversal stepsand the
numberof ray-triangleintersectionsWe compareour two-
level fuzzy kd-treewith an one-level kd-treethatis re-tuilt
andoptimizedfor every time step.Apart from the structure
of the resultingtree the traversaland intersectionroutines
arethe samefor bothkd-trees.

The measurementshav that the number of traversal
stepsincreasesby only 50% to 100% for the fuzzy kd-
tree.Theray-triangleintersectionsncreaseonly by 15%for
the HAND andtypically up to 100%, exceptfor the Cow
and CHICKEN sceneBecausdhesetwo animationsdo not
strictly obey our assumptiorof local coherentmotion the
motion decompositiorcannotwork optimally resultingin a
larger residualmotion andoverlapof the fuzzy boxes. This
increasedoverlap affects the ef ciency of the kd-treeand
leadsto anincreasechumberof intersectionsAlthoughthe
increasein intersectionf a factorof 6 for the CHICKEN
mayseemhigh, overallray tracingperformancés muchless
affectedas shawvn in the following sectionandray tracing
this animationis still reasonablyast.

Obhviously the memoryconsumptiorof a separatestatic
kd-treepertime stepwill linearly increasewith the number
of frameswhereasthe memory consumptionof our fuzzy
kd-treewill beroughlythe samelargely independenof the
lengthof theanimation.
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Figure 7: Thesumof all residualmotionandthe accumulatedurfacearea of the fuzzyboxesduring the clusteringprocess.
Theresidualmotionis minimizedby our clusteringalgorithm while the surfacearea of the fuzzyboxesis proportionalto the
ray-intersectionprobability andthusa reasinableneasue for ray tracing performanceStill bothmeasuescorverge well.

#traversalsteps #intersections averagefps
scene #tris  #frames #cluster|| static fuzzy | ratio || static fuzzy| ratio || static fuzzy| ratio
BEN 78029 30 20 722068 1,111808| 1.54|| 1.2 2.28 | 1.9 || 20.98 10.77| 1.94
CHICKEN 5664 400 21 210458 379466|1.80( 0.80 4.96 | 6.2 || 39.24 15.03| 2.61
Cow 5804 204 20 634173 946558| 1.49(| 0.92 3.68 | 4.0 || 19.21 12.49| 1.53
DoLpPHIN 12377 101 16 534156 1,020469| 1.91( 1.08 1.72 |1.59| 22.56 19.31| 1.16
HAND 15855 30 21 1,330951 2,307758| 1.76|| 1.28 1.48 | 1.15| 17.98 10.94| 1.64

Table 1: Comparisorof our proposeduzzykd-treeaccelertion structue with a classicstatickd-treein numbes of intersec-
tions and traveisal steps.As we usefrustumtraversal on entire padetsthe numbes givenare amortizedper ray. One static
kd-treeis pre-huilt for everytime stepof the animationandthe resultsare averaged over the animation.\\e pay only a factor
betweerl.5and2 in thenumberof traversal stepsandtypically a factor of about2 in the numberof intersectiongor the ability
to ray trace animations. Althoughthe dif cult and non-conformingCHICKEN and Cow animationdo not strictly ful | our
assumptiorof local smoothmotiontheratio dropsonly to 6 and4, respectivelyNeverthelesseventheseanimationscanberay

tracedat interactiverates.

4.3. Absolute Performance

In this sectionwe presentthe overall performanceof our
ray tracingsystemfor animatedscenesAll renderingsvere
doneon asingleCPU at aresolutionof 1024 1024 pixels
with asimplediffuseshadelandapacletsizeof 4 4 rays.

Figure8 shavstheframerateachiezedby our systenover
the courseof eachanimation.As canbe seenwe achieve
interactve frame ratesof 5 to 15 frames per secondat
fullscreenresolution.

Additionally, Table 1 also comparesthe averageframe
rateachieved by ray tracingwith the fuzzy kd-treeversusto
theperformancef raytracingwith optimizedstatickd-trees
pre-huilt for every frame.Note that simply by switchingto
a two-level kd-treewithout ary other changesalreadyde-
creasesay tracingperformanceabout30% dueto the costs
of transformingtheraysto thelocal coordinatesystem.
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5. Discussionand Conclusions

We presente@ novel approacho ray traceanimatedscenes
wherewe usedmotion decompositiorandfuzzy kd-treesto
build a singletwo-level kd-treefor theresidualmotionafter
having compensatedry af ne motioncomponent.

Although the numberof traversalstepsand intersection
testsis higher comparedto an optimized static kd-tree of
a single time stepwe still achieve interactve frame rates
for moderatelycomplex models,althoughwe have not op-
timized our completeray tracing pipeline to the sameex-
tendasin [RSHO0Y. Furthermorea massie amountof main
memoryis saved dueto the usageof just one acceleration
structurefor the completeanimation. Additional memory
couldbe saved by compressinghe triangleinformationus-
ing e.g.principalcomponenanalysig AMOO].

Animationsthatviolateourimplicit assumptiorof locally
coherentmotion will still be ray tracedcorrectly but with
non-optimalperformance.
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Figure 8: Raytracing performancédor our exampleanima-
tionsin framesper secondn a singleCPU including shad-
ingat 1024 1024pixels.For all scenest leastinteractive
framesratesof 5 framesper secondare achieved.

6. Future Work

Onepromisingdirectionof futureresearclis to enhancehe
quality of the clustersby clusteringalsoin thetime domain.
This would be quite helpful e.g.for the CHICKEN sequence
wherethedif cult extremeposescouldthenbeseparated.

Additionally we like to extendour approacho alsohan-
dle the interpolationbetweenkey framesof an animation.
This may be possibleby interpolatingthe computedaf ne
transformationsimilarto [Ale02].

Currently our approachrequiresthat we know all poses
occuringin an animation. This limitation could be elimi-
natedby harnessingnoreinformationof e.g.the modelling
applications,such as the bone structure,joint angleswith
their limits, and skinning operatorsWith theseadditional
informationsthe residual motion could be conseratively
boundedandonthe y modi cationsonthegeometrycould
beray tracedwithout prior knowledgeof eachpose.
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