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Abstract We presenta novel LOD (level-of-detail) algo-
rithm to accelerateay tracing of massve models.Our ap-
proachcomputesdrastic simpli cations of the model and
theLODs arewell integratedwith thekd-treedatastructure.
We introducea simple and ef cient LOD metric to bound
the error for primary and secondaryrays. The LOD rep-
resentatiorhas small runtime overheadand our algorithm
canbe combinedwith ray coherenceéechniquesndcache-
coherentlayoutsto improve the performanceln practice,
theuseof LODs canalleviate aliasingartifactsandimprove
memory coherenceWe implementour algorithm on both
32bit and 64bit machinesand able to achieve up to 2-20
timesimprovementin framerate of renderingmodelscon-
sistingof tensor hundredf millions of triangleswith little

lossin imagequality.

1 Intr oduction

In recentyears,therehasbeena renaved interestin real-
time ray tracingfor interactive applications.This is dueto
mary factors: rstly , processospeedhascontinuedto rise
atexponentialratesaspredictedby Moore's Law andis ap-
proachingthe raw computationalpower neededfor inter-
active ray tracing. Secondly ray tracing algorithmscan be
parallelizedon sharednemoryanddistributedmemorysys-
tems.Thereforethe currenthardwaretrendtowardsdesktop
systemswith multi-coreCPUsandprogrammablé&PUscan
be usedto accelerateay tracing.Finally, recentalgorithmic
improvementshatexploit ray coherenceanachie/e a sig-
ni cant improvementin renderingtime [22,31].

Ourgoalis to performinteractie ray tracingof massie
modelsconsistingof tensor hundredsof millions of trian-
gleson currentdesktopsystemsSuchgigabyte-sizednod-
elsaretheresultof advancesn modelacquisitioncomputer
aideddesign(CAD), andsimulationtechnologiesandtheir

Fi?. 1 St. Matthew Model: We useour LOD-basedalgorithmto ac-
celemte ray tracing of the St. Matthevw modelwith shadowsand re-

ections. Werenderthe128M triangle modelat 512 512resolution
with 2 2 anti-aliasingand pixels-of-eror (POE) = 4. e are able
toachieve2 3 framespersecondn two dual-core Xeonprocessos
with 4GB of memoryWe observea2 20 timesincreasein theframe
ratedueto R-LODswith verylittle lossin image quality.

givenresolution.This is dueto the useof hierarchicaldata
structuressuchasboundingvolumehierarchieor kd-trees.
The asymptoticcomplity makesray tracingan attractve
choice,especiallyfor renderingof massie models.

Thelogarithmicgrowth, however, continueonly aslong
asthesystemhassufcient mainmemoryto containtheen-
tire modelandhierarchicaldatastructuresAs modelsgrow
much larger, the size of the hierarchicalstructurealso in-
creasedinearly andthe underlyingray tracerperformsits

compleity makesinteractve visualizationandwalk-throughs computationsn anout-of-coremanney slowing down dras-

achallengingask.In thecontet of renderingnassie mod-
els,raytracinghasanimportantproperty:its asymptotiqer
formanceis logarithmic in the numberof primitivesfor a
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tically. A majortrendin computinghardware hasbeenthe

increasinggapbetweerprocessospeedandmemoryspeed.
Moreover, disk I/O accessearein generaimorethanthree
ordersof magnitudeslowerthanmainmemoryaccessef8e-

causeof thesegaps,hardwareadvancesarenot expectedto

provide an ef cient solutionto the problemof ray tracing
massve models.

Main Contributions: We presenta new algorithmto ac-
celerateaytracingof massve modelsusinggeometridevels-
of-detail(LODs).Ourapproacttomputesimpleanddrastic
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simpli cations, calledR-LODs of the polygonalmodel.The
R-LODshave a compactrepresentatioandaretightly inte-
gratedwith the kd-tree.We presenta simple and ef cient

LOD error metric to boundthe error for primary and sec-
ondaryrays. Additionally, we usetechniqueshasedon ray
coherenceand cache-obliious layoutsto improve the per

formanceof our LOD baseday tracingalgorithm.R-LODs
alsoalleviatethetemporalaliasingthatcanariseduringren-
deringof highly tessellateagnodels.

We have implementedandtestedour systemon two ma-
chinesrunningWindows XP 32-bitand64-bitwith two dual-
coreXeonCPUsandhave evaluatedts performancen dif-
ferentkinds of modelswith 20 128V triangles.The per
formancegain of our LOD basedray traceris proportional
to the reductionin the working setsize andthe numberof
intersectiontests.The framerate improvementvariesfrom
2 times on modelswith small working set size to almost
20 50timeson modelswith very largeworking setsize.

Ourray tracingalgorithmoffersthefollowing bene ts

Simplicity: R-LODsareveryeasyto implemeniandtheir
representatiohassmallruntimeoverheadOuralgorithm
maintainsthe simplicity, coherenceandperformanceof
thekd-treedatastructure.

. Interactivity: TheLOD basedaytracemrovidesaframe-
work for interactie ray tracingdue to the fact that we
cantradeoff imagequality for improvedframerate.

. Front size: R-LODs reducethe size of the front tra-
versedin the kd-tree.This resultsin fewer ray intersec-
tion testsanddecreasethe sizeof theworking set.

. Coherence: R-LODs make memoryaccessesore co-
herentandreducehenumberof L1/L2 cachemissesand
pagefaults.Furthermorethey canalsoimprove the per
formanceof ray coherenceechniques.

. Generality: Our algorithmis applicableto a wide va-

riety of polygonalmodels,including scannecand CAD

models.

Organization: The restof the paperis organizedin the
following manner:Section2 givesa brief summaryof prior
work in interactve rendering.We give an overviev of our
approachn Section3 andpresentheR-LOD representation
and computationalgorithmin Section4. Section5 shawvs
acceleratiotechniquedasedncache-coheremhyoutsand
ray coherenceWe describethe implementationof our ray
tracerand analyzeits performanceon different modelsin
Section6. Finally, Section7 compareour algorithm with
otherapproaches.

2 Relatedwork

In this section,we give a shortoverview of interactve ray
tracingandthe useof LODs for interactve rendering.

2.1 Interacti ve Ray Tracing

Ray tracingwasintroducedby Appel [3] andWhitted [36]
andis averywell studied eld. Inthissectionwejustbrie y
suney somerecentechniquesisedto accelerateaytracing,
but a detaileddescriptionis availablein [27]. At a broad
level, we classifyprior approachemto four cateyories:
Exploiting ray coherence: The underlyingidea hereis
not to trace eachray by itself, but to utilize the fact that
neighboringraysexhibit spatialcoherenceEarlier attempts
to exploit this conceptwerebeamtracing[11], pencil trac-
ing [26] andconetracing[2]. Morerecently Wald etal. [31]
groupraysinto bundlesand usethemto acceleratdraver-
sal and intersectionwith primitivesfor all rays simultane-

1.

Fig. 2 Double Eagle Tanker: The ded of the Double Eagle tanker
with shadowss shownusingraytracing We are ableto achieve 1-3fps
at512by512imageresolutionwith 2x2 supersamplingandPoE= 4
on a dual Xeonworkstation.In this model,the working setof the ray
traceris low andwe are ableto achieve up to 2 timesimprovemenin
theframerate

ously by taking advantageof SIMD instructions.Reshetg
et al. [22] proposean algorithmto integrate beamtracing
with the kd-tree spatial structureand were able to further
exploit ray coherence.

Hardware acceleration: Anothertrend hasbeento use
hardwaresupporto accelerateaytracing.Purcelletal. [21]
shaw thatraytracingcouldbeadaptedo thestreamingnodel
of currentprogrammablé&PUs,which aremainly designed
for rasterizationSchmittleretal. [25] andWoopetal. [38]
presentprototypesfor a completeand programmableay
tracinghardwarearchitectureo run atinteractive rates.

Parallel computing: Ray tracingis easily parallelizable
due to the fact that all rays can be tracedindependently
Parker etal. [19], DeMarleat al. [7], andDietrich etal. [8]
describean interactve ray tracerfor renderinglarge scien-
tic or CAD datasetsunning on sharedmemory or dis-
tributed architecturesWald et al. [34] built a ray tracerto
run on clustersof commodityhardwaremachinesandwere
ableto achieve interactve frameratesfor largearchitectural
andCAD models Both of thesesystemaremainlyintended
for modelgthatcouldbekeptin themainmemoryof ashared
memorysystemor of PCsusedin thecluster

Largedatasets: Many algorithmshave beenpresentedo
improve the performancef ray tracingon large dataset$7,
10,20,32]. Our approachis complimentaryto thesemeth-
odsandcanbe combinedwith themto furtherimprove the
performance.

2.2 Interactive Rendering using LODs and Out-of-Core
Techniques

LODs have beenwidely usedto accelerateasterizatiornof
large polygonaldataset$16]. At a broadlevel, prior algo-
rithms can be classi ed into static LODs, view-dependent
simpli cation, image-basetepresentationandhybrid com-
binationsof geometriandimage-basetkpresentation©ut-
of-core algorithmsare an active areain computergraphics
and visualizationwith the goal to efciently handlelarge
dataset$4]. LOD algorithmscanbe combinedwith out-of-
core techniquedo rasterizelarge polygonal datasetcom-
posedof tensor hundredf millions of polygonsatinterac-
tive rateson commodityPCs[23,6,42,9].
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Fig. 3 Performance of Ray Tracing: e precomputesimpli ed ver-

sionsof the St.Matthew modelandray traceead simpli cation sepa-
rately fromthe sameviewpoint.We measue the frametime and work-
ing setsizeof theray-tracer with andwithoutR-LODsby usingdiffer-

entsimpli ed modelson a 64-bit madine with 2GB RAM. Noticethe
big jumpin frametimefor raytracingwithoutR-LODs,astheworking
setof ray tracingwith massivenodelsexceedgheavailableRAM.On
the other hand, our R-LOD basedray tracing combinedwith cache-
obliviouslayouts(CO-layout)achievesnearconstantperformancen

termsof framerate and the working size Thecade-oblivioudayouts
increasetheperformanceof our LOD raytracerby10 60% overthe
depth- rstlayout.

LOD-basedbasedalgorithmscanalsobe appliedto ac-
celerateray tracing.Christenseret al. [5] introducea LOD
approachfor anof ine ray tracerbasedon ray differentials
[12]. WandandStral3ef35] proposeanalgorithmfor multi-
resolutionray tracing of point-sampledyeometrybasedon
ray-differentials Anotherapproachs to integratethe LODs
into thehierarchicabktructurg37]. Recently Stoll etal. [28]

suredtheperformancef acoherentaytracerduringrender
ing differentsimpli cation levelsof the St. Matthev model,
asshavnin Fig. 3. Ourexperimentindicateshatraytracing
performancencreasess a logarithmic function of model
compleity aslong asthe kd-treeandprimitivesof a model
can t in the main memory However, oncethe modelsize
andtheworking setsizeof the kd-treeexceedshe available
main memoryof the machine the disk I/O signi cantly af-
fectsthe performancef theraytracer

Raycoherence: Recengpproachethatexploit spatialand
ray coherencelecreas¢henumberof memoryaccesseand
thereforealsothe numberof disk accessefor large models
[31,22]. Thesealgorithmsperformtraversalsandintersec-
tions for multiple spatially-coherentaysin a group at the
sametime. In generalraysin a groupexhibit highercoher

enceat the higherlevels of the kd-tree(that usuallyarein

mainmemory)becauseachrayin thegroupis likely to fol-

low samepathin thetreeasotherrays.However, accesset

the nodesdeepelin the treeareincoherentand, thus,result
in disk cachemissesgspeciallywhendealingwith massie

models,sinceboundingbox of thosenodesbecomesmaller
comparedo width of the ray group. Therefore,in orderto

accelerateout-of-coreray tracing, we needto reducethe
numberof accessemadeto the nodesdeepeiin thetree.

3.2 0ur Approach

We mainly addresshe problemof ray tracingmassie mod-
els. If modelshave high depthcompleity, currenttraver-
salalgorithmsbasedon kd-treescanef ciently handlesuch
kinds of models.In this case,the working setsizeis pro-
portionalto the numberof visible primitives from the pri-
maryandsecondaryays.Thereforewe primarily dealwith
the problemof fastray tracingwhenthe numberof visible
primitivesis high.
We assumethat eachray or ray bundle is represented

proposeda novel architecturefor dynamicmultiresolution by a pyramidalbeamor frustum.As describedn the multi-
raytracing.They proposedwatertightmultiresolutionrmethodevel ray tracingof Reshetw etal. [22], duringtraversalthe

by interpolatingbetweendiscreteLODs for eachray. Their
discreteLODs arecomputedrom choosingpropertessella-
tion levelsfor subdvisionmeshesAlso, ef cient algorithms
basedon depthimagescanbe usedto accelerateay tracing
[15,1].

3 Overview

In this section,we discussmary issueghatgovernthe per
formanceof ray tracing and give an overvien of our ap-
proach.

3.1 Ray tracing of massive models

In this paper we restrictoursehesto triangulatedmodels,
thoughourapproacttanalsobeextendedo otherprimitives
suchaspointclouds.All efcient ray tracersemploy hierar
chical datastructuresto avoid testingeachray with every
primitive. We usethe kd-tree,which is a specialcaseof the
generalBBSPtreeandhasrecentlybecomea popularchoice
dueto its simplicity andperformancg10,27]. Eachnodeof
the kd-treerepresent®ne subdvision of the parents space
andcontainsinformationaboutthe axis-alignedplaneused
for thesplit aswell aspointersto its child nodesWe usethe
optimizedrepresentatioproposedoy Wald et al. [30] and
extendit to ef ciently handleLODs.

Out-of-coreray tracing: Raytracergakingadwantageof

frustumis checledfor intersectiorwith theboundingbox of

thecurrentkd-treenodeby usinganinversefrustumculling

approachThisresultsin two interestingcases:

1. Models with large primiti ves: If the boundingbox of

thenodeis largerthanthe frustum,it is likely thatthe node
intersectswith the whole beam,i.e. we can exploit spatial
coherenceTypically, architecturaimodelsor CAD models
resultin suchcasesvhen&er the modelis coarselytessel-
lated,haslarge planarprimitivesor is viewedat closerange.
2.Highly tessellatednodels:In this casetheboundingbox

is muchsmallerthanthefrustum.Thisimpliesthatthebeam
needsto be split into smallersub-beamsHowever, if the
beamrepresentgust oneray, thenfurthersubdvisionis not
possible even thoughthe sub-treerepresentedby the node
hasa high numberof descendantand, thus,thereis high

local geometriccomplity. Therefore,ray coherenceap-

proachedik e multi-level ray tracingandray paclet tracing
fall backto normalray tracingandmaynot offer muchben-
e t. For example,considerray tracinga St.Matthev model
consistingof 128\ trianglesat a resolutionof 1024 pri-

mary rays. Assumethat every ray hits the model and half

of the model's trianglesarevisible to the eye. In this case,
fewer than 1% of the actualtrianglesare hit by one of the
rays.Moreover, eachof thesetrianglesis sampledasa rep-

resentatie of severaltrianglesin the subtree This hastwo

hierarchicatatastructureshouldexhibit alogarithmicgrowth consequencesst, thememoryaccessemaybeincoheent

rate as a function of the model compleity [31]. We mea-

becauseachtrianglemaylie in adifferentpartof memory
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Fig. 5 LOD Representation: A R-LOD consistsof a planewith ma-
terial attributes.lt servesasa drastic simpli cation of triangle prim-
itives containedin the boundingbox of the subtiee of a kd-treenode
Its extentis implicitly givenby its containingkd-node Theplanerep-
resentatiormalesthe intersectionbetweera ray and a R-LOD very
efciently andresultsin a compactepresentation.

Secondlytempogl aliasingcanoccurbetweerframessince
it is likely thata differenttrianglewill bechoserin succes-
sive frames.

Ournovel LOD-baseday tracingalgorithmhandleghis
seconctaseby choosingour precomputedR-LOD represen-
tationwhentraversaldetermineghata LOD metricis satis-

ed. This meanghattraversalcanstopbeforereachingthe
deeplevels of the tree, reducingthe numberof incoherent
accessesnd the size of the working set, while maintain-
ing ray coherencesothatrelatedtechniquestill work well.
As aresult,we obtainsigni cant improvementsn rendering
speed.

4 LOD-BasedRay Tracing

In this sectionwe presenthe R-LODs that are usedto ac-
celerateray tracing.We rst describeour R-LOD represen-
tationandthemodi ed traversalalgorithm.Thenwe present
o_uhr LOD error metric and the R-LOD constructionalgo-
rithm.

4.1 R-LOD Representationfor Ray Tracing

Our goalfor interactve ray tracingis to designa LOD rep-
resentatiorthatretainsthebene ts of kd-treebasedacceler
ationalgorithms,i.e. simplicity, ef ciency andlow runtime
overhead.

A R-LOD consistsof a planewith material attributes
(e.g.color), which is a drasticsimpli cation of the descen-
danttrianglescontainedin aninner nodeof the kd-tree,as
shavn in Fig. 5. EachR-LOD is alsoassociatedvith a sur
facedeviation errorwhich is usedto quantify the projected
screen-spacerroratruntime.

Let usassumehatthe original treehasheighth, where
h  log,(n), andn is thenumberof trianglesin theoriginal
model. The R-LOD associateavith akd-treenodeat height
k is asimpli cation into a planeof the 2¢ descendartrian-
gles.Ourchoiceto usesucharepresentatiors motivatedby
thefollowing goals:

Simpleand ef cient LOD representation:Currentray ob-
jectintersectionalgorithmsbasedon the kd-treeare highly
optimizedfor interactve ray tracing. We usesimplerepre-
sentationgor LODs to minimize storageandtraversalover-
head.EachR-LOD adds4 bytesto aninnernodeof the kd-
tree.We alsousea simpleandfastLOD selectioralgorithm
to reducethetraversaloverhead.

Drastic modelsimpli cation: ThecomputationaWorkload
of ray tracingis a logarithmic function of the modelcom-
plexity. If the modelsizeis reducedby a factorof m, the

projection plane
N

~kd-node

inscribed spere with

(Rp)

) %
pixel -

Sphe re enclosing —
the kd-node

Fig. 6 Projection-basedLOD Metric : We placea projectionplaneat
theintersectionpoint betweera ray andthe kd-node Theplaneis or-
thogonalto theray. Basedon this projectionplane we conservatively
chek whetherthe R-LOD satis estheerror metric.

treetraversaloverheadreducesy only log(m). As aresult,
m hasto beasigni cant number say23or 2*.

Err or-controllable LOD rendering: In orderto controlthe
errors causedby using R-LODs, we associatea deviation
errormetricandcomputea screen-spacgrojectionin terms
of pixels-of-eror (PoE)deviation. Also, we assumehatour
drasticallysimpli ed LOD representationare mainly used
givensmallPoEvalues(e.g.,1-4 pixelsatimageresolution
1024 10249 for high-qualityrenderingHowever, onecan
efciently explore a modelwith a high PoE;onceadesired
view is found,high-qualityimagecanbeacquiredby setting
alow PoE.

4.2 Runtime Traversalwith R-LODs

Ournew traversalalgorithmis amodi cation of theef cient
traversalalgorithmdescribedn Wald's thesis[30] and[29].
We recursvely traversethe kd-treefrom the root node or
the entry-pointthatis computedusing multi-level ray trac-
ing. Whenwe reachan intermediatenode associatedvith
a R-LOD, we checkwhetherwe canusethe R-LOD based
onour LOD errormetric.If thecurrentR-LOD satis esthe
LOD error metric, we performanintersectiortestbetween
aR-LOD andtheray. If thereis anintersectionwe stopthe
traversalandreturnthe intersectiondataof the R-LOD to
computeshadingandshootsecondaryays,if necessaryif
thereis no intersectionthe algorithmdoesnot traversethe
child nodesof theintermediatenodeassociatedavith the R-
LOD. EachR-LOD is boundedby a kd-nodeandtherefore,
the extent of the planeof the R-LOD is implicitly bounded
by the kd-nodeduring treetraversal. The implicit extent of
theplaneresultsin acompactR-LOD representation.

4.3 LOD Error Metric Evaluation

We usea projection-basedlgorithmintegratedwith surface
deviation errorto selectappropriatdODs for ray tracing.

Consewative projection algorithm:  We usea projection
methodto ef ciently comparethe screen-spacareaof the
R-LOD afterthe perspectie projectionwith the PoEin the
screen-spacéConceptuallywe positiona projectionplane
attheintersectiorbetweertheray andthekd-treenode.The
planeis setto be orthogonalto theray, asshavn in Fig. 6.
We encloséheR-LOD (andits correspondingimpli ed ge-
ometry)in a sphereThe areaof the R-LOD projectedonto
the projectionplaneis conseratively measuredy comput-
ing R?, whereR is theradiusof the sphereLet R, bethe
radiusof a sphereinscribedin a rectangulashapepixel of
theimagescreenln thiscaseR,, is simply half of thewidth
of the pixel. Then,the projectedareaof a pixel in the pro-
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(2)No LOD

(b) PoE= 4

Fig. 4 ForestModel: We renderthe forestmodelconsistingof 32 million triangleswith shadowraysusingPoE = 0 andPoE = 4. Theimage
resolutionsare 512 512 withoutanti-aliasingto highlightimage quality differencesWe are ableto renderthe modelgiventhe viewpointat
the 1:6 framesper secondand achieve 5 timesimprovemenby usingR-LODs.

jectionplanesatis esthefollowing relationship:

R
P - dmin C;

dnear

dmin

Ry

whereFé‘p is theprojectedradiusof Ry, dnear is thedistance
from theviewerto theimageplane,andd,, isthedistance
from theviewerto theintersectiorpointbetweertheray and

the kd-node.Since (= C) is aconstantthe projected

dnear
radius,R, is asimplelinearfunctionof thedistancedmin ,
alongtherayfromtheeyeto theintersectinghode We select

anR-LODIf Fé‘p, is biggerthantheradius,R, associatevith

the R-LOD. Our LOD metricis very ef cient asit requires
only one multiplication andd,, is alreadyknown during
thetreetraversal.

Surfacedeviation: Theerrormetricdescribedabore con-
senatively measureshe projectedscreen-spacareaof the
R-LOD. We augmenthe metricto take into accounthesur

facedeviationof aR-LOD. For thiswe rst measureéhesur

facedeviation betweenthe planeof the R-LOD andall the
containedtriangles.We combinethe surfacedeviation and
the projectedscreen-spacareaof the R-LOD in thefollow-

ing geometricformulation. We computethe volume of the
surfacedeviation alongthe planeandaddthis volumeto the
volumeof thesphereenclosingheR-LOD. Wethentreatthe
summed/olumeasavolumeof animaginarysphereanduse
its radiusasthe errorboundof the R-LOD. In thisgeometric
formulation, thesetwo seemingdifferenterror boundscan
betreatedn auniformmanner

Err or quantization: Theexactrepresentationf theplane
andassociatednaterialstakes 32 bytes.Insteadof directly
associatinghis informationwith eachnodeof the kd-tree,
we quantizethe error boundsassociatedvith the R-LODs
andstorethequantizederrorboundaswell asanR-LOD in-

dex in a4 byte structureasthe part of the kd-nodein order
to reducethe working setsize during traversals.Therefore,

Onear _

Rp

) Fé\p = Omin (1)

only if the errorboundof anR-LOD is satis ed within the
PoEbound,we loadthe exactR-LOD representatioby us-
ing the R-LOD index. Whenconsideringa pathfrom aleaf
nodeof the kd-treeto the root node,the error boundsasso-
ciatedwith the nodesincreaseasa geometricseries.There-
fore, we usea geometricdistribution equationto quantize
theerrorvaluesassociateavith the R-LODs. We foundthat
5 bits areenough(i.e. 10%-20% quantizatiorerror) to con-
senatively quantizethe error boundof the R-LODs in our
benchmarkstherefore,eachR-LOD index is storedin 27
bits, which are enoughto indicateall the R-LODs in our
testedmodels.

Secondaryrays: Our LOD metric basedon conserative
projectionalsoextendsto secondaryays.Thesencludere-
ection (in whicharayre ectsatanintersectiorpointwith a
re ective triangle)andshadowrays.This is mainly because
thesesecondaryays canbe expressedasa linear transfor
mation[11]. In the caseof re ection, theradius,Ry, of the
sphereinscribedin the pixels of the imagespaceincreases
linearly basedon the sumof the distancgrom the viewer to
anintersectinge ectivetriangle,andto anotheiintersecting
objectalongthe primary or re ective secondaryays.Simi-
larly, our metricalsoworkswell for shadev raysandagain
we usea lineartransformationOneissuewith usingLODs
for shadev raysis thatthey canresultin self-shadwing ar
tifactswhendifferentversionsof the R-LODs are selected
by the primary ray andthe shadev ray. We overcomethis
problemby ignoring the intersectiondbetweenthe shadav
ray andthe primitivesthatarewithin the LOD errorbounds
associateavith the R-LOD selectedy the primaryray.

Our projection-basedhethoddoesnotwork with refrac-
tion, sincerefractionis not a linear transformatior{11]. In
this casewe canusea moregeneral but expensve method
basednray differentialg12], to decidewhetheranR-LOD
satis esthe PoEboundafterrefraction.
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4.4 R-LOD Construction

Our goal is to computea plane that approximateghe tri-
anglesthat are containedin the subtreeof anintermediate
kd-nodeandalsotheir materialpropertiesl!f atrianglecon-
tainedin the subtreeis not fully containedn the bounding
box of the node,we clip the triangle against the box and
do not considerthe clipped portion of the triangle. We use
principal componentanalysis(PCA [13]), to computethe
plane.PCA computeghe eigervectorsthatprovide a statis-
tical descriptionof input points.We performPCA computa-
tion basedon the verticesof thetriangles,but alsotake into
accountthe size of the trianglesby associatinghe areaof
thetriangleasa weightfor eachvertex. The planeis com-
putedbasedon the eigervector associatedvith the largest
eigervalueandthis eigervectorrepresentshe normalto the
plané. We computematerialpropertiesthat are meanval-
uesof the containedtrianglesand associatehemwith the
R-LOD. The surfacedeviation of the planeagainstthe geo-
metric primitivesis computedbasedon the smallesteigen-
value, which correspondgo a varianceof geometryalong
thenormalof the plane.

Hierar chical R-LOD computation: We cancomputethe
R-LODsassociatedvith eachnodeof thetreein a bottom-
up manner However, a naive algorithmwould computethe
R-LOD for eachnodeindependentlyandthis canresultin a
O(nlogn) algorithm.

Insteadwe presenta R-LOD computatioralgorithmthat
haslineartime compleity andis well suitedfor out-of-core
computationEachelement, ; , of (i; j )th componenbf a
covariancematrix for PCAis de ned asthefollowing:

DVE ) )

whereV,K is theith componente.g.x, y, andz) of kth vertex

data, ; is themeanof\/ik, andn is the numberof vertices.
This equationcanbereformulatedas:

X

X0
2 VK ij +

©)

It follows thatif we cancomputeandstorethe sumsof VK,
V¥, VKV, andn, we cancomputethecovariancewith these

sumsandn for ary intermediatenode.In orderto compute
the covariancematrix of a parentnode,we simply addthese
variablesasa weightedsumof the numberof verticescon-

tainedin eachchild node.Thispropertyis particularlyuseful
to computethe R-LODs of innernodesin the kd-treein an

out-of-coremannerOur algorithmhaslineartime comple-

ity andits memoryoverheads afunctionof theheightof the
tree.In practice thememoryoverheadn our benchmarkss

lessthan1MB.

4.5 C° Discontinuity betweenR-LODs

Our LOD computatioralgorithmcomputesa drasticsimpli-
cation. Thereforejf theunderlyingtriangleshave highcur
vature the PCA-basedpproximatiorcanhave high surface

! The directionof the normalis choserto be closerto the average
normalof triangles.

Fig. 7 C° Discontinuity: Theleft image showsthe Stanfod dragon
modelasrendeed by our approad with POE = 0, i.e. usingoriginal
triangles. The top right image was acquired by settingPoE = 5 at
512 512 image resolutionwith no expansionof R-LODs.As can

be seenin the area of the dragon's eye, there is a hole causedby C°

discontinuityof our LOD representationBy allowing a smallamount
of expansionof R-LODs,we canavoid havingholesin the nal image
asshownin the bottomright image. Close-upof the eyeare shownin

boxeswith yellowborders.

deviation. In this case|t is possiblethatour algorithmdoes
notmaintainC® continuity betweerR-LODs,which canre-
sultin someholesin the resultingimage(seeFig. 7). This
kind of problemhasbeenwell-studiedn theLOD andpoint-
basedrenderingliterature.Particularly mary techniquesn
the LOD literaturehave beenproposedo patchtheseholes
usingprecomputediatastructuresor runtimealgorithms[6,
42]. However, thoseapproachesanincreasehestorageand
runtime overheadof ray tracing algorithms.In our imple-
mentationwe do notuseary patchingtechniques.

Insteadwe amelioratethis problemthroughour R-LOD
selectionalgorithm.A very low PoEboundshouldbe used
to limit the errorintroducedby the R-LODs. The low PoE
boundalsominimizestemporalpoppingthatcanarisewhen
we switchbetweerthe R-LODsof parentandchildrennodes
duringsuccessie framesMoreover, weassigrhigherweight
to surfacedeviation computationaspart of the error metric
computationtherefore higherresolutionsareusedn there-
gionwith high curvature.

Expansion of R-LODs: In additionto thesetwo heuris-
tics, we alsoexpandthe extentsof R-LODsto remove holes
causedby C° discontinuitybetweenR-LODs. Pleasenote
thatasthe surfacedeviation increasesit is likely thatgaps
becomdarger. Thereforeweincreaseheextentof aR-LOD

as a function of the surface deviation associatedvith the
R-LOD. This expansionis ef ciently consideredluringthe
planeandray intersectioras an additionalnumericaltoler

ance.In practice,we found that combiningtheseheuristics
work well to remove holescausedy C° discontinuitywith-

outintroducingary noticeablevisualartifactgivenlow PoE
errorboundg(seeFig. 7).

5 Utilizing Coherences

In this section,we describeapproacheso improve the per
formanceof our ray tracingalgorithmusingray coherence
andcache-cohererayouts.

5.1 Ray Coherence

We de ne ray coherenceas the coherenceof raysin tree
traversalandintersectionj.e. rays may take a similar path
in thetreeandmay hit the sametriangles.For primaryrays,
our ray tracerstartsout by assuminghereis ray coherence
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Model Vert. T Tri. Node Size R-LOD
(M) (M) (M) (GB) | Comp.(min)

Forest 19 32 105 41 10

Doubleeagle | 7777 | 817 173 o1 32

St. Matthew 128 | 256 378 26 124

Table1 Benchmark models

Modelcompleity, the numberof kd-nodesthetotal sizeof kd-tree
geometryand R-LODs,andtrF]e constructiontime of R-LODsare
shown.

andshootsabeamusingthealgorithmpresentedh [22]. We
computea commonentry pointin thetreefor all raysin the
beamatwhichthebeamis splitinto eithersub-beamsr ray
pacletsdependingnits size.For thelatter case we usethe
coherentay tracingalgorithm[31] whichworksona2 2
pacletof raysin parallelusingcurrentprocessorsSIMD in-
structions.During all traversal,we checkwhetherwe need
to useR-LODsthathave appropriateesolutionbasecdnour
LOD metric. If so,we stoptraversalof thatsubtreeandin-
tersectwith thesimpli ed representationf thegivenmodel
is highly tessellatedpeamtracingandthe useof SIMD in-
structiongmaynotwork well andcanevenleadto adecrease
in performancegasexplainedin Section3.2). However, we
foundthatthe useof R-LODsalleviatesthis problem,aswe
generallydo not traverseasdeepinto the treeandtherefore
executelessoverheadntersectionsSecondaryays canbe
alsohandledn asimilarmanner

5.2 CacheCoherence

Recently therehasbeenefforts to computecache-coherent
layoutsof meshe$40,39]. Sinceakd-treeis morefrequently
accessedhanits input meshat runtime, it is more highly
desirableto maintaincachecoherencealuring run-timetree
traversalsto help to achieze good performanceTo achiee
this goal,it is critical to predictthe runtimeaccesdehaior
andcloselystorekd-nodeghatarelikely to be accesseih
the successionln orderto predictthe runtime behaior on
kd-nodesduring tree traversal,we usea simple methodto
computethe probability thata nodewill be accessedjiven
thatits parentnodehasbeenaccessetiefore basedntheir
geometricrelationship[41]. The ray tracing algorithmtra-
verseghechild nodesrom the parentnodewhenthereis an
intersectiorbetweeraray andthe boundingbox of the par
entnode.Thereforewe estimatehatthe probabilitythatthe
child nodeis accessethcreasessits surfaceareacompared
toits parentnodeincreasesThis propertyis alreadywell ex-
ploited by the kd-treeconstructionalgorithmsby usingthe
surfaceareasof the boundingboxes of the kd-nodeg[17].
The layoutscanincreasethe performanceof the ray tracer
by 10 60% on massie models.This is in additionto the
speedupsbtainedoy R-LODs.

6 Implementation and Results

In this section,we describeour implementationand high-
light the performanceof our ray traceron differentbench-
marks.

6.1 Implementation

We have implementedour R-LOD constructionalgorithm
andray traceron both 32-bit and64-bit machineghathave
two dual-coreXeon processorgunning 32-bit and 64-bit
Windows XP, respectrely. For runtimeray tracing,we use
memorymappedles to efciently accesdarge les of ge-
ometryandkd-tree.However, in the 32-bit OS,we canonly
mapup to 3GB total memory To dealwith larger data,we
have implementedxplicit out-of-corememoryaccessnan-
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Fig. 9 Performance variation as a function of PoOE: We showthe
relativebene t of R-LODson differentaspectof overall performance
of ray tracing St. Matthav model.\WWe measued the renderingtime,
average numberof processeahodeper ray, andsizeof workingseton
a 32-bit Xeonmadinewith 2GB RAM.All thesevaluesare shownin a
scale-irvariantmannerby linearly scalingtheir maximumvaluesto 1.
Theperformancefour LOD-basedaytracerdrasticallydeceasess
welinearly increasethe POE. Moreover, thegraphindicatesthat there
is high correlation betweerthe performanceof theray tracerandthe
sizeof workingset.Image shotsgeneatedby testedPoE valuescanbe
seenin Fig. 8.

20

agementThis is not necessaryn the 64-bit OS wherewe
justuseimplicit OS memorymappingfunctionality.

In orderto constructhekd-treefor amodelthatdoesnot
t into mainmemorywe rst subdvide themodelinto vox-
elsin anout-of-coremannerandthenbuild the kd-treefor
eachof thesevoxelsindividually in core[42]. This stepcan
alsobeperformedn parallelondifferentvoxelsfor speeding
up the construction Afterwards,the kd-treefor eachvoxel
is memgedinto theglobaltree,whichis usedfor ray tracing.

Sincewe have foundthatthe quality of thekd-treeis the
mostimportantfactorfor fastray tracing,we build the kd-
treeusingthe surface-aredeuristic[17,10] and somefur-
therimprovementsas presentedy [22]. Especiallyimpor-
tantis to introduceextra splits for empty areasin orderto
boundthegeometrymoretightly for our R-LOD representa-
tion.

6.2 Results

Benchmarks: We have appliedour LOD-basedray trac-
ing algorithm to different benchmarksas shovn in Table
1. We computeddifferent pathsthroughthesemodelsand
measuredhe performanceof the ray tracerwith andwith-
out LODs using a small POE metric. We use a resolution
of 512 512 pixels for interactive rendering.We also use
2 2 supersamplingper pixel; therefore,we effectively
shootlK 1K raysfrom the eye for eachframe.We are
ableto rendermostof thesemodelsat5 12 framesasec-
ondwith primaryraysandl 8 framesasecondvhenwe
includere ectionsandshadaev rays.Theseresultsareshovn
in thevideo.

Preprocessing: We only computeR-LODsfor a subsebf
the nodesin the kd-treeto avoid excessie memoryover
head.Our currentimplementationselectsevery third node
onthe pathfrom theroot nodeto theleaf node.Our unopti-
mizedR-LOD constructiorimplementatiorcanproces®-3
million trianglesper minute; mostof the processingime is
spenton readingdatafrom the disk. The size of R-LODs
associatedvith eachnodetakeslessthan 10% of the total
storage However, if we considerthe additional4 bytesfor
R-LOD index and quantizederror boundin the kd-nodes,
total storageoverheadof our R-LOD nodesis roughly 33%
comparedo the optimizedkd-treerepresentation[30].
Performance variation as a function of POE: We vary
the POEmetricfor the St. Matthev model(256M triangles)
andmeasuréts bene t ontherenderingime, averagenum-
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Fig. 8 Imagesof the(S%
highlightimage qualltY1
artifactsandimprovethe performanceof massivemodels.

berof processedhodesperray, andsize of working setper
frame.Theworking setis measure@tagranularityof 4KB.
In orderto shawv therelative bene t, we linearly scaleeach
valueinto [0; 1] by scalingthe maximumvalueof eachitem
to 1. The min and max valuesof eachitem areasfollows:
renderingime (ms)(160, 11919, sizeof theworking set(MB)
(2, 1569, and averagenumberof processedodesper ray
(136, 22:42). As canbe seenin Fig. 9, the performanceof
theraytracerincreaseslrasticallyaswelinearlyincreasahe
PoEvalues.

Runtime performance: Thebene t of LODs varieswith
the reductionin the working setsize. For a highly tessel-
lated St. Matthav modelwith 128V triangles,we achieve
morethanone orderof magnitudereductionin the size of
the working set and almosttwo ordersof magnitudeim-
provementin theframerate.This modelhaslow depthcom-
plexity and more than half the primitives are visible from
the eye. We shawv the frame ratesobtainedduring render
ing of the St. Matthev modelwith andwithout R-LODsand
cache-obliious layoutsin Fig. 10. Moreover, we are able
to achieve 2:6 framesper secondwhile renderingthe model
with shadev andre ection with little lossof imagequality
(see.Fig. 1). For the forestmodelshavn in Fig. 4, we are
ableto achieve morethan ve timesimprovementby using
R-LODs.

In the caseof the Double Eagletanker, we get 10%-
200%improvement.This modelhashigh depthcompleity
andis nothighly tessellatedAs aresult theperformancem-
provementdueto LODs is limited. An imageof the tanker
with shadevsis shavn in Fig. 2.

7 Analysis and Comparison

In this section,we analyzethe performanceof our ray trac-
ing algorithmandalsocomparets performanceo prior ap-
proachesWe alsodiscussomelimitationsof ourapproach.

7.1 Analysis

We rst examinedifferentaspectof our R-LOD represen-
tation.

R-LOD overhead: Our algorithm introduces4 bytes of
additionalstoragdor eachkd-node We alsomeasurg¢head-
ditionalcomputationabverheadf evaluatingour LOD met-
ric during traversalby comparingthe runtime performance
on the Stanfordscanneddragonmodel (87K triangles)of
the standardray tracerusing 8 byte sizedkd-nodesand of

No LOD o (b) POE= 2:5 (c) POE= 5
Matthev modelwith different PoE valuesare shownat 512 512i |ma])e resolutionS\We do not useanti-aliasingto
difference Pleasenotethat the original St. Matthev modelhasmanyho

es.Theuseof R-LODscan alleviate aliasing

ourraytracerwhichusesl2 byte-sizechodeswith storedR-

LODs. In orderto measurehe overheadf R-LODs,we set
ourPoEmetricto 0 duringLOD treetraversal,consequently
the imagequality is the samein both casesWe found that
the R-LOD overheadfor storageandtraversalreduceshe

performanceiy 2%-5%, ascomparedo ray tracingasde-

scribedin [30].

Performancegains: Theuseof R-LODsreducedothcom-
putationaworkloadandmemoryrequirementsA majorben-
et of R-LODsis thereductionof the working setsizeand
cachemiss ratios of the runtime algorithm. This size de-
creasesimostasaexponentiafunctionof thePoEasshovn
in Fig. 9. As aresult,we getfewer L1/L2 cachemissesand
pagefaultsandour new ray tracingalgorithmis morecache
coherent.

7.2 Comparisonto other approaches

OuralgorithmintegratesR-LODswith thekd-treerepresen-
tation for ray tracing. The ideaof usingan integratedhier
archicalrepresentatioffior traversal,visibility andsimpli -
cationhasbeenusedby otheralgorithmsfor interactve ren-
dering. Theseinclude the QSplatsystem[23], which uses
a hierarcly of spheresand a screenspacePoE metric to
stopthetreetraversalat a node.However, QSplatis mainly
designedfor point datasetor densemeshesarising from
scannedmnodels.Moreover, our LOD computationand er-
ror metric evaluationalgorithmsare differentfrom QSplat
aswe take into accountprimary and secondaryrays. The
Quick-VDR systen{42] usesatwo-level multiresolutionhi-
erarcly calledCHPMfor view-dependensimpli cation and
visibility culling of large polygonalmodels.However, the
CHPMrepresentatiohasahighmemoryoverheacanddoes
notlenditself well to ray tracing.

SeveralotherraytracingalgorithmsbasednLODshave
beenproposedThealgorithmthatis closesto ourapproach
is the out-of-coreray tracerdescribedn [32]. While we use
R-LODs to performfewer nodeandtriangle intersections,
Wald et al. usea simpli ed versiononly whenthe datais
notin mainmemoryin orderto hidethelateng incurredby
loadingdatafrom the disk. This approactworkswell when
the working setis smallerthan main memory Our LOD
basedalgorithmis complimentaryto their work andusesa
differentrepresentatioto reducethe sizeof theworking set
andperformfewer ray intersections.
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Pharretal. [20] describeanalgorithmto optimizemem-
ory coherencen ray tracing.In their approachthe raysare
reorderedso that they accesghe scenedatain a coherent
manner Their prime applicationwas acceleratingay trac-
ing for of ine rendering.Our LOD basedapproachs quite
complimentaryto their algorithm.The LOD-basedenderer
describedby Christenseret al.[5] differs from oursin two
respectsFirstly, it usessubdvision meshesThereforejt is
primarily usefulfor computingappropriateessellatiorev-
elsfrom thecoarsestesolution.Ontheotherhand we com-
putethe R-LODs from the original mesh.Secondly Chris-
tenseretal. useraydifferentialswhichis expensvefor real-
timeraytracing.In contrastpur LOD metricis veryef cient
andoptimizedfor interactve rendering.

7.3 Limitations

Our approachascertainlimitations. First of all, any LOD-
basedacceleratiortechniquecanresultin visual artifacts.
We minimize theseartifactsby usingalow PoEboundand
combiningthe projectedscreen-spacerror andsurfacede-
viation errorof anR-LOD. If we useahigh PoEbound,the
R-LODs may resultin holeson the simpli ed representa-
tion. This visual artifact canbe removed by emplgying im-
plicit surfaces[3314] asaLOD andtherebysacri cing some
of the ef ciency of our LOD representatiorMoreover, our
currentR-LOD representatioiis a drasticsimpli cation of
theunderlyinggeometrigprimitivesandtheir materialprop-
erties.As aresult,the R-LOD representatiomay not pro-
vide high quality simpli cation for surfaceshathave highly
varying BRDF. Onepossibilityis to useamorecomple re-
ectancerepresentatiofil 8] in suchcasesAlso, our LOD
metric doesnot give guarantee®n the errorsin the path
tracedby the secondaryaysandtheillumination computed
ateachpixel. However, we indirectly reducethe differences
by reducingerrorsassociateavith the R-LODs. Finally, our
efcient projection-based.OD error metric can currently
handleplanarre ectionsandshadaev rays,but notrefraction
nor non-planarre ection.

8 Conclusionand Futur e Work

We have presentednovel LOD-basedaytracingalgorithm
to improve the performanceof ray tracingmassve models.
We usethe R-LOD representatioras a drastic simpli ca-
tion of geometricprimitives containedin the subtreeof a
kd-nodeandselectthe LODs basedn our projection-based
LOD errormetric. We have describeda hierarchicaR-LOD
constructioralgorithmthathaslineartime compleity andis
well suitedfor out-of-corecomputationTheuseof R-LODs
resultsin fewer intersectiontestsand cansigni cantly im-
prove the memorycoherenceof the ray tracing algorithm.
We have obseredmorethananorderof magnitudespeedup

on massve models,andmostof thesegainsaredueto im-
proved memorycoherencandfewer cachemisses.

Therearemary avenuesfor future work. In additionto
addressingurrentlimitations of our approachesye would
like to extendour currentR-LOD representatiomo support
smoothimplicit surfacesto improve the renderingquality,
andstill have acompactepresentatioriMoreover, wewould
like to extend our approachto handleotherkinds of input
modeltypessuchaspointclouds[24] andhigherorderprim-
itives. It might be usefulto integrateapproximatevisibility
criteriawithin our ef cient LOD metricto furtherimprove
the performanceray tracing on massve modelswith high
depthcompleity. Also, we would lik e to considewisibility
issuegduringconstructiorof R-LODsin orderto have better
visual quality. Furthermorewe areinterestedn evaluating
our ray traceron othercompl dataset@andmeasuringhe
performancéene t. LODs could alsobe potentiallyuseful
in the context of designingfuture hardware for interactve
ray tracing.
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