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R-LODs: FastLOD-basedRay Tracing of MassiveModels

Abstract We presenta novel LOD (level-of-detail) algo-
rithm to accelerateray tracingof massive models.Our ap-
proachcomputesdrasticsimpli�cations of the model and
theLODsarewell integratedwith thekd-treedatastructure.
We introducea simpleandef�cient LOD metric to bound
the error for primary and secondaryrays. The LOD rep-
resentationhassmall runtime overheadand our algorithm
canbecombinedwith ray coherencetechniquesandcache-
coherentlayouts to improve the performance.In practice,
theuseof LODs canalleviatealiasingartifactsandimprove
memorycoherence.We implementour algorithm on both
32bit and 64bit machinesand able to achieve up to 2–20
timesimprovementin framerateof renderingmodelscon-
sistingof tensor hundredsof millions of triangleswith little
lossin imagequality.

1 Intr oduction
In recentyears,therehasbeena renewed interestin real-
time ray tracingfor interactive applications.This is dueto
many factors:�rstly , processorspeedhascontinuedto rise
at exponentialratesaspredictedby Moore's Law andis ap-
proachingthe raw computationalpower neededfor inter-
active ray tracing.Secondly, ray tracingalgorithmscanbe
parallelizedonsharedmemoryanddistributedmemorysys-
tems.Therefore,thecurrenthardwaretrendtowardsdesktop
systemswith multi-coreCPUsandprogrammableGPUscan
beusedto accelerateray tracing.Finally, recentalgorithmic
improvementsthatexploit ray coherencecanachieve a sig-
ni�cant improvementin renderingtime [22,31].

Our goalis to performinteractive ray tracingof massive
modelsconsistingof tensor hundredsof millions of trian-
gleson currentdesktopsystems.Suchgigabyte-sizedmod-
elsaretheresultof advancesin modelacquisition,computer-
aideddesign(CAD), andsimulationtechnologiesandtheir
complexity makesinteractivevisualizationandwalk-throughs
achallengingtask.In thecontext of renderingmassivemod-
els,raytracinghasanimportantproperty:its asymptoticper-
formanceis logarithmic in the numberof primitives for a
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Fig. 1 St. Matthew Model: We useour LOD-basedalgorithmto ac-
celerate ray tracing of the St. Matthew modelwith shadowsand re-
�ections.Werenderthe128M trianglemodelat 512� 512 resolution
with 2 � 2 anti-aliasingand pixels-of-error (PoE) = 4. We are able
to achieve2 � 3 framespersecondon twodual-coreXeonprocessors
with 4GBof memory. Weobservea 2 � 20 timesincreasein theframe
ratedueto R-LODswith verylittle lossin imagequality.

given resolution.This is dueto theuseof hierarchicaldata
structuressuchasboundingvolumehierarchiesor kd-trees.
The asymptoticcomplexity makesray tracingan attractive
choice,especiallyfor renderingof massivemodels.

Thelogarithmicgrowth,however, continuesonly aslong
asthesystemhassuf�cient mainmemoryto containtheen-
tire modelandhierarchicaldatastructures.As modelsgrow
much larger, the size of the hierarchicalstructurealso in-
creaseslinearly and the underlyingray tracerperformsits
computationsin anout-of-coremanner, slowing down dras-
tically. A major trendin computinghardwarehasbeenthe
increasinggapbetweenprocessorspeedandmemoryspeed.
Moreover, disk I/O accessesarein generalmorethanthree
ordersof magnitudeslowerthanmainmemoryaccesses.Be-
causeof thesegaps,hardwareadvancesarenot expectedto
provide an ef�cient solution to the problemof ray tracing
massivemodels.
Main Contrib utions: We presenta new algorithmto ac-
celerateraytracingof massivemodelsusinggeometriclevels-
of-detail(LODs).Ourapproachcomputessimpleanddrastic
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simpli�cations,calledR-LODs, of thepolygonalmodel.The
R-LODshave a compactrepresentationandaretightly inte-
gratedwith the kd-tree.We presenta simple and ef�cient
LOD error metric to boundthe error for primary andsec-
ondaryrays.Additionally, we usetechniquesbasedon ray
coherenceandcache-oblivious layoutsto improve the per-
formanceof our LOD basedray tracingalgorithm.R-LODs
alsoalleviatethetemporalaliasingthatcanariseduringren-
deringof highly tessellatedmodels.

Wehave implementedandtestedoursystemontwo ma-
chinesrunningWindowsXP32-bitand64-bitwith twodual-
coreXeonCPUsandhaveevaluatedits performanceondif-
ferentkindsof modelswith 20 � 128M triangles.Theper-
formancegain of our LOD basedray traceris proportional
to the reductionin the working setsizeandthe numberof
intersectiontests.The framerateimprovementvariesfrom
2 times on modelswith small working set size to almost
20� 50 timesonmodelswith very largeworkingsetsize.

Our ray tracingalgorithmoffersthefollowing bene�ts:
1. Simplicity: R-LODsareveryeasyto implementandtheir

representationhassmallruntimeoverhead.Ouralgorithm
maintainsthesimplicity, coherence,andperformanceof
thekd-treedatastructure.

2. Interacti vity: TheLOD basedraytracerprovidesaframe-
work for interactive ray tracingdueto the fact that we
cantradeoff imagequality for improvedframerate.

3. Front size: R-LODs reducethe size of the front tra-
versedin thekd-tree.This resultsin fewer ray intersec-
tion testsanddecreasesthesizeof theworkingset.

4. Coherence:R-LODs make memoryaccessesmoreco-
herentandreducethenumberof L1/L2 cachemissesand
pagefaults.Furthermore,they canalsoimprove theper-
formanceof raycoherencetechniques.

5. Generality: Our algorithm is applicableto a wide va-
riety of polygonalmodels,includingscannedandCAD
models.

Organization: The rest of the paperis organizedin the
following manner:Section2 givesa brief summaryof prior
work in interactive rendering.We give an overview of our
approachin Section3 andpresenttheR-LOD representation
and computationalgorithm in Section4. Section5 shows
accelerationtechniquesbasedoncache-coherentlayoutsand
ray coherence.We describethe implementationof our ray
tracerand analyzeits performanceon different modelsin
Section6. Finally, Section7 comparesour algorithmwith
otherapproaches.

2 Relatedwork
In this section,we give a shortoverview of interactive ray
tracingandtheuseof LODs for interactive rendering.
2.1 Interacti veRay Tracing
Ray tracingwasintroducedby Appel [3] andWhitted [36]
andis averywell studied�eld. In thissection,wejustbrie�y
survey somerecenttechniquesusedto accelerateraytracing,
but a detaileddescriptionis available in [27]. At a broad
level, weclassifyprior approachesinto four categories:
Exploiting ray coherence: The underlying idea here is
not to traceeachray by itself, but to utilize the fact that
neighboringraysexhibit spatialcoherence.Earlierattempts
to exploit this conceptwerebeamtracing[11], pencil trac-
ing [26] andconetracing[2]. Morerecently, Waldetal. [31]
grouprays into bundlesandusethemto acceleratetraver-
sal and intersectionwith primitives for all rayssimultane-

Fig. 2 Double Eagle Tanker: Thedeck of the DoubleEagle tanker
with shadowsis shownusingraytracing. Weareableto achieve1-3fps
at 512by512 imageresolutionwith 2x2 super-samplingandPoE= 4
on a dual Xeonworkstation.In this model,theworkingsetof the ray
traceris low andweare ableto achieveup to 2 timesimprovementin
theframerate.

ously by taking advantageof SIMD instructions.Reshetov
et al. [22] proposean algorithm to integratebeamtracing
with the kd-treespatialstructureand were able to further
exploit raycoherence.
Hardware acceleration: Another trend hasbeento use
hardwaresupportto accelerateraytracing.Purcelletal. [21]
show thatraytracingcouldbeadaptedto thestreamingmodel
of currentprogrammableGPUs,which aremainly designed
for rasterization.Schmittleret al. [25] andWoopet al. [38]
presentprototypesfor a completeand programmableray
tracinghardwarearchitectureto runat interactive rates.
Parallel computing: Ray tracing is easily parallelizable
due to the fact that all rays can be tracedindependently.
Parker et al. [19], DeMarleat al. [7], andDietrich et al. [8]
describean interactive ray tracerfor renderinglarge scien-
ti�c or CAD datasetsrunning on sharedmemory or dis-
tributedarchitectures.Wald et al. [34] built a ray tracerto
run on clustersof commodityhardwaremachinesandwere
ableto achieve interactive frameratesfor largearchitectural
andCAD models.Bothof thesesystemsaremainlyintended
for modelsthatcouldbekeptin themainmemoryof ashared
memorysystemor of PCsusedin thecluster.
Lar gedatasets: Many algorithmshave beenpresentedto
improve theperformanceof ray tracingon largedatasets[7,
10,20,32]. Our approachis complimentaryto thesemeth-
odsandcanbecombinedwith themto further improve the
performance.

2.2 Interacti veRenderingusingLODs and Out-of-Core
Techniques

LODs have beenwidely usedto acceleraterasterizationof
large polygonaldatasets[16]. At a broadlevel, prior algo-
rithms can be classi�ed into static LODs, view-dependent
simpli�cation, image-basedrepresentationsandhybrid com-
binationsof geometricandimage-basedrepresentations.Out-
of-corealgorithmsarean active areain computergraphics
and visualizationwith the goal to ef�ciently handlelarge
datasets[4]. LOD algorithmscanbecombinedwith out-of-
core techniquesto rasterizelarge polygonaldatasetscom-
posedof tensor hundredsof millions of polygonsat interac-
tive ratesoncommodityPCs[23,6,42,9].
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Fig. 3 Performanceof Ray Tracing: We precomputesimpli�ed ver-
sionsof theSt.Matthew modelandray traceeach simpli�cation sepa-
ratelyfromthesameviewpoint.We measure theframetimeandwork-
ing setsizeof theray-tracer, with andwithoutR-LODsbyusingdiffer-
entsimpli�ed modelson a 64-bit machinewith 2GB RAM.Noticethe
big jumpin frametimefor raytracingwithoutR-LODs,astheworking
setof ray tracingwith massivemodelsexceedstheavailableRAM.On
the other hand,our R-LOD basedray tracing combinedwith cache-
obliviouslayouts(CO-layout)achievesnear-constantperformancein
termsof framerateandtheworkingsize. Thecache-obliviouslayouts
increasetheperformanceof our LOD raytracerby10� 60% over the
depth-�rst layout.

LOD-basedbasedalgorithmscanalsobeappliedto ac-
celerateray tracing.Christensenet al. [5] introducea LOD
approachfor anof�ine ray tracerbasedon ray differentials
[12]. WandandStraßer[35] proposeanalgorithmfor multi-
resolutionray tracingof point-sampledgeometrybasedon
ray-differentials.Anotherapproachis to integratetheLODs
into thehierarchicalstructure[37]. Recently, Stoll etal. [28]
proposeda novel architecturefor dynamicmultiresolution
raytracing.They proposedawatertightmultiresolutionmethod
by interpolatingbetweendiscreteLODs for eachray. Their
discreteLODs arecomputedfrom choosingpropertessella-
tion levelsfor subdivisionmeshes.Also,ef�cient algorithms
basedon depthimagescanbeusedto accelerateray tracing
[15,1].

3 Overview
In this section,we discussmany issuesthatgovern theper-
formanceof ray tracing and give an overview of our ap-
proach.
3.1 Ray tracing of massivemodels
In this paper, we restrictourselves to triangulatedmodels,
thoughourapproachcanalsobeextendedto otherprimitives
suchaspoint clouds.All ef�cient ray tracersemploy hierar-
chical datastructuresto avoid testingeachray with every
primitive.We usethekd-tree,which is a specialcaseof the
generalBSPtreeandhasrecentlybecomea popularchoice
dueto its simplicity andperformance[10,27]. Eachnodeof
thekd-treerepresentsonesubdivision of theparent's space
andcontainsinformationabouttheaxis-alignedplaneused
for thesplit aswell aspointersto its child nodes.Weusethe
optimizedrepresentationproposedby Wald et al. [30] and
extendit to ef�ciently handleLODs.
Out-of-core ray tracing: Raytracerstakingadvantageof
hierarchicaldatastructuresshouldexhibit alogarithmicgrowth
rateasa function of the modelcomplexity [31]. We mea-

suredtheperformanceof acoherentraytracerduringrender-
ing differentsimpli�cation levelsof theSt.Matthew model,
asshown in Fig. 3. Ourexperimentindicatesthatray tracing
performanceincreasesas a logarithmic function of model
complexity aslong asthekd-treeandprimitivesof a model
can�t in the main memory. However, oncethe modelsize
andtheworkingsetsizeof thekd-treeexceedstheavailable
mainmemoryof themachine,thedisk I/O signi�cantly af-
fectstheperformanceof theray tracer.
Raycoherence: Recentapproachesthatexploit spatialand
raycoherencedecreasethenumberof memoryaccessesand
thereforealsothenumberof disk accessesfor largemodels
[31,22]. Thesealgorithmsperformtraversalsand intersec-
tions for multiple spatially-coherentrays in a groupat the
sametime. In general,raysin a groupexhibit highercoher-
enceat the higher levels of the kd-tree(that usuallyare in
mainmemory)becauseeachray in thegroupis likely to fol-
low samepathin thetreeasotherrays.However, accessesto
thenodesdeeperin the treeareincoherentand,thus,result
in disk cachemisses,especiallywhendealingwith massive
models,sinceboundingbox of thosenodesbecomesmaller
comparedto width of the ray group.Therefore,in orderto
accelerateout-of-coreray tracing, we needto reducethe
numberof accessesmadeto thenodesdeeperin thetree.
3.2 Our Approach
Wemainlyaddresstheproblemof ray tracingmassivemod-
els. If modelshave high depthcomplexity, current traver-
salalgorithmsbasedon kd-treescanef�ciently handlesuch
kinds of models.In this case,the working set size is pro-
portional to the numberof visible primitives from the pri-
maryandsecondaryrays.Therefore,weprimarily dealwith
the problemof fastray tracingwhenthe numberof visible
primitivesis high.

We assumethat eachray or ray bundle is represented
by a pyramidalbeamor frustum.As describedin themulti-
level ray tracingof Reshetov et al. [22], duringtraversalthe
frustumis checkedfor intersectionwith theboundingboxof
thecurrentkd-treenodeby usinganinversefrustumculling
approach.This resultsin two interestingcases:
1. Models with large primiti ves: If the boundingbox of
thenodeis larger thanthefrustum,it is likely that thenode
intersectswith the whole beam,i.e. we canexploit spatial
coherence.Typically, architecturalmodelsor CAD models
result in suchcaseswhenever the model is coarselytessel-
lated,haslargeplanarprimitivesor is viewedatcloserange.
2.Highly tessellatedmodels:In thiscase,theboundingbox
is muchsmallerthanthefrustum.This impliesthatthebeam
needsto be split into smallersub-beams.However, if the
beamrepresentsjust oneray, thenfurthersubdivision is not
possible,even thoughthe sub-treerepresentedby the node
hasa high numberof descendantsand, thus, thereis high
local geometriccomplexity. Therefore,ray coherenceap-
proacheslike multi-level ray tracingandray packet tracing
fall backto normalray tracingandmaynotoffer muchben-
e�t. For example,considerray tracinga St.Matthew model
consistingof 128M trianglesat a resolutionof 10242 pri-
mary rays.Assumethat every ray hits the modelandhalf
of the model's trianglesarevisible to the eye. In this case,
fewer than1% of the actualtrianglesarehit by oneof the
rays.Moreover, eachof thesetrianglesis sampledasa rep-
resentative of several trianglesin the subtree.This hastwo
consequences:�rst, thememoryaccessesmaybeincoherent
becauseeachtrianglemaylie in a differentpartof memory.
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Fig. 5 LOD Representation:A R-LODconsistsof a planewith ma-
terial attributes.It servesasa drasticsimpli�cation of triangle prim-
itivescontainedin theboundingboxof thesubtreeof a kd-treenode.
Its extentis implicitly givenby its containingkd-node. Theplanerep-
resentationmakesthe intersectionbetweena ray and a R-LOD very
ef�ciently andresultsin a compactrepresentation.

Secondly, temporal aliasingcanoccurbetweenframessince
it is likely thata differenttrianglewill bechosenin succes-
sive frames.

Ournovel LOD-basedray tracingalgorithmhandlesthis
secondcaseby choosingourprecomputedR-LOD represen-
tationwhentraversaldeterminesthata LOD metric is satis-
�ed. This meansthat traversalcanstopbeforereachingthe
deeplevels of the tree,reducingthe numberof incoherent
accessesand the size of the working set, while maintain-
ing ray coherencesothatrelatedtechniquesstill work well.
As aresult,weobtainsigni�cant improvementsin rendering
speed.

4 LOD-BasedRay Tracing
In this sectionwe presentthe R-LODs that areusedto ac-
celerateray tracing.We �rst describeour R-LOD represen-
tationandthemodi�ed traversalalgorithm.Thenwepresent
our LOD error metric and the R-LOD constructionalgo-
rithm.
4.1 R-LOD Representationfor Ray Tracing
Our goal for interactive ray tracingis to designa LOD rep-
resentationthatretainsthebene�tsof 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 thedescen-
danttrianglescontainedin an inner nodeof the kd-tree,as
shown in Fig. 5. EachR-LOD is alsoassociatedwith a sur-
facedeviation errorwhich is usedto quantify theprojected
screen-spaceerrorat runtime.

Let usassumethat theoriginal treehasheighth, where
h � log2(n), andn is thenumberof trianglesin theoriginal
model.TheR-LOD associatedwith akd-treenodeatheight
k is a simpli�cation into a planeof the2k descendanttrian-
gles.Ourchoiceto usesucharepresentationis motivatedby
thefollowing goals:
Simpleand ef�cient LOD representation:Currentrayob-
ject intersectionalgorithmsbasedon thekd-treearehighly
optimizedfor interactive ray tracing.We usesimplerepre-
sentationsfor LODs to minimizestorageandtraversalover-
head.EachR-LOD adds4 bytesto aninnernodeof thekd-
tree.WealsouseasimpleandfastLOD selectionalgorithm
to reducethetraversaloverhead.
Drastic modelsimpli�cation: Thecomputationalworkload
of ray tracing is a logarithmic function of the modelcom-
plexity. If the modelsize is reducedby a factorof m, the
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Fig. 6 Projection-basedLOD Metric : Weplacea projectionplaneat
theintersectionpoint betweena ray andthekd-node. Theplaneis or-
thogonal to theray. Basedon this projectionplane, weconservatively
check whethertheR-LODsatis�estheerror metric.

treetraversaloverheadreducesby only log(m). As a result,
m hasto beasigni�cant number, say23or 24.
Err or-controllable LOD rendering: In orderto controlthe
errorscausedby using R-LODs, we associatea deviation
errormetricandcomputeascreen-spaceprojectionin terms
of pixels-of-error (PoE)deviation.Also, weassumethatour
drasticallysimpli�ed LOD representationsaremainly used
givensmallPoEvalues(e.g.,1–4 pixelsat imageresolution
1024� 1024) for high-qualityrendering.However, onecan
ef�ciently explorea modelwith a high PoE;oncea desired
view is found,high-qualityimagecanbeacquiredby setting
a low PoE.

4.2 Runtime Traversalwith R-LODs

Ournew traversalalgorithmis amodi�cation of theef�cient
traversalalgorithmdescribedin Wald's thesis[30] and[29].
We recursively traversethe kd-treefrom the root nodeor
the entry-pointthat is computedusingmulti-level ray trac-
ing. When we reachan intermediatenodeassociatedwith
a R-LOD, we checkwhetherwe canusetheR-LOD based
on our LOD errormetric.If thecurrentR-LOD satis�esthe
LOD errormetric,we performan intersectiontestbetween
a R-LOD andtheray. If thereis anintersection,we stopthe
traversaland return the intersectiondataof the R-LOD to
computeshadingandshootsecondaryrays,if necessary. If
thereis no intersection,the algorithmdoesnot traversethe
child nodesof the intermediatenodeassociatedwith theR-
LOD. EachR-LOD is boundedby a kd-nodeandtherefore,
theextentof theplaneof theR-LOD is implicitly bounded
by thekd-nodeduring treetraversal.The implicit extentof
theplaneresultsin acompactR-LOD representation.

4.3 LOD Err or Metric Evaluation

Weuseaprojection-basedalgorithmintegratedwith surface
deviationerrorto selectappropriateLODs for ray tracing.
Conservative projection algorithm: We usea projection
methodto ef�ciently comparethe screen-spaceareaof the
R-LOD after theperspective projectionwith thePoEin the
screen-space.Conceptually, we positiona projectionplane
at theintersectionbetweentherayandthekd-treenode.The
planeis setto beorthogonalto the ray, asshown in Fig. 6.
WeenclosetheR-LOD (andits correspondingsimpli�ed ge-
ometry)in a sphere.Theareaof theR-LOD projectedonto
theprojectionplaneis conservatively measuredby comput-
ing � R2, whereR is theradiusof thesphere.Let Rp bethe
radiusof a sphereinscribedin a rectangularshapepixel of
theimagescreen.In thiscase,Rp is simplyhalf of thewidth
of the pixel. Then,the projectedareaof a pixel in the pro-
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(a)No LOD (b) PoE= 4

Fig. 4 ForestModel: We rendertheforestmodelconsistingof 32 million triangleswith shadowraysusingPoE = 0 andPoE = 4. Theimage
resolutionsare 512 � 512 withoutanti-aliasingto highlight image quality differences.We are ableto renderthemodelgiventheviewpointat
the1:6 framespersecondandachieve5 timesimprovementbyusingR-LODs.

jectionplanesatis�esthefollowing relationship:

dnear

Rp
=

dmin

R̂p
) R̂p = dmin

Rp

dnear
= dmin C; (1)

whereR̂p is theprojectedradiusof Rp, dnear is thedistance
from theviewer to theimageplane,anddmin is thedistance
from theviewerto theintersectionpointbetweentherayand
thekd-node.Since R p

dnear
(= C) is a constant,theprojected

radius,R̂p, is a simplelinearfunctionof thedistance,dmin ,
alongtherayfrom theeyeto theintersectingnode.Weselect
anR-LOD if R̂p, isbiggerthantheradius,R, associatedwith
theR-LOD. Our LOD metric is very ef�cient asit requires
only onemultiplication anddmin is alreadyknown during
thetreetraversal.
Surfacedeviation: Theerrormetricdescribedabovecon-
servatively measurestheprojectedscreen-spaceareaof the
R-LOD.Weaugmentthemetricto take into accountthesur-
facedeviationof aR-LOD.For thiswe�rst measurethesur-
facedeviation betweenthe planeof the R-LOD andall the
containedtriangles.We combinethe surfacedeviation and
theprojectedscreen-spaceareaof theR-LOD in thefollow-
ing geometricformulation.We computethe volumeof the
surfacedeviationalongtheplaneandaddthisvolumeto the
volumeof thesphereenclosingtheR-LOD.Wethentreatthe
summedvolumeasavolumeof animaginarysphereanduse
its radiusastheerrorboundof theR-LOD. In thisgeometric
formulation,thesetwo seemingdifferenterror boundscan
betreatedin auniformmanner.
Err or quantization: Theexactrepresentationof theplane
andassociatedmaterialstakes32 bytes.Insteadof directly
associatingthis informationwith eachnodeof the kd-tree,
we quantizethe error boundsassociatedwith the R-LODs
andstorethequantizederrorboundaswell asanR-LOD in-
dex in a 4 bytestructureasthepartof thekd-nodein order
to reducetheworking setsizeduring traversals.Therefore,

only if theerrorboundof anR-LOD is satis�ed within the
PoEbound,we loadtheexactR-LOD representationby us-
ing theR-LOD index. Whenconsideringa pathfrom a leaf
nodeof thekd-treeto theroot node,theerrorboundsasso-
ciatedwith thenodesincreaseasa geometricseries.There-
fore, we usea geometricdistribution equationto quantize
theerrorvaluesassociatedwith theR-LODs.We foundthat
5 bits areenough(i.e. 10%–20%quantizationerror) to con-
servatively quantizethe error boundof the R-LODs in our
benchmarks;therefore,eachR-LOD index is storedin 27
bits, which are enoughto indicateall the R-LODs in our
testedmodels.

Secondaryrays: Our LOD metric basedon conservative
projectionalsoextendsto secondaryrays.Theseincludere-
�ection (in whicharayre�ectsatanintersectionpointwith a
re�ective triangle)andshadowrays.This is mainly because
thesesecondaryrayscanbe expressedasa linear transfor-
mation[11]. In thecaseof re�ection, theradius,Rp, of the
sphereinscribedin the pixels of the imagespaceincreases
linearlybasedon thesumof thedistancefrom theviewer to
anintersectingre�ectivetriangle,andto anotherintersecting
objectalongtheprimaryor re�ective secondaryrays.Simi-
larly, our metricalsoworkswell for shadow raysandagain
we usea linear transformation.Oneissuewith usingLODs
for shadow raysis thatthey canresultin self-shadowing ar-
tifactswhendifferentversionsof the R-LODs areselected
by the primary ray andthe shadow ray. We overcomethis
problemby ignoring the intersectionsbetweenthe shadow
ray andtheprimitivesthatarewithin theLOD errorbounds
associatedwith theR-LOD selectedby theprimaryray.

Ourprojection-basedmethoddoesnotwork with refrac-
tion, sincerefractionis not a linear transformation[11]. In
this case,we canusea moregeneral,but expensive method
basedonraydifferentials[12], to decidewhetheranR-LOD
satis�esthePoEboundafterrefraction.
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4.4 R-LOD Construction
Our goal is to computea planethat approximatesthe tri-
anglesthat arecontainedin the subtreeof an intermediate
kd-nodeandalsotheir materialproperties.If a trianglecon-
tainedin the subtreeis not fully containedin the bounding
box of the node,we clip the triangle against the box and
do not considerthe clippedportion of the triangle.We use
principal componentanalysis(PCA [13]), to computethe
plane.PCA computestheeigenvectorsthatprovide a statis-
tical descriptionof inputpoints.WeperformPCAcomputa-
tion basedon theverticesof thetriangles,but alsotake into
accountthe sizeof the trianglesby associatingthe areaof
the triangleasa weight for eachvertex. The planeis com-
putedbasedon the eigenvectorassociatedwith the largest
eigenvalueandthis eigenvectorrepresentsthenormalto the
plane1. We computematerialpropertiesthat aremeanval-
uesof the containedtrianglesandassociatethemwith the
R-LOD. Thesurfacedeviation of theplaneagainstthegeo-
metric primitivesis computedbasedon the smallesteigen-
value,which correspondsto a varianceof geometryalong
thenormalof theplane.
Hierar chical R-LOD computation: We cancomputethe
R-LODsassociatedwith eachnodeof the treein a bottom-
up manner. However, a naive algorithmwould computethe
R-LOD for eachnodeindependentlyandthis canresultin a
O(n logn) algorithm.

Instead,wepresentaR-LOD computationalgorithmthat
haslineartimecomplexity andis well suitedfor out-of-core
computation.Eachelement,� ij , of (i; j )th componentof a
covariancematrix for PCA is de�ned asthefollowing:

� ij =
nX

k=1

(V k
i � � i )(V k

j � � j ); (2)

whereV k
i is thei th component(e.g.x, y, andz) of kth vertex

data,� i is themeanof V k
i , andn is thenumberof vertices.

Thisequationcanbereformulatedas:

� i;j =
nX

k=1

V k
i V k

j �
2
n

nX

k=1

V k
i

nX

k=1

V k
j +

1
n2

nX

k=1

V k
i

nX

k=1

V k
j ;

(3)

It follows that if we cancomputeandstorethesumsof V k
i ,

V k
j , V k

i V k
j , andn, wecancomputethecovariancewith these

sumsandn for any intermediatenode.In orderto compute
thecovariancematrixof aparentnode,wesimplyaddthese
variablesasa weightedsumof thenumberof verticescon-
tainedin eachchild node.Thispropertyis particularlyuseful
to computetheR-LODsof innernodesin thekd-treein an
out-of-coremanner. Ouralgorithmhaslineartimecomplex-
ity andits memoryoverheadis afunctionof theheightof the
tree.In practice,thememoryoverheadin ourbenchmarksis
lessthan1MB.
4.5 C0 Discontinuity betweenR-LODs
OurLOD computationalgorithmcomputesadrasticsimpli-
�cation. Therefore,if theunderlyingtriangleshavehighcur-
vature,thePCA-basedapproximationcanhavehighsurface

1 The directionof the normalis chosento be closerto the average
normalof triangles.

Fig. 7 C0 Discontinuity: Theleft image showsthe Stanford dragon
modelasrenderedby our approach 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
beseenin theareaof thedragon's eye, there is a holecausedby C0

discontinuityof our LOD representation.By allowing a smallamount
of expansionof R-LODs,wecanavoidhavingholesin the�nal image
asshownin thebottomright image. Close-upsof theeyeare shownin
boxeswith yellowborders.

deviation. In this case,it is possiblethatour algorithmdoes
notmaintainC0 continuitybetweenR-LODs,whichcanre-
sult in someholesin the resultingimage(seeFig. 7). This
kindof problemhasbeenwell-studiedin theLOD andpoint-
basedrenderingliterature.Particularly, many techniquesin
theLOD literaturehave beenproposedto patchtheseholes
usingprecomputeddatastructuresor runtimealgorithms[6,
42].However, thoseapproachescanincreasethestorageand
runtime overheadof ray tracing algorithms.In our imple-
mentation,wedonotuseany patchingtechniques.

Instead,weamelioratethisproblemthroughourR-LOD
selectionalgorithm.A very low PoEboundshouldbeused
to limit the error introducedby the R-LODs.The low PoE
boundalsominimizestemporalpoppingthatcanarisewhen
weswitchbetweentheR-LODsof parentandchildrennodes
duringsuccessiveframes.Moreover, weassignhigherweight
to surfacedeviation computationaspartof theerrormetric
computation;therefore,higherresolutionsareusedin there-
gionwith highcurvature.
Expansion of R-LODs: In addition to thesetwo heuris-
tics,wealsoexpandtheextentsof R-LODsto removeholes
causedby C0 discontinuitybetweenR-LODs. Pleasenote
that asthe surfacedeviation increases,it is likely that gaps
becomelarger. Therefore,weincreasetheextentof aR-LOD
as a function of the surfacedeviation associatedwith the
R-LOD. This expansionis ef�ciently consideredduringthe
planeandray intersectionasan additionalnumericaltoler-
ance.In practice,we found that combiningtheseheuristics
work well to removeholescausedby C0 discontinuitywith-
out introducingany noticeablevisualartifactgivenlow PoE
errorbounds(seeFig. 7).

5 Utilizing Coherences
In this section,we describeapproachesto improve theper-
formanceof our ray tracingalgorithmusingray coherence
andcache-coherentlayouts.
5.1 Ray Coherence
We de�ne ray coherenceas the coherenceof rays in tree
traversalandintersection,i.e. raysmay take a similar path
in thetreeandmayhit thesametriangles.For primaryrays,
our ray tracerstartsout by assumingthereis ray coherence
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Model Vert. Tri. Node Size R-LOD
(M) (M) (M) (GB) Comp.(min)

Forest 19 32 105 4:1 10
Doubleeagle 77:7 81:7 173 9:1 32
St. Matthew 128 256 378 26 124

Table1 Benchmark models

Modelcomplexity, thenumberof kd-nodes,thetotal sizeof kd-tree,
geometry, andR-LODs,andtheconstructiontimeof R-LODsare

shown.

andshootsabeamusingthealgorithmpresentedin [22]. We
computea commonentrypoint in thetreefor all raysin the
beam,atwhichthebeamis split into eithersub-beamsor ray
packetsdependingon its size.For thelattercase,weusethe
coherentray tracingalgorithm[31] which workson a 2 � 2
packetof raysin parallelusingcurrentprocessors'SIMD in-
structions.During all traversal,we checkwhetherwe need
to useR-LODsthathaveappropriateresolutionbasedonour
LOD metric. If so,we stoptraversalof thatsubtreeandin-
tersectwith thesimpli�ed representation.If thegivenmodel
is highly tessellated,beamtracingandtheuseof SIMD in-
structionsmaynotwork well andcanevenleadto adecrease
in performance(asexplainedin Section3.2). However, we
foundthattheuseof R-LODsalleviatesthisproblem,aswe
generallydo not traverseasdeepinto thetreeandtherefore
executelessoverheadintersections.Secondaryrayscanbe
alsohandledin asimilarmanner.
5.2 CacheCoherence
Recently, therehasbeenefforts to computecache-coherent
layoutsof meshes[40,39].Sinceakd-treeismorefrequently
accessedthan its input meshat runtime, it is more highly
desirableto maintaincachecoherenceduring run-timetree
traversalsto help to achieve goodperformance.To achieve
this goal,it is critical to predicttheruntimeaccessbehavior
andcloselystorekd-nodesthatarelikely to be accessedin
the succession.In orderto predict the runtimebehavior on
kd-nodesduring tree traversal,we usea simplemethodto
computethe probability that a nodewill be accessedgiven
thatits parentnodehasbeenaccessedbefore,basedon their
geometricrelationship[41]. The ray tracingalgorithmtra-
versesthechild nodesfrom theparentnodewhenthereis an
intersectionbetweena ray andtheboundingbox of thepar-
entnode.Therefore,weestimatethattheprobabilitythatthe
child nodeis accessedincreasesasits surfaceareacompared
to its parentnodeincreases.Thispropertyis alreadywell ex-
ploited by the kd-treeconstructionalgorithmsby usingthe
surfaceareasof the boundingboxesof the kd-nodes[17].
The layoutscanincreasethe performanceof the ray tracer
by 10 � 60% on massive models.This is in additionto the
speedupsobtainedby 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 both32-bit and64-bit machinesthathave
two dual-coreXeon processorsrunning 32-bit and 64-bit
Windows XP, respectively. For runtimeray tracing,we use
memorymapped�les to ef�ciently accesslarge �les of ge-
ometryandkd-tree.However, in the32-bit OS,we canonly
mapup to 3GB total memory. To dealwith larger data,we
have implementedexplicit out-of-corememoryaccessman-
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Fig. 9 Performance variation as a function of PoE: We showthe
relativebene�t of R-LODson differentaspectsof overall performance
of ray tracing St. Matthew model.We measured the renderingtime,
average numberof processednodeper ray, andsizeof workingseton
a 32-bit Xeonmachinewith 2GBRAM.All thesevaluesareshownin a
scale-invariantmannerby linearly scalingtheir maximumvaluesto 1.
Theperformanceof our LOD-basedraytracerdrasticallydecreasesas
welinearly increasethePoE.Moreover, thegraphindicatesthat there
is high correlationbetweentheperformanceof theray tracerandthe
sizeof workingset.Imageshotsgeneratedby testedPoEvaluescanbe
seenin Fig. 8.

agement.This is not necessaryin the 64-bit OS wherewe
justuseimplicit OSmemorymappingfunctionality.

In orderto constructthekd-treefor amodelthatdoesnot
�t into mainmemory, we �rst subdivide themodelinto vox-
els in an out-of-coremannerandthenbuild the kd-treefor
eachof thesevoxelsindividually in core[42]. This stepcan
alsobeperformedin parallelondifferentvoxelsfor speeding
up the construction.Afterwards,the kd-treefor eachvoxel
is mergedinto theglobaltree,which is usedfor ray tracing.

Sincewehave foundthatthequalityof thekd-treeis the
mostimportantfactorfor fastray tracing,we build the kd-
treeusingthe surface-areaheuristic[17,10] andsomefur-
ther improvementsaspresentedby [22]. Especiallyimpor-
tant is to introduceextra splits for emptyareasin order to
boundthegeometrymoretightly for ourR-LOD representa-
tion.
6.2 Results
Benchmarks: We have appliedour LOD-basedray trac-
ing algorithm to different benchmarksas shown in Table
1. We computeddifferentpathsthroughthesemodelsand
measuredthe performanceof the ray tracerwith andwith-
out LODs using a small PoE metric. We usea resolution
of 512 � 512 pixels for interactive rendering.We alsouse
2 � 2 super-samplingper pixel; therefore,we effectively
shoot1K � 1K raysfrom the eye for eachframe.We are
ableto rendermostof thesemodelsat 5 � 12 framesa sec-
ondwith primaryraysand1 � 8 framesa secondwhenwe
includere�ectionsandshadow rays.Theseresultsareshown
in thevideo.
Preprocessing: Weonly computeR-LODsfor asubsetof
the nodesin the kd-treeto avoid excessive memoryover-
head.Our currentimplementationselectsevery third node
on thepathfrom theroot nodeto theleaf node.Our unopti-
mizedR-LOD constructionimplementationcanprocess2–3
million trianglesperminute;mostof theprocessingtime is
spenton readingdatafrom the disk. The size of R-LODs
associatedwith eachnodetakes lessthan10% 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 roughly33%
comparedto theoptimizedkd-treerepresentation[30].
Performance variation as a function of PoE: We vary
thePoEmetric for theSt. Matthew model(256M triangles)
andmeasureits bene�t on therenderingtime,averagenum-
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(a)No LOD (b) PoE= 2:5 (c) PoE= 5
Fig. 8 Imagesof the St.Matthew modelwith differentPoE valuesare shownat 512 � 512 image resolutions.We do not useanti-aliasingto
highlight image quality difference. Pleasenotethat theoriginal St.Matthew modelhasmanyholes.Theuseof R-LODscanalleviatealiasing
artifactsandimprovetheperformanceof massivemodels.

berof processednodesper ray, andsizeof working setper
frame.Theworkingsetis measuredatagranularityof 4KB.
In orderto show therelative bene�t, we linearly scaleeach
valueinto [0; 1] by scalingthemaximumvalueof eachitem
to 1. The min andmax valuesof eachitem areasfollows:
renderingtime(ms)(160, 11914), sizeof theworkingset(MB)
(2, 1565), andaveragenumberof processednodesper ray
(13:6, 22:42). As canbeseenin Fig. 9, theperformanceof
theraytracerincreasesdrasticallyaswelinearlyincreasethe
PoEvalues.
Runtime performance: Thebene�t of LODs varieswith
the reductionin the working set size.For a highly tessel-
latedSt. Matthew modelwith 128M triangles,we achieve
morethanoneorderof magnitudereductionin the sizeof
the working set and almost two ordersof magnitudeim-
provementin theframerate.Thismodelhaslow depthcom-
plexity and more than half the primitives are visible from
the eye. We show the frame ratesobtainedduring render-
ing of theSt.Matthew modelwith andwithoutR-LODsand
cache-oblivious layoutsin Fig. 10. Moreover, we are able
to achieve 2:6 framespersecondwhile renderingthemodel
with shadow andre�ection with little lossof imagequality
(see.Fig. 1). For the forestmodelshown in Fig. 4, we are
ableto achieve morethan� ve timesimprovementby using
R-LODs.

In the caseof the Double Eagle tanker, we get 10%–
200%improvement.This modelhashigh depthcomplexity
andisnothighly tessellated.Asaresult,theperformanceim-
provementdueto LODs is limited. An imageof the tanker
with shadows is shown in Fig. 2.

7 Analysisand Comparison
In this section,we analyzetheperformanceof our ray trac-
ing algorithmandalsocompareits performanceto prior ap-
proaches.Wealsodiscusssomelimitationsof ourapproach.
7.1 Analysis
We �rst examinedifferentaspectsof our R-LOD represen-
tation.
R-LOD overhead: Our algorithm introduces4 bytesof
additionalstoragefor eachkd-node.Wealsomeasurethead-
ditionalcomputationaloverheadof evaluatingourLOD met-
ric during traversalby comparingthe runtimeperformance
on the Stanfordscanneddragonmodel(870K triangles)of
the standardray tracerusing8 byte sizedkd-nodesandof

ourraytracer, whichuses12byte-sizednodeswith storedR-
LODs. In orderto measuretheoverheadof R-LODs,we set
ourPoEmetricto 0 duringLOD treetraversal;consequently,
the imagequality is the samein both cases.We found that
the R-LOD overheadfor storageand traversalreducesthe
performanceby 2%–5%, ascomparedto ray tracingasde-
scribedin [30].

Performancegains: Theuseof R-LODsreducesbothcom-
putationalworkloadandmemoryrequirements.A majorben-
e�t of R-LODs is thereductionof theworking setsizeand
cachemiss ratios of the runtime algorithm. This size de-
creasesalmostasaexponentialfunctionof thePoEasshown
in Fig. 9. As a result,we get fewer L1/L2 cachemissesand
pagefaultsandournew ray tracingalgorithmis morecache
coherent.

7.2 Comparison to other approaches

OuralgorithmintegratesR-LODswith thekd-treerepresen-
tation for ray tracing.The ideaof usingan integratedhier-
archicalrepresentationfor traversal,visibility andsimpli�-
cationhasbeenusedby otheralgorithmsfor interactive ren-
dering.Theseinclude the QSplatsystem[23], which uses
a hierarchy of spheresand a screenspacePoE metric to
stopthetreetraversalat a node.However, QSplatis mainly
designedfor point datasetsor densemeshesarising from
scannedmodels.Moreover, our LOD computationander-
ror metric evaluationalgorithmsaredifferent from QSplat
as we take into accountprimary and secondaryrays.The
Quick-VDRsystem[42] usesatwo-level multiresolutionhi-
erarchy calledCHPMfor view-dependentsimpli�cation and
visibility culling of large polygonalmodels.However, the
CHPMrepresentationhasahighmemoryoverheadanddoes
not lenditself well to ray tracing.

SeveralotherraytracingalgorithmsbasedonLODshave
beenproposed.Thealgorithmthatis closestto ourapproach
is theout-of-coreray tracerdescribedin [32]. While we use
R-LODs to performfewer nodeand triangle intersections,
Wald et al. usea simpli�ed versiononly when the datais
not in mainmemoryin orderto hidethelatency incurredby
loadingdatafrom thedisk.This approachworkswell when
the working set is smaller than main memory. Our LOD
basedalgorithmis complimentaryto their work andusesa
differentrepresentationto reducethesizeof theworkingset
andperformfewer ray intersections.
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Fig. 10 Frame time with and without R-LODs: Thegraphsshows
frametimeswhilerenderingthe128M St.Matthew modelwith/without
R-LODs and cache-oblivious(CO) layout. We measure frame time
whenweapproach themodelstartingfromtheviewpointshownin Fig.
8. Thepathis alsoshownin thevideo.

Pharretal. [20] describeanalgorithmto optimizemem-
ory coherencein ray tracing.In their approach,theraysare
reorderedso that they accessthe scenedatain a coherent
manner. Their prime applicationwasacceleratingray trac-
ing for of�ine rendering.Our LOD basedapproachis quite
complimentaryto their algorithm.TheLOD-basedrenderer
describedby Christensenet al.[5] differs from oursin two
respects.Firstly, it usessubdivision meshes.Therefore,it is
primarily usefulfor computingappropriatetessellationlev-
elsfrom thecoarsestresolution.Ontheotherhand,wecom-
putethe R-LODs from the original mesh.Secondly, Chris-
tensenetal. useraydifferentials,whichisexpensivefor real-
timeraytracing.In contrast,ourLOD metricis veryef�cient
andoptimizedfor interactive rendering.
7.3 Limitations
Our approachhascertainlimitations.First of all, any LOD-
basedaccelerationtechniquecan result in visual artifacts.
We minimize theseartifactsby usinga low PoEboundand
combiningtheprojectedscreen-spaceerrorandsurfacede-
viation errorof anR-LOD. If we usea high PoEbound,the
R-LODs may result in holeson the simpli�ed representa-
tion. This visualartifactcanberemovedby employing im-
plicit surfaces[33,14]asaLOD andtherebysacri�cing some
of theef�ciency of our LOD representation.Moreover, our
currentR-LOD representationis a drasticsimpli�cation of
theunderlyinggeometricprimitivesandtheirmaterialprop-
erties.As a result,the R-LOD representationmay not pro-
videhighqualitysimpli�cation for surfacesthathavehighly
varyingBRDF. Onepossibilityis to useamorecomplex re-
�ectancerepresentation[18] in suchcases.Also, our LOD
metric doesnot give guaranteeson the errors in the path
tracedby thesecondaryraysandtheillumination computed
at eachpixel. However, we indirectly reducethedifferences
by reducingerrorsassociatedwith theR-LODs.Finally, our
ef�cient projection-basedLOD error metric can currently
handleplanarre�ectionsandshadow rays,but not refraction
nornon-planarre�ection.

8 Conclusionand Futur eWork
Wehavepresentedanovel LOD-basedraytracingalgorithm
to improve theperformanceof ray tracingmassive models.
We usethe R-LOD representationas a drasticsimpli�ca-
tion of geometricprimitives containedin the subtreeof a
kd-nodeandselecttheLODsbasedon ourprojection-based
LOD errormetric.WehavedescribedahierarchicalR-LOD
constructionalgorithmthathaslineartimecomplexity andis
well suitedfor out-of-corecomputation.Theuseof R-LODs
resultsin fewer intersectiontestsandcansigni�cantly im-
prove the memorycoherenceof the ray tracingalgorithm.
Wehaveobservedmorethananorderof magnitudespeedup

on massive models,andmostof thesegainsaredueto im-
provedmemorycoherenceandfewercachemisses.

Therearemany avenuesfor future work. In additionto
addressingcurrentlimitationsof our approaches,we would
like to extendour currentR-LOD representationto support
smoothimplicit surfacesto improve the renderingquality,
andstill haveacompactrepresentation.Moreover, wewould
like to extendour approachto handleotherkinds of input
modeltypessuchaspointclouds[24] andhigherorderprim-
itives.It might beusefulto integrateapproximatevisibility
criteria within our ef�cient LOD metric to further improve
the performanceray tracing on massive modelswith high
depthcomplexity. Also, we would like to considervisibility
issuesduringconstructionof R-LODsin orderto havebetter
visual quality. Furthermore,we areinterestedin evaluating
our ray traceron othercomplex datasetsandmeasuringthe
performancebene�t. LODs couldalsobepotentiallyuseful
in the context of designingfuture hardware for interactive
ray tracing.
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