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ABSTRACT

Typically thereis a high coherencein datavaluesbetweenneigh-
boringtime stepsin aniterative scienti�c softwaresimulation;this
characteristicsimilarly contributes to a correspondingcoherence
in the visibility of volume blocks when theseconsecutive time
stepsarerendered.Yettraditionalvisibility culling algorithmswere
mainly designedfor staticdata,without considerationof suchpo-
tentialtemporalcoherency. In thispaper, weexploretheuseof Tem-
poral OcclusionCoherence(TOC) to acceleratevisibility culling
for time-varyingvolumerendering.In ouralgorithm,theopacityof
volumeblocksis encodedby meansof PlenopticOpacityFunctions
(POFs). A coherence-basedblock fusiontechniqueis employedto
coalescetime-coherentdatablocksover a spanof time stepsinto
a single,representative block. ThenPOFsneedonly becomputed
for theserepresentative blocks. To quickly determinethe subvol-
umesthat do not requireupdatesin their visibility statusfor each
subsequenttime step,a hierarchical“TOC tree” datastructureis
constructedto storethe spansof coherenttime steps. To achieve
maximalculling potential,while remainingconservative, we have
extendedourpreviousPOFinto anOptimizedPOF(OPOF)encod-
ing schemefor this speci�c scenario.To testour generalTOC and
OPOFapproach,we have designeda paralleltime-varyingvolume
renderingalgorithmacceleratedby visibility culling. Resultsfrom
experimentalrunsona32-processorclustercon�rm boththeeffec-
tivenessandscalabilityof ourapproach.

CR Categories: I.3.1[ComputerGraphics]:Parallelprocessing—
; I.3.7 [ComputerGraphics]: Three-DimensionalGraphicsand
Realism—visibleline/surfacealgorithms

Keywords: visibility culling, time-varyingdatavisualization,vol-
umerendering,plenopticopacityfunction,largedatavisualization

1 I NTRODUCTI ON

It hasbecomeincreasinglycommonfor scientiststo modelcom-
plex physical phenomenausinglarge-scalecomputersimulations.
The dynamicnatureof suchphysical simulationstypically gener-
atesmassive time-varyingvolumetricdatasets.Oneexampleis the
Richtmyer-Meshkov TurbulentSimulation[22] at LawrenceLiver-
moreNationalLaboratory. This simulationis designedto studyin-
stabilitiesat the interfacebetweentwo gasesof differentdensities,
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andproducesdatasetscontaininghundredsof timesteps,eachbeing
7.5gigabytesin size.Astrophysicssimulationsof supernovae[21]
performedat Oak RidgeNationalLaboratoryhave generatedsev-
eral terabytesof dataperrun andwill produceevenlargerdatasets
in the nearfuture. Although pastresearchhasexploreda variety
of techniquesfor visualizinglarge-scaledatasets,with both static
and time-varying data[3, 26, 19, 9], major challengesremainto
ef�ciently store,processandvisualizesuchmassive datasetsat in-
teractive rates,especiallywith theincreasinglyhigh resolutionsre-
quired.

A central obstacleto ef�cient time-varying data visualization
stemsfrom theever-wideningdisparitybetweentheavailableI/O,
memory and computing bandwidth, and the rapidly increasing
amountof datato bevisualized.Variousaspectsof datacoherence
couldbe exploited to reducethe amountof datathat passthrough
thevisualizationpipeline.Coherencein bothspaceandtimecanbe
appliedasa meansof acceleration.Often, largedatasetsareparti-
tionedinto spatialblocks.Herewereferto all blocksresidingin the
samespatiallocationover time asa setof “co-spatial” blocks. A
numberof differenttypesof coherencecanbeleveragedamongco-
spatialblocks.Many existingalgorithmsfocusoncoherencein raw
datavaluesamongco-spatialblocks.If asetof co-spatialblocksdo
not vary over time, thenmuchI/O andcomputingoverheadcanbe
saved.

Previous research[15, 17, 11, 4] hassuggestedthata consider-
ableportion of a large datasetis often invisible dueto the spatial
occlusion.We hypothesizethat thevisibility of a setof co-spatial
blockscouldalsobecorrelatedover time. In fact,we observe that
aninvisibleblockat time stept oftenremainsinvisibleat time step
t + 4 t (4 t is a small integervalue),especiallywhentheview an-
gle doesn't changesigni�cantly over the courseof the entireren-
deringsequence.An obvious approachto capitalizeon visibility
culling in time-varyingvolumerenderingmight beto applya stan-
dardstaticdatavisibility culling schemerepeatedlyto eachindi-
vidual time step. However, this simplisticapproachwill likely in-
cur unnecessaryvisibility estimationoverheadfor subsequenttime
steps,withoututilizing thevisibility coherence.A modi�ed scheme
is requiredto applyminimal re-computationof the visibility from
timestepto timestep.Suchextensionsto culling algorithmsshould
alsomaintainhighef�ciency in thecontext of acceleratingexisting
parallelsolutions.In this paper, we presentour work to developan
ef�cient visibility culling framework for scalableparallel volume
renderingof large-scaletime-varyingdatasets.

Theremainderof this paperis organizedasfollows. Therelated
work of visibility culling and time-varying datavisualizationare
brie�y discussedin Section2. Theoverview anddetailsof our vis-
ibility culling schemefor time-varying volumerenderingand the
experimentalresultsarepresentedin Sections3 through7. In Sec-
tion 8, wesummarizeourcontributionsanddiscussfuturework.

2 REL ATED WORK

Muchresearchhasbeenexploredin algorithmsfor visibility culling
andtime-varyingdatavisualization,but primarily in separatecon-
texts. Integratingvisibility culling to acceleratetime-varying data



visualizationhasnotbeenwidely studied.Below webrie�y review
somerelatedresearchwork.

2.1 Visibility Culling

Visibility culling, alsoknown asocclusionculling, is an effective
techniquefor reducingunnecessaryrenderingcomputationby elim-
inating invisible portionsof databeforevisualization. Visibility
accelerationhasbecomewidely usedin many polygonrendering
applications;a thoroughsurvey canbefoundin [2].

As pioneeredin work on early ray termination[15], visibility
culling hasbeenappliedbothin directvolumerenderingandisosur-
faceextraction,especiallywhendealingwith large-scaledatasets.
Law and Yagel [14] presenteda ray-front schemethat employs
visibility culling. In the image-alignedsheet-basedsplattingalgo-
rithm [11], bothindividualandgroupsof voxelscanbeculledaway
whenthecorrespondingscreenfootprint is coveredby fully opaque
pixels. GutheandStrasser[8] appliedvisibility test to multireso-
lution volumerenderingwhich alsoallows the changeof transfer
function. LivnatandHansen[17] introduceda view-dependental-
gorithm for isosurfaceextraction. Parker et al. [24] developeda
highly ef�cient ray-castingsystemto visualizeview-dependentiso-
surfacesin volumedatasetswithout explicit extractionof the sur-
facedtriangles.Later, Liu etal. [16] describedaprogressiveview-
dependentisosurfaceextraction algorithm. This approachdeter-
minesvisiblevoxelsby castingasmallnumberof viewing raysand
then propagating the visibility information up from these“seed”
voxelsto obtainthefull visibility informationfor thevolume.All of
thesevisibility accelerationmethodsarevery effective for datasets
exhibiting suf�cient opaqueness.

Beyondacceleratingthesequentialvisualizationalgorithmsus-
ing visibility heuristics,a few methodshave beendevelopedto
accelerateparallel visualization. Huanget al. [12] developeda
visibility-assistedparallel splattingalgorithmfor volumedatasets
with moderateto heavy occlusion.To accelerateparallelisosurface
extraction,GaoandShen[5, 6] proposeda progressive visibility
culling methodthatef�ciently eliminatesinvisible isosurfacetrian-
gles,achieving satisfactoryparallelspeedups.Recently, Gaoet al.
[4] proposeda highly-scalablevisibility culling methodbasedon
PlenopticOpacity Functions(POFs),which will be discussedin
moredetailaspartof ourdesignoverview in Section3.

2.2 Time-Varying VolumeVisualization

Ef�cient algorithmsfor time-varying datavisualizationhave be-
come increasinglyimportant to the visualizationcommunity. A
numberof algorithmshave beendevelopedthatenablehigh inter-
activity andimprovedataunderstanding.

A wealthof literatureexistson thecompressionof time-varying
data. Blocks at different time stepscan be compressedusing
Wavelet Transforms[31]. In a hierarchicalmanner, DiscreteCo-
sineTransforms,VectorQuantization,3-D WaveletTransformsand
MPEGcompressionschemes[18,7,29]haveall beenexplored.Hi-
erarchicalcompressionschemeshave beenappliedto capitalizeon
inter-block dependencies,andto eliminateinsigni�cant frequency
coef�cients thatcorrespondto minor featuresin thedata.Exploit-
ing datacoherence,Shenand Johnson[27] proposeda differen-
tial volumerenderingstrategy thatwasshown to reducerendering
time andstoragespaceby upwardsof 90% for two testdatasets.
Shenet al. [26] introduceda time-spacepartitioning(TSP) tree
structureto captureboth spatialand temporalcoherencein time-
varying datasets. Suttonand Hansen[30] presenteda temporal
Branch-on-Needtreestructurefor ef�cient time-varyingisosurface
extraction.Usingquiteadifferentcompressionapproach,Neophy-
tou andMueller [23] converteda 4-D datasetfrom a regular grid
into aBody-CenteredCartesiangrid andachievedbetteref�ciency.

Other researchon time-varying datavisualizationincludesthe
tracking of featuresin a time-varying dataset[28, 13], high-
performanceparallel algorithms[25, 19] and various alternative
methods[10, 1, 32].

3 AL GORI THM OVERVI EW

Ourdesigngoalis to utilize Temporal OcclusionCoherence(TOC),
thatis, thetemporalcoherencein termsof ablock'scapabilitytooc-
cludeotherblocksbehindit alongtheviewing direction,to acceler-
atevolumerenderingof time-varyingdatasets.This work exploits
a visibility culling schemebasedon PlenopticOpacityFunctions
(POF)[4]. This schemewasintroducedto encodevolumeblocks'
occludingcapabilities,which we will referto asopacities, from all
externalviewpoints.After thePOF-encodingpreprocessingstepis
completed,ef�cient visibility culling canbeperformedat run time.
A framework usingPOFwasshown to achievehighly scalablepar-
allel volume rendering. Here we further develop the conceptof
POFto acceleratethevisibility culling for time-varyingdatavisu-
alization.

Due to the potentially overwhelmingsize of the time-varying
data,it is desirableto determinetheminimal possiblesetof visible
blocks.A mathematicallysoundmechanismis neededto ef�ciently
encodetheopacityof representativeblocks,in aneffectivebut con-
servative manner. ThePOFschemeis generallya viabletechnique
for this purpose,however, it can be overly conservative for cer-
taincases,whichcouldhampertheachievableacceleration.Evena
moderateincreasein theamountof falsepositives,whereaninvis-
ible block is classi�edasvisible duringvisibility estimation,could
resultin aconsiderableincreasein I/O andrenderingtime. Our ini-
tial studyof thiswork showsthattheoriginalPOFschemeneedsto
beoptimizedto minimizesuchover-conservativeness.We call our
new schemeOptimizedPlenopticOpacityFunction (OPOF). We
have carefully extendedour original POFconceptto constructan
OPOFscheme;this new schemeis still conservative but encodes
the opacity distribution of any block with a much tighter lower
bound.Signi�cant improvementsin culling performancehavebeen
observedin experimentsusingOPOFs(seeSection7).

To determinethe temporalcoherenceof the opacityamongco-
spatialblocks,we needa meansfor effective detectionof opacity
variationsfor eachblock over time. Traditionally, researchershave
analyzedthedifferencesin raw datavaluesto searchfor temporal
coherence.However, opacityalsodependson thespeci�c transfer
functionsutilized. In our algorithm,we attemptto �nd the opac-
ity variationsamongco-spatialblocks.If theopacityvariationsare
below auser-speci�edthresholdfor two co-spatialblocksatneigh-
boring time steps,thenwe classifytheseblocksastemporallyco-
herent.For eachsetof co-spatialblocks,a setof contiguoustime
spansde�nes the temporalcoherence.For eachtime span,theco-
spatialblocksarefusedinto arepresentativeblock,andanOPOFis
computedfor this representativeblock.

Using pre-computedOPOFsat eachtime step, the opacity of
each representative block can easily be computedat run time.
Clearly, there can be a high coherencein occluding capability
amongrepresentative blocksresidingin local spatialvicinities. To
further acceleratethe visibility estimationprocess,a hierarchical
TOCtreeis constructedduringpre-processing.UsingtheTOCtree,
thoseblockswhoseopacityhaschangedversusthe previous time
stepcanbequickly identi�ed. This allows usto performvisibility
estimationonly for theblockswhosevisibility hasbeenaffectedby
thoseblocks.

To demonstratetheviability of ourapproach,wepresentaparal-
lel time-varyingvolumerenderingsystemthatleveragesbothTOC
and OPOFin the visibility acceleration.In Sections4, 5 and 6,
wediscussOPOF, block fusionandTOCtreeconstruction,respec-
tively, in detailfor our time-varyingvolumerenderingsystem.
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Figure 1: For eachview (upper-left), the opacity channelof a volume
block B is rendered into a frame bu�er. Suppose the pixel shaded
with blue has the minimal opacity among all non-empty pixels. This
minimal opacity value is stored into the entry shaded with green in
a 2D table indexed by q and f (bottom). The sameprocessis done
for all sample views around block B.

4 OPTI M I ZED PL ENOPTI C OPACI TY FUNCTI ON (OPOF)

In [4], we proposeda PlenopticOpacityFunction(POF)scheme,
which encodestheminimal occludingcapability, or theopacity, of
avolumeblockunderall possibleexternalviews. For agivenview,
consideringall the rays intersectinga block, the minimal opacity
value accumulatedwithin the block is de�ned as its opacity un-
der this view. The computationalprocessfor computinga POFis
brie�y illustratedin Figure1. A 2-D POFtable(Figure1, bottom),
parameterizedby the angularpart of sphericalcoordinates,q and
f , is built asfollows. For any sampleview (qi ,f i) (Figure1, upper-
left), anopacityimageSof ablockB is rendered.Thelowestvalue
amongall pixels insideS shows the minimal occludingcapability
of B, which is storedat the locationcorrespondingto (qi ,f i) in the
POFtable.To bemorespace-ef�cient, a discretePOFtablecanbe
encodedby a polynomialor spline,aslong astheprocessremains
conservative. ThePOFcanfully capturetheview dependentvari-
ationof a block's opacityunderall possibleexternalviews, so the
opacityof the block for any speci�c view canalwaysbe obtained
by simply evaluatingthePOF. By accumulatingtheopacitiesonly
at the block level, visible blockscanbe quickly identi�ed at run
time.

Our original POFschemehasproven to bevery effective when
usedin large-scaleparallelvolumerendering.However, usingthe
minimumopacityof a block astheoverall opacitycansometimes
be too conservative, potentiallyproducingfalsepositives. For in-
stance,with blocksof uniform voxel values,the minimum opac-
ity will mostlikely be foundat thecornersof theblock. Figure2
showsanexample32� 32� 32blockwith uniformvoxel valuesall
mappedto anopacityof 0.1, renderedat a (45;45) viewing angle.
Theminimalopacityof theblockis 0.1,foundatthecorners,yetthe
opacitiesatthecenteraresigni�cantly higher. In alarge-scalesimu-
lation,suchhomogeneousblockscommonlyexist, especiallywhen
thesizeof eachblock is relatively small. In fact,for theRichtmyer-
Meshkov Turbulent dataset[22], which hasa 1024� 1024� 960
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Figure 2: Illustration of conservativePOF computations: (a) A uni-
form block is rendered from a sample view, and (b) Scalar plot of
POF as a height �eld showing the values in the opacity bu�er.
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Figure 3: 2-D examplesof the thickness mask D, the opacity mask
O, the ratio mask t (t p = Op=Dp for each pixel p) and the encoded
opacity mask O0 (O0

p = DpMIN(t p)) for a block during the OPOF
computation. A red star points out the minimal ratio MIN(t p). Note
that the thickness values and opacity values are selected only for
illustration purpose.

spatialresolutionanda block sizeof 32� 32� 32, about70% of
all blocks have very small internal variationsin their voxel val-
ues. For thoseblocks,the minimum accumulatedopacitywill be
too conservative. This resultingopacityestimationwill producea
suboptimalculling rate for suchtime-varying datasets.An opti-
mizedopacityencodingschemeis necessaryto alleviatethis over-
conservativeness.

We have developedan optimizedalgorithmbasedon the orig-
inal POF scheme,called OptimizedPlenoptic Opacity Function
(OPOF)scheme(Refer to Section7 and Figure 11 for the com-
parisonof culling effect betweenPOF and OPOF).This revised
schemeis basedon the following observation: in a homogeneous
block,theopacityaccumulatedateachpixel is relatedto thelength
of thecorrespondingray segmentinsidetheblock. Here,we refer
to this lengthasthe thicknessof a pixel. By computingthe thick-
nessfor all pixels in the block's screenprojectionS, we obtaina
thicknessmaskD. WecanalsocomputeanopacitymaskO, by ac-
cumulatingtheopacitiesalongtheray segmentsinsideeachblock.
Accordingto [20], theopacityalonga viewing ray is computedas
a = 1� e�

Rd
0 t (t) dt , wheret (t) is theextinction coef�cient de�ned

alongtheviewing rayanda is theresultingopacity. Assuminguni-
form voxel valuesalongthecorrespondingray segment,for every
pixel p insidetheblock's screenprojectionS, theresultingopacity
becomesa p = 1� e� Dpt wherea p andDp representthe opacity
andthe thicknessat the pixel p. The term e� Dpt canbe approxi-
matedby the�rst two termsof its Taylor expansion:1� Dpt , thus
a p canbe approximatedby Dpt . Therefore,the opacityof a ray
segmentcanbeapproximatedby a linearfunctionof its thickness.

Of course,notall volumeblocksareuniform. To accountfor this



case,wecomputetheratiobetweentheopacitymaskandthethick-
nessmaskon perpixel basis.Theminimal ratio is usedto encode
theopacityof theblock to remainconservative. Theminimal ratios
from all sampleviews arestoredin anOPOFfor runtimevisibility
estimation.Thisprocessis illustratedin Figure3.

To estimatetheopacityof a block at run time, we �rst compute
its thicknessmaskD, which is the samefor all blocks if ortho-
graphicprojectionis used.Then,after looking up theratio t from
its pre-computedOPOFs,a conservative opacity maskO can be
easilycomputedfrom D as:Op = Dpt for every pixel p insidethe
block's screenprojectionS. This opacitymaskservesasa conser-
vative but tighterestimateof theblock's opacity. In theworstcase,
wherethe block's raw datadistribution is irregular and therefore
causesthe resultingopacity to be unrelatedto the thickness,then
theopacitycomputedwill reduceto theminimalopacityasusedin
theoriginalPOFalgorithm.Thiscasestill remainsconservative.

5 COHERENCE BASED BL OCK FUSI ON

Having constructeda viable and ef�cient schemeto encodethe
opacityof volumeblocks,we mustnow developa mechanismfor
extractingthe temporalcoherenceof blocks' opacity. In this sec-
tion, we describethedetailsof our metric for identifying this tem-
poral occlusioncoherencebetweenconsecutive time stepsfor co-
spatialblocks.Thismetricreliesonacoherence-basedblockfusion
methodthatcombinescoherentco-spatialblocksinto a singlerep-
resentative block. We alsodiscussa hierarchicaldatastructure,a
Temporal OcclusionCoherence(TOC) tree, that enablesef�cient
queryingof theserepresentativeblocksastimeprogresses.

5.1 Opacity EnhancedTemporal Differ enceMetric

To determinewhetherdata coherenceexists betweenco-spatial
blocks for two consecutive time steps,a differencemetric is de-
�ned. For the purposeof visibility culling, the differencemetric
needonly measurethe variancein the blocks' opacitywhich de-
pendson the raw dataas well as the underlyingopacity transfer
function. To distinguishthis metric from traditionaltemporaldata
coherence,we referto sucha categorizationastemporal occlusion
coherence. For agivenopacitytransferfunction,wede�ne thedis-
tancebetweentwo scalarraw datavaluesas:

Dis(v1;v2) = jOpa(v1) � Opa(v2)j (1)

whereOpa(v) is the opacityfor the datavaluev. The distanceis
de�ned asthedifferencebetweencorrespondingopacityvalues.

Let Bi(t) representthe ith block at tth time step.Thedifference
betweenBi(t1) andBi(t2) canbede�ned as:

Di f f (t1; t2) =

å
(x;y;z)2Bi

(Dis(bi(x;y;z;t1);bi(x;y;z;t2))) 2

N
(2)

wherebi(x;y;z;t) is the datavalueat the location(x;y;z) in Bi(t)
andN is thenumberof voxelsthatarenon-emptyin eitherBi(t1) or
Bi(t2).

5.2 Block Fusion

Basedonthedifferencemetricde�ned above,wecanfusetwo data
blocks,Bi(t) andBi(t

0) into anew representativedatablockBi;[t;t0],

if Di f f (t; t0) is below a certainsmalldifferencethreshold,suchas
0.001.In particular, thefusionoperationperformsthefollowing:

bi;[t;t0] = f
bi;t i f (Opa(bi;t ) � Opa(bi;t0))
bi;t0 Otherwise (3)
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Figure 4: An example of block fusion. Bi (t1), Bi (t1 + 1) ... Bi (t2) are
fused into a representative block basedon Di f f (t;t + 1).

wherebi;t representsthe datavalue at location (x;y;z) in the ith

blockat tth timestep.Thenew fusedblockwill keeptheraw value
associatedwith theloweropacityfor each(x;y;z) coordinate.

Our algorithmfusestogetherasmany blocksaspossibleto con-
struct coherenttime spans. This is achieved by performing the
blockfusionincrementally. Figure4 illustratestheprocess.Starting
from theblock at the �rst time stept1, we calculatethedifference
betweenco-spatialblocksat time stept1 andt1 + 1. If the differ-
enceDi f f (t1; t1 + 1) is smallerthan our threshold,then we fuse
thesetwo blockstogether. The resultingfusedblock will thenbe
appliedto continuethecoherencetestwith subsequentblocks.Af-
ter timestept2, if thetemporaldifferencerisesaboveourdifference
threshold,thenthe fusion processis terminatedfor that particular
fusedblock,anda new roundof block fusionwill begin from time
stept2 + 1. The completefusedblock is the representativeblock,
denotedasB[t1;t2], for thecoherenttime spant1 throught2. We as-
sumethat the opacityof this block throughoutthe coherenttime
spanis invariantfor any givenview. Therefore,only asingleOPOF
needbe computedfor the representative block B[t1;t2], offering an
additionalsavingsin OPOFcomputationandstorage.

As mentionedin Section4, aconservativeopacitymaskfor each
block canbe easilycomputedat run time, basedon the thickness
maskD, whichis samefor all blocksin thevolumeif anorthogonal
projectionis used. After constructingthe opacity maskfor each
representative block, the visibility estimationcanthenbedoneby
front-to-backcompositing.

As discussedin [4], aninitial opacitytransferfunctioncanbede-
composedinto severalbasisfunctions.Thesebases,togetherwith
their scalingfactors,canbe usedto generatea family of transfer
functions.Usingthismethodology, visibility estimationcanbeper-
formedeven when the transferfunction changesat run time. To
handlethis case,theabove computationalstepsmustbeappliedto
eachbasisfunction. Thecoherenttime spansdeterminedfor each
basisarelikely tobedifferent.Theruntimecomputationof anopac-
ity maskfor any transferfunctionin thefamily will besimilarto the
opacitycalculationdescribedin [4]. That is, theopacityvalueof a
pixel p in theoverall opacitymaskis:

a 0
p = 1�

p

Õ
i= 1

(1� a p;i)
ki (4)

wherea 0
p is theopacityvalueat pixel p in the �nal opacitymask,

anda p;i is theopacityvalueatpixel p in theopacitymaskcomputed
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Figure 5: An example of a TOC tree (a binary tree is used for il-
lustration purposes). The numbers represent the ids of time steps
separating adjacent coherent time spans.

for theith basisfunction.

5.3 Temporal OcclusionCoherenceTreeConstruction

Block fusionallows for utilizing temporalcoherence.At eachtime
step,it is only necessaryto performa visibility checkfor a volume
block if thoseotherblocksthataffect its visibility haveexperienced
a changein their opacities.Evenso,this searchthroughthewhole
spatialvolume,for representativeblocksthathaveexpired,canstill
be optimizedfor betteref�ciency. In the spatialdomain,it is ex-
pectedthatneighboringblocksin a local vicinity will have similar
coherenttime spans.Hence,to enableanef�cient search,a hierar-
chicalOctreestructureis computedspatially. At eachtreenode,the
coherenttime spansof thecorrespondingco-spatial(meta)-blocks
arestored. This treeis referredto asTemporal OcclusionCoher-
ence(TOC) tree.

The coherentspansstoredin the treenodesarecomputedin a
bottom-upmanner. The leaf nodescorrespondto the true volume
blocksin the partitionedvolume. The coherenttime spanson the
leaf nodesarethe resultof the block fusion process.On eachin-
ternalnode,thecoherenttimespancanbecalculatedfrom thetime
spansof all child nodesasshown in Figure5.

At runtime,theTOCtreeis traversedfor eachnew timestept + 1
in a top-down manner. Whenvisiting eachtreenode,ouralgorithm
checkst andt + 1 to verify that they belongto the samecoherent
timespan.If not,thenthesearchdescendsto thenext lower level to
checkthisconditionfor eachof thechildnodes.Whenaleafnodeis
reached,if thetwo timestepsstill donotbelongto thesamecoher-
enttime span,thecorrespondingblock is markedashaving hadits
opacitychanged,therebyaffectingthevisibility of all otherblocks
behindit along the viewing direction. Upon traversingthe TOC
treein this way, all volumeblockswhoseopacitieshave changed
will have beenidenti�ed. Thenthealgorithmcommencesthevisi-
bility checkfor all volumeblockswhosevisibility is affectedby a
marked block. The visibility of otherblocksremainsthe sameas
in theprevioustime stept. This approachsigni�cantly reducesthe
visibility estimationcost if dataat two consecutive time stepsare
highly coherent.

6 PARAL L EL T I M E-VARYI NG VOL UM E RENDERI NG WI TH
OPOF ASSI STED V I SI BI L I TY CUL L I NG

Thedata�o w for thepre-processingandrun-timephasesof ourpar-
allel time-varyingvolumerenderingalgorithmwith visibility accel-
erationis illustratedin Figure6. Datadistribution,blockfusionand
OPOFpre-computationarethe threemajor tasksperformedat the
pre-processingstage.Thedataat eachtime stepis �rst partitioned
into volumeblocks,which arethendistributedto processorsalong
a space-�lling curve. As discussedin [4], suchstaticdatadistribu-
tion allows therun-timealgorithmto achieve abalancedworkload,
without the needfor dynamicdataredistribution. Controlledby a

Pre-processing


Object Space Partition


Data Distribution


Block Fusion


OPOF Computation


Data Blocks
 ¼...


Representative


Blocks

¼...


OPOF Files


Run-Time Algorithm


OPOF Files

TOC Tree


Visibility Estimation


Parallel Volume

Rendering


Image


Next Frame


TOC Tree


Figure 6: The data 
o w of our parallel time-varying volume rendering
algorithm acceleratedby visibilit y culling.

user-supplieddifferencethreshold,our algorithm fusesco-spatial
blocksinto a setof representative blockswith coherenttime spans.
Basedon the fusion results,a TOC treeis constructedto manage
the coherenttime intervals for every spatialpartition. The tree is
usedto reducethe run-timevisibility estimationcost. Finally, an
OPOFis pre-computedfor eachrepresentativeblockandstoredfor
run-timeusage.Dueto thenegligible storagerequiredfor OPOFs,
we canafford to replicatea copy of theentireOPOFresultsfor all
blocksoneverynode,reducingrun-timecommunicationcost.

Ourrun-timetime-varyingvolumerenderingalgorithmperforms
both the visibility estimationandparallelvolumerendering. The
goalof thevisibility estimationis to identify all visible blocksbe-
fore startingthe parallel rendering. By doing this, our algorithm
avoidstheglobalsynchronizationthatis neededin othermulti-pass
algorithms[5]. Workloadbalancingis alsoeasierastheexactren-
dering load is known in advance. Similarly to the methodused
in [4], our visibility culling schemeis donein parallelasfollows.
First, theboundingbox of thewholevolume's screenprojectionis
partitionedinto imagetilesof equalsize,wherethenumberof tiles
equalsthe numberof processors.Eachprocessoris assignedone
tile andis responsiblefor identifying which visible block's screen
footprintsoverlapwith thetile, aswell ascompositingthe�nal im-
agefor theassignedtile. Then,for a givenview (q; f ), all volume
blocks' boundingboxesarecheckedin a front-to-backorder. Only
thoseblockswhosescreenfootprintsoverlapwith theassignedtile
needbe testedfor visibility. An opacity buffer, of a size equal
to the tile size, is usedto storean accumulatedopacityvalue for
eachpixel in the tile. To test the visibility of eachvolumeblock,
thescreenfootprint of theblock is computedbasedon theopacity
buffer queried. If all valuesinsidea screenfootprint arebeyond
a pre-de�nedthresholdof opaqueness,say0.95, thenthe volume
block is identi�ed asinvisible. Otherwise,thevolumeblock is vis-
ible, and its opacity, computedfrom the thicknessbuffer and the
block's OPOF, will be compositedinto the opacity valuesin the
block's screenfootprint. Thevisibility estimationtestsaredonein
parallelto further reducethecost. At theendof visibility estima-
tion, a global communicationis doneso that all processorsknow
theindicesof all visible blocks. Eachprocessorthenstartsto load
andrenderthevisibleblockslocally, aspre-assignedduringthedata
distribution. Thepartialimagerenderedfor eachblock is sentto all
processorswhosetiles overlapwith the partial image. When the
renderingprocess�nishes, eachprocessorcompositesall the par-
tial imagesit hasreceived to generatethe �nal imagefor its tile.
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Figure 7: Averagenumber of non-empty blocks renderedfor 18 sam-
ple views, with or without visibilit y culling, at each time step.

(a) (b) (c)

Figure 8: Renderingresults of: (a) 8th time step (8671 visible blocks,
6377 invisible blocks), (b) 36th time step (12138 visible blocks, 6200
invisible blocks) and (c) 63th time step (12878 visible blocks, 7388
invisible blocks), under the view (225, 45).

Finally, a hostprocessorcollectstheseimagetiles to form the�nal
image.

Utilizing temporalocclusioncoherence,we caneffectively re-
ducethevisibility estimationtimeoverthecourseof atime-varying
volume visualization. For the �rst time step, visibility must be
estimatedfor every block, in the front-to-backorderasdescribed
above. After that,however, for eachsubsequenttime stepthevis-
ibility estimationis only neededfor thoseblockswhosevisibility
statusmayhavechanged,asdeterminedvia thetemporalocclusion
coherencetreedescribedin Section5.3.

7 RESULTS

In this section,we presentand analyzeexperimentalresultsob-
tainedusinga time-varying volumerenderingsystemwith TOC-
acceleratedvisibility culling. A softwareraycastingalgorithmwas
implementedto performvolumerenderingandthe imagesizewas
set to be 512� 512. Our testing platform is a PC cluster with
32 2.4GHzPentiumIV Xeon processors,with an interconnection
by Dolphin Networks. Our primary testingdatasetcamefrom a
Richtmyer-Mevhkov Instability(RMI) simulationatLawrenceLiv-
ermoreNational Laboratory. At eachof the 274 time steps,the
simulation produced7.5GB of data with a spatial resolutionof
2048� 2048� 1920. Due to the storagelimitation, we chose64
timestepsfrom thedataset,startingwith the4thtimestepandpick-
ing oneout of every four time steps,with eachspatialdimension
downsampledto half of its original resolution.Thetotalsizeof this
selectionis 60GB.Eachof theexperimentsassumesa �x edview-
ing directionuntil all time stepshave beenvisualized. To further
demonstratethebene�t of OPOF, ascomparedto ourpreviousPOF
approach,we also ran experimentsusinga staticvolumedataset,
the512� 512� 1728VisibleWoman.Duringpre-processing,each
datasetwaspartitionedinto 32� 32� 32 datablocks,which were
thenevenlydistributedto 32processorsalongaspace�lling curve.
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Figure 9: Percentage of the blocks that utilize temporal occlusion
coherenceat each time step for three di�erence thresholds.

We testedvisibility accelerationfor theRMI datasetfrom a set
of sampleviews. Undera sampleview from which the temporal
evolvementof the datais clearly shown, without leveragingvisi-
bility culling, 64 time stepsof the RMI datasetrequiredapprox-
imately 7.6 minutesto completeon 32 processors,including the
timefor bothparallelrenderingandparallelI/O. Utilizing ourTOC-
acceleratedvisibility culling framework, we reducedthetotal time
to lessthan1.5 minutes(about1.4 secondsper time stepon aver-
age),or an80%reductionin therenderingandI/O costsfor thistest
view. Figure7showstheaveragecullingeffects,asmeasuredby the
averagenumberof blocksrenderedunder18 sampleviews,spaced
20degreesapart,for eachtimestep.Onaverage,50%of nonempty
blockswereculledaway for mosttimesteps.A few sampleimages
of theRMI datasetareshown in Figure8.

Temporalocclusioncoherencetypically existsto somedegreein
all time-varyingdatasets,whichis capturedby athresholdin oural-
gorithm. To demonstratetheexistenceof suchcoherence,Figure9
shows thepercentageof blocksthatexhibit temporalocclusionco-
herenceat eachtime step,for threedifferencethresholds.It canbe
seenthat the tighter thedifferencethreshold,the lesscoherenceis
observed.

The occlusioncoherencedeterminedduring block fusion must
beef�ciently accessibleat runtime,to achieve the full potentialof
visibility acceleration.Using a TOC tree to heuristicallyanalyze
andfusespatialcoherenceamongneighboringblocks,visibility is
checkedonly for thosepixelswhoseocclusionaccumulationis af-
fectedby theadventof anew timestep.Theruntimecostof visibil-
ity estimationis proportionalto thenumberof pixelscoveredby the
screenfootprintsof incoherentblocks. Theoverheadof TOC tree
usagewas negligible, at about0.25 secondsfor constructionand
1.8MB total storage,for theRMI datasetwith a differencethresh-
old of 0.001. In Figure 10, we comparethe numberof affected
pixelsat eachtime step,with or without usingthetemporalocclu-
sion coherence.Without usingthe temporalocclusioncoherence,
all pixels needbe checked to updatethe blocks' visibility. When
thetemporalocclusioncoherenceis used,thetotal time for visibil-
ity determinationthroughouttheentiretime sequencewasreduced
from from 2.4secondsto 1.1seconds,using32processors.

As an additionalbene�t of temporalocclusioncoherence,we
needonly computeoneOPOFfor eachrepresentative block. Al-
thoughtheuseof OPOFsis highly ef�cient at runtime,OPOFpre-
computationstill incurssomeoverhead,especiallyfor very large
time-varying datasets.The actualpre-computationoverheadfrom
usingOPOFdependson theuser-chosendifferencethresholds.Ta-
ble 1 comparesOPOFcomputationtime (in seconds),storagecost
(in Mbytes)andtheresultingnumberof visibleblocksunderagiven
view, for � ve differencethresholds. With a differencethreshold
of 0, essentiallyno temporalcoherenceis consideredandthebest
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Figure 10: Comparison of the number of pixels checked for visibilit y
estimation in each of 64 time steps, with or without the TOC tree.

Diff Threshold Time (min) Storage(MB) # VisibleBlocks
0 204.7 91.9 191,082

0.00001 109.1 41.2 191,282
0.0001 77.5 35.1 191,736
0.001 25.0 10.7 194,832
0.01 8.8 2.8 1,148,677

Table 1: OPOF computation time (in seconds), storage cost (in
MBytes) and number of visible blocks (under one sample view) for
�ve di�erence thresholds.

culling effectscanbe achieved, but at high pre-computationcost.
However, even with a very small non-zerodifferencethreshold,
bothcomputationtime andstoragespaceareusedmoreef�ciently .
Notethatalthoughanincreaseddifferencethresholdcansave time
and storageoverheadswith OPOF, it can ultimately have an ad-
verseeffect on culling performanceif thethresholdis chosento be
too large. This is becauseeachfusionoperationensuresconserva-
tiveness.Theoccludingcapabilityof thenew block aftera fusion
operationis always lower or equalto that of any original block.
The higher the threshold,the more the fusion operationsthat are
executed.Theaggregateeffect of a largenumberof fusionopera-
tionsis aculling thatis tooconservative,whichmeansmoreblocks
will beconsideredasvisible. For instance,in our experiment,us-
ing thresholdsashighas0.001offersgreatculling results,but using
0.01causesadramaticincreasein thenumberof blocksdetermined
asvisible, mostof which areclearly falsepositives. Thus,we be-
lieve0.001is agoodchoicefor thisparticulardataset.

Using OPOF, our run-time visibility culling algorithm can
achieve betterculling effectsthanour previous POF-assistedvisi-
bility culling algorithm.In Figure11,wecomparetheculling effect
of an early-rayterminationtype of culling algorithm with meth-
ods using POF and OPOF, from 18 sampleviews spaced20 de-
greesapartaroundthetestdataset.(Notethatearly-raytermination
representsthe theoreticallimit of occlusionculling performance,
althoughit cannotbe usedef�ciently in practicewith large-scale
parallelism,dueto overwhelmingruntimecommunicationfor very
large datasets.)All threealgorithmsare coarse-grainedand cull
away volumeblocksdirectly, not individual voxels. For this com-
parison,boththeVisible Womandatasetanda singletime stepof
theRMI datasetwereused.By adjustingtheopacitytransferfunc-
tion, theregionsof interest,suchastheskin in theVisible Woman
data,weremadehighly opaque,but in the RMI datasetvery low
opacityvalueswereused.It canbeseenthat,for bothdatasets,us-
ing OPOFcanachieve culling resultsvery closeto thebenchmark
algorithm, while POF sometimesproducessomewhat more false
positives,especiallyfor highly transparentdatasetslikeRMI.

With ourspace-�lling curvemechanismof datadistribution,and
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(a)VisibleWoman
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Figure 11: The culling e�ects of three algorithms - Optimal, POF
and OPOF - from 18 sampleviewsduring rotation around the Y axis,
using: (a) Visible Woman data set (42,193 nonempty blocks), and
(b) One time step of RMI data set (20,266 nonempty blocks).

anef�cient TOCframework, ourparalleltime-varyingvolumeren-
deringalgorithmachievedbalancedworkloadandgoodscalability.
Figure 12 shows the numberof total blocks renderedby eachof
32 processorsthroughout64 total time steps.During therendering
of eachtimestep,ourparallelrendererconsistentlyachievedabove
80%CPUutilizationona32-processorPCcluster.

8 CONCL USI ON AND FUTURE WORK

In this paper, we have introducedan algorithmbasedon temporal
occlusioncoherencethatis ableto performcoarse-grainedvisibility
culling for large-scaletime-varying volumerenderingwith effec-
tiveness,ef�ciency andparallelscalability. Therearethreeessential
componentsto this algorithm: OPOFencodingof opacities,block
fusionto determinetemporalocclusioncoherence,anda TOC tree
datastructureto facilitatehighly-ef�cient runtimevisibility deter-

25000


27000


29000


31000

33000


35000


37000


39000


41000


43000


45000


1
 3
 5
 7
 9
 11
 13
 15
 17
 19
 21
 23
 25
 27
 29
 31


Processor ID


N
um

 o
f B

lo
ck

s 
R

en
de

re
d


Figure 12: The number of total blocks rendered by each processor
throughout 64 time steps.



mination. A paralleltime-varyingvolumerenderingalgorithmac-
celeratedby visibility culling wasimplementedto demonstratethe
effectivenessof thesecomponents.

In the future,we plan to investigatethe fully interactive explo-
rationof time-varyingdatasets,allowing bothruntimevariationof
spatialviewpointsandtime tick, which we expectto be very use-
ful to realworld productionscienti�c users.In addition,many ex-
isting techniquessuchasTSP-tree,hardwareacceleration,multi-
resolutionrenderingandcompression-acceleratedrenderingshould
all beincorporatedinto oursystemto improve its performance.
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