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ABSTRACT

Typically thereis a high coherencen datavaluesbetweenneigh-
boringtime stepsin aniterative scienti ¢ softwaresimulation;this
characteristicsimilarly contributesto a correspondingcoherence
in the visibility of volume blocks when theseconsecutie time
stepsarerenderedYettraditionalvisibility culling algorithmswere
mainly designedor staticdata,without consideratiorof suchpo-
tentialtemporakcohereny. In thispaperwe exploretheuseof Tem-
poral OcclusionCoheence(TOC) to acceleratevisibility culling
for time-varyingvolumerendering.In our algorithm,theopacityof
volumeblocksis encodedy meanof PlenopticOpacityFunctions
(POFs) A coherence-basdalock fusiontechniqudas employedto
coalesceaime-coherentlatablocks over a spanof time stepsinto
a single,representatie block. ThenPOFsneedonly be computed
for theserepresentate blocks. To quickly determinethe subvol-
umesthat do not requireupdatedn their visibility statusfor each
subsequentime step, a hierarchical“T OC tree” datastructureis
constructedo storethe spansof coherentime steps. To achieve
maximalculling potential,while remainingconserative, we have
extendedour previousPOFinto anOptimized®?OF (OPOF)encod-
ing schemefor this speci ¢ scenario.To testour generalTOC and
OPOFapproachwe have designeda paralleltime-varying volume
renderingalgorithmacceleratedy visibility culling. Resultsfrom
experimentakunson a 32-processoclustercon rm boththeeffec-
tivenessandscalabilityof our approach.
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1 INTRODUCTION

It hasbecomeincreasinglycommonfor scientiststo model com-
plex physical phenomenaising large-scalecomputersimulations.
The dynamicnatureof suchphysical simulationstypically gener
atesmassie time-varyingvolumetricdatasetsOneexampleis the
RichtmyerMeshlov TurbulentSimulation[22] at LawrencelLiver
moreNationalLaboratory This simulationis designedo studyin-
stabilitiesat the interfacebetweenwo gasesof differentdensities,
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andproduceslatasetsontaininghundred®of time stepsegachbeing
7.5gigabytesin size. Astroptysicssimulationsof superneae[21]
performedat Oak Ridge National Laboratoryhave generatecser-
eralterabyteof dataperrun andwill produceevenlargerdatasets
in the nearfuture. Although pastresearcthasexploreda variety
of techniquedor visualizinglarge-scaledatasetswith both static
andtime-varying data[3, 26, 19, 9], major challengegemainto
efciently store,processandvisualizesuchmassie datasetstin-
teractve rates,especiallywith theincreasinglyhigh resolutionge-
quired.

A central obstacleto efcient time-varying data visualization
stemsfrom the everwideningdisparity betweenrthe available /O,
memory and computing bandwidth, and the rapidly increasing
amountof datato bevisualized.Variousaspectof datacoherence
could be exploited to reducethe amountof datathat passthrough
thevisualizationpipeline. Coherencén bothspaceandtime canbe
appliedasa meansf acceleration Often, large datasetsre parti-
tionedinto spatialblocks. Herewereferto all blocksresidingin the
samespatiallocationover time asa setof “co-spatial”’ blocks. A
numberof differenttypesof coherenceanbeleveragecamongco-
spatialblocks.Many existing algorithmsfocuson coherencén raw
datavaluesamongco-spatiablocks.If asetof co-spatiablocksdo
notvary over time, thenmuch!/O andcomputingoverheaccanbe
saved.

Previousresearch15, 17, 11, 4] hassuggestedhata consider
able portion of a large datasets ofteninvisible dueto the spatial
occlusion. We hypothesizethatthe visibility of a setof co-spatial
blockscould alsobe correlatedover time. In fact, we obsere that
aninvisible block attime stept oftenremainsnvisible attime step
t+ 4t (4 t is asmallintegervalue),especiallywhenthe view an-
gle doesnt changesigni cantly over the courseof the entireren-
dering sequence.An ohvious approachto capitalizeon visibility
culling in time-varying volumerenderingmight beto applya stan-
dard static datavisibility culling schemerepeatedIiyto eachindi-
vidual time step. However, this simplistic approactwill likely in-
curunnecessaryisibility estimationoverheador subsequertime
stepswithoututilizing thevisibility coherenceA modi ed scheme
is requiredto apply minimal re-computatiorof the visibility from
time stepto time step.Suchextensiongo culling algorithmsshould
alsomaintainhigh ef ciency in the contet of acceleratingsxisting
parallelsolutions.In this paperwe presenburwork to developan
efcient visibility culling framework for scalableparallelvolume
renderingof large-scalgime-varyingdatasets.

Theremainderof this paperis organizedasfollows. Therelated
work of visibility culling and time-varying datavisualizationare
brie y discussedn Section2. The overvienv anddetailsof our vis-
ibility culling schemefor time-varying volume renderingand the
experimentakresultsarepresentedn Sections3 through7. In Sec-
tion 8, we summarizeour contributionsanddiscussuture work.

2 RELATED WORK

Muchresearchasbeenexploredin algorithmsfor visibility culling
andtime-varying datavisualization,but primarily in separateon-
texts. Integratingvisibility culling to accelerateéime-varying data



visualizationhasnot beenwidely studied.Below we brie y review
somerelatedresearchwork.

2.1 Visibility Culling

Visibility culling, alsoknown asocclusionculling, is an effective
techniqudor reducingunnecessamenderingcomputatiorby elim-
inating invisible portions of databefore visualization. Visibility
acceleratiorhasbecomewidely usedin mary polygonrendering
applicationsathoroughsurey 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 emplo/s
visibility culling. In theimage-alignedsheet-basedplattingalgo-
rithm [11], bothindividual andgroupsof voxelscanbeculledaway
whenthecorrespondingcreerfootprintis coveredby fully opaque
pixels. Gutheand Strassef8] appliedvisibility testto multireso-
lution volume renderingwhich alsoallows the changeof transfer
function. LivnatandHansen17] introduceda view-dependenal-
gorithm for isosurficeextraction. Parker etal. [24] developeda
highly ef cient ray-castingsystento visualizeview-dependeniso-
surfacesin volume datasetsvithout explicit extraction of the sur
facedtriangles.Later, Liu etal. [16] describedaprogressie view-
dependentsosurice extraction algorithm. This approachdeter
minesvisible voxelsby castinga smallnumberof viewing raysand
then propagting the visibility information up from these“seed”
voxelsto obtainthefull visibility informationfor thevolume.All of
thesevisibility acceleratiormethodsarevery effective for datasets
exhibiting sufcient opaqueness.

Beyond acceleratinghe sequentialisualizationalgorithmsus-
ing visibility heuristics,a few methodshave beendevelopedto
accelerateparallel visualization. Huanget al. [12] developeda
visibility-assistedparallel splattingalgorithm for volume datasets
with moderateo heary occlusion.To acceleratgarallelisosurfice
extraction, Gao and Shen[5, 6] proposeda progressie visibility
culling methodthatef ciently eliminatesnvisible isosurfcetrian-
gles,achieving satistctoryparallelspeedupsRecently Gaoetal.
[4] proposeda highly-scalablevisibility culling methodbasedon
PlenopticOpacity Functions(POFs),which will be discussedn
moredetailaspartof our designoverview in Section3.

2.2 Time-Varying Volume Visualization

Ef cient algorithmsfor time-varying datavisualizationhave be-
come increasinglyimportantto the visualizationcommunity A
numberof algorithmshave beendevelopedthat enablehigh inter
activity andimprove dataunderstanding.

A wealthof literatureexists on the compressiomf time-varying
data. Blocks at different time stepscan be compressedising
Wavelet Transformg[31]. In a hierarchicalmanney DiscreteCo-
sineTransformsyectorQuantization3-D Wavelet Transformsand
MPEGcompressioscheme§l8, 7, 29] have all beenexplored.Hi-
erarchicakompressioschemeave beenappliedto capitalizeon
inter-block dependenciesandto eliminateinsigni cant frequeng
coefcients thatcorrespondo minor featuresin the data. Exploit-
ing datacoherenceShenand Johnson[27] proposeda differen-
tial volumerenderingstratgy thatwasshavn to reducerendering
time and storagespaceby upwardsof 90% for two testdatasets.
Shenetal. [26] introduceda time-spacepartitioning (TSP) tree
structureto captureboth spatialandtemporalcoherencen time-
varying datasets. Suttonand Hansen[30] presentech temporal
Branch-on-Needreestructurefor ef cient time-varyingisosurfice
extraction. Using quite a differentcompressiompproachNeopty-
tou and Mueller [23] corverteda 4-D datasefrom a regular grid
into a Body-Centereartesiargrid andachiezed betteref ciency.

Otherresearchon time-varying datavisualizationincludesthe
tracking of featuresin a time-varying dataset[28, 13], high-
performanceparallel algorithms[25, 19] and various alternatve
methodq10, 1, 32].

3 ALGORITHM OVERVIEW

Ourdesigngoalis to utilize Tempoal OcclusionCoheence(TOC),
thatis, thetemporakoherencén termsof ablock's capabilityto oc-
cludeotherblocksbehindit alongtheviewing direction,to acceler
atevolumerenderingof time-varying datasetsThis work exploits
a visibility culling schemebasedon PlenopticOpacity Functions
(POF)[4]. Thisschemeawvasintroducedto encodevolumeblocks'
occludingcapabilitieswhich we will referto asopacities from all
externalviewpoints. After the POF-encodingreprocessingtepis
completedef cient visibility culling canbeperformedatruntime.
A framework usingPOFwasshavn to achieve highly scalablepar
allel volume rendering. Here we further develop the conceptof
POFto acceleratehe visibility culling for time-varying datavisu-
alization.

Due to the potentially overwhelmingsize of the time-varying
data,it is desirableo determinghe minimal possiblesetof visible
blocks.A mathematicallysoundmechanisnis neededo ef ciently
encodeheopacityof representatie blocks,in aneffective but con-
senative manner The POFschemds generallya viabletechnique
for this purpose,however, it canbe overly conserative for cer
tain caseswhich couldhampettheachievableaccelerationEvena
moderatancreasan theamountof falsepositves,whereaninvis-
ible block s classi ed asvisible duringvisibility estimationcould
resultin aconsiderabléncreasen I/O andrenderingime. Our ini-
tial studyof thiswork shavs thatthe original POFschemeneedso
be optimizedto minimize suchover-conserativeness.We call our
new schemeOptimizedPlenopticOpacity Function (OPOF). We
have carefully extendedour original POF conceptto constructan
OPOFscheme;this new schemeis still conserative but encodes
the opacity distribution of arny block with a much tighter lower
bound.Signi cantimprovementsn culling performancénave been
obseredin experimentuusingOPOFg(seeSection?).

To determinethe temporalcoherencef the opacityamongco-
spatialblocks,we needa meansfor effective detectionof opacity
variationsfor eachblock overtime. Traditionally researcherbave
analyzedhe differencesn raw datavaluesto searchfor temporal
coherenceHowever, opacityalsodependsn the speci ¢ transfer
functionsutilized. In our algorithm,we attemptto nd the opac-
ity variationsamongco-spatiablocks. If the opacityvariationsare
belov auserspeci edthresholdfor two co-spatiablocksat neigh-
boring time steps thenwe classifytheseblocksastemporallyco-
herent. For eachsetof co-spatialblocks,a setof contiguougime
spansde nesthe temporalcoherenceFor eachtime span,the co-
spatialblocksarefusedinto arepresentatie block,andanOPOFis
computedor this representatie block.

Using pre-computeddPOFsat eachtime step, the opacity of
eachrepresentate block can easily be computedat run time.
Clearly, there can be a high coherencein occluding capability
amongrepresentatie blocksresidingin local spatialvicinities. To
further acceleratehe visibility estimationprocess,a hierarchical
TOCtreeis constructedluringpre-processingJsingthe TOCtree,
thoseblockswhoseopacity haschangedversusthe previous time
stepcanbe quickly identi ed. This allows usto performvisibility
estimatioronly for theblockswhosevisibility hasbeenaffectedby
thoseblocks.

To demonstrat¢heviability of ourapproachwe present paral-
lel time-varyingvolumerenderingsystenthatleveragesothTOC
and OPOFin the visibility acceleration.In Sections4, 5 and 6,
we discussOPOF block fusionand TOC treeconstructionrespec-
tively, in detailfor ourtime-varyingvolumerenderingsystem.
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Figure 1: For eachview (upper-left), the opacity channelof a volume
block B is renderedinto a frame buer. Suppose the pixel shaded
with blue has the minimal opacity among all hon-empty pixels. This
minimal opacity value is stored into the entry shadedwith greenin
a 2D table indexed by g and f (bottom). The same processis done
for all sample views around block B.

4 OPTIMIZED PLENOPTIC OPACITY FUNCTION (OPOF)

In [4], we proposeda PlenopticOpacity Function(POF) scheme,
which encodeghe minimal occludingcapability or the opacity; of
avolumeblock underall possiblesxternalviews. For agivenview,
consideringall the raysintersectinga block, the minimal opacity
value accumulatedvithin the block is de ned asits opacity un-
derthis view. The computationaprocessfor computinga POFis
brie y illustratedin Figurel. A 2-D POFtable(Figurel, bottom),
parameterizetby the angularpart of sphericalcoordinatesg and
f, is built asfollows. For ary sampleview (q;,f;) (Figurel, upper
left), anopacityimageSof ablock B is rendered Thelowestvalue
amongall pixelsinside S shavs the minimal occludingcapability
of B, which s storedat the locationcorrespondindo (g;.f;) in the
POFtable. To bemorespace-etient, adiscretePOFtablecanbe
encodedy a polynomialor spline,aslong asthe procesgemains
conserative. The POFcanfully capturethe view dependenvari-
ation of a block's opacityunderall possibleexternalviews, sothe
opacity of the block for any speci c view canalwaysbe obtained
by simply evaluatingthe POF. By accumulatinghe opacitiesonly
at the block level, visible blocks canbe quickly identi ed at run
time.

Our original POFschemehaspraovento be very effective when
usedin large-scaleparallelvolumerendering.However, usingthe
minimum opacity of a block asthe overall opacitycansometimes
be too conserative, potentially producingfalsepositives. For in-
stance with blocks of uniform voxel values,the minimum opac-
ity will mostlikely be found at the cornersof the block. Figure?2
shavsanexample32 32 32blockwith uniformvoxel valuesall
mappedo anopacityof 0.1, renderedat a (45;45) viewing angle.
Theminimalopacityof theblockis 0.1,foundatthecornersyetthe
opacitiesatthecenteraresigni cantly higher In alarge-scalesimu-
lation, suchhomogeneoublockscommonlyexist, especiallywhen
thesizeof eachblockis relatively small. In fact,for the Richtmyer
Meshlov Turbulentdataset[22], which hasa 1024 1024 960
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(@) (b)

Figure 2: lllustration of conservative POF computations: (a) A uni-
form block is rendered from a sample view, and (b) Scala plot of
POF as a height eld showing the valuesin 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 (tp= Op=D, for each pixel p) and the encoded
opacity mask O° (O = DyMIN(tp)) for a block during the OPOF
computation. A red star points out the minimal ratio MIN(tp). 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 accumulatedpacitywill be
too conserative. This resultingopacity estimationwill producea
suboptimalculling rate for suchtime-varying datasets.An opti-
mizedopacityencodingschemds necessaryo alleviate this over-
conserativeness.

We have developedan optimizedalgorithm basedon the orig-
inal POF scheme,called OptimizedPlenoptic Opacity Function
(OPOF)scheme(Referto Section7 and Figure 11 for the com-
parisonof culling effect betweenPOF and OPOF). This revised
schemeis basedon the following obsenation: in a homogeneous
block, the opacityaccumulate@t eachpixel is relatedto thelength
of the correspondingay segmentinsidethe block. Here,we refer
to this lengthasthe thicknessof a pixel. By computingthe thick-
nessfor all pixelsin the block's screenprojectionS, we obtaina
thicknesamaskD. We canalsocomputeanopacitymaskO, by ac-
cumulatingthe opacitiesalongthe ray segmentsinsideeachblock.
Accordingt& [20], the opacityalonga viewing ray is computedas
a=1 e ot wheret(t) is theextinction coefcient de ned
alongtheviewing ray anda is theresultingopacity Assuminguni-
form voxel valuesalongthe correspondingay segment,for every
pixel p insidetheblock's screerprojectionS, theresultingopacity
becomesap = 1 e Pe! whereap, andDp representhe opacity
andthe thicknessat the pixel p. Theterme Pr! canbe approxi-
matedby the rst two termsof its Taylorexpansion:1 Dyt thus
ap canbe approximatedoy Dyt . Therefore the opacity of a ray
seggmentcanbeapproximatedy alinearfunctionof its thickness.

Of coursenotall volumeblocksareuniform. To accounfor this



casewe computetheratio betweerthe opacitymaskandthethick-
nessmaskon per pixel basis. The minimal ratio is usedto encode
theopacityof theblock to remainconserative. Theminimal ratios
from all sampleviews arestoredin an OPOFfor runtimevisibility
estimation.This processs illustratedin Figure3.

To estimatethe opacityof a block atrun time, we rst compute
its thicknessmaskD, which is the samefor all blocksif ortho-
graphicprojectionis used.Then,afterlooking up theratio t from
its pre-computedDPOFs,a conserative opacity maskO canbe
easilycomputedrom D as:Op = Dt for every pixel p insidethe
block’s screerprojectionS. This opacitymasksenesasa conser
vative but tighterestimateof the block's opacity In theworstcase,
wherethe block's raw datadistribution is irregular and therefore
causedhe resultingopacityto be unrelatedto the thicknessthen
the opacitycomputedwill reduceto the minimal opacityasusedin
the original POFalgorithm. This casestill remainsconserative.

5 COHERENCE BASED BLOCK FUSION

Having constructeda viable and ef cient schemeto encodethe
opacityof volumeblocks,we mustnow develop a mechanisnfor

extractingthe temporalcoherencef blocks' opacity In this sec-
tion, we describethe detailsof our metricfor identifying this tem-
poral occlusioncoherencéetweenconsecutie time stepsfor co-
spatialblocks. Thismetricreliesonacoherence-basddockfusion
methodthat combinescoherento-spatiablocksinto a singlerep-
resentatie block. We alsodiscussa hierarchicaldatastructure,a
Tempoarl OcclusionCoheence(TOC) tree, that enablesef cient

queryingof theserepresentatie blocksastime progresses.

5.1 Opacity EnhancedTemporal DifferenceMetric

To determinewhetherdata coherenceexists betweenco-spatial
blocks for two consecutie time steps,a differencemetric is de-
ned. For the purposeof visibility culling, the differencemetric
needonly measurehe variancein the blocks' opacity which de-
pendson the raw dataaswell asthe underlying opacity transfer
function. To distinguishthis metric from traditionaltemporaldata
coherencewe referto sucha categyorizationastempoasl occlusion
coheence For agivenopacitytransferfunction,we de ne thedis-
tancebetweerntwo scalarraw datavaluesas:

Dis(vy;Vp) = jOpa(vy)  Opa(v,)j 1)

whereOpa(V) is the opacityfor the datavaluev. The distanceis
de ned asthedifferencebetweercorrespondin@pacityvalues.

Let B;(t) representheit" block att'" time step. The difference
betweerB;(t;) andB;(t,) canbede ned as:

a (Dis(b(xy:zt,);b(xY;zt,)) 2
(%¥:2)2B;

Diff(ty;ty) = N 2
whereb;(x;y; zt) is the datavalueat the location(x;y;2) in B;(t)
andN is thenumberof voxelsthatarenon-emptyin eitherB(t;) or

Bi(t)).

5.2 Block Fusion

Basedonthedifferencemetricde ned above, we canfusetwo data
blocks,B;(t) andB; (t9 into anew representatie datablock Bi,[t_tq,

if Dif f(t;t(ﬁ is belowv a certainsmall differencethreshold suchas
0.001.In particular thefusionoperationperformsthefollowing:

by if(Opa(b,) Opalbe)

b bi.t0 Othemwise ©)

i;[t;tq =f

Time Step t1 ti+1 t1+2 2

fuse

fuse

Representative Block

Figure 4: An example of block fusion. By(t;), Bi(t; + 1) ... Bi(t,) are
fused into a representative block basedon Dif f(t;t+ 1).

whereb;,, representshe datavalue at location (X;y;2) in the ith

block att'h time step.Thenew fusedblock will keeptheraw value
associateavith the lower opacityfor each(x;y; z) coordinate.

Our algorithmfusestogetherasmary blocksaspossibleto con-
struct coherenttime spans. This is achieved by performingthe
blockfusionincrementally Figure4 illustratesheprocessStarting
from the block atthe rst time stept,, we calculatethe difference
betweenco-spatialblocksat time stept; andt; + 1. If the differ-
enceDiff(t;;t; + 1) is smallerthan our threshold,then we fuse
thesetwo blockstogether The resultingfusedblock will thenbe
appliedto continuethe coherenceestwith subsequertlocks. Af-
tertime stept,, if thetemporaldifferencerisesabove our difference
threshold thenthe fusion processs terminatedfor that particular
fusedblock, anda new roundof block fusionwill begin from time
stept, + 1. The completefusedblock is the representativeblodk,
denotecas B[tl:tzl' for the coherentime spant; throught,. We as-

sumethat the opacity of this block throughoutthe coherenttime

spanis invariantfor ary givenview. Thereforepnly asingleOPOF

needbe computedfor the representatie block B[t " offering an
1

additionalsavingsin OPOFcomputatiorandstorage.

As mentionedn Sectiord, aconserative opacitymaskfor each
block canbe easily computedat run time, basedon the thickness
maskD, whichis samefor all blocksin thevolumeif anorthogonal
projectionis used. After constructingthe opacity maskfor each
representatie block, the visibility estimationcanthenbe doneby
front-to-backcompositing.

As discussedh [4], aninitial opacitytransferfunctioncanbede-
composednto several basisfunctions. Thesebasestogetherwith
their scalingfactors,can be usedto generatea family of transfer
functions.Usingthis methodologyvisibility estimationrcanbeper
formed even whenthe transferfunction changesat run time. To
handlethis case the abose computationaktepsmustbe appliedto
eachbasisfunction. The coherentime spansdeterminedor each
basisarelik ely to bedifferent. Theruntimecomputatiorof anopac-
ity maskfor ary transferfunctionin thefamily will besimilarto the
opacitycalculationdescribedn [4]. Thatis, the opacityvalueof a
pixel p in the overall opacitymaskis:

L
agzl (_)1(1 ap;i)ki 4)

wherea? is the opacityvalueat pixel p in the nal opacitymask,
anda oi Istheopacityvalueatpixel 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
sepaating adjacent coherent time spans.

for theith basisfunction.

5.3 Temporal OcclusionCoherenceTreeConstruction

Block fusionallows for utilizing temporalcoherenceAt eachtime
step,it is only necessaryo performavisibility checkfor avolume
blockif thoseotherblocksthataffectits visibility have experienced
achangein their opacities.Evenso, this searchthroughthe whole
spatialvolume,for representatie blocksthathave expired,canstill
be optimizedfor betterefciency. In the spatialdomain,it is ex-
pectedthat neighboringblocksin alocal vicinity will have similar
coherentime spans.Hence to enableanef cient searcha hierar
chicalOctreestructurds computedspatially At eachtreenode the
coherentime spansof the correspondingo-spatial(meta)-blocks
arestored. This treeis referredto as Temporl OcclusionCoher
ence(TOC)tree.

The coherentspansstoredin the tree nodesare computedin a
bottom-upmanner The leaf nodescorrespondo the true volume
blocksin the partitionedvolume. The coherentime spanson the
leaf nodesarethe resultof the block fusion process.On eachin-
ternalnode the coherentime spancanbecalculatedrom thetime
spansof all child nodesasshavn in Figure5.

At runtime,theTOCtreeis traversedor eachnew time stept + 1
in atop-davn manner Whenvisiting eachtreenode,our algorithm
checkst andt + 1 to verify thatthey belongto the samecoherent
time span.If not,thenthesearctdescendso thenext lower level to
checkthis conditionfor eachof thechild nodes Whenaleafnodeis
reachedif thetwo time stepsstill do notbelongto thesamecoher
enttime span the correspondindplock is marked ashaving hadits
opacitychangedtherebyaffectingthe visibility of all otherblocks
behindit alongthe viewing direction. Upon traversingthe TOC
treein this way, all volume blockswhoseopacitieshave changed
will have beenidenti ed. Thenthe algorithmcommenceshe visi-
bility checkfor all volumeblockswhosevisibility is affectedby a
marked block. The visibility of otherblocksremainsthe sameas
in the previoustime stept. This approactsigni cantly reduceshe
visibility estimationcostif dataat two consecutie time stepsare
highly coherent.

6 PARALLEL TIME-VARYING VOLUME RENDERING WITH
OPOF ASSISTED VISIBILITY CULLING

Thedata o w for thepre-processingndrun-timephase®f ourpar
alleltime-varyingvolumerenderingalgorithmwith visibility accel-
erationis illustratedin Figure6. Datadistribution, block fusionand
OPOFpre-computatiorarethe threemajor tasksperformedat the
pre-processingtage.The dataat eachtime stepis rst partitioned
into volumeblocks,which arethendistributedto processorslong
aspace- lling curve. As discussedn [4], suchstaticdatadistribu-
tion allows the run-timealgorithmto achieve a balancedvorkload,
without the needfor dynamicdataredistribution. Controlledby a
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Run-Time Algorithm

Next Frame

OPOF Files
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g
JD Visibility Estimation
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Blocks

Jb

OPOF Computation

Figure 6: The data o w of our parallel time-varying volume rendering
algorithm accelerated by visibility culling.

Parallel Volume
Rendering

usersupplieddifferencethreshold,our algorithm fusesco-spatial
blocksinto a setof representatie blockswith coherentime spans.
Basedon the fusion results,a TOC treeis constructedo manage
the coherenttime intervals for every spatialpartition. The treeis
usedto reducethe run-timevisibility estimationcost. Finally, an
OPOFis pre-computedor eachrepresentate block andstoredfor
run-timeusage.Dueto the naggligible storagerequiredfor OPOFs,
we canafford to replicatea copy of the entire OPOFresultsfor all
blockson every node reducingrun-timecommunicatiorcost.
Ourrun-timetime-varyingvolumerenderingalgorithmperforms
both the visibility estimationand parallelvolumerendering. The
goal of thevisibility estimationis to identify all visible blocksbe-
fore startingthe parallelrendering. By doing this, our algorithm
avoidstheglobalsynchronizatiorthatis neededn othermulti-pass
algorithms[5]. Workloadbalancingis alsoeasierasthe exactren-
deringload is known in adwance. Similarly to the methodused
in [4], our visibility culling schemes donein parallelasfollows.
First, the boundingbox of the whole volume's screerprojectionis
partitionedinto imagetiles of equalsize,wherethe numberof tiles
equalsthe numberof processorsEachprocessois assignecne
tile andis responsibldor identifying which visible block's screen
footprintsoverlapwith thetile, aswell ascompositinghe nal im-
agefor theassignedile. Then,for agivenview (q;f), all volume
blocks' boundingboxesarechecledin afront-to-backorder Only
thoseblockswhosescreerfootprintsoverlapwith the assignedile
needbe testedfor visibility. An opacity buffer, of a size equal
to thetile size,is usedto storean accumulatedpacity value for
eachpixel in thetile. To testthe visibility of eachvolume block,
the screerfootprint of the block is computedbasedon the opacity
buffer queried. If all valuesinside a screenfootprint are beyond
a pre-de nedthresholdof opaquenessay0.95, thenthe volume
blockis identi ed asinvisible. Otherwisethe volumeblockis vis-
ible, andits opacity computedfrom the thicknessbuffer andthe
block's OPOF will be compositednto the opacity valuesin the
block’s screerfootprint. Thevisibility estimationtestsaredonein
parallelto furtherreducethe cost. At the endof visibility estima-
tion, a global communicatioris doneso that all processor&now
theindicesof all visible blocks. Eachprocessothenstartsto load
andrendetthevisible blockslocally, aspre-assigneduringthedata
distribution. Thepartialimagerenderedor eachblockis sentto all
processorsvhosetiles overlap with the partial image. Whenthe
renderingprocessnishes, eachprocessocompositesall the par
tial imagesit hasreceved to generatehe nal imagefor its tile.
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Figure 7: Average number of non-empty blocks renderedfor 18 sam-
ple views, with or without visibility culling, at eachtime step.

@) (b) (c)

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

Finally, a hostprocessocollectstheseéimagetilesto form the nal
image.

Utilizing temporalocclusioncoherencewe can effectively re-
ducethevisibility estimatiortime overthecourseof atime-varying
volume visualization. For the rst time step, visibility mustbe
estimatedor every block, in the front-to-backorderasdescribed
above. After that, however, for eachsubsequenime stepthe vis-
ibility estimationis only neededor thoseblockswhosevisibility
statusmayhave changedasdeterminedria thetemporalocclusion
coherencereedescribedn Section5.3.

7 RESULTS

In this section,we presentand analyzeexperimentalresultsob-
tainedusing a time-varying volume renderingsystemwith TOC-
acceleratedisibility culling. A softwareray castingalgorithmwas
implementedo performvolumerenderingandtheimagesizewas
setto be 512 512. Our testing platform is a PC cluster with
32 2.4GHzPentiumlV Xeon processorswith aninterconnection
by Dolphin Networks. Our primary testingdatasetcamefrom a
RichtmyerMevhkov Instability (RMI) simulationat LawrenceL.iv-
ermoreNational Laboratory At eachof the 274 time steps,the
simulation produced7.5GB of datawith a spatial resolution of
2048 2048 1920. Due to the storagelimitation, we chose64
time stepdrom thedataset,startingwith the4thtime stepandpick-
ing oneout of every four time steps,with eachspatialdimension
downsampledo half of its original resolution.Thetotal sizeof this
selectionis 60GB. Eachof the experimentsassumes x ed view-
ing directionuntil all time stepshave beenvisualized. To further
demonstratéhebene t of OPOF ascomparedo our previousPOF
approachywe also ran experimentsusing a static volume dataset,
the512 512 1728Visible Woman.During pre-processinggach
datasetvaspartitionedinto 32 32 32 datablocks,which were
thenevenly distributedto 32 processoralongaspacelling curve.
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Figure 9: Percentage of the blocks that utilize temporal occlusion
coherenceat eachtime step for three di erence thresholds.

We testeavisibility acceleratiorfor the RMI datasefrom a set
of sampleviews. Undera sampleview from which the temporal
evolvementof the datais clearly shavn, without leveragingvisi-
bility culling, 64 time stepsof the RMI datasetrequiredapprox-
imately 7.6 minutesto completeon 32 processorsincluding the
timefor bothparallelrenderingandparallell/O. Utilizing ourTOC-
acceleratedisibility culling framavork, we reducedhetotal time
to lessthan 1.5 minutes(aboutl1.4 secondgertime stepon aver
age),or an80%reductionin therenderingandl/O costsfor thistest
view. Figure7 shovstheaverageculling effects,asmeasuredby the
averagenumberof blocksrenderedinderl8 sampleviews, spaced
20degreesapart.for eachtime step.On average 50%of nonempty
blockswereculledaway for mosttime steps.A few sampleémages
of theRMI dataseareshavn in Figure8.

Temporalocclusioncoherenceypically existsto somedegreein
all time-varyingdatasetsyhichis capturedy athresholdn oural-
gorithm. To demonstrat¢he existenceof suchcoherencefrigure9
shaws the percentagef blocksthatexhibit temporalocclusionco-
herenceat eachtime step,for threedifferencethresholdslt canbe
seenthatthe tighter the differencethreshold the lesscoherences
obsered.

The occlusioncoherenceleterminedduring block fusion must
be ef ciently accessiblat runtime,to achieve the full potentialof
visibility acceleration.Usinga TOC treeto heuristicallyanalyze
andfusespatialcoherencemongneighboringblocks, visibility is
checled only for thosepixels whoseocclusionaccumulatioris af-
fectedby theadwentof anew time step.Theruntimecostof visibil-
ity estimatioris proportionako thenumberof pixelscoveredby the
screenfootprintsof incoherentblocks. The overheadof TOC tree
usagewas negligible, at about0.25 secondgfor constructionand
1.8MB total storage for the RMI datasewith a differencethresh-
old of 0.001. In Figure 10, we comparethe numberof affected
pixels at eachtime step,with or without usingthe temporalocclu-
sion coherence Without usingthe temporalocclusioncoherence,
all pixels needbe checled to updatethe blocks' visibility. When
thetemporalocclusioncoherenceés used thetotal time for visibil-
ity determinatiorthroughouthe entiretime sequencevasreduced
from from 2.4 secondgo 1.1 secondsiising32 processors.

As an additionalbene t of temporalocclusioncoherencewe
needonly computeone OPOFfor eachrepresentatie block. Al-
thoughthe useof OPOFsis highly ef cient atruntime,OPOFpre-
computationstill incurs someoverhead especiallyfor very large
time-varying datasets.The actualpre-computatioroverheadfrom
usingOPOFdepend®n the userchoserdifferencethresholds Ta-
ble 1 compareOPOFcomputatiortime (in seconds)storagecost
(in Mbytes)andtheresultingnumberof visible blocksunderagiven
view, for ve differencethresholds. With a differencethreshold
of 0, essentiallyno temporalcoherencés considerecandthe best
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Figure 10: Comparison of the number of pixels checked for visibility
estimation in each of 64 time steps, with or without the TOC tree.

Diff Threshold| Time (min) | StoraggMB) | # Visible Blocks
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 dierence thresholds.

culling effects canbe achieved, but at high pre-computatiorcost.
However, even with a very small non-zerodifferencethreshold,
both computatiortime andstoragespaceareusedmoreef ciently .
Notethatalthoughanincreasedlifferencethresholdcansave time
and storageoverheadswith OPOF it can ultimately have an ad-
verseeffect on culling performanceéf thethresholds choserto be
too large. Thisis becaus@achfusion operationensuresonsera-
tiveness.The occludingcapability of the new block after a fusion
operationis always lower or equalto that of any original block.
The higherthe threshold,the more the fusion operationghat are
executed. The aggreate effect of a large numberof fusion opera-
tionsis aculling thatis too conserative, which meananoreblocks
will be consideredasvisible. For instancejn our experiment,us-
ing thresholdsishigh as0.001offersgreatculling results put using
0.01causesdramaticncreasen thenumberof blocksdetermined
asvisible, mostof which areclearly falsepositives. Thus,we be-
lieve 0.001is agoodchoicefor this particulardataset.

Using OPOF our run-time visibility culling algorithm can
achieve betterculling effectsthanour previous POF-assistedisi-
bility culling algorithm.In Figure11,we compardaheculling effect
of an early-rayterminationtype of culling algorithm with meth-
ods using POF and OPOF, from 18 sampleviews spaced?0 de-
greesapartaroundthetestdataset(Notethatearly-raytermination
representshe theoreticallimit of occlusionculling performance,
althoughit cannotbe usedefciently in practicewith large-scale
parallelism,dueto overwhelmingruntimecommunicatiorfor very
large datasets.)All threealgorithmsare coarse-graine@nd cull
away volumeblocksdirectly, notindividual voxels. For this com-
parison,boththe Visible Womandatasetanda singletime stepof
the RMI datasetvereused.By adjustingthe opacitytransferfunc-
tion, the regionsof interest,suchasthe skin in the Visible Woman
data,were madehighly opaquebut in the RMI datasetvery low
opacityvalueswereused.lt canbe seenthat, for both datasetsuys-
ing OPOFcanachieve culling resultsvery closeto the benchmark
algorithm, while POF sometimegproducessomavhat more false
positives,especiallyfor highly transparentiatasetéik e RMI.

With our space- lling curve mechanisnof datadistribution, and
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Figure 11: The culling e ects of three algorithms - Optimal, POF
and OPOF - from 18 sampleviews during 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 TOC framevork, our paralleltime-varyingvolumeren-
deringalgorithmachievzed balancedvorkloadandgoodscalability
Figure 12 shavs the numberof total blocks renderedby eachof
32 processorshroughoutt4 total time steps.During the rendering
of eachtime step,our parallelrendererconsistentiyachievedabove
80% CPU utilization on a 32-processoPC cluster

8 CONCLUSION AND FUTURE WORK

In this paper we have introducedan algorithmbasedon temporal
occlusioncoherencéhatis ableto performcoarse-grainedisibility
culling for large-scaletime-varying volume renderingwith effec-
tivenessef ciency andparallelscalability Therearethreeessential
componentdo this algorithm: OPOFencodingof opacities block
fusionto determingemporalocclusioncoherenceanda TOC tree
datastructureto facilitate highly-efcient runtimevisibility deter
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Figure 12: The number of total blocks rendered by each processe
throughout 64 time steps.



mination. A paralleltime-varying volumerenderingalgorithmac-
celeratedy visibility culling wasimplementedo demonstrat¢he
effectivenesof thesecomponents.

In the future, we planto investicatethe fully interactve explo-
ration of time-varying datasetsallowing both runtimevariationof
spatialviewpointsandtime tick, which we expectto be very use-
ful to realworld productionscienti ¢ users.In addition,mary ex-
isting techniquessuchas TSP-tree hardware accelerationmulti-
resolutionrenderingandcompression-accelerateshderingshould
all beincorporatednto our systemto improve its performance.
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