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Abstract

In this paperwe describea parallel and out-of-coe view-dependenisocontourvisualizationalgorithm that effi-

cientlyextractsandrendes thevisible portionsof anisosurfacdromlarge datasetsThealgorithmfirst createsan

occlusionmapusingray-castingand neaestneighbos. Wth the occlusionmap constructedthe visible portion

of theisosurfacds extractedandrendeed. All stepsare in a singlepasswith minimalcommunicatioroverhead.
The overall workloadis well balancedamongparallel processos usingrandomdata distribution. Volumetric
datasetsare statically partitioned onto the local disksof eat processorand loadedonly whennecessaryThis
out-of-coe featue allowsit to handlescalablylarge datasets\We additionallydemonstate significantspeedumf

theview-dependenisocontourvisualizationon a commodityoff-the-shelfPC cluster

1. Introduction

Today tomographicimaging and computersimulationsare
increasinglygeneratingarge datasetghat are to be effec-
tively visualizedfor betterunderstandingf the underlying
scientificinformation. Isocontourvisualizationis a popular
interactive and exploratory visualizationtechniqueusedto
determineand browseregionsof interestwithin volumetric
imaging data,and validatethe resultsof computersimula-
tions. Interactve isocontourvisualizationextracts multiple
2-dimensionaburfacessatisfyingF (x) =constfrom agiven
scalarfield F(x), x € R®, and rendersthem at interacte
framerates(30HZ).

Related Work: As the size of the input data increases,
isocontouringalgorithms necessarilyneedto be executed
out-of-coreand/oron parallel machinedor both efficiency
anddataaccessibility Hansenand Hinkerl6 describeparal-
lel methodsfor isosurfice extraction on SIMD machines.
Ellsiepen!! describesa parallel isosurficing method for
FEM databy dynamicallydistributing working blocksto a
numberof connectedvorkstationsShenetal. 31 implement
a parallelalgorithmby partitioningload in the spanspace.
Parker et al. 27 presenta parallelisosurfcerenderingalgo-
rithm usingray-tracing.ChiangandSilva ¢  give animple-
mentationof out-of-coreisocontouringusing the 1/0 opti-
mal externalinterval treeon asingleprocessorBajajetal. 2
userangepartitionto reducethe sizeof datathatareloaded

(© TheEurographic#ssociation2002.

for givenisocontourqueriesand balancethe load within a
rangepartition.More recentlyZhangetal. 35 proposea scal-
ableisosurhcevisualizationframework for massie datasets
oncommodityoff-the-shelfclustersby combiningthe paral-
lel andout-of-coreisocontouringechniquesChiangetal. *
alsotry to combineparalleland out-of-coretechniquedor
isosurficeandvolumerenderingfor unstructuredyrids.

An isocontourvisualizationis not completewithout iso-
surfacesbeingrenderednddisplayedo theuser Rendering
is a critical and indispensableart of visualization.In the
caseof isosuricerendering the trianglesof anisosuraces
areprojectedromthe3D objectspaceo the2D imagespace
by graphicshardware. Efficient renderingis of specialim-
portancewhenthe userwantsto obsere anisosurficefrom
differentviewpointsafterthe surfaceis extracted Largeiso-
surfacesextractedfrom large dataset®ften needto be ren-
deredwith parallelgraphicspipesfor interactvity.

Udeshiand Hansen3®3 emplg/ the multi-pipesof a SGI
Onyx2 reality monsterto renderlarge isosuricesin a sort-
last fashion2. They usea binary-swap method?4 to effi-
ciently compositethe imagesin logy(P) stepswhereP is
the numberof renderingprocessorswith the fastadwances
of PCgraphicshardware, it is now possiblefor a singlePC
graphicscardto rendermillions of trianglesat the sameor
evenbetterratethansomecustomgraphicsboards Combin-
ing the power of thesecommoditygraphicshardware will
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resultin a very high performancerenderingsystemat rel-

atively low cost.Mary researctgroupshave recentlystud-
ied the problemof applyingthe fastimproving PC graphics
hardwarefor parallelrendering®® 17.19.4.32,

However, renderinginvisible polygonsin a scenecon-
tributesnothingto the final imageand slows down the ren-
deringprocesslt is particularly true for isocontouringbe-
causethoseinvisible polygonshave to also be extractedat
runtime. It is oftenthe casethatmary polygonsof a sophis-
ticatedisosurficearenotvisible from certainviewpoints.As
isosurbicesgetlarger, extractingandrenderingthoseinvisi-
ble polygonstake a significantamountof time with no effect
to the final image. Ideally thoseinvisible polygonsshould
notbeextractedandrenderedn orderto allow for fasteriso-
contourvisualization.

A similar problem exists for renderinggeometricmod-
els. In order to avoid renderinginvisible polygons, mary
techniques of visibility culling have been developed
151434 21,318 The HierarchicalzZ-Buffer methodof Greene
et al. 15 usesan octreeto managethe scenewhich is then
traversedandrenderedrom top to bottom,and a quadtree
to storez-huffer, which allows for fastrejectionof invisible
geometriesGreenel4 further extendsthe methodby sub-
stituting the z-buffer with a 3-statehierarchicaltiling and
traversingthe octreein afront-to-backorder Zhangetal. 34
chosesomepolygonsfrom a precomputediatabases oc-
cludersandrenderthemto getalow resolutionimageof the
occludersA hierarchyof occlusionmapsis thenbuilt upon
theimageandappliedto occludethe restof the polygonsin
the sceneKlosowski andSilva proposea conserative visi-
bility culling technique’! basedn their Prioritized-Layered
Projectionalgorithm 20, They partition the sceneusing an
octreeandrenderthe partitionsin the orderof probability of
beingvisible. After an approximatémageis generatedthe
restpartitionsarethenoccludedagainsthe currentz-buffer.

Isocontouringhas becomea major sourceof large sur
faces.Comparedo visibility culling of geometricmodels,
view-dependentisocontouringhas an addedemphasison
avoiding the extraction of invisible triangles.Parker et al.
presentray-basedsocontouringalgorithmwithout explic-
itly extractingisosurfcesto directly computethe color of
eachpixel’. A ray is castfrom the viewpoint throughev-
ery pixel on theto-be-rendere@mage.Thefirst intersection
point alonga ray with the isosurficeis computedby solv-
ing a cubicequationreducedrom thetrilinear interpolation
of thedata.Theparallelversionof this algorithmsimply as-
signsthe raysto differentprocessorsLiu et al. 22 propose
anisosurhiceextractionalgorithmthatusesray castingasa
way to identify active cellsinsteadof directly computingthe
color of pixelsasin 27, andthenpropagate$rom thoseac-
tive cellsto form aview-dependenisosuriice. Theremaybe
visible holeson theisosurficeextractedby this algorithmif
the numberof raysis notlargeenough.

Livnat and Hansenpresenta view-dependentsosurice
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extraction algorithm 23 that applies an occlusion culling
methodsimilar to thatin 4. It decomposethe volumeinto
an octreehierarchyand traversesit in a front-to-backor-
derto determinethe visible cells. This algorithm produces
much fewer triangleswith the extra overheadof visibility
test.Thereis no parallelimplementatiorof thismethod Gao
and Shen?12 give a parallel view-dependenisocontouring
algorithmthat emplagys a multi-passocclusionculling that
triesto loadbalanceamongmultiple processorandproduce
fewer numberof triangles.lsosurficeextractionis donein
parallel,andvisibility culling andupdatingocclusionmaps
are performedin multiple rounds.This algorithm requires
the entire dataseto be in every processos main memory
andmay have a bottleneckof updatingthe visibility masks
multiple times.

Thoseview-dependenisocontouringalgorithmshave im-
provedtheinteractvity of isocontourextractionandcanhan-
dle larger datasetsHowever, all of themhave assumedhe
entireinputdataseandits ancillarydatastructuresrestored
in main memory which limits the scalability of thosealgo-
rithms. As the size of datasetgrows at a muchfasterpace
thanthat of available memoryof parallel computersmary
datasetsrrebecomingoolargeto beheldin themainmem-
ory of today’s commonparallelmachines.

Main Results: In this paperwe presenta paralleland out-
of-coreview-dependenisocontouringalgorithmthatis well
load-balance@mongthe parallelprocessorsWe usearan-
domdatadistributionthathasprovablegoodloadbalanceor
bothview-independenandview-dependenisocontouvisu-
alization.Sincedatablocksarestoredon disksandindexed
by anexternalinterval treel, only datablocksthatcontritute
to theview-dependenisosurficeareloadedandprocessed.

Section2 givesthe randomizeddatadistribution method
thatis load-balancedor both view-independentind view-
dependenisocontourvisualization.Section3 describeghe
details of the parallel view-dependentsocontouringalgo-
rithm with the random data distribution. Section4 then
presentsheimplementatiorandresultsfor thealgorithm.

2. Load Balance with Random Data Distribution

A very importantissueof parallelcomputationis load bal-

ancing?, which is achieved mostly with two fundamental
approachedqi) staticbalancingwherethedatais partitioned
beforehandvith criteriathatguarantedoadbalancingatrun

time; or (ii) dynamicbalancingwhereprocessorsiregiven

smallchunksof dataasthey becomeavailable. The units of

datapartitioning cantake the shapeof slices,shafts,slabs,
orblocks.

A dynamicpartitioning usually requiresdataredistritu-
tion at run time or datareplication,which areexpensve for
massie datasetsThe majorconcernabouta staticpartition-
ing is thatload balancemay not alwayshbe goodenoughfor
theentireparametespacewhichis therangeof all possible
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isovaluesin the caseof isocontourvisualization.Isosurice
extraction hasthe propertythat computationon eachsub-
volumeof a datasetanprogressndependentlySincecom-
municationis the leastscalablefactor we choosea static
datapartition method.As demonstratedater, sucha static
datapartition can achieve goodload balancefor the whole
rangeof isovalues.

The paralleland out-of-coreview-dependentsocontous
ing is basedon the sameframework for scalableisocon-
touring on commodity off-the-shelfworkstation@. In this
frameavork volume datasetsare divided into blocks of the
sameorder as disk blocks and statically partitioned onto
multiple processorandtheirlocaldiskswithoutduplication.
An externalintenal tree? is thenbuilt for the datapartition
on eachlocal diskin orderto load only relevantdatablocks
in out-of-corecomputations.

Therearemary possiblewaysto distribute blocksamong
the processorsThe ideal datapartitioningfor parallelcom-
putationrequiresthe workload histogramof eachprocessor
is asamc—scaled/ersion(,% times)of theglobalhistogran®.
Sincethe whole workloadhistogramof a volume dataseis
the sumof workloadsfor all blocks,datapartition problem
canbethoughtasassigning\ weightedunitsto P binssuch
thattheweightdifferenceamongthebinsis minimizedfor a
rangeof values.

2.1. Random Data Distribution

Olviously the optimal solutionfor this problemis NP-hard.
It is a strongerversionof the optimizedbin-packingprob-
lem?, whichisitself NP-hard We have to useanapproxima-
tion algorithmfor thedatadistribution of parallelandout-of-
coreisocontouringWhile a deterministicgreedyalgorithm
is givenin 35, in this sectionwe shav thata randomizedal-
gorithmgivesawell balancedlistribution for large datasets.

For a large volume datasetone hasa large number(N)
of blocksto distribute amongthe P processorgN >> P).
Supposeeachblock bj, 1 <i < N is just randomly as-
signedto one processorFor i = 1,...,N, let xi' be a bi-
nary randomvariablewhich is 1 if the block by is assigned
to the processomj, 1 < j < P, andbe 0 otherwise.Then
x},%b, ..., % is a sequencef independenBernoulli trials
with prob(xil =1) = 1/P. In averageevery processop; re-
ceivesE(3; %) = }§ blocks.

Let W= maxy(w;), wherew; is theworkloadof theblock
b; for agivenisovaluev. ThenW = ZiN:1Wi is thetotal work
of extracting the isosurfice of isovalue v. Let & = w; /W,
g € (0,1] bethenormalizedworkloadof theblock bj. Then
the weightedsum of Bernoulli trials Wj = ¥, a;x’ is the
normalizedworkloadassignedo the processomp;. The ex-
pectedworkloadassignedo the processop; is

w

N & N
wXE(wj):i;%: %:P. @)
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Let W, be the workloadassignedo the processoip; for
agivenisovaluev. It is possibleto shawv thatit is highly un-
likely thatW; greatlyexceedsthe expectedvalueW/P. We
apply the following theoremby Raghaan and Spencers,
which givesaninequalityfor theweightedsumof Bernoulli
trials.

Theorem 2.1 (%8) Let ay,...,an be realsin (0,1]. Let
X1,...,XN be independenBernoulli trials with E(x) = p;.
LetWg = 3L ax. If E(Wg) > 0, thenfor ary v > 0

& E(Wp)
(1—|—v)(1+v)> @

Usingtheabove theoremwe canobtainfollowing result.

prob(Wg > (1+Vv)E(Wp)) < <

Theorem 2.2 For ary r > P, if the total workload W >
awPlogr for a givenisovalue andblocks arerandomlyal-
locatedamongP processorsary processohasa workload
< 2 with probability> (1— r%) , whereW is themaximum

c+1

workloadof ablock, a > log4/e

(c> 0) isaconstant.

Proof: Thisproofis similarto theresultin 13 onrandomized
emulationof QSMon BSPmodel.Thefollowing is basedn
asimplifiedanalysisin 22,

In the caseof datapartitioningfor parallelisocontouring,
assumethe normalizedworkloadW’ = 5N ; & > aPlogr,
wherea > %ﬁe (c > 0) is a constantandr > P. Since
N >> P, this assumptiorusually holds except for isosur
faceghathave veryfew triangleswhich areof little interest
becausehey canbe quickly extractedregardlesof how the
datasets partitioned.Thenthe probability of the processor
pj, having morethantwice the averageworkload,is

)<
!

22/) < d—W’/P<d—angr

—alogdlogr
logd

prob (Wi >

Letd=4/e>1,then

prob (Wi >

_ rfalogd _ 7(:71.

r

Theprobabilityof ary processohaving morethantwice the
averageworkloadis
!

!
2\2/ ) < Pxprob(kl—'j > ZN?) <r % @®

whereW = max(Wj) is the maximumload of all proces-
sors. Therefore,we have the theoremfor the randomized
datapartitioningfor parallelandout-of-coreisocontouring.

prob <lP >

The sametheorem?2.2 appliesto datapartitioningfor the
view-dependenisocontouringn section3, wheretheweight
w; of the block b; representghe contrikution of b to the
view-dependentsosurfice. Therefore,one can expect the
samerandomblock distribution algorithmto provide good
load balancefor parallel view-dependentsocontouringas
well.
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Figure 1: Histogramsof blod, triangle distribution, and isosurfaceextraction and renderingtime for both deterministicand
randomdata partitioningsof thevisible humanmaleMRI dataset.

2.2. Comparison To a Deterministic Distribution

In this sectionwe comparethe performanceof the ran-
domizeddatadistribution to the deterministicmethodin 35.
Workloadhistogramdor the visible humanmale MRI data
areshavnin figure 1. Thefirst row of figuresshav thenum-
berof blocksloaded numberof triangles andisosurficeex-
tractiontime for the deterministicdistribution respectiely;
the secondrow shows the samecurvesfor the randomized
distribution. Eachcurwein thefiguresshavs theresultfor an
individual processofor thewholerangeof isovalues.Those
figuresdemonstratehat both distributions have very good
loadbalanceor thewholerangeof isovaluesfrom 0to 1900.
Furthermorethe curves of triangle countclosely resemble
the curves of actualextractionandrenderingtime. It justi-
fies our usingthe numberof triangleto representvorkload
in datapartitioning.

While the deterministiomethodhasbetterbalancefor the
numberof loadedblocks, the randomizedmethodactually
achieves betterbalancefor real extractiontime, especially
for largeisosurtices This verifiesthetheorem?2.2in section
2.1.

12

3. Parallel and Out-of-core View-dependent
Isocontouring

In this sectionwe give a view-dependenisosurficeextrac-

tion algorithm that integrateswell with the framework for

scalableparallelandout-of-coreisocontouringn 35. It uses
the samedatadistribution andhasthe samenice featuresas
goodload balance put-of-core,and minimum datareplica-
tion. The view-dependentsocontouringalgorithm hastwo

majorphases:

Occluder Selection: In thefirst phaseof the algorithm,
anumberof raysarecastfrom the viewpoint to the vol-

umein orderto obtainanapproximatiorof visible blocks.
Thoseblocksaretreatedasoccludingblodks Isosuraices
insidethoseoccludingblocksareextractedandthenren-
deredto createanocclusionmapfor the secondpohaseof

thealgorithm.

. Visibility Culling: In the secondphase the remaining
blocksaretraversecandculledagainstheocclusiormap.
Only isosurficesin the visible blocks are extractedand
rendered.

1.

Hereareseveralgoodfeaturesf this view-dependeniso-
contouringalgorithm:

(© TheEurographic#\ssociation2002.
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e Conservative:  For a given viewpoint, this view-
dependentalgorithm generatesimages of isosurfices
identicalto thoserenderedwithout culling. Thereareno
holesor otherartifactsin theimagebecausef visibility
culling.

e Single Pass. Theview-dependenisocontouringmethod
requirestraversingthe blocks only once,andthuselimi-
natesthe large overheadof traversingthe blocksandup-
datingthe occlusionmapmultiple timesasin 12.

e Full Parallelization: Boththeoccluderselectiorandvis-
ibility culling phasesrefully parallelizableln our scal-
able isocontouringframework, eachprocessomnly ex-
tractsandrenderdsosuracesof the blocksthatresideon
its local disk. The static datadistribution methodsoffer
good load balancefor view-dependentsocontouringas
well.

e Qut-of-core: Sincetheview-dependenisocontouringal-
gorithmis within the sameframework thathandledarge
volume datasetswith external searchdata structures,it
preseresthe samepropertyof loadingonly datablocks
thatcontrituteto thefinal view-dependenimage.

Traversingthrougha volume datasetmultiple timesin-
curssignificantoverheadespeciallywhenthedatasets very
large. We choosea single-passlgorithmto avoid the com-
municationoverheadf multiple block traversalsandocclu-
sionmapupdatesyhichis especiallyexpensve for aloosely
connectedPC cluster In orderto have an effective single
passvisibility culling algorithm,it is essentiato selecta set
of goodoccluders.

3.1. Occluder Selection

A subsetof polygonsare usually chosenas occludersfor
a polygonalscene However, polygonsof anisosuracedo
not exist beforethe isosurbiceis extracted.It is impossi-
ble to pre-computea occluderdatabaseasin 34 for view-
dependenisocontouringln otherwords,theoccluderselec-
tion for view-dependentsocontouringmustbe doneat run
time. In the framework of parallel and out-of-coreisocon-
touring, datasetsare statically partitionedinto blocks and
distributed amongthe processorsWe must thereforecon-
siderchoosingoccludingblocks,which containpolygonsto
berenderedo createthe occlusionmap.

Let S bethe setof selectedbccludingblocks.We usea
ray-castingnethoddescribedelaw, to choosethe prelimi-
nary setof occludingblockssé C S by shootinga number
of raysfrom the viewpoint to the volume.Along eachray,
the blocksintersectedy theray aredeterminedisingBre-
senhansline plotting algorithm®, whichis veryfastto com-
pute.As soonasaray hits ablock B with arangecontaining
theisovaluev, theray terminatesandthe block is addedto
the setsé. Only the rangeof the block is utilized, andthe
scalarfield of the block is not loaded.Any block B chosen
this way mustbeavisible block sincefrom the viewpointto
this block thereexists at leastoneray thatis not blocked by
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ary otherpolygonsin front of it. We wasteno time in ex-
tractingandrenderingpolygonsin thoseblocksin Sé for the
view-dependenisosurfce.

We useacombinatiorof deterministiandrandomlysam-
pled raysto determinethe blocksin Sé Deterministicrays
arecastfrom theviewpointthroughthe boundingbox of the
volumeprojection,suchthatevery blockis hit by atleastone
ray. In ourimplementationwe shoota ray to the centerof
eachboundaryfaceof every boundanblock. Besideghede-
terministicrays, somerandomlysampledraysare also cast
from the viewpoint in orderto find morevisible blocks. A
2D exampleisiillustratedin figure2, whereoccludingblocks
choserby theray castingarelightly shaded.

random ray

soreen viewpoint
Figure 2: Rayscastfroma viewpointinto a 2D mesh.The
lightly shadedlodcksare theoccludingblocksselectedipby
therays.

Although ray castinggivesa good preliminary setof oc-
cludingblocks,someblocksthatcontainsvisible isosuraces
are not selectedbecauseother visible blocksin S5 arein
front of themandterminatethe rays. Someexamplesareil-
lustratedasthe darkly shadedlocksin figure 2. Most com-
mon situationsof missingblockshappenin the nearneigh-
borhoodof theblocksin S becausef the continuity of iso-
surfacesThosemissedblocksmay causeholesin the occlu-
sionmapthatis constructedrom thepolygonsin theocclud-
ing blocks.In orderto reducethe numberandsize of those
holes,we addthe nearesheighboringblocksof thosein Sé
to form the setof occludingblocksSs. The pseudo-codéor
theoccluderselectionprocesss shavn in figure 3.

Figure 8 (seecolor plates)shavs someexamplesof oc-
cluder selection,wherethe picturesin the left column are
imagesrenderednly with polygonsin the setof blockssé
from ray castingandthe picturesin the middle columnare
basecbn the combinationof S andtheir nearesheighbors.
We can obsere that the imagesin the middle columnare
quite closeto the final imagesshawvn in the right column.
Thereforethoseimagesn the middle columnaregoodcan-
didatesfor occlusionmaps.The quality of occlusionmaps
is very importantin a single-paswisibility culling method.
We shouldnoteherethatthe costof ray castingto compute
theoccludingblocksis only avery smallfractionof thetotal
isosurhiceextractionandrenderingtime.
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Occluder Selection
Initialize the set of occluding bl ocks Sg=¢.
x= the query isoval ue.

sel ect _occl uders(x) {
Sé:q) is the set of occluding blocks fromray casting.
P1= a set of center points of all boundary faces.
P, = a set of randomy chosen points on the inage plane.

for(all point pin PLUPy) {
cast aray r fromthe viewpoint vto p
b= the first block intersected by the ray r.
while (r is within the volune) {
i f(min(b) < x and maxb) > x) {
SE=s85u{n}
br eak

}

b= the next block along the ray r

}
}
for(each block b in 83) {
(i,j,k) = the index of b
for(block b’ of index (i£1,j+1,k%1) {
i f(min(b’) < x and maxb’) > x&b' ¢ S3)
Sg=38guU{b'}
}
}
Sp=SgUS}

Figure 3: Pseudo-codéor occluderselection

3.2. Visibility Culling

At the secondstageof view-dependenisocontouring,we
first extractisosuracesfrom the occludingblocksin Sg and
renderthemto createan occlusionmap.After the occlusion
mapis constructedthe remainingblocksare traversedand
culled againstthe occlusionmap.As suggestedh 14 343,18
ahierarchicalocclusionmapmay be constructedn orderto
decreasehetime of visibility testsand occlusionmapup-
dates.Sincethe culling time is much lessthan the actual
extractiontime andno updatesare donefor the single-pass
method,we canjust usea single-level occlusionmapfor its
simplicity. However, hierarchicaimapsarenecessarjor the
fasterdemand®f real-timeview-dependentendering.

1
culled
block

oflalalalo
olola|o|g

o|Oo|o|lo|lo
olo|lo|S|lolo

block

Qo

DOOOOOD#DO
OOODDDO¢OO

1
1

1 visible
1

0

ojojofojo|0

Figure 4: Examplesof visibility culling with the visibility
masksshown.

An occlusionmap or maskis a 2D bitmap correspond-

14

Visibility Culling
for(blocks bin Sg) {
extract and render polygons fromb

}

Construct an occlusion map M fromthe rendered image.

L = a list of all remaining blocks

b = the first element of L

while ( b)) {

if(b¢ Sg and min(b) < v< maxb)) {
project the block b
red = the boundi ng box of b's projection area
if(3 a pixel (i,j)ered with M[i,j]==0) {
extract and render polygons fromb

}

}
b= the next block in L

Figure5: Pseudo-codéor visibility culling

ing to theimagerenderedvith polygonsextractedfrom the
blocksin Sg. An entry of the maskis setto 1 if the corre-
spondingpixel in the renderedmageis covered,otherwise
it is setto 0 asshawvn in figure 4. Thevisibility testsareap-
pliedto only thoseblockswhoserangescontaintheisovalue
v. Eightverticesof suchablock b areprojectednto theim-
ageplane.If thereis ary 0 entryof theocclusionmapwithin
the projectedarea,b is consideredas visible. Ratherthan
computingthe exact projectionareaof b, we usethe rect-
angularboundingbox of b's projectionareato simplify the
computationThis culling processalsoincludesthefrustum
culling becausélockswith projectedboundingboxes out-
side the screenare automaticallyculled. The pseudo-code
for visibility cullingis shavnin figure5.

We do not updatethe occlusionmap during the culling
processvhenpolygonsfor a new blocksarerenderedlt is
amguablethat updatingthe occlusionmapwould further cut
the numberof invisible polygonsextracted.Although a few
extra polygonsmight be generatedising a fixed occlusion
map,it paysoff in avoiding the high overheadof updating
theocclusionmapsmary timesasin amulti-passmethod!2.
Sincewe startfrom agoodapproximatiorof thefinalimage,
thenumberof extra polygonstendsto besmall. A fixedvis-
ibility maskallows ary orderof traversingblockswhile up-
datinganocclusionrmaprequiresastrictfront-to-backorder
Parallelimplementationsf afixedmaskmethodalsogener
atethe samenumberof trianglesasthe sequentiatase Sec-
tion 4 will comparethe performanceof the view-dependent
isocontouringmethodto thatwithout visibility culling. Data
blocksandits isosurficesarecachedn mainmemory such
thata changeof view parametersloesnotrequirerecomput-
ing isosurficesin all blocks.

3.3. Parallelization

It is straightforvard to parallelizethe view-dependentso-
contouringalgorithm. The occluderselectionstagecan be
parallelizedby assigningrays to different processorsThe

(© TheEurographic#\ssociation2002.
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entiresetof occludingblocksSg is thentheunionof occlud-
ing blocksfoundby differentprocessors.

Sincedatablocksarestaticallydistributedamongthe pro-
cessorseachprocessohasa subsebf the occludingblocks
in S3. After a processorextracts and renderspolygonsin
its subsef occludingblocks,it constructsa partial occlu-
sion map. Thosepartial occlusionmapsare then collected
andmeigedinto a singlemask,which is the sameasthatin
the sequentiatase Themeigedocclusionmapwill beused
to cull out invisible blocksin a view-dependenisocontour
query In thevisibility culling phasegachprocessochecks
only theblocksthatresideon its local disk. The stepsof the
parallelview-dependenisocontouringalgorithmareasfol-
lows:

1. Divide the raysto be castequally amongthe P proces-
sors.Eachprocessoffires E raysto the volume, where
R is the total numberof raysneededo selectSs in the
sequentiaklgorithm.In this step,the rangeinformation
of eachblock is replicatedon all processorsThe rays
areassignedn aspatialcoherentanneffor bettercache
performance.

2. Theentiresetof occludingblocksSg is constructedsthe
unionof occludingblockson all machinesandbroadcast
to all processors.

3. Eachprocessomp; queriesits externalinterval tree T to
find a setof blocks S, that resideson its local disk and
intersectgheisosurfice.For eachblockb € §,N g, iso-
surfacesare extractedfrom b for a givenisovaluev and
renderedo theimageplane.A partial visibility maskof
bits 0 and1 is constructedrom the renderedmageon
eachprocessor

4. Theocclusionmapsfrom all processorarecollectedand
meiged into a commonmask, and the meged maskis
broadcasto all processors. )

5. Eachprocessop; traversegsheremainingblocksb € S, —
Ss and projectsb to the imageplane.If b is visible, it
extractsandrenderghe portionof isosurficefrom b.

6. Thefinal imageis constructedy compositingtheimage
buffersfrom all the processorsvith the Metatuffer.

All the collectingand meging operationsn the parallel
algorithm canbe performedusing the binary swap method
24 andin run-lengthcompressedormat 26 for efficient uti-
lization of the network. In the currentimplementationwe
just apply the standardcollectve MPI functions such as
MPI_Allreduce()for thecommunicationTheextrainforma-
tion for parallelandout-of-coreview-dependenisocontour
ing is only the rangeinformationof all blocksin the stepof
ray casting.Therangeinformationfor ablockis usuallytwo
floatingpoint numbersaandextremelysmallcomparedo the
actualdataof theblock.

4. Implementation and Results

We use the sameimplementationplatform as that in 35,
becausehe view-dependentsocontouringshareghe same
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framework and datadistribution asthe paralleland out-of-
coreisocontouring Eachcomputationahodeis a Compaq
SP750PC workstation,which consistsof a 800MHZ Pen-
tium 1l processqr256MB main memory a 9GB system
diskanda 18GBdatadisk,andannVdia Geforcell graphics
card.Thesenodesareinterconnecteddy al00Mb/sethernet.
Thesemachinesun Linux (kernel2.2.18)asthe operating
systemandeachdisk block sizeis 4,096bytes.

Figure 9 (seecolor plates)shavs the resultingimages
from applyingthe view-dependenisocontouringnethodto
thevisible humanfoot datasetThe view-dependeninethod
renderghe sameimageastheisocontouringalgorithmwith
no culling, but it extractsonly a fraction of trianglesfor a
givenviewpoint. Figure9 (c) rotategheview-dependeniso-
surfaceto illustratethe portionthatis not extracted.

We further test the view-dependentsocontouringalgo-
rithm on the entirevisible humanmale MRI datase{512x
512x 1252),whosesize 656MB is much greaterthan the
main memoryof a singlemachine,in orderto demonstrate
the out-of-corefeatureof our algorithm.In this examplewe
choosethe dimensionof blocksas 10 x 10 x 20, suchthat
eachblock hasapproximatelythe samesizeasa disk block.
Figure 6 comparegshe extraction time and the numberof
trianglesextractedby the view-dependenisocontouringal-
gorithmto the normalisosurficeextractionmethodwithout
visibility culling. Figure 6 (a) shavs the actualnumberof
trianglesextractedby the two differentmethodsandfigure
6 (b) comparesheactualextractionandrenderingime with
varyingisovaluesfor afixedviewpointonasingleprocessor

The view-dependentisocontouringalgorithm is easily
parallelizedin the framework of parallel and out-of-core
isocontouring.lt is interestingto measurethe speedupof
the parallel implementationon the PC cluster We apply
the randomdistribution methodin section2 to distribute
blocks amongthe processorsFollowing the similar analy-
sisin theoren2.2 by replacingthe parameteg; astheview-
dependenibadof theith block, we expectgoodloadbalance
amongthe processordor view-dependentsocontouringas
well. We do not measurethe image compositiontime be-
causehefinal imageshallbe compositedy the Metatuffer
hardwarewith minimal constantielay

We testthe parallelimplementatiorwith anisovalue 800
for the visible male MRI datasetFigure 7(a) shavs the in-
dividualview-dependenisosuriceextractionandrendering
timefor 2, 4, 8, and16 processorsespectiely. Theflatness
of thosecurves demonstrateshe good balanceamongthe
processorsThe correspondingspeedupcurve is shavn in
figure7(b).Asthenumberof processormcreasesheactual
isosurhiceextractionandrenderingtime for eachprocessor
decreasegroportionallyin ourimplementationTheparallel
view-dependenisocontouringalgorithmrequirestwo com-
municationroundsto meigethe setof occludingblocksand
theocclusionmap,which differsfrom theview-independent
parallelisocontouring.The inter-processorcommunication
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Figure 6: Comparisons between normal and view-
dependenisocontouring:(a) the numberof extractedtrian-
glesas a function of isovalug (b) the extraction plus ren-
dering timesof the two methodson a single processarThe
upperandlower curvesare theresultsfor normalandview-
dependenisocontouringrespectively

cost may increaseas the numberof processorincreases.

We implementthe mege of occludingblocksandocclusion
maskswith the MPI_Allreducé€) functionof the MPI library
on the 100 Mb/s ethernet A fasternetwork andan imple-
mentatiorutilizing compressionmvould reducesuchcommu-
nicationcostandevenimprove the speedup.

5. Conclusion

In this papemwe presented randomizedstaticdatadistribu-
tion for parallelisocontouringon commaodity off-the-shelf
clusters We have proved thatwith high probability no pro-
cessomould have muchhigherworkloadin this distribution
if therearemary blocks.Suchadistributionis well balanced
for both parallelview-independenandview-dependeniso-
surface extraction. Basedon the randomdatadistribution,
we proposea paralleland out-of-coreview-dependentso-
contouringalgorithmthatis conserative andwell load bal-
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T2 3 4 5 8 7T 8 8 W0 11 12 13 14 15 18

Processor
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—e—view dependent
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Figure 7: (a) Individual processortime for extracting and
renderinga view-dependenisosurfacg(isovalue= 800) for
the visible humanmale MRI datasetwith 2, 4, 8, and 16
processas respectively(b) Speedughart of the sameview-
dependenisosurfaceextraction plus renderingtimescom-
paredto theideal case

anced.We demonstratesignificant performanceimprove-
mentover normal isosurfice extraction and good speedup
in aparallelimplementatioron PCclusters.
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(2)14.7% (b) 24.4% (c) 55.3%

(d)5.3% (e)13.2% (f) 41.7%

Figure 8: Somesxamplesof view-dependenisosurfacerendering whee the percentage of trianglesto view-independeniso-
surfacesare shown.Thepicturesin theleft columnare occlusionmapsgeneatedby only ray casting;the middlepicturesare
occlusionmapsfrombothblods hit by ray castingandtheir neaestneighbos; theright picturesare final imagesrendeed by

thevisibility culling method.

(a) 32090%triangles (b) 199670triangles (c) 199670triangles

Figure 9: A normalisosurfacga) looksexactlythe sameasa view-dependenisosurfacgb) froma givenview point (isovalue
= 500). (c) showsthe rotatedsurfaceof (b), wheee the red area is the portion of the isosurfacethat is not extractedin the

view-dependenisocontourvisualization.

(© TheEurographic#ssociation2002.
264





