
JointEUROGRAPHICS- IEEETCVG SymposiumonVisualization(2002)
D.
�

Ebert,P. Brunet,I. Navazo(Editors)

Parallel and Out-of-core View-dependent Isocontour
Visualization Using Random Data Distribution

Xiaoyu Zhang,ChandrajitBajaj,VijayaRamachandran

Departmentof ComputerSciences,TheUniversityof TexasatAustin,Austin,TX 78712

Abstract
In this paperwedescribea parallel andout-of-core view-dependentisocontourvisualizationalgorithmthat effi-
cientlyextractsandrenders thevisibleportionsof anisosurfacefromlargedatasets.Thealgorithmfirstcreatesan
occlusionmapusingray-castingandnearestneighbors. With theocclusionmapconstructed,thevisibleportion
of the isosurfaceis extractedandrendered.All stepsare in a singlepasswith minimalcommunicationoverhead.
The overall workload is well balancedamongparallel processors using randomdata distribution. Volumetric
datasetsare statically partitionedonto the local disksof each processorand loadedonly whennecessary. This
out-of-core feature allowsit to handlescalablylargedatasets.Weadditionallydemonstratesignificantspeedupof
theview-dependentisocontourvisualizationona commodityoff-the-shelfPCcluster.

1. Introduction

Today tomographicimagingandcomputersimulationsare
increasinglygeneratinglarge datasetsthat are to be effec-
tively visualizedfor betterunderstandingof the underlying
scientificinformation.Isocontourvisualizationis a popular
interactive andexploratory visualizationtechniqueusedto
determineandbrowseregionsof interestwithin volumetric
imagingdata,andvalidatethe resultsof computersimula-
tions. Interactive isocontourvisualizationextractsmultiple
2-dimensionalsurfacessatisfyingF

�
x ��� constfrom agiven

scalarfield F
�
x � , x � R3, and rendersthem at interactive

framerates(30HZ).

Related Work: As the size of the input data increases,
isocontouringalgorithmsnecessarilyneedto be executed
out-of-coreand/oron parallelmachinesfor both efficiency
anddataaccessibility. HansenandHinker16 describeparal-
lel methodsfor isosurface extraction on SIMD machines.
Ellsiepen 11 describesa parallel isosurfacing method for
FEM databy dynamicallydistributing working blocksto a
numberof connectedworkstations.Shenetal. 31 implement
a parallelalgorithmby partitioning load in the spanspace.
Parker et al. 27 presenta parallelisosurfacerenderingalgo-
rithm usingray-tracing.ChiangandSilva 6� 8 give animple-
mentationof out-of-coreisocontouringusing the I/O opti-
malexternalinterval treeonasingleprocessor. Bajajetal. 2

userangepartitionto reducethesizeof datathatareloaded

for given isocontourqueriesandbalancethe load within a
rangepartition.MorerecentlyZhangetal. 35 proposeascal-
ableisosurfacevisualizationframework for massivedatasets
oncommodityoff-the-shelfclustersby combiningtheparal-
lel andout-of-coreisocontouringtechniques.Chianget al. 7

alsotry to combineparallelandout-of-coretechniquesfor
isosurfaceandvolumerenderingfor unstructuredgrids.

An isocontourvisualizationis not completewithout iso-
surfacesbeingrenderedanddisplayedto theuser. Rendering
is a critical and indispensablepart of visualization.In the
caseof isosurfacerendering,the trianglesof an isosurfaces
areprojectedfromthe3D objectspaceto the2D imagespace
by graphicshardware.Efficient renderingis of specialim-
portancewhentheuserwantsto observe anisosurfacefrom
differentviewpointsafterthesurfaceis extracted.Largeiso-
surfacesextractedfrom largedatasetsoftenneedto be ren-
deredwith parallelgraphicspipesfor interactivity.

UdeshiandHansen33 employ the multi-pipesof a SGI
Onyx2 reality monsterto renderlarge isosurfacesin a sort-
last fashion25. They usea binary-swap method24 to effi-
ciently compositethe imagesin log2

�
P� steps,whereP is

thenumberof renderingprocessors.With the fastadvances
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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result in a very high performancerenderingsystemat rel-
atively low cost.Many researchgroupshave recentlystud-
ied theproblemof applyingthefastimproving PCgraphics
hardwarefor parallelrendering30� 17� 19� 4� 32.

However, renderinginvisible polygonsin a scenecon-
tributesnothingto thefinal imageandslows down the ren-
deringprocess.It is particularly true for isocontouringbe-
causethoseinvisible polygonshave to alsobe extractedat
run time.It is oftenthecasethatmany polygonsof asophis-
ticatedisosurfacearenotvisiblefrom certainviewpoints.As
isosurfacesget larger, extractingandrenderingthoseinvisi-
blepolygonstakeasignificantamountof timewith noeffect
to the final image. Ideally thoseinvisible polygonsshould
notbeextractedandrenderedin orderto allow for fasteriso-
contourvisualization.

A similar problemexists for renderinggeometricmod-
els. In order to avoid renderinginvisible polygons,many
techniques of visibility culling have been developed
15� 14� 34� 21� 3� 18. TheHierarchicalZ-Buffer methodof Greene
et al. 15 usesan octreeto managethe scene,which is then
traversedandrenderedfrom top to bottom,anda quadtree
to storez-buffer, which allows for fastrejectionof invisible
geometries.Greene14 further extendsthe methodby sub-
stituting the z-buffer with a 3-statehierarchicaltiling and
traversingtheoctreein a front-to-backorder. Zhanget al. 34

chosesomepolygonsfrom a precomputeddatabaseasoc-
cluders,andrenderthemto geta low resolutionimageof the
occluders.A hierarchyof occlusionmapsis thenbuilt upon
theimageandappliedto occludetherestof thepolygonsin
thescene.Klosowski andSilva proposea conservative visi-
bility culling technique21 basedontheirPrioritized-Layered
Projectionalgorithm 20. They partition the sceneusing an
octreeandrenderthepartitionsin theorderof probabilityof
beingvisible. After anapproximateimageis generated,the
restpartitionsarethenoccludedagainstthecurrentz-buffer.

Isocontouringhasbecomea major sourceof large sur-
faces.Comparedto visibility culling of geometricmodels,
view-dependentisocontouringhas an addedemphasison
avoiding the extraction of invisible triangles.Parker et al.
presenta ray-basedisocontouringalgorithmwithout explic-
itly extracting isosurfacesto directly computethe color of
eachpixel27. A ray is castfrom the viewpoint throughev-
ery pixel on theto-be-renderedimage.Thefirst intersection
point alonga ray with the isosurfaceis computedby solv-
ing a cubicequationreducedfrom thetrilinear interpolation
of thedata.Theparallelversionof this algorithmsimplyas-
signsthe rays to differentprocessors.Liu et al. 22 propose
an isosurfaceextractionalgorithmthatusesray castingasa
wayto identify activecellsinsteadof directlycomputingthe
color of pixels asin 27, andthenpropagatesfrom thoseac-
tivecellsto form aview-dependentisosurface.Theremaybe
visible holeson theisosurfaceextractedby this algorithmif
thenumberof raysis not largeenough.

Livnat and Hansenpresenta view-dependentisosurface

extraction algorithm 23 that applies an occlusion culling
methodsimilar to that in 14. It decomposesthevolumeinto
an octreehierarchyand traversesit in a front-to-backor-
der to determinethe visible cells. This algorithmproduces
much fewer triangleswith the extra overheadof visibility
test.Thereis noparallelimplementationof thismethod.Gao
and Shen12 give a parallel view-dependentisocontouring
algorithmthat employs a multi-passocclusionculling that
triesto loadbalanceamongmultipleprocessorsandproduce
fewer numberof triangles.Isosurfaceextraction is donein
parallel,andvisibility culling andupdatingocclusionmaps
are performedin multiple rounds.This algorithm requires
the entiredatasetto be in every processor’s main memory
andmay have a bottleneckof updatingthevisibility masks
multiple times.

Thoseview-dependentisocontouringalgorithmshave im-
provedtheinteractivity of isocontourextractionandcanhan-
dle larger datasets.However, all of themhave assumedthe
entireinputdatasetanditsancillarydatastructuresarestored
in mainmemory, which limits thescalabilityof thosealgo-
rithms.As the sizeof datasetsgrows at a muchfasterpace
thanthat of availablememoryof parallelcomputers,many
datasetsarebecomingtoo largeto beheldin themainmem-
ory of today’s commonparallelmachines.

Main Results: In this paperwe presenta parallelandout-
of-coreview-dependentisocontouringalgorithmthatis well
load-balancedamongtheparallelprocessors.We usea ran-
domdatadistributionthathasprovablegoodloadbalancefor
bothview-independentandview-dependentisocontourvisu-
alization.Sincedatablocksarestoredon disksandindexed
by anexternalinterval tree1, only datablocksthatcontribute
to theview-dependentisosurfaceareloadedandprocessed.

Section2 givesthe randomizeddatadistribution method
that is load-balancedfor both view-independentandview-
dependentisocontourvisualization.Section3 describesthe
detailsof the parallel view-dependentisocontouringalgo-
rithm with the random data distribution. Section 4 then
presentstheimplementationandresultsfor thealgorithm.

2. Load Balance with Random Data Distribution

A very importantissueof parallelcomputationis load bal-
ancing10, which is achieved mostly with two fundamental
approaches:(i) staticbalancing,wherethedatais partitioned
beforehandwith criteriathatguaranteeloadbalancingat run
time; or (ii) dynamicbalancing,whereprocessorsaregiven
smallchunksof dataasthey becomeavailable.Theunitsof
datapartitioningcantake the shapeof slices,shafts,slabs,
or blocks.

A dynamicpartitioning usually requiresdataredistribu-
tion at run time or datareplication,which areexpensive for
massivedatasets.Themajorconcernaboutastaticpartition-
ing is that loadbalancemaynot alwaysbegoodenoughfor
theentireparameterspace,which is therangeof all possible
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isovaluesin thecaseof isocontourvisualization.Isosurface
extraction hasthe propertythat computationon eachsub-
volumeof a datasetcanprogressindependently. Sincecom-
municationis the leastscalablefactor, we choosea static
datapartition method.As demonstratedlater, sucha static
datapartition canachieve goodload balancefor the whole
rangeof isovalues.

The parallelandout-of-coreview-dependentisocontour-
ing is basedon the sameframework for scalableisocon-
touring on commodityoff-the-shelfworkstations35. In this
framework volume datasetsare divided into blocks of the
sameorder as disk blocks and statically partitionedonto
multipleprocessorsandtheir localdiskswithoutduplication.
An externalinterval tree1 is thenbuilt for thedatapartition
on eachlocal disk in orderto loadonly relevantdatablocks
in out-of-corecomputations.

Therearemany possiblewaysto distributeblocksamong
theprocessors.Theidealdatapartitioningfor parallelcom-
putationrequirestheworkloadhistogramof eachprocessor
is asamescaledversion( 1

P times)of theglobalhistogram2.
Sincethewholeworkloadhistogramof a volumedatasetis
thesumof workloadsfor all blocks,datapartitionproblem
canbethoughtasassigningN weightedunitsto P binssuch
thattheweightdifferenceamongthebinsis minimizedfor a
rangeof values.

2.1. Random Data Distribution

Obviously theoptimalsolutionfor this problemis NP-hard.
It is a strongerversionof the optimizedbin-packingprob-
lem9, whichis itself NP-hard.Wehaveto useanapproxima-
tion algorithmfor thedatadistributionof parallelandout-of-
coreisocontouring.While a deterministicgreedyalgorithm
is given in 35, in this sectionwe show thata randomizedal-
gorithmgivesawell balanceddistribution for largedatasets.

For a large volumedataset,onehasa large number(N)
of blocks to distribute amongthe P processors(N �	� P).
Supposeeach block bi , 1 
 i 
 N is just randomly as-
signedto one processor. For i � 1 �
�
�
��� N, let x j

i be a bi-
nary randomvariablewhich is 1 if the block bi is assigned
to the processorp j , 1 
 j 
 P, andbe 0 otherwise.Then

x j
1 � x j

2 �
�
�
��� x j
N is a sequenceof independentBernoulli trials

with prob
�
x j

i � 1��� 1� P. In averageevery processorp j re-

ceivesE
�
∑N

i � 1 x j
i ��� N

P blocks.

Let ŵ � maxN
�
wi � , wherewi is theworkloadof theblock

bi for agivenisovaluev. ThenW � ∑N
i � 1 wi is thetotalwork

of extracting the isosurfaceof isovalue v. Let ai � wi � ŵ;
ai � �

0 � 1� bethenormalizedworkloadof theblock bi . Then
the weightedsumof Bernoulli trials Ψ j � ∑N

i � 1 aix
j
i is the

normalizedworkloadassignedto theprocessorp j . Theex-
pectedworkloadassignedto theprocessorp j is

ŵ � E
�
Ψ j ��� N

∑
i � 1

ŵai

P
� N

∑
i � 1

wi

P
� W

P
� (1)

Let Wj be the workloadassignedto the processorp j for
a givenisovaluev. It is possibleto show thatit is highly un-
likely thatWj greatlyexceedstheexpectedvalueW � P. We
apply the following theoremby Raghavan andSpencer28,
whichgivesaninequalityfor theweightedsumof Bernoulli
trials.

Theorem 2.1 (28) Let a1 �
�
�
��� aN be reals in
�
0 � 1� . Let

x1 �
�
�
��� xN be independentBernoulli trials with E
�
xi ��� ρi .

Let Ψβ � ∑N
i � 1 aixi . If E

�
Ψβ ��� 0, thenfor any ν � 0

prob
�
Ψβ � �

1 � ν � E � Ψβ ����� �
eν�

1 � ν �
� 1 � ν ��� E � Ψβ �
(2)

Usingtheabove theorem,we canobtainfollowing result.

Theorem 2.2 For any r � P, if the total workload W �
αŵPlogr for a given isovalueandblocksarerandomlyal-
locatedamongP processors,any processorhasa workload
 2W

P with probability �! 1 " 1
rc # , whereŵ is themaximum

workloadof ablock,α � c$ 1
log4% e � c � 0� is a constant.

Proof: Thisproof is similarto theresultin 13 onrandomized
emulationof QSMonBSPmodel.Thefollowing is basedon
asimplifiedanalysisin 29.

In thecaseof datapartitioningfor parallelisocontouring,
assumethe normalizedworkloadW &'� ∑N

i � 1 ai � αPlogr,
whereα � c$ 1

log4% e �
c � 0� is a constantand r � P. Since

N �	� P, this assumptionusually holds except for isosur-
facesthathave very few triangles,whichareof little interest
becausethey canbequickly extractedregardlessof how the
datasetis partitioned.Thentheprobability of theprocessor
p j , having morethantwice theaverageworkload,is

prob

�
Ψ j � 2W &

P � �  e
4
# W ()% P �

Let d � 4� e � 1, then

prob

�
Ψ j � 2W &

P � � d * W ( % P � d * α logr

� d + α logd log r
logd � r * α logd � r * c * 1 �

Theprobabilityof any processorhaving morethantwice the
averageworkloadis

prob

�
Ψ � 2W &

P � 
 P � prob

�
Ψ j � 2W &

P � � r * c � (3)

whereΨ � maxP
�
Ψ j � is the maximumload of all proces-

sors.Therefore,we have the theoremfor the randomized
datapartitioningfor parallelandout-of-coreisocontouring.

Thesametheorem2.2appliesto datapartitioningfor the
view-dependentisocontouringin section3,wheretheweight
wi of the block bi representsthe contribution of bi to the
view-dependentisosurface.Therefore,one can expect the
samerandomblock distribution algorithmto provide good
load balancefor parallel view-dependentisocontouringas
well.
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(a) (b) (c)

(d) (e) (f)

Figure 1: Histogramsof block, triangle distribution, and isosurfaceextractionandrenderingtimefor bothdeterministicand
randomdatapartitioningsof thevisiblehumanmaleMRI dataset.

2.2. Comparison To a Deterministic Distribution

In this section we comparethe performanceof the ran-
domizeddatadistribution to thedeterministicmethodin 35.
Workloadhistogramsfor thevisible humanmaleMRI data
areshown in figure1. Thefirst row of figuresshow thenum-
berof blocksloaded,numberof triangles,andisosurfaceex-
tractiontime for the deterministicdistribution respectively;
the secondrow shows the samecurves for the randomized
distribution.Eachcurve in thefiguresshowstheresultfor an
individualprocessorfor thewholerangeof isovalues.Those
figuresdemonstratethat both distributionshave very good
loadbalancefor thewholerangeof isovaluesfrom 0 to 1900.
Furthermore,the curvesof trianglecountclosely resemble
the curvesof actualextractionandrenderingtime. It justi-
fies our usingthenumberof triangleto representworkload
in datapartitioning.

While thedeterministicmethodhasbetterbalancefor the
numberof loadedblocks,the randomizedmethodactually
achieves betterbalancefor real extraction time, especially
for largeisosurfaces.Thisverifiesthetheorem2.2in section
2.1.

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

In this sectionwe give a view-dependentisosurfaceextrac-
tion algorithm that integrateswell with the framework for
scalableparallelandout-of-coreisocontouringin 35. It uses
thesamedatadistribution andhasthesamenicefeaturesas
goodload balance,out-of-core,andminimum datareplica-
tion. The view-dependentisocontouringalgorithmhastwo
majorphases:

1. Occluder Selection: In the first phaseof the algorithm,
a numberof raysarecastfrom theviewpoint to thevol-
umein ordertoobtainanapproximationof visibleblocks.
Thoseblocksaretreatedasoccludingblocks. Isosurfaces
insidethoseoccludingblocksareextractedandthenren-
deredto createanocclusionmapfor thesecondphaseof
thealgorithm.

2. Visibility Culling: In the secondphase,the remaining
blocksaretraversedandculledagainsttheocclusionmap.
Only isosurfacesin the visible blocksareextractedand
rendered.

Hereareseveralgoodfeaturesof thisview-dependentiso-
contouringalgorithm:
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dependentalgorithm generatesimages of isosurfaces
identicalto thoserenderedwithout culling. Thereareno
holesor otherartifactsin the imagebecauseof visibility
culling., Single Pass: Theview-dependentisocontouringmethod
requirestraversingthe blocksonly once,andthuselimi-
natesthe largeoverheadof traversingtheblocksandup-
datingtheocclusionmapmultiple timesasin 12., Full Parallelization: Boththeoccluderselectionandvis-
ibility culling phasesarefully parallelizable.In our scal-
able isocontouringframework, eachprocessoronly ex-
tractsandrendersisosurfacesof theblocksthatresideon
its local disk. The static datadistribution methodsoffer
good load balancefor view-dependentisocontouringas
well., Out-of-core: Sincetheview-dependentisocontouringal-
gorithm is within thesameframework thathandleslarge
volume datasetswith external searchdatastructures,it
preserves the samepropertyof loadingonly datablocks
thatcontributeto thefinal view-dependentimage.

Traversingthrougha volume datasetmultiple times in-
curssignificantoverhead,especiallywhenthedatasetis very
large.We choosea single-passalgorithmto avoid thecom-
municationoverheadof multipleblock traversalsandocclu-
sionmapupdates,whichisespeciallyexpensivefor aloosely
connectedPC cluster. In order to have an effective single
passvisibility culling algorithm,it is essentialto selecta set
of goodoccluders.

3.1. Occluder Selection

A subsetof polygonsare usually chosenas occludersfor
a polygonalscene.However, polygonsof an isosurfacedo
not exist before the isosurface is extracted.It is impossi-
ble to pre-computea occluderdatabaseas in 34 for view-
dependentisocontouring.In otherwords,theoccluderselec-
tion for view-dependentisocontouringmustbe doneat run
time. In the framework of parallel andout-of-coreisocon-
touring, datasetsare statically partitionedinto blocks and
distributed amongthe processors.We must thereforecon-
siderchoosingoccludingblocks,which containpolygonsto
berenderedto createtheocclusionmap.

Let SB be thesetof selectedoccludingblocks.We usea
ray-castingmethoddescribedbelow, to choosetheprelimi-
narysetof occludingblocksS1

B - SB by shootinga number
of rays from the viewpoint to the volume.Along eachray,
theblocksintersectedby theray aredeterminedusingBre-
senham’sline plottingalgorithm5, whichis veryfastto com-
pute.As soonasarayhitsablockB with arangecontaining
the isovaluev, the ray terminatesandtheblock is addedto
the setS1

B. Only the rangeof the block is utilized, andthe
scalarfield of the block is not loaded.Any block B chosen
thiswaymustbea visibleblock sincefrom theviewpoint to
this block thereexistsat leastoneray that is not blockedby

any otherpolygonsin front of it. We wasteno time in ex-
tractingandrenderingpolygonsin thoseblocksin S1

B for the
view-dependentisosurface.

Weuseacombinationof deterministicandrandomlysam-
pled raysto determinethe blocksin S1

B. Deterministicrays
arecastfrom theviewpoint throughtheboundingboxof the
volumeprojection,suchthateveryblockis hit by at leastone
ray. In our implementation,we shoota ray to the centerof
eachboundaryfaceof everyboundaryblock.Besidesthede-
terministicrays,somerandomlysampledraysarealsocast
from the viewpoint in orderto find morevisible blocks.A
2D exampleis illustratedin figure2,whereoccludingblocks
chosenby theraycastingarelightly shaded.

Figure 2: Rayscastfroma viewpoint into a 2D mesh.The
lightly shadedblocksaretheoccludingblocksselectedupby
therays.

Although ray castinggivesa goodpreliminarysetof oc-
cludingblocks,someblocksthatcontainsvisible isosurfaces
are not selectedbecauseother visible blocks in S1

B are in
front of themandterminatetherays.Someexamplesareil-
lustratedasthedarkly shadedblocksin figure2. Most com-
monsituationsof missingblockshappenin thenearneigh-
borhoodof theblocksin S1

B becauseof thecontinuityof iso-
surfaces.Thosemissedblocksmaycauseholesin theocclu-
sionmapthatis constructedfrom thepolygonsin theocclud-
ing blocks.In orderto reducethenumberandsizeof those
holes,we addthenearestneighboringblocksof thosein S1

B
to form thesetof occludingblocksSB. Thepseudo-codefor
theoccluderselectionprocessis shown in figure3.

Figure8 (seecolor plates)shows someexamplesof oc-
cluder selection,wherethe picturesin the left column are
imagesrenderedonly with polygonsin thesetof blocksS1

B
from ray castingandthepicturesin themiddle columnare
basedon thecombinationof S1

B andtheir nearestneighbors.
We can observe that the imagesin the middle column are
quite closeto the final imagesshown in the right column.
Therefore,thoseimagesin themiddlecolumnaregoodcan-
didatesfor occlusionmaps.The quality of occlusionmaps
is very importantin a single-passvisibility culling method.
We shouldnoteherethat thecostof ray castingto compute
theoccludingblocksis only averysmallfractionof thetotal
isosurfaceextractionandrenderingtime.
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Occluder Selection
Initialize the set of occluding blocks . B / φ.
x / the query isovalue.

select_occluders(x) {. 1
B / φ is the set of occluding blocks from ray casting.0
1 / a set of center points of all boundary faces.0
2 / a set of randomly chosen points on the image plane.

for(all point p in
0

1 1 0 2) {

cast a ray r from the viewpoint v to p
b / the first block intersected by the ray r.
while (r is within the volume) {

if(min2 b354 x and max2 b356 x) {. 1
B / . 1

B 187 b 9
break

}

b / the next block along the ray r
}

}

for(each block b in . 1
B) {2 i : j : k 3 / the index of b

for(block b ( of index 2 i ; 1 : j ; 1 : k ; 13 ) {

if(min2 b( 3<4 x and max2 b( 3<6 x& b (�=> . 1
B). B / . B 187 b( 9

}

}. B / . B 1 . 1
B

}

Figure 3: Pseudo-codefor occluderselection

3.2. Visibility Culling

At the secondstageof view-dependentisocontouring,we
first extractisosurfacesfrom theoccludingblocksin SB and
renderthemto createanocclusionmap.After theocclusion
mapis constructed,the remainingblocksaretraversedand
culledagainsttheocclusionmap.As suggestedin 14� 34� 3� 18,
a hierarchicalocclusionmapmaybeconstructedin orderto
decreasethe time of visibility testsandocclusionmapup-
dates.Since the culling time is much lessthan the actual
extractiontime andno updatesaredonefor thesingle-pass
method,we canjust usea single-level occlusionmapfor its
simplicity. However, hierarchicalmapsarenecessaryfor the
fasterdemandsof real-timeview-dependentrendering.

Figure 4: Examplesof visibility culling with the visibility
masksshown.

An occlusionmap or maskis a 2D bitmap correspond-

Visibility Culling
for(blocks b in . B) {

extract and render polygons from b
}

Construct an occlusion map M from the rendered image.?
= a list of all remaining blocks

b = the first element of
?

while ( b ) {

if(b => . B and min 2 b354 v 4 max2 b3 ) {

project the block b
rect = the bounding box of b’s projection area

if( @ a pixel 2 i : j 3 > rect with M A i : j B /C/ 0) {

extract and render polygons from b
}

}

b / the next block in
?

}

Figure 5: Pseudo-codefor visibility culling

ing to theimagerenderedwith polygonsextractedfrom the
blocksin SB. An entry of the maskis set to 1 if the corre-
spondingpixel in the renderedimageis covered,otherwise
it is setto 0 asshown in figure4. Thevisibility testsareap-
pliedto only thoseblockswhoserangescontaintheisovalue
v. Eight verticesof sucha block b areprojectedinto theim-
ageplane.If thereis any 0 entryof theocclusionmapwithin
the projectedarea,b is consideredas visible. Ratherthan
computingthe exact projectionareaof b, we usethe rect-
angularboundingbox of b’s projectionareato simplify the
computation.This culling processalsoincludesthefrustum
culling becauseblockswith projectedboundingboxesout-
side the screenare automaticallyculled. The pseudo-code
for visibility culling is shown in figure5.

We do not updatethe occlusionmap during the culling
processwhenpolygonsfor a new blocksarerendered.It is
arguablethatupdatingtheocclusionmapwould furthercut
thenumberof invisible polygonsextracted.Althougha few
extra polygonsmight be generatedusinga fixed occlusion
map,it paysoff in avoiding the high overheadof updating
theocclusionmapsmany timesasin amulti-passmethod12.
Sincewestartfrom agoodapproximationof thefinal image,
thenumberof extra polygonstendsto besmall.A fixedvis-
ibility maskallows any orderof traversingblockswhile up-
datinganocclusionmaprequiresastrict front-to-backorder.
Parallelimplementationsof afixedmaskmethodalsogener-
atethesamenumberof trianglesasthesequentialcase.Sec-
tion 4 will comparetheperformanceof theview-dependent
isocontouringmethodto thatwithout visibility culling. Data
blocksandits isosurfacesarecachedin mainmemory, such
thatachangeof view parametersdoesnotrequirerecomput-
ing isosurfacesin all blocks.

3.3. Parallelization

It is straightforward to parallelizethe view-dependentiso-
contouringalgorithm.The occluderselectionstagecan be
parallelizedby assigningrays to different processors.The
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entiresetof occludingblocksSB is thentheunionof occlud-
ing blocksfoundby differentprocessors.

Sincedatablocksarestaticallydistributedamongthepro-
cessors,eachprocessorhasa subsetof theoccludingblocks
in SB. After a processorextractsand renderspolygonsin
its subsetof occludingblocks,it constructsa partial occlu-
sion map.Thosepartial occlusionmapsare then collected
andmergedinto a singlemask,which is thesameasthat in
thesequentialcase.Themergedocclusionmapwill beused
to cull out invisible blocks in a view-dependentisocontour
query. In thevisibility culling phase,eachprocessorchecks
only theblocksthatresideon its localdisk.Thestepsof the
parallelview-dependentisocontouringalgorithmareasfol-
lows:

1. Divide the rays to be castequallyamongthe P proces-
sors.Eachprocessorfires R

P rays to the volume,where
R is the total numberof raysneededto selectSB in the
sequentialalgorithm.In this step,the rangeinformation
of eachblock is replicatedon all processors.The rays
areassignedin aspatialcoherentmannerfor bettercache
performance.

2. Theentiresetof occludingblocksSB is constructedasthe
unionof occludingblockson all machinesandbroadcast
to all processors.

3. Eachprocessorpi queriesits external interval treeT to
find a setof blocksSi

v that resideson its local disk and
intersectstheisosurface.For eachblockb � Si

v D SB, iso-
surfacesareextractedfrom b for a given isovaluev and
renderedto the imageplane.A partialvisibility maskof
bits 0 and1 is constructedfrom the renderedimageon
eachprocessor.

4. Theocclusionmapsfrom all processorsarecollectedand
merged into a commonmask,and the merged maskis
broadcastto all processors.

5. Eachprocessorpi traversestheremainingblocksb � Si
v "

SB and projectsb to the imageplane.If b is visible, it
extractsandrenderstheportionof isosurfacefrom b.

6. Thefinal imageis constructedby compositingtheimage
buffersfrom all theprocessorswith theMetabuffer.

All the collectingandmerging operationsin the parallel
algorithmcanbe performedusingthe binary swap method
24 andin run-lengthcompressedformat 26 for efficient uti-
lization of the network. In the currentimplementation,we
just apply the standardcollective MPI functions such as
MPI_Allreduce()for thecommunication.Theextrainforma-
tion for parallelandout-of-coreview-dependentisocontour-
ing is only therangeinformationof all blocksin thestepof
raycasting.Therangeinformationfor ablock is usuallytwo
floatingpointnumbersandextremelysmallcomparedto the
actualdataof theblock.

4. Implementation and Results

We use the sameimplementationplatform as that in 35,
becausethe view-dependentisocontouringsharesthe same

framework anddatadistribution asthe parallelandout-of-
coreisocontouring.Eachcomputationalnodeis a Compaq
SP750PC workstation,which consistsof a 800MHZ Pen-
tium III processor, 256MB main memory, a 9GB system
diskanda18GBdatadisk,andannVdiaGeforceII graphics
card.Thesenodesareinterconnectedby a100Mb/sethernet.
Thesemachinesrun Linux (kernel2.2.18)asthe operating
systemandeachdiskblock sizeis 4,096bytes.

Figure 9 (seecolor plates)shows the resulting images
from applyingtheview-dependentisocontouringmethodto
thevisible humanfoot dataset.Theview-dependentmethod
rendersthesameimageastheisocontouringalgorithmwith
no culling, but it extractsonly a fraction of trianglesfor a
givenviewpoint.Figure9 (c) rotatestheview-dependentiso-
surfaceto illustratetheportionthatis notextracted.

We further test the view-dependentisocontouringalgo-
rithm on theentirevisible humanmaleMRI dataset(512 �
512 � 1252),whosesize 656MB is much greaterthan the
mainmemoryof a singlemachine,in orderto demonstrate
theout-of-corefeatureof our algorithm.In this examplewe
choosethe dimensionof blocksas10 � 10 � 20, suchthat
eachblock hasapproximatelythesamesizeasa disk block.
Figure 6 comparesthe extraction time and the numberof
trianglesextractedby theview-dependentisocontouringal-
gorithmto thenormalisosurfaceextractionmethodwithout
visibility culling. Figure6 (a) shows the actualnumberof
trianglesextractedby the two differentmethods,andfigure
6 (b) comparestheactualextractionandrenderingtimewith
varyingisovaluesfor afixedviewpointonasingleprocessor.

The view-dependentisocontouringalgorithm is easily
parallelizedin the framework of parallel and out-of-core
isocontouring.It is interestingto measurethe speedupof
the parallel implementationon the PC cluster. We apply
the randomdistribution methodin section2 to distribute
blocksamongthe processors.Following the similar analy-
sisin theorem2.2by replacingtheparameterai astheview-
dependentloadof theith block,weexpectgoodloadbalance
amongthe processorsfor view-dependentisocontouringas
well. We do not measurethe imagecompositiontime be-
causethefinal imageshallbecompositedby theMetabuffer
hardwarewith minimal constantdelay.

We testtheparallelimplementationwith an isovalue800
for the visible maleMRI dataset.Figure7(a)shows the in-
dividualview-dependentisosurfaceextractionandrendering
time for 2, 4, 8, and16 processorsrespectively. Theflatness
of thosecurves demonstratesthe good balanceamongthe
processors.The correspondingspeedupcurve is shown in
figure7(b).As thenumberof processorsincreases,theactual
isosurfaceextractionandrenderingtime for eachprocessor
decreasesproportionallyin our implementation.Theparallel
view-dependentisocontouringalgorithmrequirestwo com-
municationroundsto mergethesetof occludingblocksand
theocclusionmap,whichdiffersfrom theview-independent
parallel isocontouring.The inter-processorcommunication
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(a)

(b)

Figure 6: Comparisons between normal and view-
dependentisocontouring:(a) thenumberof extractedtrian-
gles as a functionof isovalue, (b) the extraction plus ren-
dering timesof the two methodson a singleprocessor. The
upperandlowercurvesare theresultsfor normalandview-
dependentisocontouringrespectively.

cost may increaseas the numberof processorincreases.
We implementthemergeof occludingblocksandocclusion
maskswith theMPI_Allreduce() functionof theMPI library
on the 100 Mb/s ethernet.A fasternetwork andan imple-
mentationutilizing compressionwouldreducesuchcommu-
nicationcostandevenimprove thespeedup.

5. Conclusion

In this paperwepresentedarandomizedstaticdatadistribu-
tion for parallel isocontouringon commodityoff-the-shelf
clusters.We have proved thatwith high probabilityno pro-
cessorwouldhavemuchhigherworkloadin thisdistribution
if therearemany blocks.Suchadistributionis well balanced
for bothparallelview-independentandview-dependentiso-
surfaceextraction.Basedon the randomdatadistribution,
we proposea parallelandout-of-coreview-dependentiso-
contouringalgorithmthat is conservative andwell loadbal-

(a)

(b)

Figure 7: (a) Individual processortime for extracting and
renderinga view-dependentisosurface(isovalue= 800) for
the visible humanmale MRI datasetwith 2, 4, 8, and 16
processors respectively. (b) Speedupchart of thesameview-
dependentisosurfaceextraction plus renderingtimescom-
paredto theideal case.

anced.We demonstratesignificant performanceimprove-
ment over normal isosurfaceextraction and good speedup
in a parallelimplementationonPCclusters.
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(a)14.7% (b) 24.4% (c) 55.3%

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

Figure 8: Someexamplesof view-dependentisosurfacerendering, where thepercentage of trianglesto view-independentiso-
surfacesare shown.Thepicturesin theleft columnare occlusionmapsgeneratedby only ray casting;themiddlepicturesare
occlusionmapsfrombothblockshit by raycastingandtheir nearestneighbors; theright picturesare final imagesrenderedby
thevisibility culling method.

(a)320909triangles (b) 199670triangles (c) 199670triangles

Figure 9: A normalisosurface(a) looksexactlythesameasa view-dependentisosurface(b) froma givenview point (isovalue
= 500). (c) showsthe rotatedsurfaceof (b), where the red area is the portion of the isosurfacethat is not extractedin the
view-dependentisocontourvisualization.
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