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Abstract

In thispaperwedescribeaparallelandout-of-coreview-dependent
isocontourvisualizationalgorithmthatefficiently extractsandren-
dersthevisible portionsof an isosurfacefrom largedatasets.The
algorithmfirst createsanocclusionmapusingray-castingandnear-
estneighbors.With theocclusionmapconstructed,thevisiblepor-
tion of the isosurfaceis extractedand rendered.All stepsare in
a single passwith minimal communicationoverhead. The over-
all workloadis well balancedamongparallelprocessorsusingran-
domdatadistribution. Volumetricdatasetsarestaticallypartitioned
onto the local disksof eachprocessorandloadedonly whennec-
essary. This out-of-corefeatureallows it to handlescalablylarge
datasets.We additionally demonstratesignificantspeedupof the
view-dependentisocontourvisualizationon a commodityoff-the-
shelfPCcluster.

1 Introduction

Todaytomographicimagingandcomputersimulationsareincreas-
ingly generatinglargedatasetsthatareto beeffectively visualized
for betterunderstandingof the underlyingscientific information.
Isocontourvisualizationis a popular interactive and exploratory
visualizationtechniqueusedto determineand browse regions of
interestwithin volumetric imaging data, and validate the results
of computersimulations. Interactive isocontourvisualizationex-
tractsmultiple2-dimensionalsurfacessatisfyingF � x ��� constfrom
a given scalarfield F � x � , x � R3, andrendersthemat interactive
framerates(30HZ).
Related Work: As thesizeof theinputdataincreases,isocontour-
ing algorithmsnecessarilyneedto be executedout-of-coreand/or
on parallel machinesfor both efficiency and data accessibility.
Hansenand Hinker[16] describeparallel methodsfor isosurface
extraction on SIMD machines. Ellsiepen[11] describesa paral-
lel isosurfacingmethodfor FEM databy dynamicallydistributing
working blocks to a numberof connectedworkstations. Shenet
al. [31] implementa parallelalgorithmby partitioningload in the
spanspace. Parker et al. [27] presenta parallel isosurfaceren-
deringalgorithm using ray-tracing. ChiangandSilva [6, 8] give
an implementationof out-of-coreisocontouringusingthe I/O op-
timal external interval treeon a singleprocessor. Bajaj et al. [2]
userangepartition to reducethe size of datathat are loadedfor
given isocontourqueriesandbalancethe load within a rangepar-
tition. More recentlyZhanget al. [35] proposea scalableisosur-
facevisualizationframework for massive datasetson commodity
off-the-shelfclustersby combiningtheparallelandout-of-coreiso-
contouringtechniques.Chiangetal. [7] alsotry to combineparallel
andout-of-coretechniquesfor isosurfaceandvolumerenderingfor
unstructuredgrids.

An isocontourvisualizationis not completewithout isosurfaces
beingrenderedanddisplayedto theuser. Renderingis acritical and
indispensablepartof visualization.In thecaseof isosurfacerender-
ing, thetrianglesof anisosurfacesareprojectedfrom the3D object
spaceto the 2D imagespaceby graphicshardware. Efficient ren-

deringis of specialimportancewhentheuserwantsto observe an
isosurfacefrom differentviewpointsafter the surfaceis extracted.
Largeisosurfacesextractedfrom largedatasetsoftenneedto beren-
deredwith parallelgraphicspipesfor interactivity.

UdeshiandHansen[33] employ themulti-pipesof aSGIOnyx2
realitymonsterto renderlargeisosurfacesin asort-lastfashion[25].
They usea binary-swap method[24] to efficiently compositethe
imagesin log2 � P� steps,whereP is thenumberof renderingpro-
cessors.With thefastadvancesof PCgraphicshardware,it is now
possiblefor asinglePCgraphicscardto rendermillions of triangles
at thesameor evenbetterratethansomecustomgraphicsboards.
Combiningthe power of thesecommoditygraphicshardwarewill
resultin averyhighperformancerenderingsystematrelatively low
cost. Many researchgroupshave recentlystudiedthe problemof
applyingthefastimproving PCgraphicshardwarefor parallelren-
dering[30, 17, 19, 4, 32].

However, renderinginvisible polygonsin a scenecontributes
nothingto thefinal imageandslows down therenderingprocess.It
is particularlytrue for isocontouringbecausethoseinvisible poly-
gonshave to alsobeextractedat run time. It is often thecasethat
many polygonsof a sophisticatedisosurfacearenot visible from
certainviewpoints.As isosurfacesgetlarger, extractingandrender-
ing thoseinvisible polygonstake a significantamountof time with
noeffectto thefinal image. Ideallythoseinvisiblepolygonsshould
notbeextractedandrenderedin orderto allow for fasterisocontour
visualization.

A similar problemexistsfor renderinggeometricmodels.In or-
der to avoid renderinginvisible polygons,many techniquesof vis-
ibility culling have beendeveloped[15, 14, 34, 21, 3, 18]. The
HierarchicalZ-Buffer methodof Greeneet al. [15] usesanoctree
to managethescene,which is thentraversedandrenderedfrom top
to bottom,anda quadtreeto storez-buffer, which allows for fast
rejectionof invisible geometries.Greene[14] further extendsthe
methodby substitutingthez-buffer with a3-statehierarchicaltiling
andtraversingtheoctreein a front-to-backorder. Zhanget al. [34]
chosesomepolygonsfrom a precomputeddatabaseasoccluders,
andrenderthemto geta low resolutionimageof theoccluders.A
hierarchyof occlusionmapsis thenbuilt uponthe imageandap-
plied to occludethe restof the polygonsin the scene.Klosowski
andSilva proposea conservative visibility culling technique[21]
basedon their Prioritized-LayeredProjectionalgorithm[20]. They
partition thesceneusingan octreeandrenderthepartitionsin the
orderof probabilityof beingvisible. After anapproximateimageis
generated,the restpartitionsarethenoccludedagainstthecurrent
z-buffer.

Isocontouringhas becomea major sourceof large surfaces.
Compared to visibility culling of geometric models, view-
dependentisocontouringhasan addedemphasison avoiding the
extractionof invisible triangles. Parker et al. presenta ray-based
isocontouringalgorithmwithoutexplicitly extractingisosurfacesto
directlycomputethecolorof eachpixel[27]. A ray is castfrom the
viewpoint throughevery pixel on the to-be-renderedimage. The
first intersectionpoint alonga ray with the isosurfaceis computed
by solvingacubicequationreducedfrom thetrilinear interpolation
of thedata.Theparallelversionof thisalgorithmsimplyassignsthe



raysto differentprocessors.Liu et al. [22] proposean isosurface
extraction� algorithmthatusesraycastingasawayto identify active
cellsinsteadof directlycomputingthecolorof pixelsasin [27], and
thenpropagatesfrom thoseactive cells to form a view-dependent
isosurface. Theremaybevisible holeson the isosurfaceextracted
by this algorithmif thenumberof raysis not largeenough.

LivnatandHansenpresenta view-dependentisosurfaceextrac-
tion algorithm[23] thatappliesanocclusionculling methodsimilar
to that in [14]. It decomposesthe volume into an octreehierar-
chyandtraversesit in a front-to-backorderto determinethevisible
cells. This algorithmproducesmuchfewer triangleswith theextra
overheadof visibility test. Thereis no parallel implementationof
thismethod.GaoandShen[12] giveaparallelview-dependentiso-
contouringalgorithmthat employs a multi-passocclusionculling
that tries to load balanceamongmultiple processorsandproduce
fewernumberof triangles.Isosurfaceextractionis donein parallel,
andvisibility culling andupdatingocclusionmapsareperformed
in multiple rounds.This algorithmrequirestheentiredatasetto be
in every processor’s main memoryandmay have a bottleneckof
updatingthevisibility masksmultiple times.

Thoseview-dependentisocontouringalgorithmshave improved
the interactivity of isocontourextraction and can handle larger
datasets.However, all of themhaveassumedtheentireinputdataset
andits ancillarydatastructuresarestoredin mainmemory, which
limits the scalabilityof thosealgorithms. As the sizeof datasets
grows at a muchfasterpacethanthatof availablememoryof par-
allel computers,many datasetsarebecomingtoo largeto beheldin
themainmemoryof today’s commonparallelmachines.
Main Results: In this paperwe presenta parallelandout-of-core
view-dependentisocontouringalgorithmthatis well load-balanced
amongthe parallel processors.We use a randomdata distribu-
tion thathasprovablegoodloadbalancefor bothview-independent
andview-dependentisocontourvisualization.Sincedatablocksare
storedon disksand indexed by an external interval tree [1], only
data blocks that contribute to the view-dependentisosurface are
loadedandprocessed.

Section2 givesthe randomizeddatadistribution methodthat is
load-balancedfor bothview-independentandview-dependentiso-
contourvisualization.Section3 describesthedetailsof theparallel
view-dependentisocontouringalgorithmwith therandomdatadis-
tribution. Section4 thenpresentsthe implementationandresults
for thealgorithm.

2 Load Balance with Random Data Distribu-
tion

A very important issueof parallel computationis load balanc-
ing [10], which is achieved mostly with two fundamentalap-
proaches:(i) staticbalancing,wherethedatais partitionedbefore-
handwith criteria thatguaranteeloadbalancingat run time; or (ii)
dynamicbalancing,whereprocessorsare given small chunksof
dataasthey becomeavailable. The units of datapartitioningcan
take theshapeof slices,shafts,slabs,or blocks.

A dynamicpartitioningusuallyrequiresdataredistributionatrun
time or datareplication,which areexpensive for massive datasets.
The major concernabouta staticpartitioning is that load balance
may not always be good enoughfor the entire parameterspace,
whichis therangeof all possibleisovaluesin thecaseof isocontour
visualization.Isosurfaceextractionhasthepropertythatcomputa-
tion on eachsub-volumeof a datasetcanprogressindependently.
Sincecommunicationis theleastscalablefactor, wechooseastatic
datapartition method. As demonstratedlater, sucha static data
partitioncanachieve goodloadbalancefor thewholerangeof iso-
values.

The parallel and out-of-coreview-dependentisocontouringis

basedon the sameframework for scalableisocontouringon com-
modity off-the-shelfworkstations[35]. In this framework volume
datasetsaredivided into blocksof the sameorderasdisk blocks
andstaticallypartitionedonto multiple processorsand their local
diskswithoutduplication.An externalinterval tree[1] is thenbuilt
for thedatapartitiononeachlocaldiskin orderto loadonly relevant
datablocksin out-of-corecomputations.

Thereare many possibleways to distribute blocks amongthe
processors.Theidealdatapartitioningfor parallelcomputationre-
quiresthe workloadhistogramof eachprocessoris a samescaled
version ( 1

P times) of the global histogram[2]. Since the whole
workloadhistogramof a volumedatasetis the sumof workloads
for all blocks,datapartitionproblemcanbethoughtasassigningN
weightedunitsto P binssuchthattheweightdifferenceamongthe
binsis minimizedfor a rangeof values.

2.1 Random Data Distribution

Obviously theoptimalsolutionfor this problemis NP-hard.It is a
strongerversionof theoptimizedbin-packingproblem[9], whichis
itself NP-hard.We have to useanapproximationalgorithmfor the
datadistributionof parallelandout-of-coreisocontouring.While a
deterministicgreedyalgorithmis given in [35], in this sectionwe
show thatarandomizedalgorithmgivesawell balanceddistribution
for largedatasets.

For a largevolumedataset,onehasa largenumber(N) of blocks
todistributeamongthePprocessors(N ��� P). Supposeeachblock
bi , 1 	 i 	 N is just randomlyassignedto oneprocessor. For i �
1 
������
 N, let x j

i bea binaryrandomvariablewhich is 1 if theblock
bi is assignedto theprocessorp j , 1 	 j 	 P, andbe0 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 receives

E � ∑N
i � 1 x j

i ��� N
P blocks.

Let ŵ � maxN � wi � , wherewi is the workload of the block bi

for a given isovaluev. ThenW � ∑N
i � 1 wi is the total work of ex-

tractingthe isosurfaceof isovaluev. Let ai � wi � ŵ; ai ��� 0 
 1� be
the normalizedworkloadof the block bi . Thenthe weightedsum
of Bernoulli trials Ψ j � ∑N

i � 1 aix
j
i is the normalizedworkloadas-

signedto theprocessorp j . Theexpectedworkloadassignedto the
processorp j is

ŵ � E � Ψ j ��� N

∑
i � 1

ŵai

P
� N

∑
i � 1

wi

P
� W

P
� (1)

Let Wj betheworkloadassignedto theprocessorp j for a given
isovaluev. It is possibleto show that it is highly unlikely thatWj
greatlyexceedsthe expectedvalueW � P. We apply the following
theoremby RaghavanandSpencer[28], which givesaninequality
for theweightedsumof Bernoulli trials.

Theorem 2.1 ([28]) Leta1 
�������
 aN berealsin � 0 
 1� . Let x1 
�������
 xN

beindependentBernoulli trials with E � xi ��� ρi . LetΨβ � ∑N
i � 1 aixi .

If E � Ψβ ��� 0, thenfor anyν � 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 workloadW � αŵPlogr
for a given isovalueand blocks are randomlyallocatedamongP
processors, any processorhasa workload 	 2W

P with probability!#" 1 $ 1
rc % , where ŵ is the maximumworkload of a block, α �

c& 1
log4' e � c � 0� is a constant.
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Figure1: Histogramsof block, triangledistribution, andisosurfaceextractionandrenderingtime for both deterministicandrandomdata
partitioningsof thevisiblehumanmaleMRI dataset.

Proof: This proof is similar to the result in [13] on randomized
emulationof QSM on BSP model. The following is basedon a
simplifiedanalysisin [29].

In the caseof datapartitioning for parallel isocontouring,as-
sumethe normalizedworkload W ()� ∑N

i � 1 ai � αP logr, where
α � c& 1

log4' e � c � 0� is a constantand r ! P. SinceN �*� P, this
assumptionusuallyholdsexceptfor isosurfacesthathave very few
triangles,which areof little interestbecausethey canbe quickly
extractedregardlessof how the datasetis partitioned. Then the
probability of the processorp j , having morethantwice the aver-
ageworkload,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 theaver-
ageworkloadis

prob

�
Ψ � 2W (

P � 	 P � prob

�
Ψ j � 2W (

P � � r - c 
 (3)

where Ψ � maxP � Ψ j � is the maximum load of all processors.
Therefore,we have the theoremfor therandomizeddatapartition-
ing for parallelandout-of-coreisocontouring.

Thesametheorem2.2 appliesto datapartitioningfor theview-
dependentisocontouringin section3, wherethe weight wi of the
block bi representsthe contribution of bi to the view-dependent
isosurface.Therefore,onecanexpectthesamerandomblock dis-
tribution algorithmto provide goodloadbalancefor parallelview-
dependentisocontouringaswell.

2.2 Comparison To a Deterministic Distribution

In thissectionwecomparetheperformanceof therandomizeddata
distribution to the deterministicmethodin [35]. Workload his-
togramsfor thevisible humanmaleMRI dataareshown in figure
1. Thefirst row of figuresshow thenumberof blocksloaded,num-
berof triangles,andisosurfaceextractiontimefor thedeterministic
distributionrespectively; thesecondrow shows thesamecurvesfor
the randomizeddistribution. Eachcurve in the figuresshows the
resultfor anindividual processorfor thewholerangeof isovalues.
Thosefiguresdemonstratethat both distributionshave very good
loadbalancefor thewholerangeof isovaluesfrom 0 to 1900.Fur-
thermore,thecurvesof trianglecountcloselyresemblethecurves
of actualextraction andrenderingtime. It justifiesour using the
numberof triangleto representworkloadin datapartitioning.

While thedeterministicmethodhasbetterbalancefor thenum-
berof loadedblocks,therandomizedmethodactuallyachievesbet-
terbalancefor realextractiontime,especiallyfor largeisosurfaces.
Thisverifiesthetheorem2.2 in section2.1.



3 Parallel and Out-of-core View-dependent
Isocontouring0

In this sectionwe give a view-dependentisosurfaceextractional-
gorithm that integrateswell with the framework for scalablepar-
allel andout-of-coreisocontouringin [35]. It usesthe samedata
distribution andhasthe samenice featuresasgood load balance,
out-of-core,and minimum datareplication. The view-dependent
isocontouringalgorithmhastwo majorphases:

1. Occluder Selection: In the first phaseof the algorithm, a
numberof raysarecastfrom theviewpoint to thevolumein
order to obtain an approximationof visible blocks. Those
blocks are treatedas occluding blocks. Isosurfacesinside
thoseoccludingblocksareextractedandthenrenderedto cre-
ateanocclusionmapfor thesecondphaseof thealgorithm.

2. Visibility Culling: In thesecondphase,theremainingblocks
aretraversedandculledagainsttheocclusionmap.Only iso-
surfacesin thevisibleblocksareextractedandrendered.

Here are several good featuresof this view-dependentisocon-
touringalgorithm:1 Conservative: For a given viewpoint, this view-dependent

algorithmgeneratesimagesof isosurfacesidentical to those
renderedwithoutculling. Therearenoholesor otherartifacts
in theimagebecauseof visibility culling.1 Single Pass: Theview-dependentisocontouringmethodre-
quirestraversingtheblocksonly once,andthuseliminatesthe
large overheadof traversingthe blocksandupdatingthe oc-
clusionmapmultiple timesasin [12].1 Full Parallelization: Both the occluderselectionandvisi-
bility culling phasesarefully parallelizable.In our scalable
isocontouringframework, eachprocessoronly extractsand
rendersisosurfacesof theblocksthat resideon its local disk.
The staticdatadistribution methodsoffer goodload balance
for view-dependentisocontouringaswell.1 Out-of-core: Sincetheview-dependentisocontouringalgo-
rithm is within thesameframework thathandleslargevolume
datasetswith externalsearchdatastructures,it preservesthe
samepropertyof loadingonly datablocksthat contribute to
thefinal view-dependentimage.

Traversingthrougha volumedatasetmultiple times incurssig-
nificant overhead,especiallywhen the datasetis very large. We
choosea single-passalgorithmto avoid the communicationover-
headof multipleblocktraversalsandocclusionmapupdates,which
is especiallyexpensive for a looselyconnectedPCcluster. In order
to have aneffective singlepassvisibility culling algorithm,it is es-
sentialto selecta setof goodoccluders.

3.1 Occluder Selection

A subsetof polygonsareusuallychosenasoccludersfor a polygo-
nal scene.However, polygonsof an isosurfacedo not exist before
the isosurfaceis extracted. It is impossibleto pre-computea oc-
cluder databaseas in [34] for view-dependentisocontouring. In
otherwords,theoccluderselectionfor view-dependentisocontour-
ing mustbedoneat run time. In theframework of parallelandout-
of-coreisocontouring,datasetsarestaticallypartitionedinto blocks
anddistributedamongtheprocessors.We mustthereforeconsider
choosingoccludingblocks,which containpolygonsto berendered
to createtheocclusionmap.

Let SB be the setof selectedoccludingblocks. We usea ray-
castingmethoddescribedbelow, to choosethe preliminarysetof
occludingblocksS1

B 2 SB by shootinga numberof raysfrom the
viewpoint to thevolume.Along eachray, theblocksintersectedby
the ray aredeterminedusingBresenham’s line plotting algorithm
[5], which is very fast to compute. As soonasa ray hits a block
B with a rangecontainingthe isovalue v, the ray terminatesand
the block is addedto the set S1

B. Only the rangeof the block is
utilized, andthescalarfield of theblock is not loaded.Any block
B chosenthiswaymustbeavisibleblocksincefrom theviewpoint
to this block thereexistsat leastoneray that is not blockedby any
otherpolygonsin front of it. We wasteno time in extractingand
renderingpolygonsin thoseblocks in S1

B for the view-dependent
isosurface.

We usea combinationof deterministicand randomlysampled
raysto determinetheblocksin S1

B. Deterministicraysarecastfrom
theviewpoint throughtheboundingbox of thevolumeprojection,
suchthat every block is hit by at leastoneray. In our implemen-
tation,we shoota ray to thecenterof eachboundaryfaceof every
boundaryblock. Besidesthe deterministicrays, somerandomly
sampledraysarealsocastfrom theviewpoint in orderto find more
visible blocks. A 2D exampleis illustratedin figure 2, whereoc-
cludingblockschosenby theraycastingarelightly shaded.

Figure2: Rayscastfrom a viewpoint into a 2D mesh.The lightly
shadedblocksaretheoccludingblocksselectedupby therays.

Althoughray castinggivesa goodpreliminarysetof occluding
blocks, someblocks that containsvisible isosurfacesare not se-
lectedbecauseothervisibleblocksin S1

B arein frontof themandter-
minatetherays.Someexamplesareillustratedasthedarklyshaded
blocksin figure2. Mostcommonsituationsof missingblockshap-
pen in the nearneighborhoodof the blocks in S1

B becauseof the
continuity of isosurfaces. Thosemissedblocks may causeholes
in the occlusionmapthat is constructedfrom the polygonsin the
occludingblocks. In orderto reducethenumberandsizeof those
holes,weaddthenearestneighboringblocksof thosein S1

B to form
thesetof occludingblocksSB. Thepseudo-codefor the occluder
selectionprocessis shown in figure3.

Figure 8 (seecolor plates)shows someexamplesof occluder
selection,wherethepicturesin theleft columnareimagesrendered
only with polygonsin the set of blocks S1

B from ray castingand
thepicturesin themiddlecolumnarebasedon thecombinationof
S1

B and their nearestneighbors. We can observe that the images
in the middle columnarequitecloseto thefinal imagesshown in
the right column. Therefore,thoseimagesin the middle column
aregoodcandidatesfor occlusionmaps.Thequality of occlusion
mapsis very importantin a single-passvisibility culling method.
We shouldnote herethat the cost of ray castingto computethe
occludingblocksis only averysmallfractionof thetotal isosurface
extractionandrenderingtime.



Occluder Selection

Initialize the set of occluding blocks 3 B 4 φ.
x 4 the query isovalue.

select_occluders(x) {3 1
B 4 φ is the set of occluding blocks from ray casting.5
1 4 a set of center points of all boundary faces.5
2 4 a set of randomly chosen points on the image plane.

for(all point p in
5

1 6 5 2) {
cast a ray r from the viewpoint v to p
b 4 the first block intersected by the ray r.
while (r is within the volume) {

if(min 7 b8:9 x and max7 b8<; x) {3 1
B 4 3 1

B 6>= b ?
break

}
b 4 the next block along the ray r

}
}

for(each block b in 3 1
B) {7 i @ j @ k 8 4 the index of b

for(block b + of index 7 i A 1 @ j A 1 @ k A 18 ) {

if(min 7 b + 8<9 x and max7 b + 8<; x& b +�BC 3 1
B)3 B 4 3 B 6>= b + ?

}
}3 B 4 3 B 6 3 1

B
}

Figure3: Pseudo-codefor occluderselection

3.2 Visibility Culling

At thesecondstageof view-dependentisocontouring,we first ex-
tract isosurfacesfrom theoccludingblocksin SB andrenderthem
to createanocclusionmap.After theocclusionmapis constructed,
theremainingblocksaretraversedandculledagainsttheocclusion
map.As suggestedin [14, 34, 3, 18], a hierarchicalocclusionmap
maybeconstructedin orderto decreasethe time of visibility tests
andocclusionmapupdates.Sincetheculling timeis muchlessthan
the actualextractiontime andno updatesaredonefor the single-
passmethod,we canjust usea single-level occlusionmapfor its
simplicity. However, hierarchicalmapsarenecessaryfor thefaster
demandsof real-timeview-dependentrendering.

Figure4: Examplesof visibility culling with the visibility masks
shown.

An occlusionmapor maskis a 2D bitmapcorrespondingto the
imagerenderedwith polygonsextractedfrom theblocksin SB. An
entry of the maskis setto 1 if thecorrespondingpixel in the ren-
deredimageis covered,otherwiseit is setto 0 asshown in figure
4. Thevisibility testsareappliedto only thoseblockswhoseranges
containthe isovalue v. Eight verticesof sucha block b arepro-
jectedinto theimageplane.If thereis any 0 entryof theocclusion
mapwithin the projectedarea,b is consideredasvisible. Rather
thancomputingthe exact projectionareaof b, we usethe rectan-
gularboundingbox of b’s projectionareato simplify thecomputa-
tion. Thisculling processalsoincludesthefrustumculling because

Visibility Culling

for(blocks b in 3 B) {
extract and render polygons from b

}
Construct an occlusion map M from the rendered image.D

= a list of all remaining blocks
b = the first element of

D
while ( b ) {

if(b BC 3 B and min 7 b8<9 v 9 max7 b8 ) {
project the block b
rect = the bounding box of b’s projection area
if( E a pixel 7 i @ j 8 C rect with M F i @ j G 4:4 0) {

extract and render polygons from b
}

}
b 4 the next block in

D
}

Figure5: Pseudo-codefor visibility culling

blockswith projectedboundingboxesoutsidethescreenareauto-
maticallyculled.Thepseudo-codefor visibility culling is shown in
figure5.

We do not updatetheocclusionmapduring theculling process
whenpolygonsfor a new blocksarerendered.It is arguablethat
updatingtheocclusionmapwould furthercut thenumberof invis-
ible polygonsextracted. Although a few extra polygonsmight be
generatedusinga fixed occlusionmap,it paysoff in avoiding the
high overheadof updatingthe occlusionmapsmany timesasin a
multi-passmethod[12]. Sincewe start from a good approxima-
tion of the final image,the numberof extra polygonstendsto be
small.A fixedvisibility maskallowsany orderof traversingblocks
while updatinganocclusionmaprequiresa strict front-to-backor-
der. Parallel implementationsof a fixed maskmethodalsogener-
atethesamenumberof trianglesasthesequentialcase.Section4
will comparetheperformanceof theview-dependentisocontouring
methodto that without visibility culling. Datablocksandits iso-
surfacesarecachedin main memory, suchthat a changeof view
parametersdoesnot requirerecomputingisosurfacesin all blocks.

3.3 Parallelization

It is straightforward to parallelizethe view-dependentisocontour-
ing algorithm. Theoccluderselectionstagecanbeparallelizedby
assigningraysto differentprocessors.Theentiresetof occluding
blocksSB is thentheunionof occludingblocksfoundby different
processors.

Sincedatablocksarestaticallydistributedamongtheprocessors,
eachprocessorhasa subsetof theoccludingblocksin SB. After a
processorextractsandrenderspolygonsin its subsetof occluding
blocks,it constructsa partial occlusionmap. Thosepartial occlu-
sionmapsarethencollectedandmergedinto a singlemask,which
is the sameasthat in the sequentialcase. The mergedocclusion
mapwill be usedto cull out invisible blocksin a view-dependent
isocontourquery. In the visibility culling phase,eachprocessor
checksonly theblocksthatresideon its localdisk. Thestepsof the
parallelview-dependentisocontouringalgorithmareasfollows:

1. Divide the rays to be castequally amongthe P processors.
Eachprocessorfires R

P rays to the volume, whereR is the
total numberof raysneededto selectSB in thesequentialal-
gorithm. In this step,the rangeinformationof eachblock is
replicatedonall processors.Theraysareassignedin aspatial
coherentmannerfor bettercacheperformance.

2. The entire set of occludingblocks SB is constructedas the
union of occludingblockson all machinesandbroadcastto
all processors.

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

v that resideson its local disk andintersects



theisosurface.For eachblockb � Si
v H SB, isosurfacesareex-

tractedfrom b for agivenisovaluev andrenderedto theimage
plane.A partialvisibility maskof bits 0 and1 is constructed
from therenderedimageon eachprocessor.

4. The occlusionmaps from all processorsare collectedand
mergedinto a commonmask,andthemergedmaskis broad-
castto all processors.

5. Eachprocessorpi traversestheremainingblocksb � Si
v $ SB

andprojectsb to the imageplane. If b is visible, it extracts
andrenderstheportionof isosurfacefrom b.

6. The final image is constructedby compositingthe image
buffersfrom all theprocessorswith theMetabuffer.

All the collectingandmerging operationsin the parallel algo-
rithm canbeperformedusingthebinaryswapmethod[24] andin
run-lengthcompressedformat [26] for efficient utilization of the
network. In thecurrentimplementation,we just applythestandard
collective MPI functionssuchasMPI_Allreduce()for thecommu-
nication. The extra informationfor parallelandout-of-coreview-
dependentisocontouringis only therangeinformationof all blocks
in thestepof raycasting.Therangeinformationfor ablock is usu-
ally two floating point numbersandextremelysmall comparedto
theactualdataof theblock.

4 Implementation and Results

We usethesameimplementationplatformasthat in [35], because
theview-dependentisocontouringsharesthesameframework and
datadistributionastheparallelandout-of-coreisocontouring.Each
computationalnode is a CompaqSP750PC workstation,which
consistsof a 800MHZ PentiumIII processor, 256MB main mem-
ory, a9GBsystemdiskanda18GBdatadisk,andannVdiaGeforce
II graphicscard.Thesenodesareinterconnectedby a100Mb/seth-
ernet. Thesemachinesrun Linux (kernel2.2.18)asthe operating
systemandeachdisk blocksizeis 4,096bytes.

Figure9 (seecolor plates)shows theresultingimagesfrom ap-
plying theview-dependentisocontouringmethodto thevisible hu-
man foot dataset.The view-dependentmethodrendersthe same
imageastheisocontouringalgorithmwith noculling, but it extracts
only a fractionof trianglesfor a given viewpoint. Figure9 (c) ro-
tatestheview-dependentisosurfaceto illustratetheportion that is
notextracted.

We further test the view-dependentisocontouringalgorithmon
the entire visible humanmale MRI dataset(512 � 512 � 1252),
whosesize 656MB is much greaterthan the main memoryof a
singlemachine,in orderto demonstratethe out-of-corefeatureof
our algorithm. In this examplewe choosethedimensionof blocks
as10 � 10 � 20, suchthateachblock hasapproximatelythesame
sizeasa disk block. Figure6 comparestheextractiontime andthe
numberof trianglesextractedby theview-dependentisocontouring
algorithmto thenormalisosurfaceextractionmethodwithout vis-
ibility culling. Figure6 (a) shows the actualnumberof triangles
extractedby the two differentmethods,andfigure6 (b) compares
theactualextractionandrenderingtime with varying isovaluesfor
a fixedviewpoint ona singleprocessor.

The view-dependentisocontouringalgorithm is easily paral-
lelizedin theframework of parallelandout-of-coreisocontouring.
It is interestingto measurethe speedupof the parallel implemen-
tationon thePCcluster. We applytherandomdistribution method
in section2 to distributeblocksamongthe processors.Following
the similar analysisin theorem2.2 by replacingthe parameterai
asthe view-dependentload of the ith block, we expectgoodload
balanceamongtheprocessorsfor view-dependentisocontouringas
well. We do not measurethe imagecompositiontime becausethe

(a)

(b)

Figure6: Comparisonsbetweennormalandview-dependentiso-
contouring: (a) the numberof extractedtrianglesasa function of
isovalue,(b) theextractionplusrenderingtimesof thetwo methods
on a singleprocessor. The upperandlower curvesarethe results
for normalandview-dependentisocontouringrespectively.

final imageshall be compositedby the Metabuffer hardwarewith
minimalconstantdelay.

We test the parallel implementationwith an isovalue 800 for
the visible male MRI dataset. Figure 7(a) shows the individual
view-dependentisosurfaceextractionandrenderingtime for 2, 4,
8, and 16 processorsrespectively. The flatnessof thosecurves
demonstratesthe goodbalanceamongthe processors.The corre-
spondingspeedupcurve is shown in figure 7(b). As the number
of processorsincreases,theactualisosurfaceextractionandrender-
ing time for eachprocessordecreasesproportionallyin our imple-
mentation. The parallel view-dependentisocontouringalgorithm
requirestwo communicationroundsto merge the set of occlud-
ing blocks and the occlusionmap, which differs from the view-
independentparallelisocontouring.Theinter-processorcommuni-
cationcostmayincreaseasthenumberof processorincreases.We
implementthemergeof occludingblocksandocclusionmaskswith
theMPI_Allreduce() functionof the MPI library on the 100Mb/s
ethernet.A fasternetwork andan implementationutilizing com-
pressionwould reducesuchcommunicationcostandevenimprove
thespeedup.



(a)

(b)

Figure7: (a) Individualprocessortime for extractingandrendering
a view-dependentisosurface(isovalue = 800) for the visible hu-
manmaleMRI datasetwith 2, 4, 8, and16processorsrespectively.
(b) Speedupchartof thesameview-dependentisosurfaceextraction
plusrenderingtimescomparedto theidealcase.

5 Conclusion

In this paperwe presenteda randomizedstatic datadistribution
for parallel isocontouringon commodity off-the-shelf clusters.
We have proved that with high probability no processorwould
have muchhigherworkload in this distribution if therearemany
blocks.Sucha distribution is well balancedfor bothparallelview-
independentandview-dependentisosurfaceextraction. Basedon
therandomdatadistribution,we proposea parallelandout-of-core
view-dependentisocontouringalgorithm that is conservative and
well load balanced.We demonstratesignificantperformanceim-
provementover normalisosurfaceextractionandgoodspeedupin
a parallelimplementationon PCclusters.
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(a)14.7% (b) 24.4% (c) 55.3%

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

Figure8: Someexamplesof view-dependentisosurfacerendering,wherethe percentageof trianglesto view-independentisosurfacesare
shown. Thepicturesin theleft columnareocclusionmapsgeneratedby only ray casting;themiddlepicturesareocclusionmapsfrom both
blockshit by raycastingandtheirnearestneighbors;theright picturesarefinal imagesrenderedby thevisibility culling method.

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

Figure9: A normalisosurface(a) looksexactly thesameasa view-dependentisosurface(b) from a givenview point (isovalue= 500). (c)
shows the rotatedsurfaceof (b), wherethe red areais the portion of the isosurfacethat is not extractedin the view-dependentisocontour
visualization.


