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Abstract

This paperpresentsa parallel algorithm that can effectively ex-
tractsonly the visible portion of isosurfaces. The main focusof
our researchis to devisea load-balancedandoutput-sensitive algo-
rithm, thatis, eachprocessorwill generateapproximatelythesame
amountof triangles,andcellsthatdonotcontainthevisible isosur-
facewill not bevisited. A novel multi-passalgorithmis proposed
in the paperto achieve thesegoals. In the algorithm,we �rst use
anoctreedatastructureto rapidly skip theemptycells. An image
spacevisibility culling techniqueis thenusedto identify thevisible
isosurfacecells in a progressive manner. To distribute the work-
load, we usea binary imagespacepartitioningmethodto ensure
thateachprocessorwill generateapproximatelythesameamountof
triangles.Isosurfaceextractionandvisibility updateareperformed
in parallelto reducethe total computationtime. In additionto re-
ducingthesizeof outputgeometryandacceleratingtheprocessof
isosurfaceextraction, the multi-passnatureof our algorithm can
alsobeusedto performtime-criticalcomputation.

CR Categories: I.3.1 [Computer Graphics]: Hardware
Architecture—Parallel processing; I.3.7 [Computer Graphics]:
Three-DimensionalGraphicsandRealism—visibleline/surfaceal-
gorithms

Keywords: view-dependent,occlusionculling, isosurfaceextrac-
tion, multi-passalgorithm,hierarchicaldatastructures

1 Intr oduction

Displaying isosurfacesis an effective techniquefor visualizing
three-dimensionalscalar�elds as it can preciselyreveal the geo-
metric structureof the underlying�eld' s value distribution. To
extractisosurfaces,intensive researcheffort hasbeenundertakenin
thepastdecade,which resultedin many robustandef�cient algo-
rithmssuchasthewell-known MarchingCubesalgorithm[8], and
variousacceleratingtechniques[16, 15, 7, 14,5, 1, 2] thatcansig-
ni�cantly reducethe complexity of isosurfacecell searchprocess.
While effective,theseisosurfaceextractionalgorithmscangenerate

ahugenumberof trianglesfor a large-scaledataset,whichcaneas-
ily overwhelmtheunderlyingcomputingpower dueto therequire-
mentsin thespeedof CPU,theperformanceof graphicshardware
, andthecapacityof main memory. To reducethe costof surface
generationand rendering,researchershave proposedvariousap-
proachessuchassurfacedecimationschemes[13], view-dependent
methods[6, 11], andparallelrenderingalgorithms[10, 12]. In gen-
eral, surfacedecimationis mostly performedasa post-processing
stepand thus is not suitablefor interactive explorationof isosur-
faceswith different isovalues. For view-dependentmethods,the
challengeis to reducetheoverheadfor computingthevisibility in-
formation.Utilizing massively parallelcomputersor PCclustersto
extract isosurfacescanbevery effective. Themainchallengeis to
designanoutput-sensitive andload-balancedalgorithmsothat the
availableprocessorsarefully utilized to performonly usefulcalcu-
lations.

In thispaper, wepresentaparallelview-dependentalgorithmfor
large-scaleisosurfaceextraction.Themainpurposeof our research
is to reducethe numberof trianglesextractedfrom an isosurface
while still allowing the userto explore differentisovaluesinterac-
tively at run time. To achieve the goals,our algorithm performs
visibility culling andisosurfaceextractionin a coherentmannerso
thatonly thevisibleportionof anisosurfacewill begenerated.The
crux of theproblemis to balancethe workloadof surfacegenera-
tion, sothatthenumberof visible trianglesgeneratedby eachpro-
cessorwill be approximatelythe same. In addition,we intendto
designan output-sensitive algorithmso that mostof the cells that
do not containthevisible portionof the isosurfacewill not bevis-
ited. Themainchallengefor us is to performvisibility determina-
tion and load balancingwithout actuallygeneratingthe complete
isosurface. To solve the problem,we proposea multi-passalgo-
rithm that can�nd the visible cells progressively andextract iso-
surfacefrom thosecells in parallel. Our algorithm startswith a
front-to-backoctreetraversalto skip emptycells rapidly andcol-
lect isosurfacecells.A progressive imagespacevisibility culling is
thenusedto identify visibleisosurfacecellsonthe�y . To distribute
theworkload,we usea binary imagespacepartitioningalgorithm
to distributethevisible cellsto differentprocessors.Isosurfaceex-
tractionandvisibility updateareperformedin parallelto speedup
theoverall computation.In additionto acceleratingisosurfaceex-
tractionandreducingthe sizeof outputgeometry, the multi-pass
natureof our algorithm allows the userto stop the processingat
anearly time, which providesthepossibilityof time-critical com-
putation. In the following, we �rst brie�y survey the relatedwork
in section2. Thenthedetailsof thealgorithmaregiven in section
3. Theexperimentalresultsandanalysisarepresentedin section4.
Finally, we concludeour paperby summarizingour contributions
anddiscussingthefuturework in section5.



2 Related Work

Displaying isosurfacesis an effective techniqueto analyzethree-
dimensionalscalar�elds generatedfrom large-scalenumericalsim-
ulations.Traditionally, theMarchingCubesalgorithm[8] is usedto
performsucha task.Althoughthealgorithmis effective, it requires
a linearsearchfor theisosurfacecells,which canbeinef�cient for
large-scaledatasets.To speedup the searchprocess,researchers
have proposedvariousaccelerationtechniques.Examplesinclude
theuseof octreedatastructures[16] for arapidskipof emptycells.
An advantageof usingoctreesis thattheisosurfacecellscanbetra-
versedin a front-to-backorder, which is adesiredfeaturefor view-
dependentalgorithms. In addition to the octreealgorithm,many
valuedecompositionmethods[15, 7, 14] have alsobeenproposed.
Thesealgorithmscanachieve nearoptimal speedfor �nding iso-
surfacecells.Thedisadvantageof value-basedmethodsis thatthey
do not maintainthe spatialrelationshipsamongthe extractediso-
surfacecells.Algorithmsusingcontourpropagation[5, 1] canalso
bevery effective. Their challengeis to identify theinitial seedcell
to begin thepropagation.Althoughall of theabove algorithmscan
speedup thesearchof isosurfacecells,for a largedataset,extract-
ing andrenderingmillions of trianglesinteractively still remainsto
bea majorchallenge.

To reducethe numberof trianglesgeneratedin an isosurface,
Livnat andHansen[6] proposeda view-dependentisosurfaceex-
tractionalgorithmthatappliestheocclusionculling techniquepro-
posedby Greeneetal.[4] to isosurfaceextraction.By culling away
theoccludedisosurfacepatches,thealgorithmimprovestheperfor-
mancein bothextractionandrenderingtime. Thechallengeof the
algorithmis that calculatingthevisibility informationincursextra
overhead,whichcanbea potentialbottleneckof theprocess.

Another methodto visualize the visible portion of an isosur-
faceis to usethe interactive ray tracing algorithm [11] proposed
by Parker et al.. Thealgorithmcomputesthe intersectionpoint of
a ray andthe isosurfacedirectly by solvinga cubicequationwith-
outextractingtrianglesexplicitly. In general,thisalgorithmis more
suitablefor parallelmachineswith a largenumberof processors.

Various parallel polygon renderingalgorithms [10, 12] have
beenproposedto speedup the renderingof large scalepolygo-
nal datasets.To utilize theutility of parallelrendering,Gao,Shen
andGarcia[3] previously proposedaparallelvisible isosurfaceex-
tractionalgorithmin conjunctionwith a sort-�rst parallelpolygon
renderingmethodto improve the interactivity. However, the load
balancewasnot satisfactoryasthealgorithmdistributestheentire
isosurfacecellsinsteadof thevisible isosurfacecellsto theproces-
sors,which canresult in load imbalancebecausethe numbersof
trianglesgeneratedby theprocessorscanbevery different.

3 Parallel View-Dependent Isosurface Ex-
traction

In this section,we presentan algorithm that can effectively cull
away the invisible part of the isosurface,distribute the workload
evenly to multi-processorsandextractthevisible isosurfacein par-
allel. Theprimarygoalof ouralgorithmis to balancetheworkload
of isosurfacegenerationandvisibility determination,andto ensure
that eachprocessorwill generateapproximatelythe sameamount
of visible triangles. To achieve this goal, we designan algorithm
that consistsof four key components.First, an octreedatastruc-
turesimilar to theoneproposedin [16] is usedto identify thecells
that containthe isosurface. In our algorithm,a cell is a leaf node
of theoctree,which is a ��������� sub-volume.Thevaluesof � ,

� and � aredeterminedat run time. We usetheterm“active cells”
to referto thecellsthatcontaintheisosurface,and“emptycells” to
representthenon-activecells.With thisoctreedatastructure,active

cellscanbeef�ciently identi�ed by comparingthemin/maxvalues
of theoctreenodeswith theisovalue.Thesecondcomponentof our
algorithmis a multi-passocclusionculling schemeusedto identify
thevisiblecells,wherea“visible cell” is anactivecell thatcontains
thevisible portionof theisosurface.Our occlusionculling scheme
is a multi-passprocessasit is impossibleto identify all thevisible
cellsin onepasswithoutactuallyextractingtheisosurfaces.This is
becausewecannotdecidewhetheranactivecell is visibleor notun-
til we generatetheportionof theisosurfacein front of it. Thethird
componentof our algorithmis animagespacepartitioningscheme
which distributesthe visible cells amongthe processorsby parti-
tioning the imagespacebasedon the cells' projectionareas.The
lastcomponentof our algorithmis thevisible isosurfaceextraction
andvisibility updateprocessperformedby multiple processorsin
parallel.

In the following, we �rst provide anoverview of our algorithm
by describingtheinterplayof thesefour components,andthende-
scribethedetailsfor eachof thecomponents.

3.1 Algorithm Overview

Our algorithmbeginswith traversingtheoctreedatastructurein a
front-to-backorder, andcollectstheactive cells into anactive cell
list by comparingthe isovalue with the min/maxvaluesstoredat
eachoctreenode. For eachactive cell in the active cell list, we
determineits visibility usinga conservative visibility test. An ac-
tive cell is conservatively determinedto be visible if its projected
boundingbox is not completelycoveredby the projectionareaof
previouslygeneratedisosurfaceor theprojectedboundingboxesof
activecellsin frontof it. To ensurethisvisibility testcanbedoneef-
�ciently , theprojectedboundingboxof acell is therectangulararea
de�ned by thecell's projectedmin/maxx andy coordinatesin the
imagespace.It is a conservative testbecausetheactualisosurface
insidethe visible cell canstill be invisible. However, we will not
mistakenlymarkavisiblecell to beinvisible. For thosecellswhose
projectionareasare coveredby the projectedboundingboxes of
thefront active cells,we cannotconcludethatit is not visiblesince
thetrianglesfrom thefront activecellshavenotbeenextractedyet.
Activecellsthatarenotdeterminedto bevisible in thecurrentpass
will be testedagainlater. After the visibility test, the host node
partitionstheimagespacebasedon thevisiblecells' projectionar-
eas,andevenlydistributesthevisiblecellsto theslavenodes.After
receiving the visible cells,eachslave nodewill extract the isosur-
facepatchesindependentlyusingtheMarchingCubesmethodand
updatea local coveragemaskto mark the occupiedpixels on the
screen.Thelocalcoveragemasksfrom theslavenodeswill becom-
positedtogether, andtheaggregatedcoveragemaskis sentbackto
the hostnode. Having received the coveragemaskobtainedfrom
theextractedvisible isosurface,thehostnodeperformsthefollow-
ing two tasks.First, theactive cell list is scannedagainandthose
cells that have projectedboundingboxescompletelyoccludedby
thealreadygeneratedisosurfaceareguaranteedto beinvisible and
thus can be safely discarded. Second,the conservative visibility
testjustmentionedis performedagainto theremainingactivecells.
This resultsin anotherbatchof visible cells,which will beevenly
distributedto theslave nodesfor surfaceextraction.After this, the
sameaforementionedprocessis repeatedandouralgorithmiterates
until nomorevisiblecellsarefound.Figure 1 providesa�o w chart
of ouralgorithm.

Our algorithmrequiresmultiple passesbeforetheentirevisible
portion of the isosurfacecanbe extracted.We usethis multi-pass
algorithmto identify visible cells andextract isosurfacesbecause
it is impossiblefor thealgorithmto �nd all thevisible cells in one
passwithout generatingthe entire isosurface. With the proposed
multi-passalgorithm,we areableto gatherthe visibility informa-
tion progressively, usetheinformationto identify thevisible cells,



Figure1: Thealgorithmdata�o w.

andevenlydistributetheworkloadof isosurfaceextraction.Having
the isosurfaceextractionperformedin parallelnot only speedsup
the triangulationprocess,but alsodistributesthework of updating
the visibility information amongthe multi-processorsso that the
computationoverheadcanbeminimized.As anaddedbene�t, our
multi-passalgorithmcanalsoallow theuserto terminatethegener-
ationof thevisible isosurfaceduringor at theendof a desiredpass
to performtime-criticalcomputation.

In the following sections,we describethesecomponentsof our
multi-passparallelalgorithmin detail. We �rst introducethetech-
nique we useto �nd the visible cells and remove invisible cells.
Thenwe describethemethodto partition theworkloadevenly for
theprocessors.Finally wediscusstheparallelisosurfaceextraction
andvisibility updateprocessperformedby eachprocessor.

3.2 Progressive Image Space Visibility Culling

In eachpassof the algorithm,the hostnodeidenti�es the visible
cells and removes the invisible cells. This is achieved by main-
taining at the hostnodea two-dimensionalglobal coveragemask
that hasthe sameresolutionasthe �nal image. Eachentry in the
coveragemaskrepresentsa pixel in thescreenandcanhave three
differentvalues:0, 1 and2. An entrywith a value0 indicatesthat
the pixel is uncovered. An entry with a value1 indicatesthat the
correspondingpixel is coveredby apreviouslyextractedisosurface
patch. An entry with a value 2 indicatesthat the corresponding
pixel is coveredby theprojectedboundingbox of anactive cell in
thecurrentpass.At the beginningof the �rst pass,every entryof
thecoveragemaskis setto 0. To decidethevisibility of anactive
cell, we �rst projectthecell ontotheimageplaneandcomputethe
projectedrectangularboundingbox basedon the min/max x and
y coordinates.Within theareaof theboundingbox, we checkthe
valuesof theentriesin thecoveragemask.Therecanbethreecases:

� At leastonecoveragemaskentry hasa value0. We report
theactive cell is a visible cell. This cell is removed from the
active list, andmovedto a visible cell list. In themeantime,
we �ll all the entriesof the coveragemaskwithin the cell's
projectedboundingbox with a value 2 except thoseentries
with avalue1.

Figure2: Examplesof theclassi�cationof activecellsbasedon the
projectedboundingboxesandtheglobalcoveragemask.

Figure3: A 2D exampleof theclassi�cationof activecellsafterthe
�rst pass.

� All thecoveragemaskentrieshave valuesequalto 1. We can
discardthe cell from the active cell list as its boundingbox
is completelycoveredby previously extractedisosurface.We
notethatanentrycanhave a value1 only after the �rst pass
of our algorithm. That is, a portion of the visible isosurface
hasbeenextractedandthe pixel is coveredby an isosurface
patch.This informationis obtainedfrom anaggregatedcov-
eragemaskreturnedfrom theslave nodes.

� If all thecoveragemaskentrieswithin theprojectedbounding
boxhavevalues1 or 2 andat leastoneentryhasavalue2, this
cell remainsasanactivecell andits visibility is undetermined
atthecurrentpass.Wewill checkthecell againatalaterpass.

Figure 2 shows thesethreecasesclassifying the active cells
basedon theirprojectedboundingboxes.A 2D exampleis givenin
�gure 3.

After the visibility test, the current batch of visible cells are
passedto the image spacepartitioning routine to determinethe
workload distribution. In the meantime, we resetthe coverage
maskentriesthathave thevalues2 to 0, asthereis noneedto keep
theestimatedvisibility informationfrom thecells' boundingboxes



anymore. Instead,the hostnodewill wait until the visible isosur-
facepatchesto be extractedand then updatethe global coverage
mask.

3.3 Image Space Partitioning

After a passof the imagespacevisibility culling is completed,we
canbegin to partitionthecollectedvisiblecellsto anumberof sub-
setsandassigneachsubsetto a processor.

First we needto de�ne theworkload. Obviously thenumberof
trianglesthatwill beextractedfrom eachcell isanoptimalchoiceto
measuretheworkloadfor eachcell. However, it is impossiblefor
us to know the numberbeforehand.To performan estimation,in
theprocessof identifying active cells,we traversedown anextra

�

stepsin theoctreefrom the � � � � � cell level to countthenumber
of smallernodesin thecell that have min/maxvaluesintersecting
the isovalue. The numberof extra levels canbe controlledbased
on the constraintin the computationtime andthe accuracy of the
prediction.A larger

�

resultsin moreaccurateworkloadprediction
but makestheprocessmorecostly.

Onceweobtainanestimateof theworkloadfor eachvisiblecell,
we canstartto partition thecells into differentsubsetsandassign
eachsubsetto a processor. Our partitioningschemehastwo crite-
ria. First,we intendto let eachprocessorextractapproximatelythe
samenumberof triangles.Second,we intendto assignvisiblecells
thatarecloseto eachotherto thesameprocessor. Thisway, updat-
ing thevisibility informationbecomesmoreef�cient. Furthermore,
keepingadjacentvisible cellsin thesameprocessorcanbene�t the
down-streamparallelrenderingalgorithmif a sort-�rst, or a hybrid
of sort-�rst andsort-lastscheme[10, 12] is used.

We use a binary spacepartitioning schemeto determinethe
workloaddistribution. Theprocessworks asfollows: Initially the
entirescreenis treatedasa single tile andwe divide the tile into
two new tiles by splitting along its longestdimension. Suppose

����� � and �

��� � arethedimensionsof currenttile in x andy direc-
tionsrespectively and �

� ���	��


�

���	�
� is thecoordinateof thecenter
point of the projectedboundingbox for eachcell. Assumingx is
thecurrentlongestdimension,we divide thetile into two new tiles
by partitioningthex dimensionat wherethe total workloadof the
visiblecellsthathave their � �����
� ontheleft sideis approximately
thesameasthatontheright side.After this is done,we identify the
next dimensionto divide. This processis repeateduntil the num-
berof tiles is equalto thenumberof processors.Theresultof this
partitioningprocessis a binary treewherethe leave nodesof the
treerepresentthe �nal partitionof the imagespaceandde�ne the
workloadassignedto eachprocessor. That is, eachprocessorwill
receiveall thevisiblecellsin onetile. As eachtile containsasimilar
amountof workload,theworkloadfor eachprocessorwill besimi-
lar. Figure 4 shows anexampleof binaryimagespacepartitioning
whenusingtwo processors.

3.4 Parallel Isosurface Extraction

After wepartitionanddistributethevisiblecells,theprocessorswill
begin to extract the isosurfacesin parallel. Theparallelisosurface
extractionalgorithmcontainstwo steps:isosurfaceextractionand
binary swap. The MarchingCubesmethodis usedto extract the
isosurfacefrom the visible cells anda local hierarchicalcoverage
maskproposedby Greene[4] is usedto updatetheocclusioninfor-
mationateachprocessor. After theisosurfacepatchesareextracted,
the local coveragemasksfrom theslave nodeswill becomposited
togetherandsentbackto thehostnode,whichwill usetheupdated
visibility information in the next passto determineanotherbatch
of visible cells. Theprocessof compositingthecoveragemasksis
doneusinga binary swap algorithmto reducethecommunication
overhead.

Figure4: An exampleof binaryimagespacepartitioningwhenus-
ing two processors.The numberinside eachbox representsthe
workloadof thecorrespondingcell.

3.4.1 Isosurface Extraction

Theslavenodesbegin to extracttheisosurfacesfrom thegivenvis-
ible cellsassoonasthey receive theworkloadassignments.As we
donot distributetheoctreeto eachslave node,MarchingCubesal-
gorithm is usedto loop throughthevoxels within thevisible cells
andextract triangles. Eachtime a new triangle is extracted,it is
treatedasan occluderand the occlusioninformationneedsto be
updated.This is doneby updatingthe local hierarchicalcoverage
maskasproposedby Greene[4] within eachslave node.

In our implementation,thetop level of thehierarchicalcoverage
maskcovers the entire imageplane,which is divided into �

�

�

tiles. Onebit is usedto representa tile. Thebit hasa value1 if the
correspondingtile is completelycovered;otherwiseit is set to 0.
For eachtile, werecursively divideit into anotherlevel of �

�

� sub-
tiles,andcreatea new �

�

������� bit coveragemaskfor eachsub-
tile. Thebottomlevel of thecoveragemaskis onelevel above the
pixel level, andeach64-bit datain thearrayof this level represents
64 pixelscoveredby thesub-tile.Whena triangleis extracted,we
usea fasttablelookupmethodproposedby Greene[4] to markthe
correspondingbits in thehierarchicalcoveragemask.

Whenaslavenodecompletestheextractionof its portionof vis-
ible isosurfaceandupdatesits local hierarchicalcoveragemask,it
needsto sendthe bottomlevel of the hierarchicalcoveragemask
back to the hostnodeso that the hostnodecan usethe informa-
tion to selectthenext batchof visible cells. This is donethrougha
binary swap algorithmwhich compositesthe local coveragemask
from themultiprocessors.

3.4.2 Binar y Swap

We have oneglobalcoveragemaskat thehostnodeandeachslave
nodehasits own local coveragemask. At theendof eachpassof
visible isosurfacegeneration,the local coveragemasksare com-
binedandsentbackto thehostnode.A pixel in theglobalcoverage
maskis coveredif it is coveredin any of thelocal coveragemasks.
To minimize the communicationoverheadcausedby sendingthe
localcoveragemasks,weusethebinaryswapalgorithmto perform
thecompositingandgathering.

The basicideaof binary swap is similar to that usedin image



Figure 5: An exampleof binary swap using 4 processors.Each
processorhasa 4-bit coveragemask.P1is thehostnode.

composition[9]. Eachprocessorhasa partnerand they will ex-
changehalf of its arraywith eachother. Eachprocessorwill con-
ducta bit-wiseOR operationon thearrayentriesreceivedfrom its
partnerwith its own correspondingarrayentries.Thecaseinvolv-
ing 4 processorsis shown in Figure 5. During thewholeprocess,
eachprocessoris equallybusy. Supposethereare� processorsand
thearraysizeis � . Eachprocessoris thenresponsibleto updatethe

����� coveragemaskentries.Finally, eachprocessorsendsbackcor-
rectresultsof ����� arrayentriesto thehostnode.Thehostnodecan
now usethis informationto �nd visible cellsandremove invisible
cellsfor thenext pass.

4 Results

Our algorithm is testedon an SGI Origin 2000 con�gured with
40 250MHZ IP27 processorsand 16384 Mbytes of main mem-
ory. Eachprocessorhas32 Kbytesdatacache,32 Kbytesinstruc-
tion cacheand 4 Mbytes secondaryuni�ed cache. Our parallel
multi-passisosurfaceextraction algorithm is appliedto visualize
a 256*256*145UNC braindatasetanda 512*512*617datasetfor
theleg sectionof theVisibleWomanCT data.

Our algorithmcansigni�cantly reducethe numberof triangles
extractedbyculling awaytheinvisibleportionof theisosurface.Ta-
ble 1 comparesthenumberof extractedtrianglesof visible isosur-
facewith thatof thewholeisosurfacewhile usingtwo testdatasets
in two different view directions. From the table, it can be seen
that large portionsof the isosurfaceswereculled away. Figure 6
shows animageof visible portionof theisosurfacefor UNC brain
dataset.Becausethe total numberof trianglesbeingproducedis
signi�cantly reduced,we areableto save both extractionandren-
deringtimewithoutaffectingthecorrectnessof the�nal image.

Ouralgorithmcanalsoachieveagoodspeedupwhile usingmul-
tiple processors.For the UNC brain datasetandVisible Woman's
leg dataset,thespeedupsthatthealgorithmachievedwith different
numbersof processorsareshown in �gure 7 and�gure 8 respec-
tively. In our experiments,we used�

�

�

�

� cell for UNC brain
datasetand � �

�

� �

�

� � cell for VisibleWoman's leg datasetasthe
unit for occlusionculling andwork distribution. we usedsmaller

Dataset View Visible Isosurface WholeIsosurface
(in trianglenumber) (in trianglenumber)

UNC brain 1st 188,371(17.8%) 1,056,866
UNC brain 2nd 235,928(22.3%) 1,056,866

VisibleWoman 1st 1,175,429(56.7%) 2,072,636
Visiblewoman 2nd 1,056,001(50.9%) 2,072,636

Table1: Comparisonsbetweenthe numberof trianglesextracted
for thevisible isosurfaceandfor thewholeisosurface.

Figure6: An exampleof view-dependentisosurfaceextractionus-
ing UNC braindataset.Thevisible portionof theisosurfaceis ro-
tatedsothatwe canseetheculledportionof isosurface.

cells to estimatethe workloadasdescribedpreviously. Figure 7
shows thespeedupfor UNC braindatasetusingdifferentworkload
approximationanddifferentnumberof processors.Whenwe used

�

�

�

�

� cells to estimatetheworkload,the ef�ciency was � ���

and ���	� for 8 processorsand16processorsrespectively. Whenwe
usedvoxels to estimatethe workload,the ef�ciency became� ���

and �	
	� for 8 processorsand16processorsrespectively. Figure 8
shows thespeedupfor VisibleWoman's leg dataset.Whenweused

�

�

�

�

� cells to estimatetheworkload,the ef�ciency was ���	�

and �	�	� for 8 processorsand16 processorsrespectively. When
we usedvoxels to estimatethe workload,the ef�ciency was ���
�

and �	��� for 8 processorsand16 processorsrespectively. For both
datasets,theactualtime spentusingdifferentprocessorsis shown
in table 2 and 3. We canseethatextendedtraversallevels in the
octreecan improve the algorithm's performanceas we can more
preciselyestimatetheworkloadassociatedwith eachcell. In these
two tables,we alsogive the time spentusingthe Marchingcubes
algorithm and assumewe can get the optimal speedupwhen us-
ing multiple processorswithout consideringthe dif�culty in load
balancing. We can seethat our algorithm performsmuch better
becauseof reducedtrianglenumbersandgoodload balance.The
�gure 9 shows theactuallytimespentin differentpartsof thealgo-
rithm extractingisosurfacepatchesfrom UNC brain datasetusing
differentnumberof processors.Isosurfaceextractiontime shows
thetimespentin extractingisosurfaceaswell asupdatingcoverage
mask.Visibility time includesthe time spentin visibility determi-
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Figure 7: Speedupcurves for multiple processors(UNC brain
dataset). 4-cell representsa cell whose size is approximately
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�

� .

Processor Brain Brain Brain
Number 4-cell voxel MarchingCubes

(seconds) (seconds) (seconds)
1 6.78 7.88 31.54
2 3.71 4.13 15.77
4 2.00 2.13 7.89
8 1.12 1.12 3.94
16 0.73 0.71 1.97

Table2: Actual isosurfaceextractiontime usingdifferentnumber
of processorsfor UNC braindataset.

nationat the beginning of every pass. Workloadpartition time is
the time spentin partitioning the workloadamongall processors
basedon theprojectionareaof eachvisible cell. Work assignment
time shows thetime spentin distributing thework to every proces-
sor. And maskcompositingtime is the time spentin compositing
updatedcoveragemasksgottenfrom all processorsat the endof
eachpass.The �gure shows that the isosurfaceextractiontime is
well scaleddown whenusingmoreprocessors,and the overhead
incurredby othercomputationis relatively verysmall.

To get good speedup,the overall workload shouldremainap-
proximatelyconstantwhen the numberof processorsin use be-
comeslarger, and the workload should be evenly distributed to
all the processors.Our algorithmcansatisfyboth criteria. First,
ouralgorithmensuresthatthegranularityof imagespacepartition-
ing doesnot affect theresultof visible cell determination.This is
achievedby having thehostnode�nd thevisiblecellsbasedon the
globalcoveragemaskat thebeginningof eachpass,which makes
the visible cell numberindependentof the processornumber. In
our experiments,using �	�

�

� astheisovalue,thenumbersof visible
trianglesextractedfrom UNC braindatasetusing1, 2, 4, 8 and16
processorsareall � ���




���
� . And using ���

�

�

�

asthe isovalue,the
numbersof visible trianglesextractedfrom Visible Woman's leg
datasetusing1, 2, 4, 8 and16 processorsareall �




� �	�




�
��
 . Sec-
ond, by combiningthe multi-passocclusionculling with the im-
agespacepartitioningtechnique,ouralgorithmcanensuresthatthe
workloadassignedto multiple processorareapproximatelyeven.
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Figure8: Speedupcurvesfor multipleprocessors(VisibleWoman's
leg dataset).8-cell representsa cell whosesize is approximately

�

�

�

�

� .

Processor Woman Woman Woman
Number 8-cell voxel MarchingCubes

(seconds) (seconds) (seconds)
1 55.67 55.84 365.79
2 29.19 29.13 182.90
4 17.01 15.93 91.45
8 9.00 8.32 45.72
16 5.61 5.51 22.86

Table3: Actual isosurfaceextractiontime usingdifferentnumber
of processorsfor VisibleWoman's leg dataset

To measuretheworkloadimbalance,weusethefollowing formula:
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The overall load differencesfor both test datasetsusingdifferent
numberof processorsareshown in table 4. Table 5 andtable 6
give examplesof the load differencesamong4 processorsin each
pass,aswell as the total, for both testdatasets.From the tables,
it can be seenthat the load differencesare all very small, espe-
cially whencomparedto the total workload. Eachpassstill hasa
slight load imbalanceamongtheprocessorsbecausewe distribute
onegroupof visiblecellsto eachprocessorwithoutpreciselyknow-
ing how many isosurfacetriangleswe will extract from eachcell.
From the tables,we canalsonoticethat in the last several passes,
the loaddifferencebecomeslarger. This is becausethenumberof
visible cellsandthusthecorrespondingworkloadarereduceddra-
matically in the last several passes.When the numberof visible
cells becomessmall, it is harderto exactly partition the cells so
thateveryprocessor'sworkloadis thesame.Eventhoughtheslight
loaddifferencestill exists, for a large-scaledatasetthatcontainsa
largenumberof trianglesfor anisosurface,theworkloaddifference
is relatively small,which canbeveri�ed from ourexperimentalre-
sults.

Besidesreducingthe total numberof trianglesfor an isosurface
andachieving goodspeedup,our algorithmcanbe usedfor time-
critical computationdueto its multi-passnature. That is, we can
stoptheextractionattheendof anearlypassandstill receiveagood
approximationto thethe�nal visualizationresult.Fromtable5 and



Figure9: Time distribution for UNC braindatasets

Processor UNC Brain VisibleWoman
Number LoadDifference LoadDifference

2 2.48% 0.29%
4 2.58% 2.06%
8 1.33% 1.58%
16 1.27% 0.36%

Table4: Load differencesin extracting isosurfacesfrom two test
datasetsusingdifferentnumberof processors.

table 6, it can be seenthat the numberof visible cells extracted
decreasedprogressively at the laterpassesof our algorithm,anda
majority of the visible isosurfacewasextractedat the beginning.
Figure 10 and�gure 11 show thepercentagesof the �nal visible
isosurfacesthat were extractedafter eachpassfor both datasets.
The correspondingimagesgeneratedat the endof several passes
areshown in ColorPlate1 andColorPlate2. It canbeseenthatwe
wereableto achieve agoodapproximationof the�nal imageseven
beforetheentireextractionprocesscompleted.

5 Conc lusion and Future Work

The paperpresentsa new multi-passalgorithmfor parallelview-
dependentisosurfaceextraction.First,by traversinganoctreein the
front-to-backorder, our algorithmcanskip emptycells ef�ciently
andcollectactive cells in thesameorder. Second,with thehelpof
progressive imagespacevisibility culling, visible cellscanbesuc-
cessfullyidenti�ed on the�y , anda largeportionof isosurfacecan
be culled away. This enablesus to save both the triangulationas
well as the renderingtime. Third, usingbinary imagespacepar-
titioning, the workloadcanbe partitionedevenly amongthe pro-
cessors.Furthermore,isosurfaceextraction is donein parallelby
multiple processorsandwe usea binary swap algorithmto speed
up the combinationof local coveragemasks. The multi-passna-
ture of our algorithmallows us to stopthe processingat an early
pass,which provides the possibility of time-critical computation.
Finally, aseachprocessorgeneratesapproximatelythesamenum-
ber of triangles,our algorithmcanbe easily integratedwith most
of the parallel polygon renderingalgorithmswithout the needof
massive communicationto redistributethetriangles.

More work needsto be donein the future. Currentlyour algo-
rithm assumeseachprocessorhasa copy of the data,which may
limit the sizeof the datasetsthat we canprocess.We will design
anef�cient run-timedatapartitioninganddistribution algorithmto
reducethelocal memoryrequirement.Anotherdirectionof our fu-
turework is to take into accounttheframe-to-framecoherenceand

Pass Cell Number Total Workload LoadDifference
(in trianglenumber)

1 791 49338 2.8%
2 615 73183 3.1%
3 284 37512 1.8%
4 134 15717 3.3%
5 80 7677 4.4%
6 32 3123 8.5%
7 7 596 19.1%
8 5 619 34.1%

ALL 1952 188371 2.58%

Table5: Loaddifferencesin extractingisosurfacesfrom UNC brain
datasetusing4 processorsin eachpass(8th passusesonly 2 pro-
cessorsandpass9 to pass12 useonly 1 processorbecauseof low
workload).

Pass Cell Number Total Workload LoadDifference
(in trianglenumber)

1 1163 386440 2.60%
2 884 436742 1.19%
3 342 156072 2.43%
4 187 83592 4.15%
5 129 56638 4.60%
6 75 29571 5.59%
7 43 14872 8.38%
8 21 3920 22.88%
9 6 3008 36.17%
10 5 2041 2.60%

ALL 2860 1175429 2.06%

Table 6: Load differencesin extracting isosurfacesfrom Visible
Woman'sleg datasetusing4 processorsin eachpass(10thpassuses
2 processorsandpass11 to pass13useonly oneprocessorbecause
of low workload).

minimizetheamountof work requiredfor visibility determination.
Finally, thebottleneckof our algorithmis updatingcoveragemask
in software. We arenow searchingfor a new algorithmor hard-
waresolutionfor fastvisibility updateanddeterminationboth for
thehostandtheslave nodes.
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