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Abstract

This paperpresentsa parallel algorithm that can effectively ex-

tractsonly the visible portion of isosurfices. The main focus of

our researchs to deviseaload-balance@ndoutput-sensitie algo-

rithm, thatis, eachprocessowill generatepproximatelythe same
amountof triangles,andcellsthatdo not containthevisible isosur

facewill not bevisited. A novel multi-passalgorithmis proposed
in the paperto achieve thesegoals. In the algorithm,we rst use
anoctreedatastructureto rapidly skip the emptycells. An image
spacevisibility culling techniques thenusedto identify thevisible

isosurficecells in a progressie manner To distribute the work-

load, we usea binary image spacepartitioning methodto ensure
thateachprocessowill generat@pproximatelithesameamountof

triangles.Isosurhiceextractionandvisibility updateareperformed
in parallelto reducethe total computatiortime. In additionto re-

ducingthe sizeof outputgeometryandacceleratinghe procesf

isosurfice extraction, the multi-passnatureof our algorithm can
alsobeusedto performtime-critical computation.

CR Categories: 1.3.1 [Computer Graphics]: Hardware
Architecture—Rrallel processing; 1.3.7 [Computer Graphics]:
Three-DimensionaBraphicsandRealism—visibldine/surficeal-
gorithms

Keywords: view-dependentocclusionculling, isosurhiceextrac-
tion, multi-passalgorithm,hierarchicadatastructures

1 Introduction

Displaying isosurficesis an effective techniquefor visualizing
three-dimensionascalar elds asit can preciselyreveal the geo-
metric structureof the underlying eld' s value distribution. To
extractisosurbicesjntensve researcheffort hasbeenundertaknin
the pastdecadewhich resultedin mary robustandef cient algo-
rithms suchasthe well-knowvn MarchingCubesalgorithm[8], and
variousacceleratingechniqueg16, 15, 7, 14,5, 1, 2] thatcansig-
ni cantly reducethe compleity of isosurficecell searchprocess.
While effective, theseisosurficeextractionalgorithmscangenerate

ahugenumberof trianglesfor a large-scalalatasetwhich caneas-
ily overwhelmthe underlyingcomputingpower dueto therequire-
mentsin the speedof CPU, the performanceof graphicshardware
, andthe capacityof main memory To reducethe costof surface
generationand rendering,researcherfiave proposedvarious ap-
proachesuchassurfacedecimationscheme$l3], view-dependent
methodd6, 11], andparallelrenderingalgorithms[10, 12]. In gen-
eral, surfacedecimationis mostly performedas a post-processing
stepandthusis not suitablefor interactve exploration of isosur
faceswith differentisovalues. For view-dependentnethods,the
challengsis to reducethe overheador computingthe visibility in-
formation.Utilizing massiely parallelcomputersor PCclustersto
extractisosurficescanbe very effective. The mainchallengeis to
designan output-sensitie andload-balancedlgorithmsothatthe
availableprocessorarefully utilizedto performonly usefulcalcu-
lations.

In this paperwe present parallelview-dependenalgorithmfor
large-scal@sosurficeextraction. Themainpurposeof ourresearch
is to reducethe numberof trianglesextractedfrom an isosurfice
while still allowing the userto explore differentisovaluesinterac-
tively at run time. To achieve the goals, our algorithm performs
visibility culling andisosurficeextractionin a coherenmannerso
thatonly thevisible portionof anisosurficewill begeneratedThe
crux of the problemis to balancethe workload of surfacegenera-
tion, sothatthe numberof visible trianglesgeneratedby eachpro-
cessowill be approximatelythe same. In addition, we intendto
designan output-sensitie algorithm so that mostof the cells that
do not containthe visible portion of theisosurficewill notbe vis-
ited. The mainchallengefor usis to performuvisibility determina-
tion andload balancingwithout actually generatinghe complete
isosurfice. To solve the problem,we proposea multi-passalgo-
rithm that can nd the visible cells progressiely and extractiso-
surfacefrom thosecells in parallel. Our algorithm startswith a
front-to-backoctreetraversalto skip empty cells rapidly and col-
lectisosurficecells. A progressie imagespacevisibility culling is
thenusedto identify visibleisosuracecellsonthe y . To distribute
the workload, we usea binary imagespacepartitioning algorithm
to distributethevisible cellsto differentprocessorslsosuraceex-
tractionandvisibility updateareperformedin parallelto speedup
the overall computation.In additionto acceleratingsosurbiceex-
traction and reducingthe size of outputgeometry the multi-pass
natureof our algorithm allows the userto stop the processingat
an earlytime, which providesthe possibility of time-critical com-
putation. In the following, we rst brie y suney the relatedwork
in section2. Thenthe detailsof the algorithmaregivenin section
3. Theexperimentaresultsandanalysisarepresentedh sectior4.
Finally, we concludeour paperby summarizingour contritutions
anddiscussinghefuturework in section5.



2 Related Work

Displaying isosurfaicesis an effective techniqueto analyzethree-
dimensionakcalar elds generatedrom large-scalenumericalsim-
ulations.Traditionally, theMarchingCubesalgorithm([8] is usedto
performsuchatask. Althoughthealgorithmis effective, it requires
alinearsearchior theisosuracecells,which canbeinefcient for
large-scaledatasets.To speedup the searchprocessresearchers
have proposedvariousacceleratiortechniques.Examplesinclude
theuseof octreedatastructureg16] for arapidskip of emptycells.
An adwantageof usingoctreess thattheisosuraicecellscanbetra-
versedn afront-to-backorder whichis a desiredfeaturefor view-
dependenglgorithms. In additionto the octreealgorithm, mary
valuedecompositioomethodq15, 7, 14] have alsobeenproposed.
Thesealgorithmscan achieze nearoptimal speedfor nding iso-
surfacecells. Thedisadwantageof value-basednethodss thatthey
do not maintainthe spatialrelationshipsamongthe extractediso-
surfacecells. Algorithms usingcontourpropagatior5, 1] canalso
be very effective. Their challengds to identify theinitial seedcell
to begin the propagation Althoughall of the above algorithmscan
speedup the searchof isosurficecells, for a large datasetextract-
ing andrenderingmillions of trianglesinteractvely still remainsto
beamajorchallenge.

To reducethe numberof trianglesgeneratedn an isosurfce,
Livnat and Hansen[6] proposeda view-dependentsosurfice ex-
tractionalgorithmthatappliesthe occlusionculling techniquepro-
posedby Greeneetal.[4] to isosurBiceextraction. By culling avay
theoccludedsosurficepatchesthealgorithmimprovesthe perfor
mancein both extractionandrenderingtime. The challengeof the
algorithmis that calculatingthe visibility informationincursextra
overheadwhich canbea potentialbottleneckof the process.

Another methodto visualize the visible portion of an isosur
faceis to usethe interactive ray tracing algorithm[11] proposed
by Parker et al.. Thealgorithmcomputeghe intersectionpoint of
aray andthe isosurficedirectly by solving a cubic equationwith-
outextractingtrianglesexplicitly. In generalthis algorithmis more
suitablefor parallelmachineswith alarge numberof processors.

Various parallel polygon renderingalgorithms[10, 12] have
beenproposedto speedup the renderingof large scalepolygo-
nal datasetsTo utilize the utility of parallelrendering,Gao,Shen
andGarcia[3] previously proposedh parallelvisible isosuraiceex-
tractionalgorithmin conjunctionwith a sort- rst parallelpolygon
renderingmethodto improve the interactvity. However, the load
balancewasnot satisactory asthe algorithmdistributesthe entire
isosuricecellsinsteadof thevisible isosurficecellsto the proces-
sors,which canresultin load imbalancebecause¢he numbersof
trianglesgeneratedby the processorsanbevery different.

3 Parallel View-Dependent Isosurface Ex-
traction

In this section,we presentan algorithm that can effectively cull
away the invisible part of the isosurfice, distribute the workload
evenly to multi-processorandextractthevisible isosuraicein par
allel. Theprimarygoalof our algorithmis to balanceheworkload
of isosurficegeneratiorandvisibility determinationandto ensure
that eachprocessomill generateapproximatelythe sameamount
of visible triangles. To achieve this goal, we designan algorithm
that consistsof four key components.First, an octreedatastruc-
ture similar to the oneproposedn [16] is usedto identify thecells
that containthe isosurfice. In our algorithm,a cell is a leaf node
of the octree whichis a sub-wlume. Thevaluesof
and aredeterminecht runtime. We usetheterm“active cells”
to referto thecellsthatcontaintheisosurfice,and“empty cells” to
representhenon-actve cells. With thisoctreedatastructure active

cellscanbeefciently identi ed by comparinghe min/maxvalues
of theoctreenodeswith theisovalue. Theseconccomponenbf our
algorithmis amulti-passocclusionculling schemeusedto identify
thevisible cells,wherea‘visible cell’ is anactive cell thatcontains
thevisible portion of theisosurfice. Our occlusionculling scheme
is amulti-passprocessasit is impossibleto identify all thevisible
cellsin onepasswithoutactuallyextractingtheisosurfices.Thisis
becauseve cannotdecidewhetheranactive cell is visible or notun-
til we generatehe portion of theisosurfcein front of it. Thethird
componenbf our algorithmis animagespacepartitioningscheme
which distributesthe visible cells amongthe processordy parti-
tioning the imagespacebasedon the cells' projectionareas.The
lastcomponenbf our algorithmis thevisible isosurficeextraction
andvisibility updateprocesgerformedby multiple processorsn
parallel.

In thefollowing, we rst provide anoverview of our algorithm
by describingtheinterplayof thesefour componentsandthende-
scribethedetailsfor eachof thecomponents.

3.1 Algorithm Overview

Our algorithmbegins with traversingthe octreedatastructurein a
front-to-backorder andcollectsthe active cellsinto anactive cell
list by comparingthe isovalue with the min/maxvaluesstoredat
eachoctreenode. For eachactive cell in the active cell list, we
determineits visibility usinga conserative visibility test. An ac-
tive cell is conseratively determinedo be visible if its projected
boundingbox is not completelycoveredby the projectionareaof
previously generatedsosuraiceor the projectedooundingboxesof
active cellsin front of it. To ensurehisvisibility testcanbedoneef-
ciently, theprojectedboundingboxof acellis therectangulaarea
de ned by the cell's projectedmin/maxx andy coordinatesn the
imagespace.lt is a conserative testbecause¢he actualisosurfice
insidethe visible cell canstill be invisible. However, we will not
mistalenly markavisible cell to beinvisible. For thosecellswhose
projectionareasare covered by the projectedboundingboxes of
thefront active cells,we cannotconcludethatit is notvisible since
thetrianglesfrom thefront active cellshave not beenextractedyet.
Active cellsthatarenotdeterminedo bevisible in thecurrentpass
will be testedagainlater. After the visibility test,the hostnode
partitionsthe imagespacebasedn thevisible cells' projectionar
easandevenly distributesthevisible cellsto the slave nodes After
receving the visible cells, eachslave nodewill extracttheisosur
facepatchesndependenthusingthe MarchingCubesmethodand
updatea local coveragemaskto mark the occupiedpixels on the
screenThelocal coveragemasksrom theslave nodeswill becom-
positedtogetherandthe aggreatedcoveragemaskis sentbackto
the hostnode. Having receved the coveragemaskobtainedfrom
theextractedvisible isosurfice the hostnodeperformsthe follow-
ing two tasks. First, the active cell list is scannedagainandthose
cells that have projectedboundingboxes completelyoccludedby
the alreadygeneratedsosurficeareguaranteedo beinvisible and
thus can be safely discarded. Second,the conserative visibility
testjustmentioneds performedagainto theremainingactive cells.
This resultsin anotheratchof visible cells, which will be evenly
distributedto the slave nodesfor surfaceextraction. After this, the
sameaforementionegrocesss repeatedndour algorithmiterates
until nomorevisible cellsarefound. Figure 1 providesa o w chart
of ouralgorithm.

Our algorithmrequiresmultiple passedeforethe entirevisible
portion of the isosuricecanbe extracted. We usethis multi-pass
algorithmto identify visible cells and extractisosuracesbecause
it is impossiblefor the algorithmto nd all thevisible cellsin one
passwithout generatingthe entire isosurfice. With the proposed
multi-passalgorithm,we are ableto gatherthe visibility informa-
tion progressiely, usethe informationto identify the visible cells,
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andevenly distributetheworkloadof isosurficeextraction.Having

the isosurfceextractionperformedin parallelnot only speedsip

thetriangulationprocesshut alsodistributesthe work of updating
the visibility information amongthe multi-processorso that the
computationoverheactanbe minimized. As anaddedbene t, our

multi-passalgorithmcanalsoallow the userto terminatethe gener

ationof thevisibleisosurficeduringor attheendof a desiredpass
to performtime-criticalcomputation.

In thefollowing sectionswe describethesecomponent®f our
multi-passparallelalgorithmin detail. We rst introducethetech-
nique we useto nd the visible cells and remove invisible cells.
Thenwe describethe methodto partition the workload evenly for
theprocessorskinally we discusshe parallelisosuraceextraction
andvisibility updateprocesgperformecdby 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 achiesed by main-
taining at the hostnode a two-dimensionahlobal coveragemask
that hasthe sameresolutionasthe nal image. Eachentryin the
coveragemaskrepresents pixel in the screerandcanhave three
differentvalues:0, 1 and2. An entrywith avalueO indicatesthat
the pixel is uncovered. An entry with a value 1 indicatesthatthe
correspondingixel is coveredby a previously extractedisosurfice
patch. An entry with a value 2 indicatesthat the corresponding
pixel is coveredby the projectedboundingbox of anactive cell in
the currentpass.At the beginning of the rst pass,every entry of
the coveragemaskis setto 0. To decidethe visibility of anactive
cell, we rst projectthe cell ontotheimageplaneandcomputethe
projectedrectangulatboundingbox basedon the min/maxx and
y coordinates.Within the areaof the boundingbox, we checkthe
valuesof theentriesin thecoveragemask.Therecanbethreecases:

At leastone coveragemaskentry hasa value 0. We report
theactive cell is a visible cell. This cell is removed from the
active list, andmovedto avisible cell list. In the meantime,
we Il all the entriesof the coveragemaskwithin the cell's
projectedboundingbox with a value 2 exceptthoseentries
with avaluel.

=
1

N

AV AT
1
u]

CENAT

T
1 2
LQ_

“isible

F 3
Active

Wy,

X

7 i
1

>
_T\

=Lt
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Figure3: A 2D exampleof theclassi cationof active cellsafterthe
rst pass.

All the caveragemaskentrieshave valuesequalto 1. We can
discardthe cell from the active cell list asits boundingbox
is completelycoveredby previously extractedisosurfice.We
notethatan entry canhave a value 1 only afterthe rst pass
of our algorithm. Thatis, a portion of the visible isosurfice
hasbeenextractedandthe pixel is coveredby anisosurfice
patch. This informationis obtainedfrom an aggreyatedcov-
eragemaskreturnedrom the slave nodes.

If all thecoveragemaskentrieswithin the projectecbounding
boxhavevaluesl or 2 andatleastoneentryhasavalue2, this

cellremainsasanactive cell andits visibility is undetermined
atthecurrentpass Wewill checkthecell againatalaterpass.

Figure 2 shaws thesethree casesclassifyingthe active cells
basedn their projectedboundingboxes.A 2D exampleis givenin
gure 3.

After the visibility test, the currentbatch of visible cells are
passedto the image spacepartitioning routine to determinethe
workload distribution. In the meantime, we resetthe coverage
maskentriesthathave thevalues2 to 0, asthereis no needto keep
theestimatedsisibility informationfrom the cells' boundingboxes



arymore. Insteadthe hostnodewill wait until the visible isosur
facepatchedo be extractedand then updatethe global coverage
mask.

3.3 Image Space Partitioning

After a passof theimagespacevisibility culling is completedwe
canbggin to partitionthecollectedvisible cellsto anumberof sub-
setsandassigneachsubseto a processor

First we needto de ne theworkload. Obviously the numberof
trianglesthatwill beextractedfrom eachcellis anoptimalchoiceto
measurehe workloadfor eachcell. However, it is impossiblefor
usto know the numberbeforehand.To performan estimation,in
the procesf identifying active cells, we traversedown anextra
stepsin theoctreefrom the cell level to countthenumber
of smallernodesin the cell that have min/maxvaluesintersecting
the isovalue. The numberof extra levels canbe controlledbased
on the constraintin the computationtime andthe accurag of the
prediction.A larger resultsin moreaccuratevorkloadprediction
but makesthe processnorecostly

Oncewe obtainanestimateof theworkloadfor eachvisible cell,
we canstartto partitionthe cellsinto differentsubsetsandassign
eachsubseto a processorOur partitioningschemehastwo crite-
ria. First,we intendto let eachprocessoextractapproximatelythe
samenumberof triangles.Secondwe intendto assigrvisible cells
thatarecloseto eachotherto the sameprocessorThis way, updat-
ing thevisibility informationbecomesnoreef cient. Furthermore,
keepingadjacentisible cellsin the sameprocessocanbene t the
down-streanparallelrenderingalgorithmif a sort- rst, or a hybrid
of sort- rst andsort-lastschemd10, 12] is used.

We use a bhinary spacepartitioning schemeto determinethe
workloaddistribution. The processwvorks asfollows: Initially the
entire screenis treatedas a singletile andwe divide thetile into
two new tiles by splitting along its longestdimension. Suppose

and arethedimension®f currenttile in x andy direc-
tionsrespectiely and is thecoordinateof thecenter
point of the projectedboundingbox for eachcell. Assumingx is
the currentlongestdimensionwe divide thetile into two new tiles
by partitioningthe x dimensionat wherethe total workload of the
visible cellsthathave their ontheleft sideis approximately
thesameasthatontheright side.After thisis done we identify the
next dimensionto divide. This processs repeatedintil the num-
ber of tiles is equalto the numberof processorsTheresultof this
partitioning processs a binary tree wherethe leave nodesof the
treerepresenthe nal partition of theimagespaceandde ne the
workloadassignedo eachprocessor Thatis, eachprocessowill
receveall thevisible cellsin onetile. As eachtile containsasimilar
amountof workload,theworkloadfor eachprocessowill be simi-
lar. Figure 4 shavs anexampleof binaryimagespacepartitioning
whenusingtwo processors.

3.4 Parallel Isosurface Extraction

After we partitionanddistributethevisible cells,theprocessorsvill
begin to extracttheisosurficesin parallel. The parallelisosurfice
extractionalgorithmcontainstwo steps:isosurficeextractionand
binary swap. The Marching Cubesmethodis usedto extractthe
isosurficefrom the visible cells anda local hierarchicalcoverage
maskproposedy Greend4] is usedto updatethe occlusioninfor-
mationateachprocessorAfter theisosurficepatchesreextracted,
thelocal coveragemasksfrom the slave nodeswill be composited
togetherandsentbackto the hostnode,whichwill usethe updated
visibility informationin the next passto determineanotherbatch
of visible cells. The procesof compositingthe coveragemasksis
doneusinga binary swap algorithmto reducethe communication
overhead.

Figure4: An exampleof binaryimagespacepartitioningwhenus-
ing two processors.The numberinside eachbox representghe
workloadof thecorrespondingell.

3.4.1 Isosurface Extraction

Theslave nodesbeagin to extracttheisosurficesfrom the givenvis-

ible cellsassoonasthey receve the workloadassignmentsAs we

do notdistribute the octreeto eachslave node,MarchingCubesal-

gorithmis usedto loop throughthe voxels within the visible cells
and extract triangles. Eachtime a new triangleis extracted.,it is

treatedas an occluderand the occlusioninformation needsto be
updated.This is doneby updatingthe local hierarchicalcoverage
maskasproposedy Greend4] within eachslave node.

In ourimplementationthetop level of thehierarchicakoverage
mask covers the entire image plane,which is divided into
tiles. Onebit is usedto representtile. Thebit hasavaluel if the
correspondingile is completelycovered; otherwiseit is setto 0.
For eachtile, werecursvely divideit into anothetevel of sub-
tiles,andcreateanenv bit coveragemaskfor eachsub-
tile. The bottomlevel of the coveragemaskis onelevel above the
pixel level, andeach64-bit datain thearrayof this level represents
64 pixels coveredby the sub-tile. Whena triangleis extracted,we
usea fasttablelookup methodproposedy Greeng4] to markthe
correspondingpits in the hierarchicakcoveragemask.

Whena slave nodecompleteshe extractionof its portion of vis-
ible isosurhceandupdatesdts local hierarchicalcoveragemask,it
needsto sendthe bottomlevel of the hierarchicalcoveragemask
backto the hostnodeso that the hostnode can usethe informa-
tion to selectthe next batchof visible cells. This is donethrougha
binary swap algorithmwhich compositeghe local coveragemask
from themultiprocessors.

3.4.2 Binary Swap

We have oneglobal coveragemaskat the hostnodeandeachslave
nodehasits own local coveragemask. At the endof eachpassof
visible isosuriice generation the local coveragemasksare com-
binedandsentbackto thehostnode.A pixel in theglobalcoverage
maskis coveredif it is coveredin ary of thelocal coveragemasks.
To minimize the communicationoverheadcausedby sendingthe
local coveragemaskswe usethe binary swapalgorithmto perform
thecompositingandgathering.

The basicidea of binary swap is similar to that usedin image



Figure5: An exampleof binary swap using 4 processors.Each
processohasa 4-bit coveragemask.P1is thehostnode.

composition[9]. Eachprocessohasa partnerand they will ex-
changehalf of its arraywith eachother Eachprocessowill con-
ducta bit-wise OR operationon the arrayentriesreceived from its
partnerwith its own correspondingrrayentries. The caseinvolv-
ing 4 processorss shawvn in Figure 5. During the whole process,
eachprocessois equallybusy Supposehereare processorand
thearraysizeis . Eachprocessois thenresponsibleéo updatethe

coveragemaskentries.Finally, eachprocessosendsackcor-
rectresultsof arrayentriesto thehostnode.The hostnodecan
now usethis informationto nd visible cellsandremore invisible
cellsfor thenext pass.

4 Results

Our algorithm s testedon an SGI Origin 2000 con gured with
40 250MHZ IP27 processorsaand 16384 Mbytes of main mem-
ory. Eachprocessohas32 Kbytesdatacache,32 Kbytesinstruc-
tion cacheand 4 Mbytes secondaryuni ed cache. Our parallel
multi-passisosurfice extraction algorithmis appliedto visualize
a256*256*145UNC braindataseanda 512*512*617datasefor
theleg sectionof the Visible WomanCT data.

Our algorithm cansigni cantly reducethe numberof triangles
extractedby culling awaytheinvisible portionof theisosurfice. Ta-
ble 1 compareshe numberof extractedtrianglesof visible isosur
facewith thatof thewholeisosurficewhile usingtwo testdatasets
in two differentview directions. From the table, it can be seen
that large portionsof the isosuriceswere culled away. Figure 6
shavs animageof visible portion of theisosurficefor UNC brain
dataset. Becausethe total numberof trianglesbeing producedis
signi cantly reducedwe areableto save both extractionandren-
deringtime without affectingthe correctnessf the nal image.

Ouralgorithmcanalsoachiere agoodspeedupvhile usingmul-
tiple processorsFor the UNC brain datasetand Visible Womans
leg datasetthe speedupshatthe algorithmachieved with different
numbersof processorsreshovn in gure 7 and gure 8 respec-
tively. In our experimentswe used cell for UNC brain
datasetaind cellfor Visible Womans leg datasetisthe
unit for occlusionculling andwork distribution. we usedsmaller

Dataset View Visible Isosurace Wholelsosurhce
(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 1,175,42956.7%) 2,072,636
Visiblewoman | 2nd 1,056,001(50.9%) 2,072,636

Table 1: Comparisondetweenthe numberof trianglesextracted
for thevisible isosuriceandfor thewholeisosurfce.

Figure6: An exampleof view-dependenisosurficeextractionus-
ing UNC braindataset.The visible portion of theisosurfceis ro-
tatedsothatwe canseethe culledportionof isosurfice.

cellsto estimatethe workload as describedoreviously. Figure 7
shaws the speedugor UNC braindatasetisingdifferentworkload
approximatioranddifferentnumberof processorsWhenwe used
cellsto estimatethe workload, the ef ciency was
and for 8 processorand16 processorsespectiely. Whenwe
usedvoxels to estimatethe workload, the ef ciency became
and for 8 processorand16 processorsespectiely. Figure 8
shavs thespeedugor Visible Womans leg datasetWhenwe used
cellsto estimatethe workload, the ef ciency was
and for 8 processorsnd 16 processorgespectrely. When
we usedvoxels to estimatethe workload, the ef ciency was
and for 8 processorand16 processorsespectiely. For both
datasetsthe actualtime spentusingdifferentprocessorss shavn
in table 2 and 3. We canseethat extendedtraversallevelsin the
octreecan improve the algorithm's performanceas we can more
preciselyestimatethe workloadassociatedvith eachcell. In these
two tables,we alsogive the time spentusingthe Marchingcubes
algorithm and assumewe can get the optimal speedupvhen us-
ing multiple processorsvithout consideringthe dif culty in load
balancing. We can seethat our algorithm performsmuch better
becausef reducedtriangle numbersandgoodload balance.The
gure 9shawvstheactuallytime spentin differentpartsof thealgo-
rithm extractingisosuricepatchesfrom UNC brain dataseusing
differentnumberof processors.Isosuraceextractiontime shavs
thetime spentin extractingisosurficeaswell asupdatingcoverage
mask. Visibility time includesthe time spentin visibility determi-
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Figure 7: Speedupcurves for multiple processorUNC brain
dataset). 4-cell representsa cell whose size is approximately

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 isosurficeextractiontime usingdifferentnumber
of processorfor UNC braindataset.

nationat the beginning of every pass. Workload partition time is
the time spentin partitioning the workload amongall processors
basecdbn the projectionareaof eachvisible cell. Work assignment
time shavs the time spentin distributing the work to every proces-
sor. And maskcompositingtime is the time spentin compositing
updatedcoveragemasksgottenfrom all processorat the end of
eachpass. The gure shaws thatthe isosurficeextractiontime is
well scaleddowvn when using more processorsandthe overhead
incurredby othercomputatioris relatively very small.

To get good speedupthe overall workload shouldremainap-
proximately constantwhen the numberof processorsn use be-
comeslarger, and the workload should be evenly distributed to
all the processors.Our algorithm can satisfy both criteria. First,
our algorithmensureghatthe granularityof imagespacepartition-
ing doesnot affect the resultof visible cell determination.This is
achieved by having thehostnode nd thevisible cellsbasednthe
global coveragemaskat the beginning of eachpass,which males
the visible cell numberindependenbf the processomumber In
our experimentspsing astheisovalue,the numbersof visible
trianglesextractedfrom UNC braindatasetising1, 2, 4, 8 and16
processorareall . And using astheisovalue, the
numbersof visible trianglesextractedfrom Visible Womans leg
datasetsingl, 2, 4, 8 and 16 processorsareall . Sec-
ond, by combiningthe multi-passocclusionculling with the im-
agespacepartitioningtechniquepuralgorithmcanensureghatthe
workload assignedo multiple processoiare approximatelyeven.

—— Workload approximation using voxel
—— Workload approximation using 8-cell
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Figure8: Speedugunesfor multiple processorgVisible Womans
leg dataset).8-cell represents cell whosesizeis 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

Table 3: Actual isosuriiceextractiontime usingdifferentnumber
of processor$or Visible Womans leg dataset

To measurgheworkloadimbalancewe usethefollowing formula:

The overall load differencesfor both testdatasetaising different
numberof processorareshavn in table 4. Table 5 andtable 6
give examplesof the load differencesamong4 processorén each
pass,aswell asthetotal, for both testdatasets.From the tables,
it can be seenthat the load differencesare all very small, espe-
cially whencomparedo the total workload. Eachpassstill hasa
slight load imbalanceamongthe processordecausave distribute
onegroupof visible cellsto eachprocessowithoutpreciselyknow-
ing how mary isosurficetriangleswe will extractfrom eachcell.
Fromthetables,we canalsonaoticethatin thelast several passes,
the load differencebecomedarger. This is becausehe numberof
visible cellsandthusthe correspondingvorkloadarereduceddra-
matically in the last several passes.When the numberof visible
cells becomessmall, it is harderto exactly partition the cells so
thatevery processos workloadis thesame.Eventhoughthe slight
load differencestill exists, for a large-scaledatasethat containsa
largenumberof trianglesfor anisosurfce theworkloaddifference
is relatively small,which canbeveri ed from our experimentake-
sults.

Besideseducingthe total numberof trianglesfor anisosurfice
andachieving good speeduppur algorithm canbe usedfor time-
critical computationdueto its multi-passnature. Thatis, we can
stoptheextractionattheendof anearlypassandstill receve agood
approximatiorto thethe nal visualizationresult. Fromtable5 and



Figure9: Time distribution for UNC braindatasets

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: Loaddifferencesn extractingisosurbicesrom UNC brain
dataseusing4 processorsn eachpass(8th passusesonly 2 pro-
cessorandpass9 to passl2 useonly 1 processobecausef low
workload).

Processor| UNC Brain Visible Woman
Number | LoadDifference| LoadDifference
2 2.48% 0.29%
4 2.58% 2.06%
8 1.33% 1.58%
16 1.27% 0.36%

Table 4: Load differencesn extractingisosurficesfrom two test
datasetsisingdifferentnumberof processors.

table 6, it canbe seenthat the numberof visible cells extracted
decreasegrogressiely atthe later passe®f our algorithm,anda
majority of the visible isosurbicewas extractedat the beginning.
Figure 10 and gure 11 show the percentagesf the nal visible
isosurficesthat were extractedafter eachpassfor both datasets.
The correspondingmagesgeneratedat the end of several passes
areshawvn in Color Platel andColor Plate2. It canbeseerthatwe
wereableto achieve agoodapproximatiorof the nal imageseven
beforetheentireextractionprocessompleted.

5 Conclusion and Future Work

The paperpresentsa new multi-passalgorithmfor parallel view-
dependenisosurficeextraction. First, by traversinganoctreein the
front-to-backorder our algorithmcanskip empty cells ef ciently
andcollectactive cellsin the sameorder Secondwith the help of
progressie imagespacevisibility culling, visible cellscanbe suc-
cessfullyidenti ed onthe y, andalarge portion of isosurbicecan
be culled awvay. This enablesus to save both the triangulationas
well asthe renderingtime. Third, usingbinary image spacepar
titioning, the workload can be partitionedevenly amongthe pro-
cessors.Furthermorejsosuraceextractionis donein parallel by
multiple processorandwe 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, aseachprocessogeneratespproximatelythe samenum-
ber of triangles,our algorithm canbe easily integratedwith most
of the parallel polygon renderingalgorithmswithout the needof
massie communicatiorto redistritutethetriangles.

More work needsto be donein the future. Currentlyour algo-
rithm assumegachprocessohasa copy of the data,which may
limit the size of the datasetghat we canprocess.We will design
anefcient run-timedatapartitioninganddistribution algorithmto
reducethelocal memoryrequirementAnotherdirectionof our fu-
turework is to take into accounthe frame-to-framecoherenceand

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 isosurcesfrom Visible
Womansleg datasetising4 processors eachpasg10thpassuses
2 processorandpassl1 to passl3 useonly oneprocessobecause
of low workload).

minimizethe amountof work requiredfor visibility determination.
Finally, the bottleneckof our algorithmis updatingcoveragemask
in software. We are now searchingfor a new algorithm or hard-
waresolutionfor fastvisibility updateand determinatiorboth for
thehostandtheslave nodes.
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