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Abstract

We presentthe chain-gangalgorithmfor isosurfacerenderingof superadap-
tive resolution(SAR)volumedatain order to minimize(1) the spaceneededor
storage of both the data and the isosurfaceand (2) the time taken for computa-
tion. Thechain-gangalgorithmis ableto resolvediscontinuitiesn SARdatasets.
Unnecessargomputationis avoidedby skippingover large setsof volumedata
deemedininteesting Memoryspaceis savedby leavingthe uninteeestingvoxels
out of our octreedatastructue usedto traversethe volumedata. Our isosurface
genegtion algorithm extendsthe Marching CubesAlgorithmin order to handle
inconsistencieshat can arise betweerahutting cells that are sepaated by both
oneandtwo levelsof resolution.

Keywords: isosurhicerenderingadaptve resolutiorvisualizationmarchingcubes,

uncertaintyvisualization,chain-gang

1 Introduction

Dataanalysisin the scientificcommunityoften dealswith volume data. The size of
today’s volumedatasetscontinuego grow muchfasterthanour ability to renderthat
datain aneffective interactive ervironment.Oneapproactto handlingtheseverylarge
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Figure 1: An exampleof a superadaptve resolution(SAR) datasetwith numberedoctants.
Cubesnumberedl and4 akut datathatis two levels of resolutionfiner thanthemseles.

datasetsis to representhemat multiple levels of resolution. A scientistcaninitially
view andmanipulatea relatively coarseversionof thedatain orderto identify regions
of interestwhich canthenbeviewedatafinerresolution.Alternatively, it is sometimes
possibleto createa single datasetthatretainsfine resolutiondatain “interesting” re-
gions(e.g. wherethe datais changingrapidly) while using coarseresolutiondatain
otherareasThis AR datarepresentationanbemoretime andspaceefficientthanmul-
tiresolutiondata,but it is moredifficult to processThis paperdescribeshechain-gang
algorithm: anextensionof the MarchingCubeg(MC) [9] isosurficevolumerendering
to supportvolumedatadefinedwith a superadaptve resolutionrepresentationUnlike
previousresearchthe chain-ganglgorithmis ableto resole discontinuitiesn isosur
facesconstructedrom SAR volumedatain which neighboringcubescandiffer by two
or moreresolutionlevels.

2 Data Generation

In this sectionwe describeour MR and SAR datasetswhich alsoinclude error data
thatcanbeincludedfor uncertaintyvisualization.

2.1 Multiresolution Data

Thereare numerougechniquedor generatinga multiresolutionrepresentatiofiMR)
of a volume dataset. For the datasetsshavn in this paperwe generatea hierarchy
by subsamplingattribute data. Subsamplingchoosesavery other datapoint in each
dimensionto generatehe next coarseresolution. This methodologyfor generating
MR hierarchieshasalso beenusedin otherapplications[6]. We also tried another
averagingtechnique a waveletapproach19], but we found subsamplingo be more
suitedfor this particularalgorithm.

2.2 Super Adaptive Resolution Data

Weusethetermsuperadaptiveresolution(SAR) datato describeadatasethatcontains
alutting neighborghatdiffer by two or morelevelsof resolution.An exampleof SAR
datais shavn in Figure 1. Cubesnumberedl and4 akut datathatis two levels of
resolutionfiner thanthemseles. Conceptuallythis involvescombiningcubeswhose
vertex valuesarewithin a specifieddeltarange.The SAR representationaredecided



by the changein valuesin a local area. We store a finer resolutionrepresentation
in areasof rapidly changingsampledatapoints, whereasareaswith little changeare
storedwith a coarserresolutionrepresentationln otherwords,we candefinea scalar
valuethatrepresentanamountof changeg, in thevolumedataset. Whenexamining
avolumecube,if the cubes verticesdo notencompassa changegreaterthanor equal
to 4, the volumeis representedby a larger cube (of coarserresolution). Eachnode
of the octreeincludesa cube. If the differencebetweenthe maximumandminimum
vertex scalarvaluesis lessthanthe thresholdvalue, all of the octreenodes children
areprunedfrom the octree.Theresultis thatthe volumedatais downsampledn areas
of thatare mostly flat and corverselymaintainsfine resolutionin areasof high detail
asin [13]. With this adaptie representationf the volume data,we do not save data
which we may find to be uninteresting.In this fashion,we save both memoryspace
resultingfrom a reductionin the amountof datastoredand computatiortime during
therenderingphasebecausenary cubeshave beeneliminatedfrom the dataset.

SAR datagetsits namefrom the amountof memoryspacethat is saved relative to
uniform resolutiondata. Our SAR datasetsare only 1/5-1/10the size of the full,
uniform resolutiondatasets.

2.3 Error Data

In additionto the SAR datarepresentationyve also generatea measureof the error
introducednto the databy the SAR datageneration\We assumehateachpointin the
coarsedatarepresentatiomepresent$8 pointsin the next finer resolution(the 8 child
nodesin the octree).We computethe error of this pointto bethe averageerrorrepre-
sentingthe 8 original values.This errorinformationcanbeincludedin theisosurfice
rendering11]. Oneadvantagdo includingthe errordatais thatwe canseewhich por-
tionsof theisosurficearegeneratedrom datawith high error. Theseportionsshav up
asyellow andredhuein theresultingimagegseeResultsSections). Onedisadwantage
to including the error datais thatthe renderingis no longeroptimizedwith respecto
time, sincewe arenow processingnultivariatedatasets.

3 Reated Work

Multiresolution datahasbeenusedto speedup isosurbicerenderingsince early re-
searchshaved that 30% to 70% of time spentrenderingwas spentprocessingempty
cubed17, 18]. Mostof theapproaches thisarearely onthecreationof asinglecom-
pletestaticMR representationf the datathatis adaptivelytraveisedto generatehe
isosurice.SomeresearcherBave developedalgorithmsthatgeneratésosuraicesrom
AR dataincludingEngeletal. [3], Shekharetal.[13], Shuetal.[14], andWestermann
etal.[16].

3.1 Related Work in Isosurface Extraction

First we review somerelatedwork in the areaof isosurficeextraction. Livnatet al
[8] presentedn isosurficeextractionalgorithmfor unstructuredyrids. The focus of
their work wasto minimize the searchtime for finding an isosurficeover the value
spaceandto extractthe isosurficefrom anunstructuredyrid. A tableof performance
timesis givenonly for the searchphaseof their algorithm. The focusof this paperis
resolvingthe discontinuitiesthat arisefrom SAR representationsin [8] the problem



of discontinuitiesn an SAR representatioiis not addressedFurthermorethe prepro-
cessingstepof quick-sortingthe databy both maximumandminimum coordinatess
not a requiremenbf the chain-ganglgorithm(asit is in [8]) sinceour representation
is inherentlystructured.However, we canlearnfrom their work thatthe searchof the
octreedatastructurehasa maximumcompleity of O(k + klog(n/k)).

In the work doneby Weberetal [15] a differentproblemis addressedThey arecon-
cernedwith resolvingthediscontinuitiedbetweerdifferentlevelsin an Adaptive mesh
refinement{AMR) hierarchy The resolutiontakesplaceat the datasetlevel, not the
isosurficelevel. SampleAMR grids are stitchedtogetherwith a refinementratio of
2. Specialstitch cells are generatedising a case-tableapproachthat bridgesthe gap
betweeradjacentevelsin the AMR hierarchy Theresultingcomputatioris thenused
for isosurficeextraction(for example).However, theresultscanalsobe usedfor other
purposesuchasdirectvolumerendering.

3.2 Static MR Representation

CoxandEllsworth [2, 1] obsene thatthe amountof datageneratedby a visualization
algorithmis relatively small comparedo the total amountof data. This implies that
sparseraversalmethodscanbe createdthat reducethe amountof dataneededo be
accessed7]. In theseapproacheshe entireoctreeis constructecandthentraversed
adaptvely. In otherwords,the datais not adaptve but the traversalis. Theisosurfice
valueis examinedinside blocksandthe differentresolutionsare accesseadaptvely.
Isosurbicetraversalbeginsat the coarsestevel of resolution.Whenever theisosurfice
valuefallswithin theminimum-maximunboundaryof ablock of volumedata the next
finer level of resolutionin thatblock is traversed.If the isosuricevaluefalls within
the minimum-maximumboundaryof one of thosefiner resolutionblocks, again,the
next finer level of resolutionin the correspondinglock is traversed. This procedure
is appliedrecursvely aslong astheisosurficevalueis foundwithin the boundsof the
volumedataor until the finestresolutionblock is reached Givenanisosurficevalue,
if it’s notwithin the minimum-maximunboundaryof a block, thenentirebranche®of
thetreedatastructureareskipped.

Onecharacteristiof this approactis that neighboringcubesusedto generatgheiso-
surfacearealwaysat the sameresolution.Whenthe isosuricepassegrom onecube
to its neighbor the neighboris at the samelevel in the octree. This is a consequence
of having afull MR representatioto startwith. However, the full MR representation
alsohasdisadwantagesin particular thefull MR representatiotakesup morestorage
spaceandrequiresmorecomputatiorthan AR or SAR representationdt is oftenthe
casethata full MR representatioiis not neededdueto volume dataredundang and
areasin thevolumethataresimply not the focusfor a scientist. Furthermoreaniso-
surfacecannotpassthrougha cubewith 8 equalvertex values,thereforethesecubes
shouldbe summarizedvith SAR representations.

Thefocusof theresearclpresentedby Shekhaetal [13] is to minimizethe numberof
trianglesneededor anisosurfce. Discontinuitiesin theisosurbiceareresohed only
asaresultof their octree-basedecimatiornof marchingcubessurfacesnot of the SAR
datarepresentatioitself. Again, thedatais notadaptve but thetraversalis. Accessto
thefinestresolutiondatais alwaysavailable. The approachs a bottom-uptraversalof
theoctreethatusesadaptve downsamplingasa meango reducethenumberof surface
primitives. The volumedatais dovnsampledn areasof theisosuriicethataremostly



flat and corverselymaintainsfine resolutionin areasof high detail. Therearesome
drawbacksto their approach:

1.

3.3

Thereportedsavingsof upto 90%in the numberof surfacetrianglesis notmuch
of animprovementover the 80-90%savings reportedby Montani et al [10] in
their discretizedVIC algorithm.

. Severalpassesirerequiredthroughtheir octreedatastructurein orderto achieve

a compactsurfacerepresentationin the chain-gangalgorithmonly onepassis
madethroughthe entireisosurbice(phasd) andonepassis madethroughonly
theadaptve portionsof theisosurbice(phasdl).

. Theuseris requiredto choosea seedcell, thatis, a cell having a pieceof the

desiredsosurfice.This canbeadravbackin termsof thetime requiredfor user
interaction.Also, theusermaynot know whereanappropriateseedcell is.

. Their approachgenerates maximumof oneisosurbiceeventhoughtheremay

bemorethanonesurfacewith the sameisovalue.

. They usea crack-patchingstratgy to resohe discontinuities. Crack-patching

doesnot take full advantageof the finer resolutiondatathat is available at the
locationof the discontinuity However, the chain-gangalgorithmdoestake ad-
vantageof thefiner resolutiondata.

. Notonly doestheir patchingschemenottake full advantageof all thedatathatis

available,but it alsointroducesunnecessargrror. Patchingmay move triangle
verticesout of the cell from which it wasgenerated Sincethe patchingsome-
timesmovespointsfrom afine resolutionedgemoreerroris introduced andthe
introducederrormay exceedthe userspecifiederror.

. Although the authorsclaim to handlethe casewherea 4 x 4 x 4 cell meetsa

1 x 1 x 1 cell, they do not presenta clear explanationasto how this caseis
handled.

Adaptive Marching Cubes

Shu, Zhou, andKankanhalli[14] were successfuin speedingup the marchingcubes
algorithmwith their versionof an adaptve marchingcubes(AMC) algorithm. Their

goalwasto bring the MC algorithmto interactve time. They reducecthe numberof

trianglesby upto 55%by adaptinghesizeof trianglesto fit theshapeof theisosurhce.
TheirresearcHdiffersfrom oursin thefollowing ways:

1.

2.

Theiralgorithmdoesnothandleresolutiontransitionghataretwo or morelevels
apartasin Figure2 (right). Ouralgorithmis ableto resohe this typeof disconti-
nuity. Theiralgorithmonly resohesdiscontinuitiesuchasthosefoundin Figure
2 (left).

They resohediscontinuitiesn theisosurbcedifferentlythenwe do. Cracksmay
appeambetweertwo differentneighboringcubesat differentlevelsof resolution.
In whatthey calledthe “crack problem”[14], discontinuitiesin the surfaceare
patchedvith polygonsthe sameshapeasthoseof the cracks.While crackpatch-
ing is anefficient solutionit doesnot take full advantageof thefiner resolution
data.In otherwords,the coarseresolutionis left asis, with lessaccurag. Our



algorithmupdateghe coarserresolutiondatawith the finestresolutiondatathat
is availablefrom the neighbor thusimproving theaccurag of theisosurfce.

3. Theircracksareabstractednto 22 basicconfiguration®of differentsizes asolu-
tion thatrequiresO (n2) of workingmemoryspaceor ann x n x n volumedata
set. Our algorithmonly requiresthe working memoryspacenecessaryo hold
the SAR dataset. The amountof working memoryspacetaken up by the SAR
datasetis flexible andis often 1/5-1/10the size of the equivalentMR dataset
(asin ResultsSection5s).

4. Their algorithmusesa staticuniform resolutionrepresentationith a dynamic
MR traversal. Our algorithmusesan SAR representationf the dataanddoes
notrequireaccesdo theoriginal MR representation.

5. Their volume datais storedusinga single level resolutionrepresentationvith
an MR traversal. Our datais storedusingan SAR representatiomvith an AR
traversal.

WestermannKobbelt,andErtl [16] achievedreal-timeexplorationof regularvolume
datausingadaptve reconstructiorof isosurfices. Their work differs from oursin the
following manner(s):

1. Their algorithmdoesnot handleresolutiontransitionsthat aretwo levels apart
(asin Figure2, right). Our algorithmis ableto resol\e this type of discontinuity
Their algorithm only resolhes discontinuitiessuchas thosefound in Figure 2
(left).

2. Their algorithmrequiresknowledgeaboutthe directionin which the resolution
transitionoccurs. The directionin which the resolutiontransitionoccursis de-
fined asradially outwardfrom a focuspoint oracle (at the centerof interest).In
otherwords,they canonly resole discontinuitiesvhenthey know thetransition
directionis from thefocuspoint oracle wherethefine resolutiondataresidesto
the coarsearesolutiondata(outsidethe radiusof interes). We canhandlediscon-
tinuitiesoccurringfrom ary directionandin multipledirections.

3. They usethefocuspointoracleto decidewhich portionsof thedataarerendered
atthefinestresolution[16]. In our casethesubsebf dataatthefinestresolution
is choserautomaticallyprior to runtime.

4. As aconsequencef thefocuspointoracle their algorithmalsorelieson having
accesdo the entire, uniform resolutiondatasetwhereaswe startwith a static
SAR dataset.thatis often1/5-1/10the sizeof the equivalentMR dataset(asin
ResultsSection5).

It is importantto notethat the stratgies usedby Shuet al [14] and Westermanret
al [16] to resole discontinuitiesn AR dataarebasedon casetablesnot unlike those
usedbetheoriginal MC algorithm[9]. A simplecasetableapproachs notfeasiblenor
extensiblefor resolvingdiscontinuitieshat are separatedby two levels of resolution.
Also worthy of noteis thatwe areimplementingour algorithmin Java(not C++) taking
adwantageof it's platformindependence.
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Figure2: (left) An isosurficediscontinuitythatis resohed by Livnat[8], Shekhaf13], Shu
[14], Westermann16], andthe chain-gangalgorithm. (right) Anotherisosurficediscontinuity
thatthechain-ganglgorithmcanresole. Theresolutionof theneighboringdatais separatedy
two levels.

3.4 Isosurface Discontinuities

Becausave aredealingwith adaptve resolutiondata,we may have a larger, unsubdi-
videdvolumewith atrianglenext to a smaller neighboringcubewith anothertriangle
sharinga vertex with thelargertriangle. This canintroducediscontinuitiesn theiso-

surface. Looking at Figure 3a, we may generatea lower resolutiontriangle entirely
in the largervoxel. Thenwe generatdhe trianglesin the neighboringfiner resolution
voxel (entirelyin the smallercube).Anotherpossibleconfigurationis shovn in Figure
3b. In bothcaseghetwo trianglesintroducea surfacediscontinuity Thekey to identi-

fying this problemis recognizingthatone or moretriangleverticesare on the faceof

thelargervoxel. The differencebetweernthe two casesds thatthe first onehas2 cube
verticesabove theisovalueon the edee of its coarsemeighbor while the secondcase
hasanadditionalcubevertex (above theisovalue)on the faceof its coarsemeighbor

Thealgorithmspresentedby Livnat[8], Shekhaf13], Shu[14], Westermanij16], and
the chain-gangalgorithmall resole thosediscontinuitiesin which the akutting cubes
areonelevel apartin resolution,asin Figure?2 (left). However, only the chain-gang
algorithmprovidesa clearmeansby which to resole discontinuitieswo levelsapart
in resolutionasin Figure?2 (right).

4 TheChain-Gang Algorithm

The chain-ganglgorithmconsistsof two phasesThefirst phaseconsistsof identify-
ing the AR and SAR portionsof the isosurfice. The secondphasethenresohesthe
discontinuitiesbetweerresolutiontransitions.Our approachusesa staticSAR repre-
sentatiorandan AR traversalalgorithm.Any valuefrom thedatasetmaybechoserto
generateanisosurfice. The basicgoal of our algorithmis to identify isosurficeinter-
sectionghatcanbe chainedtogether Groupsof chainsform agang.As aresultwe've
namedour algorithmthe chain-ganglgorithm.



Figure3: Twotrianglesgenerateat differentresolutionghatintroduceisosurficediscontinuity
(a) the finer resolutioncubehas?2 cubeverticesabore the isovalue on the edgeof its coarser
neighbor(b) thefinerresolutioncubehas3 cubeverticesabove theisovalueon theedgeandface
of its coarsemeighbor

4.1 Phasel, Identifying the Gang

Sincewe arerenderingan adaptve representationf the volumedata,complications
arisefrom theadjacenyg of blocksat differentlevelsof resolution.The eleganceof the
cornventionalMC algorithmis thateachcubeis treatedndependentlyThis elegances
lostwhenwe renderadjacenblocksatdifferentlevelsof resolution.We mustintroduce
additionalmethodologyinto the MC algorithmto overcomethesecomplications.

Justasthe MC algorithmactsconceptuallyasa filter appliedto aninput 3D dataset
andoutputtinganisosurfce the chain-ganalgorithmactsasanotheffilter appliedon
top of the MC algorithm. Theinputto the chain-gandilter is theisosurficeoutputby
the MC algorithm,with discontinuitiesandthe outputis the sameisosurticewith the
discontinuitiegesohed. Figure2 shavs two examplesof thesediscontinuities.

In phasel of the chain-gangalgorithm, the isosurficeis separatednto two portions:
(1) theuniformresolutionportion(s)of theisosurbiceand(2) the SAR portion(s)of the
isosurbice. The AR and SAR portionsof the isosurficeare definedasthosewherea
resolutiontransitionoccursfrom onecubeto thenext i.e. wherearesolutiontransition
occursbetweertwo or moreakutting cubes.

In phasd eachcubegeneratesrianglesusingthe standaraMC algorithm. In orderto
identify the SAR portionsof the isosurfice,eachcubeexaminesthe resolutionof its
eightalutting faceneighborsusingan AR octreedatastructure.If a coarserneighbor
is foundthenthefiner resolutioncubeperformsthe following computation:

1. Eachtriangle computedby the MC algorithmis examinedto seeif one of its
edgesalutsthe coarseresolutionneighbor

2. If atriangleedgeis foundthatalutsthecoarseresolutionneighborthattriangle
sgmentis attachedo the faceof the coarserresolutionfaceof the neighboring
cube.

3. Thecoarseresolutionneighboiis identifiedbeingpartof the SAR portionof the
isosuriceandthetriangleedgeis identifiedasbeinga chain-link.

The computationof the chain-linksis shavn in Figure4. We canseefrom thefigure
thatwheneerafinerresolutioncubeidentifiesoneof its own triangleedgentheface
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Figure4: Thefirst phaseof the chain-gangalgorithm: computingthe chainlinks.

of its coarsemeighbor the triangleedgeforms a chain-link on the coarserresolution
face. We canalsonotethatthe orderin which the cubesaretraversedis independent
from the chain-linksthemseles. The samechainswill beformedindependenof the
cubetraversalorder

At theendof phasd, every cubehasbeenidentifiedasbelongingto the uniformres-
olution portion of the isosurficeor the SAR resolutionportion. All of thosecubes
belongingto theadaptie portionswill have a setof chainlinks on oneor moreof their

faces.

4.2 Phasell: Assembling the Gang

Phasdl of the chain-gangalgorithmconsistsof assemblinghe chain-linksinto con-
tinuouschainsandthenusingthe chainsasa basisfor the trianglefansoutputby the
algorithm.

At the begginning of phasell, eachSAR cubehasa setof chainlinks on oneor more
of its faces.For eachfaceof the cubethesechain-linksareassemble@ne-by-onénto
coherenthainsby joining thechain-linksattheir correspondingndpoints At theend
of this processthe SAR cubehasa groupof chainsi.e. achain-gangWhenthe chain-
ganghasbeenassembledthe cubesown triangles(computedfrom the standardVC
algorithm)arethensearchedThefollowing computations performed:

1. A coarsdriangle(i.e.,atriangleinsideacoarsaesolutioncube)edgeis matched
with achain.In orderfor thereto beamatch,a coarsetriangleedgemustbeon
thesamecubefaceasthechain,asin Figure4.

2. If amatchingcoarsdriangleedgehasbeenpairedwith achain,thecoarserian-
gle edgeis removed.

3. Thecoarsdriangleedgeis thenreplacedwith thechain.
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Figure5: The secondphaseof the chain-gangalgorithm: assemblinghe chainsegmentsinto
chainsandoutputtingthetrianglefan(s).

4. A trianglefan is formed by using eachchain-link asthe new baseof coarser
resolutiontriangle.

Figure5 shawvs the chain-gangassemblyA coarseresolutiontriangleinsidea coarser
resolutioncubeis replacedy atrianglefanformedby the chainandonevertex from
the original coarserresolutiontriangle. The coarseresolutiontrianglevertex remains
if it is notonthe samefaceasthefiner-resolutionchain.

Therearecasesvhenmorethanonechainis associatedvith only onecoarseesolution
triangle. Figure 6 shavs how the chain-gangalgorithmidentifieschainson multiple
facesof a coarseresolutioncube. In Figure 6, therearetwo chainson differentsides
of a coarserresolutioncubethatcreatea discontinuitythatmustbe resohedwith only
onecoarserresolutiontriangle. Thesecasesare handledby applyingthe chain-gang
algorithmin aniterative fashion.In short,after phasel hascomputedall of the chain
segmentswe applyphasdl, repeatedlyuntil thediscontinuityis resohed. In thisway;,
we show thatthisis notaspecialcase.

Firstwe apply phasdl of assemblinghe chain-gangandoutputtinga trianglefan, ig-
noringary otherpossiblechains.Theresultof this stepis shavn in Figure7. Herewe
seeonetrianglefangeneratedhusresolvingthe discontinuitybetweernonechainand
one coarseresolutiontriangle (on the left handside). However, this is only aninter-
mediatestep. Thereis still adiscontinuitybetweenthe secondchainandtheresulting
isosurficeon the inside of the coarseresolutioncube(on the right). The chain-gang
algorithmthenusegshe adjacentrianglein thetrianglefanto resohethediscontinuity
Thisis theshadedrianglein Figure?.

Figure8 shaws the resultof the secondapplicationof phasell. A secondrianglefan
is generatedisingthe vertex labeledB (asshawn). If a coarseresolutiontriangleedge
alutsthe sideof a cubebeforephasell is applied,a triangle edgeis alsoguaranteed
to akut the samesideafter phasell is applied. And this triangle edgecanbe usedin
anotherdiscontinuityresolution.
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Figure6: This figure shavs the resultof the chain-gangalgorithmattachchainsegmentsonto
multiple sidesof a coarseresolutioncube.
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Figure7: Thisis theintermediateresultof resolvingthe discontinuitybetweenonechain (on
theleft) andonesideof a coarseresolutiontriangle. The shadedriangleshavs which triangle
is usedto resole the remainingdiscontinuity betweenthe other chain (on the right) and the
intermediatesurfacein the coarsercube.

4.3 Special Isosurface Discontinuity Cases

Thereare specialdiscontinuitycaseshat arisewhenthreedifferentresolutionlevels

areallowedto meetin the samedataset. Onesuchcaseis shovn in Figure9. Figure9

shaws cubesfrom threedifferentresolutionsmeetingalonga commonedge. The key

to resolvingthis discontinuityis for thefinestresolutioncubeto treatall of its coarser
resolutionneighborghesame.n otherwords,nodistinctionis madebetweeracoarser
neighborthatis oneresolutionlevel coarseror two resolutionlevels coarser In both

casesthefiner resolutioncubeattachests own triangle edgeto thefaceof its coarser
neighbor

Figure10shavs how thistypeof discontinuityis resoled. Two chainsandtwo triangle
fans(atdifferentresolutionsprecomputed Notethatthereis onetrianglevertex thatis

sharedamongstrianglesat 3 differentresolutions Normally thiswould resultin acase
of inconsisteninterpolationbetweercubevertices.However, thechaingangalgorithm
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Figure8: Thisis theresultof phasdl of thechain-gangalgorithmbeingappliedin aniterative
fashion. A secondtrianglefanis generatedisingthe shadedriangleshavn in Figure7. The
vertex labeledB is usedto form atrianglefanwith the secondchain(on theright-hand-side).

canovercomehisby assemblinghechainsin finest-to-coarsestrder Figure1l0showvs
the finer chain that is assembledirst (the baseof the first triangle fan). Thenthe
chain gangalgorithm assembleshe chainson the coarsestubes. Sinceall of the
trianglespoint to a commonsharedrianglevertex list andeachtrianglevertex stores
its resolution,the finer resolutiontriangle vertex positionis usedautomatically It is
throughthis trianglevertex list thatinconsisteninterpolationis corrected.

4.4 Inconsistent Interpolation

Thestandardalgorithmfor computingtheintersectiorof a surfacewith a cubeedgeis

to computethe linear interpolationbetweenthe end points of the edge. In a corven-
tional volume dataset, all cells arethe sameresolution,henceall sharededgeshave
the samevertex valuesand thus neighboringcells interpolateto the sameposition.
However, in our dataset,two neighboringvoxelsat differentresolutionamay compute
differentlinear interpolations. This ambiguity is easyto resolhe: we alwaysusethe
interpolatedpoint of the finer resolutionvoxel. In orderto identify aninstanceof in-

consisteninterpolation eachoctreenodeinspectghe neighboringhodeghatsharethe
edgeonwhich anedgeintersectioroccurs.

5 Reaults

Our evaluationexperimentswere run on an HP PC with a 1 GHz Intel Pentiumlll
Processoand500Mbytesof RAM runningRedHat Linux 6.2. We useSunMicrosys-
tem’s Java version1.2 (portedto Linux by Blackdovn.org) andutilizes Jara 3D. The
isosurficegeneratioralgorithmis anAdaptive MarchingCubesderivedfrom TheVisu-
alization Toolkit by SchroederMartin, andLorenser{12], Thedisplayalgorithmuses
theVisAD [5, 4]. graphicdibrary.

Oneof ourtestdatasetsisal13 x 256 x 256 slice CAT scanof acadaer headtaken
on a GeneralElectric CAT Scanneland provided courtesyof North CarolinaMemo-
rial Hospitaland SiemensMedical Systems)nc., Iselin, NJ. Figure 11 shavs a 1283
uniformresolutionrenderingof the medicalimagedatawith anisovalueof 0.185. The
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Figure9: The chaingangalgorithmalsoresohesdiscontinuitiesin which threedifferentreso-
lutionsmeetalongthe sameedge.Phasd doesnot discriminatebetweemeighborghatareone
or two levelscoarseiin resolution.

otherdatasetis a128 x 128 x 64 slice CAT scanof alobster

The AR thresholdg, is the differencebetweertheminimumandmaximumscalarver
tex valuesof a nodes cubeandall of its children. For example,a é value of 10%
resultsin all octreenodeswhosescalarvertex valuesvary by lessthan 10% being
trimmedfrom the original, uniform MR representationOccurrencesf discontinuities
areclearlyafunctionof both§ andtheisosuricevaluechosenWith ahigherd we are
morelikely to encountediscontinuitiesfor a givenresolution. Also, for a constanty
the numberof discontinuitiesvarieswith isovalue. With the properAR thresholdwe
cancomparethe chain-gangalgorithmwith other AR algorithms. With our datasets
we foundthevaluesof ¢ thatcreateboth AR datasetsand SAR datasets. This is the
fundamentadifferencebetweenthe previous work andthe work presentecere. The
higherd is, themoreoftenneighboringdatawill differ by two levelsof resolution.The
chain-ganglgorithmamountdo the sameaspreviousAR algorithmswhenrunon AR
datawhile theaddedfunctionalityis seenonly with SAR datasets.

We gainconsiderablsavingsin spacdrom anSAR datarepresentationTablel com-
paresthe storageandprocessingequirementsf an AR datasetwith an SAR dataset.
The adaptve measurecolumnidentifiesAR datasetsand SAR datasets. In this case
the AR datasetsfor the cadarer weregeneratedisinga § valueof 5% while the SAR
datasetsweregeneratedisingd valuesof both10%and15% (labeledSAR andSAR+
respectiely). The AR datasetsfor thelobsterweregeneratedisinga § valueof 15%
while the SAR datasetsweregeneratedisingé valuesof both20% and25% (labeled
SAR andSAR+respectiely). The fourth columncompareghe storagerequirements
for eachdatasetasa percentagef the original uniform resolutiondataset.

The AR cadaer headdataset usesapproximately50% more storagespacethanthe
SAR datasetandapproximately85% morestoragespacethanthe SAR+dataset. For
thelobsterdatasetthe AR representatiomsesapproximately4% more storagespace



Figure 10: Herewe illustrate how the chaingangalgorithmresohesdiscontinuitiesin which
threedifferentresolutionameetalongthe sameedge.Two trianglefansarecreatedat two differ-

first triangle fan

vertex commorto triangles
at two different
resolutions

entresolutions Theinconsisteninterpolationis alsoresohed.

second triangle fan

dataset | adaptie | isovalue | storage| no.of cubes
measure space | inisosurfice
(%)
head AR 0.185 28.3 338,202
res1283 0.408 158,840
SAR 0.185 18.8 316,417
0.408 156,649
SAR+ 0.185 15.3 289,751
0.408 149,068
lobster AR 0.185 11.5 77,918
res1283 SAR 11.1 77,825
SAR+ 10.8 77,441

Tablel: Thistablecompareshestoragerequirementsf an SAR datasetwith anAR datasets.
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Figurel1l: A 1283 resolutionrenderingof the cadaver headdatasetwith anisovalueof 0.185

dataset | adaptve | isovalue | no.of triangles| no. of 2RTs
measure in isosurfice
head AR 0.185 215,713 0
res1283 0.408 208,710 0
SAR 0.185 214,375 106
0.408 207,912 260
SAR+ 0.185 201,880 1,163
0.408 203,874 977
lobster AR 0.185 96,112 0
res1283 SAR 96,111 47
SAR+ 95,644 222

Table2: ThistablecomparesampleAR isosurbiceswith sampleSAR isosurhces.

thanthe SAR datasetandapproximately6% more storagespacethanthe SAR+ data
set.

The lastcolumnshaws the numberof cubesthatwere processedvhengeneratinghe
isosurfice. With the AR cadaer headdata,about7% more cubesare processedn
generatingheisosurficethanthe SAR isosurbceandabout17% morecubesthatthe
SAR+isosurfice.Forthelobsterdata,only aboutl% morecubesareprocesseih gen-
eratingthe AR isosurficethanthe SAR or SAR+isosurficegbothof isovalue0.185).

Table 2 comparessomesampleAR isosurbiceswith sampleSAR isosurfices. The
fourth columncompareshe numberof trianglesin eachisosurbice. The AR cadaer
headisosurbicegenerateapproximatelyl,330moretrianglesthanthe SAR isosurbice
andapproximatelyl4,000moretrianglesthanthe SAR+ isosurfaice(for the isovalue
0.185). We notethat for the lobster the SAR lobsterand the chain-gangalgorithm
retainapproximatelythe samenumberof trianglesasthe AR lobster We attributethis



the algorithm's ability to maintainhigh levelsof detailin isosurficeswith high curva-
ture.

Thelastcolumnshaws the numberof akutting cubesthat differ by two levels of reso-
lution in the givenisosurbce(2RT -two resolutiontransitions).A requiremenbf the
AR datasetsis that thereare noneof thesetransitions. Whereashe sampleSAR+
isosurhicecontainsmary of thesetransitions. However, from looking at Figures12
through14 we can seethat the imagequality remainsintact throughout. The uncer
tainty visualizationshows exactly wheresomeof the 2RTs occur We assignno error
(mappedo green)to the original 1282 resolutionportionsof theisosuricewhile error
is accumulatedor coarserresolutiongmappedo non-greerhue).

6 Conclusionsand Future Work

Ourresearcthasshovn thatisosurbicerenderingof an SAR volumedatasetusingthe

chain-gangalgorithmcanleadto moreefficientrenderingwith minimal lossto image
quality. We canextendthis researchn severaldirectionsincluding: (1) improvements
to the renderingalgorithm, (2) handlinga wider rangeof AR datarepresentationg3)

renderindargerdatasets,and(4) fasterenderingime. Improvementgo therendering
time canbe madeusinga Just-In-Time compiler(JIT) or a Jarza compiler

We would alsolike to explore SAR isosurbicerenderingcasesvherea finer resolu-
tion isosurbicealuts two or more sidesof coarseresolutioncube,but no isosurfice
is computednsidethe coarseresolutioncube. From our initial experimentsusingthe
datasetsin this paper this appeargo be a rareoccurrencehowever, we would like to
identify more preciselyhow oftenit occurs. Ideally we would handlethesecasesy
connectingthe the isosurbiceacrossthe coarseresolutioncube. However, whenever
we encounteanunexpectedcaseusingthe chain-ganglgorithm,we simply subdvide
thecube.
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Figure12: Threeisosurbcesrom the cadaer headdataset,eachwith resolution128®
and an isovalueif 0.185: (top, left) a sampleAR isosurfce, (top, right) a sample
SAR isosurfice containing106 2RTs, and (bottom, left) a sampleSAR+ isosurfice
containingl,1632RTs. Yellow andredhueindicatesSAR portionsof theisosurkce.
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Figure13: Threeisosurbcesrom the cadaer headdataset,eachwith resolution128®
and an isovalueif 0.408: (top, left) a sampleAR isosurfce, (top, right) a sample
SAR isosurice containing260 2RTs, and (bottom, left) a sampleSAR+ isosurfice
containing977 2RTs. Non-greerhueindicatesoccurrencesf 2RTs.
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Figure 14: Threeisosurfcesfrom a lobsterdataset, eachwith resolution128* and
anisovalueif 0.185: (top, left) a sampleAR isosurfce, (top, right) a sampleSAR
isosurficecontainingd7 2RTs, and(bottom left) asampleSAR+isosurficecontaining
22 2RTs. Yellow andred hueindicatesoccurrencesf 2RTs.



