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Isosurface Extraction and Spatial Filtering Using Persistent Octree
(POT)
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Abstract — We propose a novel Persistent OcTree (POT) indexing structure for accelerating isosurface extraction and spatial Iter ing
from volumetric data. This data structure ef ciently handles a wide range of visualization problems such as the generation of view-
dependent isosurfaces, ray tracing, and isocontour slicing for high dimensional data. POT can be viewed as a hybrid data structure
between the interval tree and the Branch-On-Need Octree (BONO) in the sense that it achieves the asymptotic bound of the interval
tree for identifying the active cells corresponding to an isosurface and is more ef cient than BONO for handling spatial queries. We
encode a compact octree for each isovalue. Each such octree contains only the corresponding active cells, in such a way that the
combined structure has linear space. The inherent hierarchical structure associated with the active cells enables very fast Iter ing
of the active cells based on spatial constraints. We demonstrate the effectiveness of our approach by performing view-dependent
isosurfacing on a wide variety of volumetric data sets and 4D isocontour slicing on the time-varying Richtmyer-Meshkov instability

dataset.

Index Terms—scienti ¢ visualization, isosurface extraction, indexing.
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1 INTRODUCTION

Isosurfice extraction is an important tool for visualizing multi-
dimensionakcalarelds. It exposesontoursof aconstanscalevalue,
thus providing an effective way to discover the embeddedstructures
suchasthe boundariedbetweendifferenttypesof tissuesthe shock-
wavein a uid dynamicsexperiment,or the changingof 3D contours
in time-varying datasetsobtainedfrom physicalsimulations.

Sincetheintroductionof the Marchingcubesalgorithm[15], much
of the researcheffort hasbeenput on reducingthe amountof data
touchedfor the extraction of the isosurfice. A numberof ef cient
technigueshave beendevelopedsuchthat the costof the extraction
is more sensitve to the size of the isosuricethanto the size of the
completedataset[7, 30,13, 23,1, 28, 4, 3, 16].

More aggressie approacheblave beenproposedn recentyearsto
only extracttherelevantportionof theisosurbceneededor visualiza-
tion. For example,in 3-D isosurficevisualization theview-dependent
approach11, 19] andthe ray-tracingapproach18] extract only the
visible part of the isosurfice. For multi-dimensionaldata, visualiza-
tion is possibleonly for its 3D slices[29]. Thusonly isosurficesin
suchslicesneedto be extracted. We call the extraction of relevant
portionof theisosurficespatial Itering .

In the contet of scalar elds sampledn a structuredyrid, thedata
setconsistof a setof cubegcells) with sampledscalarvaluesassoci-
atedwith their vertices.We call a cell activeif its valuerangecovers
the speci ed isovalue We call a cell relevantif it containsthe iso-
surfacepatcheghatneedto be rendered.The problemof identifying
active cells canbe viewed asthe range stabbingquery of computa-
tional geometry Thetype of probleminvolvedin identifying relevant
cellsdepend®n thetype of the spatial Itering operation.For exam-
ple,in view-dependenisosurficing, it is to singleout only thevisible
cells for triangulationandrendering. In ray tracing, it isto nd the
cellsthatthe raysshootingfrom the view point rst encounter And
in 4D isocontourslicing, it is to nd the cells that are cut by a 4D
hyperplane.
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In isosurficeextractionwith spatial Itering, the extractionpartis
basicallya queryin the scalarvalue spaceandthe Itering partis a
gueryin the spatialgrid space.The problemis to develop a structure
thatefciently supportssimultaneougjueriesbothin the valuespace
andin the spatialspace.

A straightforvard approachto handlethe spaceltering is to rst
identify the active cells using existing algorithms(e.g. [13, 4]) and
thenpick amongtheseactive cellstherelevantones.However, this ap-
proachmaywastea signi cant amountof time onidentifyingandthen
discardingirrelevant cells, asthesealgorithmsproduceno particular
spatialorderingamongtheactive cellsinitially identi ed. Anotherap-
proachis to usedatastructuresbasedon spatialpartitioningsuchas
thewell known min-maxoctree[30]. Thisapproachs notef cient ei-
thersincesuchdatastructuresarenot optimalin termsof performing
valuebasedjueries.

In this paper we provide a datastructurecalledthe PersistentOc-
tree (POT) that enablesvery ef cient identi cation of cells that are
simultaneouslyelevantandactive. It possessethe propertiesof both
theinterval-treebasedsosurficeextractionschemesyhichareknown
to beef cient in extractingactive cells,andthe octree-basedchemes
(notablythe Branch-On-Needctree(BONO) [30]), which arewell
suitedfor spatial ltering. In fact,PCT is provably optimalin termsof
asymptotidoundsfor bothspaceandquerytimefor identifyingactive
cells. It achievesthe worst casetime compleity of O(logN + K) for
active cellidenti cation, whereN is thenumberof cellsin thedataset
andK is the numberof active cells,andrequiresO(N) space.At the
sametime, for eachpossibleisovalue,the correspondingctive cells
are alreadyencodeda priori in a compactoctree. Suchan inherent
hierarchicalkstructureenablessery ef cient spatial ltering for identi-
fying active cellsthatarealsorelevant.

We demonstratehe effectivenessof POT by applyingit to view-
independenandview-dependenisosurbiceextractionand4D isocon-
tour slicing. Our algorithmfor view-dependentsosuriceextraction
follows the generalapproactof LivnatandHansen11, 12], but im-
proves upontheirsin thatwe visit in a view-dependentvay a com-
pactoctreeconsistingONLY active cells. Our techniquescan also
be combinedwith the idea of implicit occludes [19] to only tra-
versethevisible partof thecompacictreewithout actuallyrendering
ary isosurfice. Our 4D isocontourslicing algorithmdealswith time-
varyingdataandhandlesamoregeneraproblemthanthosediscussed
in [21, 30, 27, 22, 9] in thatit allows visualizing not only the iso-
surfaceat individual timestepshut alsothe changeof the isosuriices
acrosgimesteps.

We conductexperimentalcomparisonof our approachfor view-
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dependenisosurficeextractionwith BONO, whichis consideredne
of themostef cient datastructuredor isosurficeextraction[26]. Re-
sults shav that our datastructureconsistentlyperformsbetterthan
BONO. In particular we measurethe numberof tree nodesvisited
by POT and BONO for the sameview-dependentsosuraceextrac-
tion queriesand shaw that POT savesa signi cant amount(as much
as70%)of nodevisits comparedvith BONO. We alsotestour4D iso-
contourslicingalgorithmonasubsebf theRichtmyerMeshlov insta-
bility dataset[17] thatconsistf 35 GB of time-varyingdataandare
ableto performthe isosurficeextraction, slicing and renderingvery
fast(for examplelessthan15 secondslongthe spatialdimensions).
The remainderof this paperis organizedasfollows. We describe
the concepf the persistentlatastructureandits applicationin range
stabbingqueriesin Section2. The POT structureandits traversalare
presenteéh Sections3. In Sectiord, we show how POT canaccelerate
spatial ltering in the casesof view-dependentsosuriice extraction
and4D contourslicing. Implementatiorissuesarediscussedn Sec-
tion 5. Our experimentakesultsarereportedn Section6. We discuss
limitations of our approachn Section7 andconcludein Section8.

2 PERSISTENT DATA STRUCTURES

The notion of the persistentdata structue was rst introducedby
Driscoll etal. [5] asa space-etient mechanisnfor maintainingthe
evolution history of dynamicdatastructures.t hasbeenusedto pro-
vide optimal solutionsto a numberof intersectionproblemsin com-
putationalgeometry(seefor example[20, 2, 10, 24]). A recentpaper
by Edelsbrunneet al. [6] appliedthis techniqueto computethe Reeb
graph In thissectionwe giveits propertiesandexplainits application
in handlingrangestabbinggueries.

2.1 Properties

Supposeve have anephemeratlatastructurewhich maybemodi ed
dueto theinsertionor deletionof dataelementsEachsuchmodi ca-
tion is associateavith a version number The problemis to maintain
all theversionsof the ephemeratiatastructuresuchthat, givenaver
sionnumberthecorrespondingersioncanbe easilyaccessed.

Persistentlatastructurds aneleganttechniquehatprovidesacom-
pactrepresentationf all the versionsof a so-calledlinked structue,
which consistsof a setof nodeswith a x ed numberof pointers. In
particular Driscoll et al. [5] shaved that, if an ephemeratreestruc-
ture requiresonly a constannumberof nodechangedor eachinser
tion or deletion,thenit canbe madepersistensuchthateachversion
of thetreecanbe queriedwith the sameasymptotidime boundasthe
ephemeralersionanda persistentree structureobtainedasa result
of N insertions/deletioneequiresonly O(N) space.

The basicideaof makinga tree structurepersistenis to augment
its nodeswith additionalpointerssothata nodecanhave pointersto
differentversionsof sub-trees.As aresult,a nev versionof a node
doesnot needto be createduntil enoughchangeshave beenmadeto
its successorsThe costof aninsertionor a deletion,which possibly
includesthe creationof new versionsof several nodes,thus can be
amortizedover along sequencef updateoperations.

2.2 Handling Range Stabbing Queries

In the contet of isocontourgenerationassumehatwe have already
computedthe minimum and maximumvaluesfor eachcell. We sort
theextremevaluesin increasingorderandemploy avaluesweegrom
the smallestextremevalueto the largest. In the processyve maintain
a datastructureD to storethe cellswhosevaluerangesare“stabbed”
by the currentsweepingvalue. A cell is insertednto D whenits min-
imum valueis encountereéndremoved whenits maximumvalueis
reached Eachsuchupdateoperationcreatesa new versionof D with
the versionnumberbeingthe currentsweepingvalue. Figure 1 illus-
tratesthe sweepingprocess.lt is easyto seethat, given a particular
isovaluev, themostrecentversionof D nolaterthanv storeshe exact
setof active cells correspondingo v, which meansthat determining
active cellsis assimpleastraversingthis particularversionof D.

sweeping line the value range of a cell
| —

| /

, .
| v

Fig. 1. Handling range stabbing queries using value sweeping.

Of course,our taskis not simplyto nd the actie cells. We need
to determinethe cells that are both active andrelevant. To this end,
wewantD to beadatastructurethatcanef ciently Iter outirrelevant
cells. To achieve optimality in termsof reportingactive cells,we want
the sizeof D to belinearin the numberof actie cellsit stores.And

nally , to makeit persistentvithoutintroducingadditionalspacen an

asymptoticsenseadditionor deletionoperationson D areallowedto
incur only aconstannumberof nodechangesin thenext sectionwe
introducethe PersistenOcTree (PQOT), which satis es all the abose
requirements.

We shallnotethat, while the factthata dynamicbinary searchree
canbe madepersistenin a spaceefcient way haslong beenestab-
lished(seg[5]), makinga octreepersistents nottrivial andgenerally
is notpossiblewithoutintroducingnon-linearspacgwewill give such
a‘“bad” casein Section3.1).

3 PERSISTENT OCTREES (POTS)

Inthissectionwewill rst describeanephemeratiatastructurecalled
the compactoctreeto index the active cells for a particularisovalue,
which allows efcient searchand updateoperations. We then shav

how it canbe madepersistento yield an ef cient datastructureto

handletheisosurbceextractionwith spatial ltering. Our description
assumedghat the dimensionof the datasetis three. But exactly the
sametechniquecanbeappliedto higherdimensionabatasetsaswell.

In the restof the paper we will call the the spaceoccupiedby the
entiredatasetavolume

3.1 Compact Octrees

A classicoctreeis basedn hierarchicaregularpartitioning. Theroot
representtheentirevolume.A nodeu has8 children,eachgettingone
octantof thesubvolumeof u. For dataresolutiontherthanpowersof
two, we adoptthe stratgly of BONO [30] by viewing the hyperoctree
asa completeone but avoiding allocatingnodesfor empty subtrees.
A nodeat the lowestlevel of the treerepresents cell andis colored
blackif thecellis active andwhite otherwise A nodeata higherlevel
is assignedne of the threecolors: black, white, andgray. A black
(resp. white) nodeindicatesthat the entire subsolumeit represents
consistf only black (resp.white) cells. A graynodecorrespondso
a subvolumethat containsboth black cells andwhite cells. Figure2
givesa 2D illustrationof theoctree.

JLO

@)

Fig. 2. A 2D illustration of the octree. (a) A set of active cells. (b) The
corresponding octree.

(b)

Oneproblemwith suchan octreeis that an updateoperationmay
requireupto O(logN) nodechangeswhereN is thesizeof thecurrent
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octree.This preventsthe octreefrom beingmadepersistenin aspace-
efcient way. In fact, considerthe casewhenno valuerangesof ary
two cells overlap. Eachinsertionor deletionoperationwould require
O(log N) nodesto be modi ed, resultingin a persistentiatastructure
of sizeO(NIlogN).

In a compactoctree,we storeonly black andgray nodes,andre-
placepointersto white nodeswith NULL pointers. In addition, we
“collapse” subtreesvhere eachnodehasonly one child. Formally,

asubpathof P suchthati) u; is nottherootandthushasparentup; ii)
Up eitheris aroot nodeor hasmorethantwo gray or black children;
ii) uj istheonly grayor blackchild of u; 1 fori= 2;:::k; andiv) uy
is eithera black nodeor hasat leasttwo gray or black children. We
thenreplacethe pointerin ug which pointsto u; with ajumper which
pointsto uy andstoresthe pathfrom ug to ug. The subvolume of a
nodew is uniquelydeterminedy thepathfrom therootto w. Figure3
shaws thecompactctreederivedfrom the oneshavn in Figure2(b).

Fig. 3. A 2D illustration of the compact octree. Each jumper is associ-
ated with a path, which is represented by a list of 2-bit strings. NULL
pointers are omitted. Each 2-bit string gives the YX encoding of the
branch index of the corresponding edge in the original octree.

Sinceeachnodein the compactoctree,exceptfor the root, hasat
leasttwo children and eachleaf noderepresentst leastone active
cell, the sizeof the treestructureis obviously linearin the numberof
active cellsit storesandsois thetime it takesto traversethe treeto
reporttheseactie cells. Furthermorewe canshav thatthe compact
octreerequiresonly an amortizedconstantnumberof nodechanges
for eachinsertionor deletionwhenappliedto our particularproblem
(seeSectiond.1of [25] for details).Thisis dueto thefactthat,during
thevaluesweepingrocesseachcellwill beinsertednto andremoved
from thecompacibctreeexactly once.

3.2 Making a Compact Octree Persistent

In acompacbctree eachinternalnodehasexactly 8 (possiblyNULL)
jumpers. To make sucha tree persistentwe allow a nodeto hold k
additionaljumpers,wherek is a small constant. Eachof the 8+ k
jumpersis associateavith a versionnumberanda path.

An updateoperationwith a new versionnumberv is always per
formed on the latestversionof the POT. New nodesare createdas
necessary Whenwe needto changea jumperin a nodeu, we rst
try to nd anemptyslotin u. If thereis one,thenthe new jumper
is addedto u alongwith the versionnumberof the updateoperation.
Otherwise we createa copy u®of u. Theinitial 8 jumpersof ulare
setto be their latestvaluesin u andareassigneadhe versionnumber
v. Notethatwe alsoneedto adda jumperto u’to the latestparentof
u® Thus,thisjumpercopying stepwill be propagtedtowardstheroot
until anodewith afreeslotis reachedr therootitself is copied. An
updateoperationwith the latestexisting versionnumberwill replace
jumpersratherthancopying them.

Figure4 illustratesa POT usinga 1D example. We have a grid of
8 1D “cubes” (sgments)eachof which is labeledby a 3-bit string.
In Figure4(a),thesesegmentsarerepresentetby vertical stripessep-
aratedby vertical lines with their labelsshavn at the bottom of the
respectie stripes. The numberson the left arethe scalarvalues.The
vertical extentof the shadedectanglesepresentshe valuerangesof
the correspondingegments.For a particularisovalue, the active sgy-
mentsare indexed by a compactbinary tree. Figure 4(b) givesthe
persistenbinarytree,in which eachnodehasthreeavailableslotsfor

jumpers.ThelabelLn or Rn tells whethera jumpercorrespondso a
left branchor aright branchaswell asthe associatedersionnumber
The numbersabore the root nodesaretheir versionnumbersandthe
binary stringbesideeachof theremainingnodesindicatesthe subvol-
umeit represents.

(b)

Fig. 4. A 1D illustration of the POT. Each node has three slots for
jumpers. (a) The evolution of active segments for different isovalues.
(b) The resulting POT. An edge with a bar underneath it represents a
NULL jumper.

3.3 Constructing a POT

To constructPOT, we rst collectall the cells, andtemporarilykeep
two copiesfor eachof them. Onecopy usesthe minimum value as
its key andthe otherusesthe maximumvalue. We sortthe cellsusing
theirkeysin increasingrderandthenscanthroughthesortedist. For
eachcell ¢ we encounterif its key is its minimumvalue,we insertc
into the currentversionof the compactoctree.Otherwisewe deletec
from the currentversion. If this valueis larger thanthe mostrecent
versionnumber anew versionis created Sinceaninsertionor adele-
tion onacompacbctreerequiresonly O(1) nodechangesthe POT is
linearin thetotal numberof cellsin the dataset. To furtherreducethe
sizeof the POT, we do not actuallystoreanodew if it is aleaffor all
the versionsof the POT it belongsto. Suchomissionis recordedby
repointingary jumperto w to thenodewherethatjumperis stored.

Sortingthe 2N cells requiresO(NlogN) time. The construction
of the PO itselfis alsoO(NlogN) becauseachinsertionor deletion
maytouchasinglepathin the POT from therootto aleafwhosdength
is atmostO(logN).

3.4 Traversing A POT

To traversetheversionof aPOT correspondingo aparticularisovalue
v, we rst identify the root with the largestversionnumbersmaller
thanor equalto v. To reportall theactive (but notnecessarilyelevant)
cells,we simply traverseanappropriatesersionof the POT by follow-
ing the latestjumpersno laterthanv. For example,in Figure 4(b),
the portion of the POT coloredin red andconnectedy bold edgess
the active versioncorrespondingo isovalue4. Oncewe reacha leaf
node,we reportall the cells within its correspondingsubvolume. It
is easyto seethat the compleity of reportingall the active cellsis
O(logM + K), whereM is the numberof rootsin the POT andK is
the numberof active cells. The O(logM) termre ects the fact that
we mayhaveto nd theappropriateversionof therootusingabinary
search.M N andtypically is small enough(in the orderof tensin
all of our experiments}o be consideredch constantConsequentlythe
compleity of reportingactive cellsusinga POT dependssolely and
linearly onthe numberof active cells.
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4  SPATIAL FILTERING OF ACTIVE CELLS USING POT

A moreattractie featureof the POT is thateachversionof the POT
providesa spatialpartitioning of the active cells, which enablesvery
efcient spatial Itering. we now discussit in the contet of view-
dependenisosurficeextractionand4D contourslicing.

4.1 View-dependent isosurface extraction

A view-dependenisosuriceextractionavoids triangulatingandren-
deringinvisible portionsof the isosurfice. The mostcommonlyused
datastructuredor theocclusiontestarebasedntheoctree. Thenodes
in the octreeare visited in a front-to-backorder basedon the view
point. An occlusionmaskis maintainedagainstwhich thevisibility of

the octreenodesaretested.Only visible nodesandtheir descendants

areexaminedfurther

Usinga standardbctree(or octreefor short),aslong asthereis an
active cell n in the correspondingubvolume, a nodewill be active.
This meansa long list of nestednodescontainingn may have to be
examined,since nodesat higher level (thus correspondingo larger
subvolumes)are morelikely to be determinedas visible evenif the
patchof theisosurficein it only occupiesatiny portionof the sulvol-
ume.Worseyet, thatpatchmaynotevenbevisible. Ontheotherhand,
in POT we canfollow the jumpersto getto a small active subvolume
n very quickly anddeterminef the isosurficepatchinsideit is visi-
ble. Figure5 illustratessucha case.In Figure5, the active cells are
coloredin gray Therearethreesectionsof theisosurace: A, B, and
C. Partof A andB arevisible andthe entiresectionof C areoccluded
by A. In orderto determinehevisibility of thecell thatcontainsC, an
octreewill have to examineeightnodesn the uppetleft quarterof the
dataspace(four childrenof the nodew correspondingdo the left-top
quarterandfour grandchildrenof w, includingthe onecontainingC).
Using POT, only the nodecontainingC needsto be checled against
the occlusionmask.

\
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Fig. 5. A 2D illustration of the pruning of the POT for view-dependent
isosurface extraction.

4.2 4D isocontour slicing

In 4D isocontourvisualization,we want to slice the 4D isocontour

usinga 4D hyperplaneto generatea 3D isosurfice. POT providesa
simpleandef cient wayto identify theactive cellsthatarealsocut by

thehyperplane At eachnodeu of theversionof POT thatcorresponds

to theisovalue,we checkeachjumperto seeif the subvolumeof the
nodew it pointsto is cut by the hyperplane.If this is not the case,
thenthesubtreeootedatw will notbevisited. Noticeagainthatusing
jumpersallows usto quickly getto a noderepresenting small active
subvolumewithout having to accessa long list of nestedsubvolumes
athigherlevels.

5 IMPLEMENTATION ISSUES

We implementedhe internal-memoryiew-dependenisosurficeex-
tractionalgorithmusingPOT astheunderlineindexing structure.The
overall schemes similar to the onedescribedn [11]. We usea hier-
archicalsetof occlusionmasksto keeptrack of the screerpixelsthat
are covered by previously extractedisosurfice patches. Each pixel

of an occlusionmaskat a certainlevel correspond¢o an8 8 ar

ray of pixels at the next level. Precomputedinary coveragemasks
areusedto quickly determinethe pixels coveredby the newly gener

atedisopatchesndto updatethe occlusionmasksat the lowestlevel.

Triage coveragemasks[8] areusedto speeduphe updateof the oc-

clusionmasksaswell astheocclusiontestsathigherlevels. Like[12],

the updateof the occlusionmaskis performedfrom bottomup, thus
restrictingthe propagtionof thechangeo alimited numberof levels.
The boundingrectangleof the projectionof a nodeis usedto conser

vatively testits visibility.

As suggestedn [14], our POT is built not on individual cells, but
onasmallcubeof cells(4 4 4in ourimplementation)alledsu-
percells Using supercellsot only reduceghe size of the indexing
structurebut also avoids excessve visibility tests,which usuallyare
notjusti able atvery low levels of the structure.Oncewe have iden-
tied anactive andvisible supercellwe searchit usingthe standard
MarchingCubesalgorithmto identify the active cellsandperformtri-
angulationon themwithout performingthe visibility test.

Figure 6 shavs a view dependentenderingof the MRbrain data
set, a sideview of the visible portion of the isosurbceandthe nal
occlusionmask.

For 4D isocontourslicing, the size of the datasetis often too big
to t in memoryandthereforehasto resideon disk. We choosethe
sizeof a supercellto be approximatelythe sameasa disk block size
(16 16 16in ourexperiment)sothatit canbeloadedinto memory
usingonel/O accessWhensearchinghe POT, we maintainthe path
from the root to every leaf nodewe reach. This path provides suf-
cientinformationfor locatingthe correspondingupercellon disk and
loadingit into memoryfor furtherprocessing.

6 EXPERIMENTAL RESULTS

We conductedwo setsof experimentgo evaluatethe performanceof

POT. In the rst set,we comparedhePOT to theclassicBONO struc-
ture in the caseof view-independenaind view-dependentsosurfce
extractionfor 3D volumetricdata. In the secondsetof experiments,
we studiedthe performancef POT for 4D isocontourslicing of time-

varyingdata.

Systemsetup Our experimentswvere performedon a PCwith dual
3.0GHz Xeonprocessors8 GB mainmemory 140GB local diskwith
around50 MB/secl/O peaktransferrate,andone NVidia6800Ultra
GPU cardwith a bi-directionall Gbpsdatatransferrateto memory
via PCI-Expresg$x16) Bus. It runsLinux 2.4.21-27.ELsmpOnly one
processowasused.

Data description Four setsof datawere usedin our test. The
completeRichtmyerMeshlov instability (R-M) dataset consistsof
274 timesteps eachconsistingof a 3D grid of 2048 2048 1920
8-bit scalarvalues. We downsampledeachtimestepby a factor of
2 in eachdimension. For 4D isocontourslicing we usedevery 8th
timestepstartingfrom timestep0. Theresultingdatasetconsistedf
35timestepsaandthe overall sizeof the datasetwasabout35 GB. For
view-dependentsosurficeextractionwe only usedtimestep248. A
summarythe otherthreedatasetsalongwith a singletimestepin the
RichtmyerMeshknw datasetis givenin Tablel. The construction
timesof the POTs for thesedatasetsarereportedin Table2. Figure8
givessomeviews of thesedatasets.

| dataset | datatype | resolution \
R-M byte 960 1024 1024
Stanfordbunry short 360 512 512
MRbrain short 109 256 256
HeadAneuyrism byte 512 512 512

Table 1. Description of the data sets used in our experiments.

As a basefor comparisonwe alsoimplementedhe BONO algo-
rithm. At eachinternalnodeof the BONO, we storeda singlepointer
toits rst child anda bit maskstatingwhich childrenactually exist.
As in our POT implementationthe BONO wasalsobuilt on4 4 4
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Fig. 6. View dependent rendering of the MRbrain data set. Left: the normal view of the MRbrain data set; Center: a side view of the visible part of

the isosurface; Right: the nal occlusion mask at the lowest level.

dataset R-M | Stanford | MRbrain Head
Bunry Aneuyrism
[ consttime(sec.)[ 356 | 35 [ 3 ] 38 |

Table 2. Construction time of the POTSs.

supercellsTable3 compareshe sizesof the POTs andBONOs.POT
requiresmorespacethanBONO by a factorof 1.6to 4, which is not
surprising,consideringhe factthatour BONO implementationis al-
mostpointerlesandPOT storesa numberof pointersat eachnode.

6.1 View-independent isosurface

extraction

and view-independent

We comparegheperformancef BONOandPOT in termsof searclef-
ciency for view-independenandview-dependenisosurbceextrac-
tion. The comparisorof index searchingime for view-independent
isosurfcingis reportedin Table4. The screensizewas512 512.
We notethatthe actualexecutiontime alsoincludesthetime to search
thesupercellsperformtriangulation,andrendertheisosurfice which

is identicalfor bothBONO andPOT.

Exceptfor the Stanfordbunry dataset,POT wasableto achiere a
signi cant speedupelative to BONO. Its searchiime is 34%lessthan
thatof BONO for theR-M dataset,18%for theMRbrainset,and16%
for theHeadAneuyrismset.

Theperformanceomparisorof thesetwo datastructuregor view-
dependenisosurfice extraction is given in Table 5. Unlike view-
independentsosurficeextractionwhereall active cells are extracted
beforethe otherstepstake place,the surfaceextraction,triangulation,
andrenderingstepsareintertwinedin view-dependentsosurficeex-
traction. It is very dif cult to accuratelymeasurethe index search
time. Thereforewe insteadreportthe numberof nodesvisitedandthe
overall executiontime. However, we mustpoint outthat,asexplained
before,the latter is not an appropriatemeasurementf the effective-
nessf theindex structure. Thenumberof treenodesvisitedis amore
accuratecomparisonbenchmarkfor two reasons. First, it is imple-
mentationindependentSecondsincefor the sameisovalueandview
point, the numberof active andrelevantactive cellsfor bothPOT and
BONO areexactly the same this benchmarkmoreaccuratelyre ects
how ef ciently eachdatastructures searched.

It canbe seenthat POT performsmuchbetterthan BONO for all
the datasetsin termsof the numberof nodesvisited. The numberfor
POT is only 30%to 73%thatof BONO. Thisis consistentvith ourar-
gumenthatPOT locatesactive andrelevantcellsmoreef ciently . We
alsoobserethattheoverallexecutiontime of POT is alsoconsistently
betterthanthatof BONO, albeitin alesserdegree.

6.2 4D isocontour slicing

In this experiment,we demonstratehe ef ciency of our schemein
computingthe slicesof the 4D isosurficesalongdifferentaxes,espe-
cially the X, Y, andZ axes,in which casetheslicesre ectsthechange
of theisosurbiceacrosgime steps.

Constructinghe4D POT for the 35 time stepsof the R-M dataset
tookabout68 minutes amajority of whichwasspenton collectingthe
extremevalues. The constructionof the POT itself took only 2 min-
utes.Theresultingindexing structureoccupiesl06 MB of memory

We measurehe performancef our algorithmusingdifferentcom-
binationsof isovaluesand cutting planes. Figures7(a), (b) and (c)
shaw the executiontime of our programasa function of theisovalue
for threedifferentcuttinghyperplanesswell asits decompositiofinto

ve computatiorsteps We alsogive thenumberof trianglesgenerated
in eachcasein Figure7(d).

It canbeseerthatthenumberof trianglesvariesfrom 26 million for
isovalue210to 146 million for isovalue 70. We wereableto extract
andrenderthe mostcomplicatedcuts (alongthe T-axis) in lessthan
100 secondsand much fasterfor other cuts. Searchingthe POT is
very fastin all the cases.Even for the mosttime-consumingslicing
alongthe T-axis, it only took 0.26second®n average.

7 DiscussION

Wenow brie y discusghelimitationsof ourtechnique First, thedata
setswe usedarefrom discreteelds, andhencehenumberof possible
versiongs limited. This present&uniqueopportunityto avoid storing
the cells with constantvalues,sincethey are insertedand removed
duringthe updateof a singleversionof the POT. This maynot bethe
caseif the datasetsare from continuous elds, which could leadto
largerindexing structuresize. However, we do notexpecttheincrease
in storageto be signi cant sincechangeof the isosurcebetween
versionswould be smaller which allows betternodesharingbetween
versions.

A secondbossiblelimitation is thatthe constructiortime of a POT
is typically longerthanthatof aBONO. However, we intendthistech-
nigueto ultimately be usedfor interactve explorationof the datasets
andhencethe preprocessingme is lessimportant.

Finally, for view-dependentendering,our scheme similar to the
well knovn BONO/GridTreebasedschemdgl1], requireghefront-to-
backgeneratiorof thetrianglesin orderto updatethe coveragemask.
This may leadto inef cient 1/O operationfor large datasetsresiding
on disk. Onepossiblesolutionis to usethe techniqueof Implicit Oc-
cludeis [19] to rst generatethe coveragemaskandthen performa
traversalof the visible partof the octree. This approactrequiresfur-
therexploration.
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| dataset | R-M | StanfordBunry | MRBrain | HeadAneuyrism |
Storage | BONO | 143,805,000 20,231,340] 1,524,156 19,173,960
Cost(byte) POT 229,855,564 61,510,700| 4,955,424 76,495,280

Table 3. Storage requirements for BONO and POT (index only).

| dataset | R-M [ StandfordBunry | MRbrain | HeadAneuyrism |
isovalue 190 1750 1750 55
BONO | index searchtime (ms) | 710 64 17 22
POT index searchtime (ms) | 401 61 14 15
Speedumf index searchingime | 1.77 1.05 1.21 1.47
relative to BONO

Table 4. Performance comparison of vi

ew-independent isosurface extraction.

| dataset | R-M T StandfordBunry [ MRbrain | HeadAneuyrism |
BONO # of NodesVisited 212,992 19,897 7,318 17,260
ExecutionTime(ms) | 10,877 1,130 614 938
POT # of NodesVisited 142,157 6,076 5,368 6,467
ExecutionTime (ms) 9,511 1,040 602 806
Speedupelatve | # of NodesVisited 1.50 3.27 1.36 2.67
to BONO ExecutionTime 1.14 1.09 1.02 1.16

Table 5. Performance comparison of view-dependent isosurface extraction. The same set of isovalues as in the Table 4 are used.
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Fig. 7. Performance measurements for 4D isocontour slicing.

8 CONCLUSION

We have presentedh novel POT datastructureto acceleratehe iso-
surfaceextractionwith spatial ltering. It is asymptoticallyoptimal
in termsof spaceandsearchtime. The setof active cellsfor aniso-
value naturally form a compactoctreethat allows the active cells to
be Itered basedon certainspatialcriteriavery quickly. In particular
we demonstratehe effectivenessof this techniqueby applyingit to
view-dependenisosuraiceextractionand4D isocontourslicing. Our
experimentsshav that for view-dependentsosurficeextraction, our
datastructureperformsconsistentlbetterthanthewidely usedBONO
structure. For 4D isocontourslicing, our testson the Richtmyer
Meshlov datasetshav thatPOT enablessery fastsearchandthatthe
overall algorithmcanperformsimultaneousgsocontouringandslicing
in avery ef cient manner
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Becauseof the inherenthierarchicalstructureassociatedvith the
active cells for ary isovalue, POT can be usedto improve the per
formanceof othervisualizationschemesuchasray tracing[18] and
multi-resolutionisosuricerendering sincethey alsorely onthe hier
archicalpruningof the datavolume.
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(a) A normalview of the RichtyerMeshlov instability dataset (b) A closeview of theHeadAneuyrismdataset.
(timestep= 240;isovalue= 190). (isovalue=55)
(a) A normalview of the Stanfordterra-cottebunry. (b) A top view of the MRbraindata.
(isovalue= 1750) (isovalue= 1750)

Fig. 8. Views of the data set used.

(a) Isovalue: 100; Cutting hyperplaneX = 500. (b) Isovalue: 100; CuttinghyperplaneZ = 650.

Fig. 9. Slices of 4D isocontours.



