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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 �lter 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 �lter 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�c visualization, isosurface extraction, indexing.
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1 INTRODUCTION

Isosurface extraction is an important tool for visualizing multi-
dimensionalscalar�elds. It exposescontoursof aconstantscalevalue,
thusproviding an effective way to discover the embeddedstructures
suchasthe boundariesbetweendifferenttypesof tissues,the shock-
wave in a �uid dynamicsexperiment,or thechangingof 3D contours
in time-varyingdatasetsobtainedfrom physicalsimulations.

Sincetheintroductionof theMarchingcubesalgorithm[15], much
of the researcheffort hasbeenput on reducingthe amountof data
touchedfor the extraction of the isosurface. A numberof ef�cient
techniqueshave beendevelopedsuchthat the costof the extraction
is moresensitive to the sizeof the isosurfacethanto the sizeof the
completedataset[7, 30,13, 23,1, 28, 4, 3, 16].

More aggressive approacheshave beenproposedin recentyearsto
only extracttherelevantportionof theisosurfaceneededfor visualiza-
tion. For example,in 3-D isosurfacevisualization,theview-dependent
approach[11, 19] andthe ray-tracingapproach[18] extract only the
visible part of the isosurface. For multi-dimensionaldata,visualiza-
tion is possibleonly for its 3D slices[29]. Thusonly isosurfacesin
suchslicesneedto be extracted. We call the extraction of relevant
portionof theisosurfacespatial�ltering .

In thecontext of scalar�elds sampledonastructuredgrid, thedata
setconsistsof asetof cubes(cells) with sampledscalarvaluesassoci-
atedwith their vertices.We call a cell activeif its valuerangecovers
the speci�ed isovalue. We call a cell relevant if it containsthe iso-
surfacepatchesthatneedto berendered.Theproblemof identifying
active cells canbe viewed as the range stabbingqueryof computa-
tional geometry. Thetypeof probleminvolvedin identifying relevant
cellsdependson thetypeof thespatial�ltering operation.For exam-
ple, in view-dependentisosurfacing,it is to singleout only thevisible
cells for triangulationandrendering. In ray tracing, it is to �nd the
cells that the 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 isosurfaceextractionwith spatial�ltering, theextractionpart is
basicallya query in the scalarvaluespaceandthe �ltering part is a
queryin thespatialgrid space.Theproblemis to developa structure
thatef�ciently supportssimultaneousqueriesboth in thevaluespace
andin thespatialspace.

A straightforward approachto handlethe space�ltering is to �rst
identify the active cells using existing algorithms(e.g. [13, 4]) and
thenpick amongtheseactivecellstherelevantones.However, thisap-
proachmaywasteasigni�cant amountof timeonidentifyingandthen
discardingirrelevant cells, asthesealgorithmsproduceno particular
spatialorderingamongtheactivecellsinitially identi�ed. Anotherap-
proachis to usedatastructuresbasedon spatialpartitioningsuchas
thewell known min-maxoctree[30]. Thisapproachis notef�cient ei-
thersincesuchdatastructuresarenot optimal in termsof performing
valuebasedqueries.

In this paper, we provide a datastructurecalledthePersistentOc-
tree (POT) that enablesvery ef�cient identi�cation of cells that are
simultaneouslyrelevantandactive. It possessesthepropertiesof both
theinterval-treebasedisosurfaceextractionschemes,whichareknown
to beef�cient in extractingactive cells,andtheoctree-basedschemes
(notablythe Branch-On-NeedOctree(BONO) [30]), which arewell
suitedfor spatial�ltering. In fact,POT is provablyoptimalin termsof
asymptoticboundsfor bothspaceandquerytimefor identifyingactive
cells. It achievestheworstcasetime complexity of O(logN + K) for
activecell identi�cation, whereN is thenumberof cellsin thedataset
andK is thenumberof active cells,andrequiresO(N) space.At the
sametime, for eachpossibleisovalue,the correspondingactive cells
arealreadyencodeda priori in a compactoctree. Suchan inherent
hierarchicalstructureenablesvery ef�cient spatial�ltering for identi-
fying activecellsthatarealsorelevant.

We demonstratethe effectivenessof POT by applying it to view-
independentandview-dependentisosurfaceextractionand4D isocon-
tour slicing. Our algorithmfor view-dependentisosurfaceextraction
follows the generalapproachof Livnat andHansen[11, 12], but im-
provesupontheirs in that we visit in a view-dependentway a com-
pact octreeconsistingONLY active cells. Our techniquescan also
be combinedwith the idea of implicit occluders [19] to only tra-
versethevisiblepartof thecompactoctreewithoutactuallyrendering
any isosurface.Our 4D isocontourslicing algorithmdealswith time-
varyingdataandhandlesamoregeneralproblemthanthosediscussed
in [21, 30, 27, 22, 9] in that it allows visualizing not only the iso-
surfaceat individual timestepsbut alsothe changeof the isosurfaces
acrosstimesteps.

We conductexperimentalcomparisonof our approachfor view-
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dependentisosurfaceextractionwith BONO,which is consideredone
of themostef�cient datastructuresfor isosurfaceextraction[26]. Re-
sults show that our datastructureconsistentlyperformsbetter than
BONO. In particular, we measurethe numberof tree nodesvisited
by POT andBONO for the sameview-dependentisosurfaceextrac-
tion queriesandshow that POT savesa signi�cant amount(asmuch
as70%)of nodevisitscomparedwith BONO.Wealsotestour4D iso-
contourslicingalgorithmonasubsetof theRichtmyer-Meshkov insta-
bility dataset[17] thatconsistsof 35GB of time-varyingdataandare
ableto performthe isosurfaceextraction,slicing andrenderingvery
fast(for examplelessthan15secondsalongthespatialdimensions).

The remainderof this paperis organizedasfollows. We describe
theconceptof thepersistentdatastructureandits applicationin range
stabbingqueriesin Section2. ThePOT structureandits traversalare
presentedin Sections3. In Section4,weshow how POT canaccelerate
spatial�ltering in the casesof view-dependentisosurfaceextraction
and4D contourslicing. Implementationissuesarediscussedin Sec-
tion 5. Our experimentalresultsarereportedin Section6. We discuss
limitationsof ourapproachin Section7 andconcludein Section8.

2 PERSISTENT DATA STRUCTURES

Thenotionof thepersistentdatastructure was�rst introducedby
Driscoll et al. [5] asa space-ef�cient mechanismfor maintainingthe
evolution historyof dynamicdatastructures.It hasbeenusedto pro-
vide optimal solutionsto a numberof intersectionproblemsin com-
putationalgeometry(seefor example[20, 2, 10, 24]). A recentpaper
by Edelsbrunneret al. [6] appliedthis techniqueto computetheReeb
graph. In thissection,wegiveits propertiesandexplainits application
in handlingrangestabbingqueries.

2.1 Proper ties

Supposewehaveanephemeraldatastructure,whichmaybemodi�ed
dueto theinsertionor deletionof dataelements.Eachsuchmodi�ca-
tion is associatedwith a versionnumber. Theproblemis to maintain
all theversionsof theephemeraldatastructuresuchthat,givena ver-
sionnumber, thecorrespondingversioncanbeeasilyaccessed.

Persistentdatastructureis aneleganttechniquethatprovidesacom-
pactrepresentationof all theversionsof a so-calledlinkedstructure,
which consistsof a setof nodeswith a �x ed numberof pointers. In
particular, Driscoll et al. [5] showed that, if an ephemeraltreestruc-
ture requiresonly a constantnumberof nodechangesfor eachinser-
tion or deletion,thenit canbemadepersistentsuchthateachversion
of thetreecanbequeriedwith thesameasymptotictimeboundasthe
ephemeralversionanda persistenttreestructureobtainedasa result
of N insertions/deletionsrequiresonly O(N) space.

The basicideaof makinga treestructurepersistentis to augment
its nodeswith additionalpointersso thata nodecanhave pointersto
differentversionsof sub-trees.As a result,a new versionof a node
doesnot needto becreateduntil enoughchangeshave beenmadeto
its successors.Thecostof an insertionor a deletion,which possibly
includesthe creationof new versionsof several nodes,thus can be
amortizedovera longsequenceof updateoperations.

2.2 Handling Range Stabbing Queries

In thecontext of isocontourgeneration,assumethatwe have already
computedthe minimum andmaximumvaluesfor eachcell. We sort
theextremevaluesin increasingorderandemploy avaluesweepfrom
thesmallestextremevalueto the largest.In theprocess,we maintain
a datastructureD to storethecellswhosevaluerangesare“stabbed”
by thecurrentsweepingvalue.A cell is insertedinto D whenits min-
imum valueis encounteredandremovedwhenits maximumvalueis
reached.Eachsuchupdateoperationcreatesa new versionof D with
theversionnumberbeingthecurrentsweepingvalue. Figure1 illus-
tratesthe sweepingprocess.It is easyto seethat, given a particular
isovaluev, themostrecentversionof D no laterthanv storestheexact
setof active cells correspondingto v, which meansthat determining
activecellsis assimpleastraversingthisparticularversionof D.

sweeping line the value range of a cell

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

Of course,our taskis not simply to �nd theactive cells. We need
to determinethe cells that areboth active andrelevant. To this end,
wewantD to beadatastructurethatcanef�ciently �lter out irrelevant
cells.To achieveoptimality in termsof reportingactivecells,wewant
thesizeof D to be linear in thenumberof active cells it stores.And
�nally , to makeit persistentwithout introducingadditionalspacein an
asymptoticsense,additionor deletionoperationson D areallowedto
incuronly aconstantnumberof nodechanges.In thenext section,we
introducethe PersistentOcTree(POT), which satis�es all the above
requirements.

We shallnotethat,while thefactthata dynamicbinarysearchtree
canbe madepersistentin a spaceef�cient way haslong beenestab-
lished(see[5]), makinga octreepersistentis not trivial andgenerally
is notpossiblewithout introducingnon-linearspace(wewill givesuch
a “bad” casein Section3.1).

3 PERSISTENT OCTREES (POTS)

In thissection,wewill �rst describeanephemeraldatastructurecalled
the compactoctreeto index the active cells for a particularisovalue,
which allows ef�cient searchandupdateoperations.We thenshow
how it can be madepersistentto yield an ef�cient datastructureto
handletheisosurfaceextractionwith spatial�ltering. Our description
assumesthat the dimensionof the dataset is three. But exactly the
sametechniquecanbeappliedto higherdimensionaldatasetsaswell.
In the rest of the paper, we will call the the spaceoccupiedby the
entiredatasetavolume.

3.1 Compact Octrees

A classicoctreeis basedonhierarchicalregularpartitioning.Theroot
representstheentirevolume.A nodeu has8 children,eachgettingone
octantof thesubvolumeof u. For dataresolutionsotherthanpowersof
two, we adoptthestrategy of BONO [30] by viewing thehyperoctree
asa completeonebut avoiding allocatingnodesfor emptysubtrees.
A nodeat the lowestlevel of the treerepresentsa cell andis colored
blackif thecell is activeandwhiteotherwise.A nodeatahigherlevel
is assignedoneof the threecolors: black, white, andgray. A black
(resp. white) nodeindicatesthat the entire subvolume it represents
consistsof only black(resp.white) cells. A graynodecorrespondsto
a subvolumethat containsboth black cells andwhite cells. Figure2
givesa2D illustrationof theoctree.

(a) (b)

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

Oneproblemwith suchan octreeis that an updateoperationmay
requireupto O(logN) nodechanges,whereN is thesizeof thecurrent
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octree.Thispreventstheoctreefrom beingmadepersistentin aspace-
ef�cient way. In fact,considerthecasewhenno valuerangesof any
two cellsoverlap. Eachinsertionor deletionoperationwould require
O(log N) nodesto bemodi�ed, resultingin a persistentdatastructure
of sizeO(NlogN).

In a compactoctree,we storeonly black andgray nodes,andre-
placepointersto white nodeswith NULL pointers. In addition,we
“collapse” subtreeswhereeachnodehasonly one child. Formally,
considera pathP from theroot to a leaf nodeandlet u1;u2; : : : ;uk be
asubpathof P suchthati) u1 is not therootandthushasparentu0; ii)
u0 eitheris a root nodeor hasmorethantwo grayor blackchildren;
iii) ui is theonly grayor blackchild of ui� 1 for i = 2; : : :k; andiv) uk
is eithera black nodeor hasat leasttwo gray or black children. We
thenreplacethepointerin u0 whichpointsto u1 with a jumper, which
points to uk andstoresthe path from u0 to uk. The subvolumeof a
nodew is uniquelydeterminedby thepathfrom theroot to w. Figure3
shows thecompactoctreederivedfrom theoneshown 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
least two children and eachleaf noderepresentsat leastone active
cell, thesizeof thetreestructureis obviously linear in thenumberof
active cells it storesandso is the time it takesto traversethe treeto
reporttheseactive cells. Furthermore,we canshow that thecompact
octreerequiresonly an amortizedconstantnumberof nodechanges
for eachinsertionor deletionwhenappliedto our particularproblem
(seeSection4.1of [25] for details).This is dueto thefactthat,during
thevaluesweepingprocess,eachcellwill beinsertedintoandremoved
from thecompactoctreeexactlyonce.

3.2 Making a Compact Octree Persistent

In acompactoctree,eachinternalnodehasexactly8 (possiblyNULL)
jumpers. To make sucha treepersistent,we allow a nodeto hold k
additional jumpers,wherek is a small constant. Eachof the 8+ k
jumpersis associatedwith aversionnumberandapath.

An updateoperationwith a new versionnumberv is alwaysper-
formed on the latestversionof the POT. New nodesare createdas
necessary. Whenwe needto changea jumper in a nodeu, we �rst
try to �nd an emptyslot in u. If thereis one, then the new jumper
is addedto u alongwith theversionnumberof theupdateoperation.
Otherwise,we createa copy u0 of u. The initial 8 jumpersof u0 are
setto be their latestvaluesin u andareassignedthe versionnumber
v. Notethatwe alsoneedto adda jumperto u0 to the latestparentof
u0. Thus,this jumpercopying stepwill bepropagatedtowardstheroot
until a nodewith a freeslot is reachedor theroot itself is copied.An
updateoperationwith the latestexisting versionnumberwill replace
jumpersratherthancopying them.

Figure4 illustratesa POT usinga 1D example. We have a grid of
8 1D “cubes” (segments)eachof which is labeledby a 3-bit string.
In Figure4(a),thesesegmentsarerepresentedby verticalstripessep-
aratedby vertical lines with their labelsshown at the bottomof the
respective stripes.Thenumberson the left arethescalarvalues.The
verticalextentof theshadedrectanglesrepresentsthevaluerangesof
thecorrespondingsegments.For a particularisovalue,theactive seg-
mentsare indexed by a compactbinary tree. Figure 4(b) gives the
persistentbinarytree,in which eachnodehasthreeavailableslotsfor

jumpers.The labelLn or Rn tells whethera jumpercorrespondsto a
left branchor a right branchaswell astheassociatedversionnumber.
Thenumbersabove the root nodesaretheir versionnumbersandthe
binarystringbesideeachof theremainingnodesindicatesthesubvol-
umeit represents.

2

1

3

4

5

6

7

000 001 010 011 100 101 110 111

(a)

000

R1

2

R2

L3

L3

001

0

L3

R3

010

1

10

R4

L3R3

L4 R4 11

L4

R4

R4L4

R4

L3
R3

3

100

R4

L3
R3

L4

1

L5

R5

L4

5

110

L5 R5

L6

L5

R5

100

L2
L2

R1
L1

L1 L1R1

L2R2

R3

R2
L2

R3

00

1

01

(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 collect all the cells, andtemporarilykeep
two copiesfor eachof them. Onecopy usesthe minimum valueas
its key andtheotherusesthemaximumvalue.We sortthecellsusing
theirkeysin increasingorderandthenscanthroughthesortedlist. For
eachcell c we encounter, if its key is its minimumvalue,we insertc
into thecurrentversionof thecompactoctree.Otherwisewe deletec
from the currentversion. If this valueis larger thanthe mostrecent
versionnumber, anew versionis created.Sinceaninsertionor adele-
tion onacompactoctreerequiresonly O(1) nodechanges,thePOT is
linearin thetotalnumberof cellsin thedataset.To furtherreducethe
sizeof thePOT, we do not actuallystorea nodew if it is a leaf for all
the versionsof the POT it belongsto. Suchomissionis recordedby
repointingany jumperto w to thenodewherethatjumperis stored.

Sorting the 2N cells requiresO(NlogN) time. The construction
of thePOT itself is alsoO(NlogN) becauseeachinsertionor deletion
maytouchasinglepathin thePOT from therootto aleafwhoselength
is atmostO(logN).

3.4 Traversing A POT

To traversetheversionof aPOT correspondingto aparticularisovalue
v, we �rst identify the root with the largestversionnumbersmaller
thanor equalto v. To reportall theactive(but notnecessarilyrelevant)
cells,wesimply traverseanappropriateversionof thePOT by follow-
ing the latestjumpersno later thanv. For example,in Figure4(b),
theportionof thePOT coloredin redandconnectedby bold edgesis
theactive versioncorrespondingto isovalue4. Oncewe reacha leaf
node,we reportall the cells within its correspondingsubvolume. It
is easyto seethat the complexity of reportingall the active cells is
O(logM + K), whereM is the numberof roots in the POT andK is
the numberof active cells. The O(logM) term re�ects the fact that
we mayhave to �nd theappropriateversionof theroot usinga binary
search.M � N andtypically is small enough(in theorderof tensin
all of ourexperiments)to beconsideredaconstant.Consequently, the
complexity of reportingactive cells usinga POT dependssolely and
linearlyon thenumberof activecells.
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4 SPATIAL FILTERING OF ACTIVE CELLS USING POT

A moreattractive featureof thePOT is thateachversionof thePOT
providesa spatialpartitioningof theactive cells,which enablesvery
ef�cient spatial�ltering. we now discussit in the context of view-
dependentisosurfaceextractionand4D contourslicing.

4.1 View-dependent isosurface extraction

A view-dependentisosurfaceextractionavoids triangulatingandren-
deringinvisible portionsof the isosurface.Themostcommonlyused
datastructuresfor theocclusiontestarebasedontheoctree.Thenodes
in the octreeare visited in a front-to-backorder basedon the view
point. An occlusionmaskis maintainedagainstwhich thevisibility of
theoctreenodesaretested.Only visible nodesandtheir descendants
areexaminedfurther.

Usinga standardoctree(or octreefor short),aslong asthereis an
active cell n in the correspondingsubvolume,a nodewill be active.
This meansa long list of nestednodescontainingn may have to be
examined,sincenodesat higher level (thus correspondingto larger
subvolumes)aremore likely to be determinedasvisible even if the
patchof theisosurfacein it only occupiesa tiny portionof thesubvol-
ume.Worseyet,thatpatchmaynotevenbevisible. Ontheotherhand,
in POT we canfollow thejumpersto get to a smallactive subvolume
n very quickly anddetermineif the isosurfacepatchinsideit is visi-
ble. Figure5 illustratessucha case.In Figure5, the active cells are
coloredin gray. Therearethreesectionsof the isosurface:A, B, and
C. Part of A andB arevisibleandtheentiresectionof C areoccluded
by A. In orderto determinethevisibility of thecell thatcontainsC, an
octreewill haveto examineeightnodesin theupper-left quarterof the
dataspace(four childrenof the nodew correspondingto the left-top
quarterandfour grandchildrenof w, includingtheonecontainingC).
Using POT, only the nodecontainingC needsto be checked against
theocclusionmask.

A

B

C

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 isosurface. POT providesa
simpleandef�cient way to identify theactivecellsthatarealsocutby
thehyperplane.At eachnodeu of theversionof POT thatcorresponds
to the isovalue,we checkeachjumperto seeif thesubvolumeof the
nodew it points to is cut by the hyperplane. If this is not the case,
thenthesubtreerootedatw will notbevisited.Noticeagainthatusing
jumpersallows usto quickly getto a noderepresentinga smallactive
subvolumewithout having to accessa long list of nestedsubvolumes
athigherlevels.

5 IMPLEMENTATION ISSUES

We implementedthe internal-memoryview-dependentisosurfaceex-
tractionalgorithmusingPOT astheunderlineindexing structure.The
overall schemeis similar to theonedescribedin [11]. We usea hier-
archicalsetof occlusionmasksto keeptrackof thescreenpixels that
are coveredby previously extractedisosurfacepatches. Eachpixel

of an occlusionmaskat a certain level correspondsto an 8 � 8 ar-
ray of pixels at the next level. Precomputedbinary coveragemasks
areusedto quickly determinethepixelscoveredby thenewly gener-
atedisopatchesandto updatetheocclusionmasksat thelowestlevel.
Triagecoveragemasks[8] areusedto speedupthe updateof the oc-
clusionmasksaswell astheocclusiontestsathigherlevels.Like[12],
the updateof the occlusionmaskis performedfrom bottomup, thus
restrictingthepropagationof thechangeto a limited numberof levels.
Theboundingrectangleof theprojectionof a nodeis usedto conser-
vatively testits visibility.

As suggestedin [14], our POT is built not on individual cells,but
on a small cubeof cells (4� 4� 4 in our implementation)calledsu-
percells. Using supercellsnot only reducesthe sizeof the indexing
structurebut alsoavoids excessive visibility tests,which usuallyare
not justi�able at very low levelsof thestructure.Oncewe have iden-
ti�ed an active andvisible supercell,we searchit usingthe standard
MarchingCubesalgorithmto identify theactivecellsandperformtri-
angulationon themwithoutperformingthevisibility test.

Figure6 shows a view dependentrenderingof the MRbrain data
set,a sideview of the visible portion of the isosurfaceandthe �nal
occlusionmask.

For 4D isocontourslicing, the sizeof the dataset is often too big
to �t in memoryandthereforehasto resideon disk. We choosethe
sizeof a supercellto beapproximatelythesameasa disk block size
(16� 16� 16 in ourexperiment)sothatit canbeloadedinto memory
usingoneI/O access.WhensearchingthePOT, we maintainthepath
from the root to every leaf nodewe reach. This pathprovidessuf�-
cientinformationfor locatingthecorrespondingsupercellondiskand
loadingit into memoryfor furtherprocessing.

6 EXPERIMENTAL RESULTS

We conductedtwo setsof experimentsto evaluatetheperformanceof
POT. In the�rst set,wecomparedthePOT to theclassicBONOstruc-
ture in the caseof view-independentandview-dependentisosurface
extractionfor 3D volumetricdata. In the secondsetof experiments,
westudiedtheperformanceof POT for 4D isocontourslicingof time-
varyingdata.

SystemsetupOur experimentswereperformedon a PCwith dual
3.0GHzXeonprocessors,8 GB mainmemory, 140GB localdiskwith
around50 MB/secI/O peaktransferrate,andoneNVidia6800Ultra
GPU cardwith a bi-directional1 Gbpsdatatransferrateto memory
via PCI-Express(x16)Bus. It runsLinux 2.4.21-27.ELsmp.Only one
processorwasused.

Data description Four setsof datawere usedin our test. The
completeRichtmyer-Meshkov 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. Theresultingdatasetconsistedof
35 timestepsandtheoverall sizeof thedatasetwasabout35 GB. For
view-dependentisosurfaceextractionwe only usedtimestep248. A
summarytheotherthreedatasetsalongwith a singletimestepin the
Richtmyer-Meshknov dataset is given in Table1. The construction
timesof thePOTs for thesedatasetsarereportedin Table2. Figure8
givessomeviewsof thesedatasets.

dataset datatype resolution
R-M byte 960� 1024� 1024

Stanfordbunny 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 comparison,we alsoimplementedthe BONO algo-
rithm. At eachinternalnodeof theBONO,we storeda singlepointer
to its �rst child anda bit maskstatingwhich childrenactuallyexist.
As in ourPOT implementation,theBONOwasalsobuilt 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
Bunny Aneuyrism

const.time (sec.) 356 35 3 38

Table 2. Construction time of the POTs.

supercells.Table3 comparesthesizesof thePOTs andBONOs.POT
requiresmorespacethanBONO by a factorof 1.6 to 4, which is not
surprising,consideringthe fact thatour BONO implementationis al-
mostpointerlessandPOT storesanumberof pointersateachnode.

6.1 View-independent and view-independent isosurface
extraction

Wecomparetheperformanceof BONOandPOT in termsof searchef-
�ciency for view-independentandview-dependentisosurfaceextrac-
tion. The comparisonof index searchingtime for view-independent
isosurfacing is reportedin Table4. The screensizewas512� 512.
Wenotethattheactualexecutiontimealsoincludesthetime to search
thesupercells,performtriangulation,andrendertheisosurface,which
is identicalfor bothBONOandPOT.

Exceptfor theStanfordbunny dataset,POT wasableto achieve a
signi�cant speeduprelative to BONO.Its searchtime is 34%lessthan
thatof BONOfor theR-M dataset,18%for theMRbrainset,and16%
for theHeadAneuyrismset.

Theperformancecomparisonof thesetwo datastructuresfor view-
dependentisosurface extraction is given in Table 5. Unlike view-
independentisosurfaceextractionwhereall active cells areextracted
beforetheotherstepstake place,thesurfaceextraction,triangulation,
andrenderingstepsareintertwinedin view-dependentisosurfaceex-
traction. It is very dif�cult to accuratelymeasurethe index search
time. Therefore,weinsteadreportthenumberof nodesvisitedandthe
overall executiontime. However, wemustpointout that,asexplained
before,the latter is not an appropriatemeasurementof the effective-
nessof theindex structure.Thenumberof treenodesvisitedis amore
accuratecomparisonbenchmarkfor two reasons.First, it is imple-
mentationindependent.Second,sincefor thesameisovalueandview
point, thenumberof active andrelevantactive cellsfor bothPOT and
BONO areexactly thesame,this benchmarkmoreaccuratelyre�ects
how ef�ciently eachdatastructureis searched.

It canbe seenthat POT performsmuchbetterthanBONO for all
thedatasetsin termsof thenumberof nodesvisited. Thenumberfor
POT is only 30%to 73%thatof BONO.This is consistentwith ourar-
gumentthatPOT locatesactiveandrelevantcellsmoreef�ciently . We
alsoobservethattheoverallexecutiontimeof POT is alsoconsistently
betterthanthatof BONO,albeitin a lesserdegree.

6.2 4D isocontour slicing

In this experiment,we demonstratethe ef�ciency of our schemein
computingtheslicesof the4D isosurfacesalongdifferentaxes,espe-
cially theX, Y, andZ axes,in whichcasetheslicesre�ects thechange
of theisosurfaceacrosstimesteps.

Constructingthe4D POT for the35 time stepsof theR-M dataset
tookabout68minutes,amajorityof whichwasspentoncollectingthe
extremevalues.The constructionof the POT itself took only 2 min-
utes.Theresultingindexing structureoccupies106MB of memory.

Wemeasuretheperformanceof ouralgorithmusingdifferentcom-
binationsof isovaluesand cutting planes. Figures7(a), (b) and (c)
show theexecutiontime of our programasa functionof the isovalue
for threedifferentcuttinghyperplanesaswell asits decompositioninto
� vecomputationsteps.Wealsogivethenumberof trianglesgenerated
in eachcasein Figure7(d).

It canbeseenthatthenumberof trianglesvariesfrom 26million for
isovalue210 to 146million for isovalue70. We wereableto extract
andrenderthe mostcomplicatedcuts(alongthe T-axis) in lessthan
100 seconds,andmuch fasterfor othercuts. Searchingthe POT is
very fast in all the cases.Even for the mosttime-consumingslicing
alongtheT-axis,it only took0.26secondsonaverage.

7 DISCUSSION

Wenow brie�y discussthelimitationsof our technique.First, thedata
setsweusedarefrom discrete�elds, andhencethenumberof possible
versionsis limited. Thispresentsauniqueopportunityto avoid storing
the cells with constantvalues,sincethey are insertedand removed
duringtheupdateof a singleversionof thePOT. This maynot bethe
caseif the datasetsare from continuous�elds, which could leadto
largerindexing structuresize.However, wedonotexpecttheincrease
in storageto be signi�cant sincechangesof the isosurfacebetween
versionswould besmaller, which allows betternodesharingbetween
versions.

A secondpossiblelimitation is thattheconstructiontime of a POT
is typically longerthanthatof aBONO.However, weintendthis tech-
niqueto ultimatelybeusedfor interactive explorationof thedatasets
andhencethepreprocessingtime is lessimportant.

Finally, for view-dependentrendering,our scheme,similar to the
well knownBONO/GridTreebasedscheme[11], requiresthefront-to-
backgenerationof thetrianglesin orderto updatethecoveragemask.
This may leadto inef�cient I/O operationfor largedatasetsresiding
on disk. Onepossiblesolutionis to usethetechniqueof Implicit Oc-
cluders [19] to �rst generatethe coveragemaskandthenperforma
traversalof thevisible partof theoctree.This approachrequiresfur-
therexploration.
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dataset R-M StanfordBunny 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 StandfordBunny MRbrain HeadAneuyrism
isovalue 190 1750 1750 55

BONO index searchtime (ms) 710 64 17 22
POT index searchtime (ms) 401 61 14 15

Speedupof index searchingtime 1.77 1.05 1.21 1.47
relative to BONO

Table 4. Performance comparison of view-independent isosurface extraction.

dataset R-M StandfordBunny 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
Speeduprelative # 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 presenteda novel POT datastructureto acceleratethe iso-
surfaceextractionwith spatial�ltering. It is asymptoticallyoptimal
in termsof spaceandsearchtime. The setof active cells for an iso-
valuenaturally form a compactoctreethat allows the active cells to
be�ltered basedon certainspatialcriteriavery quickly. In particular,
we demonstratethe effectivenessof this techniqueby applying it to
view-dependentisosurfaceextractionand4D isocontourslicing. Our
experimentsshow that for view-dependentisosurfaceextraction,our
datastructureperformsconsistentlybetterthanthewidelyusedBONO
structure. For 4D isocontourslicing, our testson the Richtmyer-
Meshkov datasetshow thatPOT enablesvery fastsearchandthatthe
overall algorithmcanperformsimultaneousisocontouringandslicing
in averyef�cient manner.

Becauseof the inherenthierarchicalstructureassociatedwith the
active cells for any isovalue, POT can be usedto improve the per-
formanceof othervisualizationschemessuchasray tracing[18] and
multi-resolutionisosurfacerendering,sincethey alsorely on thehier-
archicalpruningof thedatavolume.
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(a)A normalview of theRichtyer-Meshkov instabilitydataset (b) A closeview of theHeadAneuyrismdataset.
(timestep= 240;isovalue= 190). (isovalue=55)

(a)A normalview of theStanfordterra-cottabunny. (b) A topview of theMRbraindata.
(isovalue= 1750) (isovalue= 1750)

Fig. 8. Views of the data set used.

(a) Isovalue:100;Cuttinghyperplane:X = 500. (b) Isovalue:100;Cuttinghyperplane:Z = 650.

Fig. 9. Slices of 4D isocontours.


