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Figure 1: Buddhasof increasinggenus. First, the two handlesformed by the arms are created, then one on the bottom and, nally,

two on the sides.

Abstract

Therearenumerouslgorithmsin graphicsandvisualizatiorwhose
performancés known to decayasthetopologicalcompleity of the
input increases.On the other hand, the standardpipeline for 3D
geometryacquisitionoften produces3D modelsthat aretopologi-
cally morecomplex thantheir realforms. We presenta simpleand
ef cient algorithmthatallows usto simplify thetopologyof aniso-
surfaceby alteringthe valuesof somenumberof voxels. Its utility
andperformancearedemonstratedn several examples,including
signeddistanceunctionsfrom polygonalmodelsandCT scans.
1.3.5 [Computing Methodologies]: Computer Graphics—
ComputationalGeometryandObjectModeling
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1 Intro duction

The performanceof a numberof algorithmsin graphicsand vi-
sualizationis known to decaywith the increaseof the topological
compleity of theinput. Examplesncludework onresamplingand
parametrizatiofi25, 16, 19], geometrycompressiofi3s, 17,2, 27],
texturing [32] and mary others. On the otherhand,the standard
3D geometryreconstructioralgorithmsoften produce3D models
that are topologically much more complex than their real forms.
This is dueto bothinaccurag andnoisegeneratedy the present
3D scanningdevices andthe insensitrenessof the reconstruction
algorithmsto the topologicalstructureof the reconstructeabject.
This paperintroducesa simpleandef cient techniqueallowing to
extracttopologically simpleapproximatasosuracesfrom volume
datasetslt caneitherwork directly with 3D acquisitionmethodsn
which the datais capturedn a volumetricform (like CT or MRI)
or whenavolumetricmodelis oneof the intermediatestageq26].

It canalsobe usedasa componenin a volumetrictopology sim-
pli cation procedurefor polygonalmodelsin a mannersimilar to
[30].

2 Overview of the Algorithm

Our algorithmtakesasinput a volumedatasetwith anisovalueand
anonn@ative integer T specifyingthe desiredgenusof the output
isosurfice. Without ary lossof generality we canassumehatthe

isovalueis equalto zero,the voxelsinsidethe volumeboundedoy

theisosurficeare negative andthe voxels outsidethatvolumeare
positive. We will alsoassumehattheisosurficedoesnotintersect
the boundaryof the volume,i.e. thatthe boundaryvoxels have a

positive value. This assumptiorcaneasilybe enforcedby addinga

“border' of width 1 consistingof voxels of a positive valuearound
theoriginal volume.

Volumedatasetshatappearin practicefrequentlycontaincon-
siderableamountof noise.In particular it is commonthattheiso-
surfacein the input volume consistsof several connecteccompo-
nents,someof themsmallandinsigni cant. In mary casespneis
interestecnly in thelargestconnectecomponentTherefore be-
low wewill concentrat@n avariantof our procedurehatproduces
the outerconnecteccomponenbf the part of isosurficecontained
in thelargestconnectedomponenof theunionof all negative vox-
els. An alternatve variantof the algorithm(treatingthe sumof the
connecteccomponentountandthe geniof all connecteccompo-
nentsof theisosurhiceasa measuref topologicalcompleity and
providing theuserwith controlover this quantityfor theoutputsur
face)is brie y discssedn Section7. We will proceedn vestages:

1. Cleanup. Thelargestconnecte@omponenbf theunionof neg-
ative voxels is computed. The valuesof all of the negative
voxelsthatdonotbelongto it arechangedo anarbitrarypos-



Figure2: Top: snapshot®f the carving procesgwith just oneresolutionlevel) for the bonsaidataset.Bottom: the isosurficeextracted
usingour algorithm(left, genus0, obtainedusingno topology-alteringzoxel removals) andthe largestconnectedcomponenbf the original

isosurbice(right, genus463).

itive number After this operation,the union of all negative
voxelsis connected.

2. DistanceFunction Approximation. The valuesof the voxels
outsidethe isosurficearealteredsothatthey arecloseto the
distanceto the isosurfice. This is donein a way preserving
the geometryof theisosurfice,i.e. sothattheisosurficesin
theoriginal andalteredvolumesarethe same.

3. Topology-Sensitve Carving. An operationthat removes a
boundaryvoxel with a positive value while preservingthe
topology (more precisely:homotopy type)is performediter-
atively, startingfrom a boundingbox of theisosurficethatis
aunion of voxels. If no topology-preservindgpoundaryvoxel
removal operationis possible a topology-alteringoneis exe-
cuted. The total numberof topology-alteringoperationscan
be at mostT. Thus, the procedureterminateseither when
all positive voxels have beenremoved or whenno topology-

ationspracticallygivesthe userprecisecontroloverthegenus
of the outputisosurfice. To make the boundaryof the caned
setcloseto the original isosurfice(in particular openlarge
handlesbeforesmallones)we applythe greedyheuristic:the
voxelsareremovedin the orderof decreasingalue(i.e. ap-
proximatedistanceto theisosuraice). Snapshotef the carv-
ing processreshavn in Figure2. Figurel shovsisosurfices
obtainedfrom the signeddistanceeld of the Buddhamodel
for T = 0;1;2;3;4 and>5.

4. Volume Update. The positive voxelsin the setconstructedn

the previous steparemadenegative.

5. Isosurfacing. A variantof the Marching Cubesalgorithmthat

producesnisosuriceboundinga volumeof thesamehomo-
topy typeastheunionof negative voxels[4, 20] is applied.

preservingoperationis possibleand T topology-alteringop-
erationshave alreadybeenexecuted. In Section6 we will
seethatthe numberof topology-alteringvoxel removal oper

Our procedurecan be made considerablymore ef cient by
adoptinga multiresolutionapproach. After the distancefunction
approximationstage,a pyramid representationf the volume (see



[5]) is built basednthe minimum' Iter , whichcomputeshemin-
imumof voxel valuesina2 2 2block. Thecarvingstageg(with-
out topology-alteringvoxel removals) of our algorithmis rst per
formedon the lowestresolution. Then, the resolutionis increased
by subdviding the voxels and the carving algorithm s restarted.
This processis repeateduntil the original resolutionis reached.
All theremainingstagesof the algorithm,including the topology-
alteringvoxel removal operationsarerunontheoriginalresolution.

3 Related Work

Ouralgorithmis relatecto anumberof resultsconcerningopology
simpli cation, level setmethodsyeconstructiorfrom point clouds
andtheissueof computingandrepresentingopologicalfeaturesn
3D data.

3.1 Topology Simpli cation

The problemof simplifying the topology of 3D surfaceshasbeen
studiedby a numberof researchers.A three-dimensionahole-
ling algorithmvery similar in spirit to oursis discussedn [1].
However, it is limited to binaryvolumeswhile our approactoffers
sub-woxel accurag of the outputsurface.We alsoprovide a simple
way of specifyingthe desiredgenusof the outputandan ef cient
multiresolutionimplementation.

Thealgorithmof [37] aimsto achieve the samegoalasours: to
simplify thetopologyof anisosurficeby introducingsmallandlo-
cal changego the volume. However, in contrastto our approach,
it explicitly analyzesthe topology of the input isosuraice based
on its ReebGraph. For eachsmall handle,an associatechon-
separatindoop in the isosurficeis found andthe valuesof voxels
locatedalongits spanningliskarechangedothatthehandledisap-
pears.Sincewe donotexplicity nd andannihilatenon-separating
loopsin the isosurfice,our algorithmis more ef cient for highly
complex datasets. For example, the bonsaidatasetof resolution
256 256 256shavnin Figure2 took 73 secondgo proceson
an 850MHz P3 machine(togetherwith the isosurfice extraction
phase),while [37] reportsthe running time of 2:8 minutesfor a
brain datasebdf resolution125 255 255andwith anisosurfice
of a comparableiopologicalcompleity (on a dual P4 machine).
Our algorithmis alsosigni cantly simpler

The work [18] discusses procedurefor removing topological
noise(i.e. smallhandles¥rom triangulated3D surfaceshasecdn a
principlesimilarto [37]. First,smallloopsontheinput surfacethat
arenot contractiblearefound. Then,the surfaceis cut alongthese
loopsandtheresultingboundaryloopsare lled with triangulated
topologicaldisks.

An algorithmthatsimpli es thetopologyaswell asthegeometry
of asurfaceby rolling asphereoverit and lling uptheregionsthat
arenotaccessibléo it is proposedn [12]. The methodis reported
to work very well with CAD models. Our approachis different
in thatit performssolely topologicalsimpli cation, attemptingto
minimizethechanges$o geometry In particular our methodwould
not Il cavitiesthataremerelygeometrideaturef theisosurace.

A way to incorporateboth preseration andcontrolledsimpli -
cationof topologyof isosurficesinto a geometricvolumesimpli -
cationprocedureas describedn [13]. The multiresolutionvariant
of the algorithmdiscussedn this papercanbe viewed asa super
positionof simpli cation (building a pyramid representationand
a topology-preservinge nement operations(supersamplingand
carving). However, our goalis to simplify the topologyof aniso-
surfacewhile attemptingto presere its geometryasfaithfully as
possible.lt is not clearhow the algorithmof [13] canbe usedfor
thistaskin anequallystraighforvardway.

3.2 Level Set Metho ds

A methodto ensurepreseration of topologyin deformablemod-
elsis describedn a seriesof paperg20, 21]. It canalsobe used
to extracttopologically simpleisosurfices,but its relianceon de-
formablemodelsmalesit signi cantly harderto codeandlessef -
cient.

The level-set—basedurfacereconstructioralgorithmwith hole
lling capabilitydescribedn [39] also bearssomesimilaritiesto
ourapproachlt presents& methodof reconstructing surfacefrom
anarbitrary 3D set. It useslevel setmethodto nd a surfacethat
is minimal with respectio an objective function de ned usingthe
distancefrom theinput set(essentiallythe LP normof the sidtance
restrictedto thesurface).Thecarvingstageof ouralgorithmcanbe
thoughtof asa greedyapproacho a similar optimizationproblem:
to supplemena voxel setwith morevoxelsthatareascloseto it as

possiblein away thatreducests topologicalcomplexity.

3.3 Reconstruction from Point Clouds

The paperg[10, 14, 15] restatethe problemof reconstructing3D
modelsfrom unoganizedpointsusingthe terminologyof dynam-
ical systemswhich alsoappliesto our approach.Settingsmooth-
nessanddiscretizationssuesaside the carvingstageof our algo-
rith is similar to computingthe global attractorof the gradientvec-
tor eld de ned by the distancefunction from theisosuraice. The
topology-alteringoperationsgre,in turn,analogouso thereduction
operationsy pairingandcancellatiorasdescribedn [14].

3.4 Computing and Representing Topology

The papergq31, 6, 34, 36] presentef cient algorithmsfor analyz-
ing the topologicalstructureof the level sets. In [11], the authors
considerthe topology simpli cation problemin the context of al-

phashapesWe feel thatthe techniquesntroducedn thesepapers
canhelp provide guaranteedontrol over the topology of the out-

put surfaceof our schemeaswell as more preciselydescribeits

topologicalproperties.

4 The Basic Algorithm

In this sectionwe describethe ve basicstepsof our algorithm,
leaving thediscussiorof themultiresolutionmplementatiorior the
next section.

4.1 Cleanup

In mary casesgspeciallyfor commonCT scansthe union of the
negative voxelsin theinput volumecontainssmallconnectedom-
ponentgdueto noise. Suchcomponentsnight alsoappeamssam-
pling artifactsin distance elds. The purposeof this stageis to
remove theseconnectecomponents.

First, we labelall the connecteccomponentsandcomputetheir
sizes(in our casethe numbersof voxels, but othersize measures
canalsobe used)usingthe depth- rst searchalgorithm[8]. Then,
all valuesof the negative voxels outsideof the largestconnected
componentrealteredto arbitrarypositive values.

4.2 Distance Function Approximation

The distancefunction approximationstepin uences the orderin

whichthevoxelsareremovedin the carvingphasemakingit close
to the orderingwith respectto decreasinglistancefrom the iso-
surface. This allows usto avoid the topologicallocks discussedn

Section7 andkeepsthe distancebetweenthe exactisosurficeand
its approximatiorproducecby our algorithmsmall.
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Figure 3: Doesthe removal of the red voxel changethe topology
(of the setA formedby red andblack voxels)? The setl(A;V) is
shawn in blue. In the caseshowvn on the left, the setdV nl(A;V)
is empty(haszeroconnectedomponents)Thereforetheremoval
of V changeghe topology In the caseshovn in the middle, both
1(A;V) andadV nl(A;V) have oneconnectedcomponenandthere-
fore thereis no topology change. Finally, for the con guration

shavn ontheright, thesetl (A; V) hasthreeconnectedomponents.

Thereforetheremoval of V inducesatopologychange.

Thevaluesof the positive samplesaway from theisosuraiceare
alteredsothatthey increasaogethemith thedistancerom theiso-
surface.ln orderto preseretheoriginalgeometryof theisosurfice,
we do not changevaluesof the positive sampleghat are adjacent
to a negative sample.We rst computethe maximumvalueM of
a positive sampleconnectedo a negative sampleby a grid edge.
Then,we computethedistanced(V) of eachsamplev from theset
of negative samples.Our implementatiorusesthe Manhattandis-
tanceratherthanthe Euclideandistancefor ef ciency (clearly, fast
marching-basedistancealgorithmof [33] canbeusednstead) Fi-
nally, the value of eachpositive samplethatis not connectedy a
grid edgeto a negative sampleis changedo M + d(V).

4.3 Carving

We startfrom a boundingbox A of the outputisosurficethatis a
union of voxels. The orderin which the voxels are caned out of
A is governedby a priority queue,initialized to hold all positve
voxels on the boundaryof A andorderedby the voxel values.The
following loop (L) formsthebasisof our procedure.

1. Extractavoxel from thepriority queue

2. If the removal of that voxel (call it V) would not changethe
topology:

2a. RemareV from A

2b. Insertall positive voxelsthatbelongto A andareneigh-
borsofV into thepriority queueunlesghey arealready
queued

3. If thequeueis notempty goto 1.

Thetestfor topologychangen step2 is basedn countingcon-
nectedcomponentf the intersectionof the boundaryof V (de-
notedby dV) andthesetA with voxel V removed (i.e. theunionof
all voxelsin A exceptfor V). If boththatintersectionwhichwe de-
noteby I(V;A)) andits complementn aV, i.e. dV nl(V;A), each
have exactly oneconnectedomponentthe voxel removal doesnot
changethe topology (for anillustrationin the 2D case seeFigure
3). Otherwise,it does. Clearly, this testcanbe completedn con-
stanttime. In practice performingit of ine for all possiblecon g-
urationsof a voxel's neighborsand storingthe resultsin a lookup
tableleadsto considerablesavings of computationatime. Since
eachvoxel has26 neighborsandeachof themcanbein two pos-
sible states(in A or not), thereare 226 con gurations. Thus,the
lookup table requires2?® bits or 8MB of memory Clearly, it is
possibleto reducethe numberof con gurationsandthereforealso
thesizeof thelookuptableby exploiting symmetry but it doesnot
appeato beworthwhilein practice.
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Figure4: Threetopology-preservingoxel removalsfrom a 2D two
by two square.Eachrow shows a deformationof the setprior the
removal ontothe setresultingfrom theremoval.

Our topology preseration testfor a voxel removal operationis
equivalentto verifying the contractibility of 1(V;A). A topolog-
ical spaceX is contractibleif andonly if it canbe continuously
deformedto a point within itself, i.e. if thereexists a continuous
family of continuousmappings : X! X with t 2 [0; 1] suchthat
F, istheidentityandF,; is aconstantnap. Anothertopologicalcon-
ceptcloselyrelatedto this procedures thatof strong deformation
retract A topologicalspaceY X is a strongdeformationretract
of X if X canbe deformed(collapsed)continuouslyinto Y with-
outmoving thepointsof Y, i.e. if thereexist acontinuousamily of
maps(calledadeformationH; : X! X suchthateachH; restricted
toY is theidentity, H, is theidentity on X andtheimageof H, is
equalto Y. In fact, the setgeneratedy the loop (L) describedat
the beginning of this sectionis a strongdeformationretractof the
boundingbox thatit startedwith. Theloop (L) canbe viewed as
a constructionof the deformationof oneontothe other(Figure4).
Sincethe boundingbox is contractibleandary strongdeformation
retractof ascontractiblesetis known to be contractiblg23], the -
nal setis alsocontractible In particular it hasno voidsor handles.

The procedureas describedthus far always producesa con-
tractible voxel setcontainingall the negative voxels. In orderto
give the usercontrol over the topology of the output, we allow a
userprescribechumberof voxel removalsthatdo changehetopol-
ogy. A topology-alteringzoxel removal canbe executedwhenever
thepriority queuebecome&mptyandA still containgpositive vox-
els. Theremovedvoxel is choserasthe boundaryoxel in A of the
largestvalueor, equivalently the onein A thathasa positive value
andfailedthetopologypreserationtest(line 2) attheearliestime
during the carving phase. In particular this choice causedarge
handlesof the setrepresentedby the negative voxelsto be opened
beforethe small ones(seeFigure 1). Ourimplementatiorsimply
keepsall voxelsthatfailedthetestin a FIFO queueandsearche#
for the rst voxelthathasnotbeerremovedyet. After thetopology-
alteringvoxel removal is performed all neighborsof the removed
voxel thatbelongto A areinsertedinto the priority queueandthe
loop (L) is restarted.The whole processds iterateduntil thereare
no positive voxelsin A or until T topology-alteringvoxel removal
operationshave beenperformedandno topology-preservingoxel
removal operationis possible.

Clearly, thetotal runningtime of the distancefunction approxi-
mationandcarvingstagess O(nlogn), wheren is the numberof
voxelsin theboundingbox.



Figure5: Exampleentryin thelookuptableof [4]. Samplef pos-
itive valueareshavn in blueandthe negative samples in red. The
yellow spheresireputatthe midpointsof edgegoining samplesf
differentsigns. Thetrianglesthatarestoredin thelookuptableare
shawvn in green.

4.4 Volume Update

This partof the procedurdorcesthe signsof the voxelsto be con-
sistentwith the set caned in the previous step (positive outside
andnegative inside). Sinceno negative voxels are outsideA, this
amountgo changinghevaluesof all positive voxelsthatareinside
Ato negative values.

45 |sosurface Extraction

Sofar our algorithmshave concentratedn voxel sets while virtu-
ally ary realapplicationrequiressub-woxel accurag in the output.
Theisosurfcingalgorithmthatis to work with our schemeneedso
beableto transferthetopologyfrom thevoxel setconsistingof neg-
ative voxelsto thevolumeboundedy theisosurfice. Thestandard
algorithmintroducedn theclassicabaper{28] would notwork for
thistask: a simplecountergamplecanbe obtainedby placingney-
ative valuesat two oppositecornersof a grid cubeandmakingall
the othersamplegositive. The volumeboundedby theisosurbice
extractedbasedon the [28] is disconnectedvhile the voxel setde-
ned by the negative valuevoxelsis connected However, for the
three-dimensionalariantof the schemeof [4], theisosurficeturns
outto beconnectedln generalpnecanprove thatits insidealways
hasthe samehomotoyy type (see[23] for the de nitions) asthe
unionof all negative voxels. The overall schemeof their algorithm
is the sameasthatof [28]: the verticesof theisosurficearepoints
onthegrid edgegoining samplef differentsigns.Theirlocations
arecomputedassuminghatthevaluevarieslinearly overtheedge.
The verticeswithin a singlegrid cubearethenjoined by triangles
usingtheinformationstoredin alookuptable. Thelookuptableis
indexed by all possiblecon gurationsof positive andnegative val-
uesattheverticesof agrid cube.In [4], it is built asfollows. LetH
bethecorvex hull of thesetof pointsconsistingof all of the cubes
verticesof negative valueandall centersof edgegoining vertices
having valuesof differentsigns.All trianglesof H thatarenotcon-
tainedin theboundaryof thegrid cubeareputinto thelookuptable
(Figure5).

5 Multiresolution Implementation

The idea of image pyramids[5] allows us to considerablyspeed
up our algorithm. We usesubsamplingo reducethe resolutionof

thevolumeafterthedistancdunctionapproximatiorstage We use
the minimum function asthe subsamplinglter. Thus, we group
thevoxelsin 2 2 2 blocks and form the subsampled/olume

Figure8: A closeupof ahandlein thedragonrmodel.Ontheleft, we
shaw aview throughthehandleof theoriginalisosurfice. Theother
two imagesshav a similar view of two genuszero approximate
isosurbcesextractedusingour method(singleresolutionvariantin
the centerand multiresolutionvariantwith 3 resolutionlevels on
theright).

from the minimum valuesof voxels within eachof the blocks. In
particular thismeanghatthevoxelsin thelowerresolutionvolume
correspondindo blockswhich have at leastone negative voxel of
thehigherresolutionvolumewill be negative, andthereforespared
in the carvingphase.Theloop (L) describedn Section4.3is then
run on the subsampledolume. Whenit terminatesthe resolution
is increasedy replacingeachvoxel with the correspondingight
voxels of the original dataset. The carving stageas describedn
Section4.3 is then executedwith the priority queueinitialized to
hold all positive boundaryvoxels. Finally, the volumeupdateand
isosurficingstagesareperformed(on the original resolution).

Clearly, the ideadescribedabore canalsowork for morethan
two levelsof resolutionJeadingto additionalspeedugor largevol-
umes. Our runningtime measurementshav thatthe multiresolu-
tion implementationis anorderof magnitudefasterthananimple-
mentationof the basicalgorithm. Figure 6 shavs imagesof the
voxel setscarvedby our algorithmon consecutie levels of resolu-
tion for the signeddistancefunctionfrom the Buddhamodel.

Letusnotethatthespeedupnaycomeata priceof lower quality

of the outputmeshin the areaswherethe volume hasbeenmodi-
ed. Thisis becausdghe multiresolutionapproachdistortsthe or-
deringof thevoxel removal operationdy their value(approximate
distancefrom the input isosurfice). This is not an importantis-
suewhenthe handlego be remosed aresmall, sincethe changeto
the original volumeis con ned to their small neighborhood.For
large handlesthe multiresolutionvariantproducesesultsthat ap-
pearmoreirregularthanthe single-resolutioralgorithm. However,
the two surfacesalwaystendto stay closeto eachother For ex-
ample theHausdorf distancemeasuredisingthe MESH tool [3])
betweergenuszeroreconstructionsf the Dragonmodelobtained
usingthesingleresolutionvariantof ouralgorithmandamultireso-
lution variantwith 3 levelsis equalto about6:5 timesthelengthof
edgesof thegrid, while thedistancefrom bothof thereconstructed
modelsto the original isosurficeare aboutthreetimesmore. For
genusl reconstructionfor thesamemodel,theHausdorf distance
betweerary of thetwo reconstructionandtheoriginal turnsoutto
be lessthanthe edgelengthof the grid. We have obsened similar
resultsfor othermodels. Figure 8 shavs closeupsof reconstruc-
tions obtainedusing singleresolutionand multiresolutionvariants
of ouralgorithmin theareainsidethelargesthandleof theoriginal
isosurfice. genuszeroreconstructiorof the dragonmodel. When
removing large handlesandthe quality of the outputsurfacein the
areasvherethevolumeis alteredis of importancepnecanusesur
facesmoothingalgorithmsto improve the smootnessf the output
isosurhiceobtainedeitherusingthe singleresolutionor multireso-
lution variantof thealgorithm.



Figure 6: Volumesof increasingresolutionsproducedby the multiresolutionalgorithmfor the signeddistancefunction from the Buddha

model. Thelastpictureshows the outputisosurfice(genusD).

Figure7: Isosurhcesobtainedusingour procedureThedragonhasgenusl (andwasobtainedwith T = 1), brainandblade- genu) (T = 0).

dataset size runningtime (seconds)
Buddhal 215 214 516 102
Buddha2 181 181 434 58
Dragonl 365 233 516 160
Dragon2 307 196 434 101
Bladel 239 306 516 151
Blade2 206 263 444 100
Bonsai(CT scan) | 256 256 256 73
Brain (CT scan) | 256 256 167 70
Skull (CTscan) | 256 256 68 20
Engine(CTscan) | 256 256 110 43

Table 1: Runningtimes (on an 850MHz P3 system)for the test
datasets.

6 Experimental Results

We have testedour algorithmfor several signeddistancefunctions
from well known polygonalvolumesandCT scans.

The informationaboutthe testdatasetandthe runningtime of
our procedurds givenin Tablel1. We do not shov thedependence
of the runningtime on the numberof topology-alteringvoxel re-
movals sinceit is a matterof only a fraction of a secondor all the
testcases.

Figure7 shavs examplesof isosurficesobtainedusingour pro-
cedure.In spiteof lack of theoreticalguarantegseeSection7), for
all ourtestdatasetgenusof the outputexhibits the samebehaior:

it is equalto the userspeci ed numberT of topologyalteringop-
erations,until it reacheghe rst Betti number(i.e. the numberof
through-holespf the largestconnecteccomponenbf the union of
all negative voxelsin theinputvolume.

7 Discussion

We introduceda simple and ef cient algorithm algorithmfor ex-

tracting topologically simple isosurfcesfrom regularly sampled
volumedata. Experimentshow thatour methodprovidesthe user
with precisecontroloverthegenusof theextractedsosuriice.Such
controlis particularlydesirablewhenthe true topologyof theiso-

surfaceto be extractedis known a priori. In suchcasespur algo-
rithm canbe usedto Iter outthe topologicalnoisepresentin the
isosurfice.

We have concentratedn a variantof thealgorithmthatcanonly
producea connectedsosurfice.Alternatively, the cleanupstepcan
be givenup. This allows oneto constructisosurbicesapproximat-
ing theunionof all outercomponentsf theinputisosurace.In this
casetheparametefl i.e. thenumberof allowedtopology-altering
operationprovidestheusercontroloverthetopolagical compleity
of theoutputisosurfice. Thetopologicalcomplexity of a (possibly
disconnected3urfaceis computecby summingthegeniof all con-
nectedcomponentsindthe numberof connectecomponents.

Even thoughour algorithm is so well behaed in practice, it
seemdo have few provable properties. We can certainly guaran-
teethatif no topology-preservingperationsare performedthen
the outputisosurbcehasgenuszero (seeSection4.3). However,



Figure9: Thehousewith two rooms.It de nestwo ‘rooms'R, and
R,. Inorderto enterR, onehasto walk throughthecorridorthrough
the otherroom, startingwith the "door' E;. The houseconsistsof
the walls of the two roomswith the corridors' entrancesindexits
removed, the corridors' boundariesandthe two rectangulawalls
connectingeachof the corridorsto the outerwall.

if theinputisosurficeis connectecandhasgenuszero,the output
isosurcedoesnot have to be the sameasthe input surface. An
examplecanbe constructedisingoneof thewell-known subset®f
the 3D spacethatareretractsof R® but arenot collapsible e.g. the
duncehat[38] or the housewith two rooms[7, Sectionl.2], brie y
describedn Figure9. Considera housewith two roomshbuilt of
smallvoxels. Selectits contractible dense'subsebf voxels A (i.e.
suchthatevery cubeintersectingthe Househasa cubeof A close
to it). For example, A can be a maximal voxel tree of this sub-
setof voxels. By a voxel treewe meana setof voxels for which
the graphhaving the voxels asits nodesandwith edgegoining the
nodescorrespondingdo intersectingvoxelsis atree. Let the voxel
valuesin this setbe negative andthe valuesof all the othervoxels
be positive. Thealgorithmwill startby computingtheapproximate
distancefrom the negative voxels, which is roughly equalto the
distancérom the Houseitself. Thereforeduringthe carvingstage,
our algorithmwill be carvingthe House. Whenthe setbecomes
one voxel wide, the algorithmwill fail to nd a voxel whosere-
moval preseresthetopologyandwill terminate.The nal setwill
resemblethe Houseandwill be differentfrom the tree consisting
of neggative voxels. We have not obsened ary topologicallocksas
describedabove for ary of ourtestdatasets.

In future, we are planningto investigate waysto minimize the
changeso thevolume(e.g.thenumberof voxelswhosevaluesare
alteredin the volumeupdatestage)neededo obtainanisosurfice
of prescribedopology An approachthat appeargpromisingis to
combinetheresultsof our algorithmanda variationthatgrows the
voxel setfrom a seedvoxel insidetheisosurficeinsteadof carving
it from its boundingbox. The growing approactwould work better
for removing thin andlong handlesfor which it may be morenat-
ural to cutthem. We arealsoplanningto modify our algorithmso
thatit worksfor partially de ned volumedatasetsik e thoseconsid-
eredin [9]. Eventhoughourprocedurgequiresvolumetraversalin
anonmemorycoherenivay, it is possibleto implementit usingan
adaptve octtreerepresentatioratherthanafull volumepyramidas
describedn this paper Therefore we hopethatit will be effective
for large volumedatasetaiswell.
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