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Abstract

Active contour and surfacemodels,also knownas de-
formable models,constitutea class of powerful segmen-
tation techniques. Geometricdeformablemodelsimple-
mentedvia level-setmethodshave advantayes over para-
metric onesdueto their intrinsic behavior parameteriza-
tion independenceand easeof implementation.However,
a long claimedadvantaye of geometricdeformablamodels
—the ability to automaticallyhandletopology changes—
turnsoutto be a liability in applicationswhele the objects
to be sgmentedchavea knowntopolagy that mustbe pre-
served. In this paper we presenta geometricdeformable
modelthat preservedopology usingthe simplepoint con-
ceptfrom digital topolagy. This algorithm maintainsthe
other advantayes of standad geometricdeformablemod-
els including sub-pixelaccuracy and production of non-
intersectingcurves(or surfaces). Several experimentson
simulatedand real data are provided to demonstate the
performanceof the proposedalgorithm.

1. Intr oduction

Active contour and surface models, also called de-
formablemodels,arecurvesor surfaceshatdeformwithin
two-dimensionaf2D) or three-dimensiondBD) digital im-
ageaundertheinfluenceof bothinternalandexternalforces
anduserdefinedconstraints.Ever sincetheir introduction
by Kasset al. [1], thesealgorithmshave beenat the heart
of one of the mostactive and successfutesearchareasin
edgedetection,imagesementation,shapemodeling,and
visualtracking. Deformablemodelsareclassifiedaseither
parametricactive contours(cf., [1-3]) or geometricactive
contours(cf., [4-8]) accordingto their representatiomnd
implementation. In particular parametricactive contours
arerepresenteaxplicitly as parameterizeaturves or sur
facesin a Lagrangianformulation. Geometricactive con-
tours,onthe otherhand,arerepresentedmplicitly aslevel
setsof higherdimensionalevel setfunctionswhich evolve

accordingo anEulerianformulation[9].

Parametricdeformablemodels(PDMs) arethe older of
two formulationsand have beenusedextensiely in mary
applicationgse€[10], for example).Geometriadeformable
models(GDMs)wereintroducedmorerecentlyby Caselles
etal. [4] andby Malladi et al. [5], andhave severaladwan-
tages.First, they arecompletelyintrinsic andindependent
of theparameterizatioof theevolving contour Thus,there
is no needto addor remove nodesfrom theinitial parame-
terizationor adjustthespacingof thenodes.Secondthein-
trinsic geometricpropertiesof the contour(e.g.,curvature)
canbeeasilydeterminedrom thelevel setfunction. Third,
thepropagatingontourcanautomaticallychangeopology
(e.g.,memeor split) without requiringan elaboratanecha-
nismto handlesuchchangesFinally, theresultingcurvesor
surfacesdo not containself-intersectionsyhich are costly
to preventin parametricdeformablenodels.

Thereare someapplicationsin which the topology of
the soughtobjectis known, andthe resultingdeformable
modelshouldconformto thistopology For example,in the
analysisof 3D brainimagest is desirablehatareconstruc-
tion of the cortical surfacehave a topologythatis consis-
tent with brain anatomy[11,12]. Recently in fact, there
have beensereral methodsreportedto correctthe topol-
ogy of acorticalsggmentatioraftertheinitial (topologically
wrong) segmentation[13, 14]. To enforcea given topol-
ogy during evolution of the deformablemodel, paramet-
ric deformablenodelshave alwaysbeenusedbecauseheir
topologyis explicitly maintainedn the Lagrangiarformu-
lation. Self-intersectionganbecomea problem,however,
as simple curves and surfacesare generallyrequired,and
the computationalemandgelatedto self-intersectiorde-
tectionarevery high [12]. Geometricdeformablemodels
preventself-intersectionbut therehasbeenno mechanism
prior to this paperto preventtopologicalchangesluringge-
ometriccurve/surficeevolution.

Clearly, thereis a needfor geometricdeformablemod-
elsthat enforcea topologicalconstraint. In this paper we
developsuchatopologypreservingnechanisnfor geomet-
ric deformablenodelsthatguaranteethatthefinal curveor



surfacehasexactlythesameopologyastheinitial one.The
topologypreserationis achieredby maintainingthetopol-
ogy of the digital objectenclosedby the implicit contour
for which we malke useof the simplepoint criterion from
digital topology[15,16]. We notethatour approachmain-
tainsthe sub-pixel interpolationpropertyof geometricde-
formablemodels which sharplycontrastoour methodwith
thetopologypreservingegion growing methodof Mangin
et al. [17]. The topology preservingmechanisnmwe de-
scribecanbeusedwith any existing2D or 3D geometriae-
formablemodel,regardlesf theinternalor externalforce
definition,yieldingalargenew classof topologypreserving
geometricddeformablemodels.

2. Background

In this sectionwe first present briefintroductionto ge-
ometric deformablemodelsand the evolution of level set
functions.We thenintroducesomebasicnotionsaboutdig-
ital topologyandsimple points,conceptghatwill be used
to yield a topology preservingmechanism.We conclude
with a descriptionof isosurficeandisocontouralgorithms,
which mustbe implementectorrectlyin orderto yield an
accurateandtopologicallycorrectrepresentatioof theim-
plicit surfaceor contourextractedafter topologically con-
sistentevolution of its level setfunction.

2.1. Geometric deformable models Geometric de-
formable modelsare basedon the theory of cure evo-
lution and are implementedusing the level set numerical
method[9]. Let! : U — R* beagivenimage,where
U C R?in2DandU C R?in 3D.In geometricdeformable
models.the evolving 2D curvesor 3D surfacesareembed-
dedasthe zerolevel setof a higherdimensionalevel set
function®(z,t) : U x R — R, andpropagatémplicitly
throughthetemporalevolution of ®. By corvention,® isa
signeddistanceunctionto the curvesor surfaceswith neg-
ative valueinsidethecontourandpositive outside.lt canbe
computecefficiently by thefastmarchingmethod(cf., [9]).
The evolution of the level setfunction ® is usuallypre-
scribedby a PDE of thefollowing form (cf., [9]):

¢ = Fpr0p|vq)| + FcurV|V‘I)| + Faav - VO, 1)

whereFyrop, Feury and Fyg, arespeedor force termsthat
canbe spatiallyvarying. Fj,p, iS anexpansionor contrac-
tion speed.F,,. is a partof the speedhatdepend®on the
intrinsicgeometryespecialljthe curvaturex of thecontour
and/orits derivatives. F,q4, is anunderlyingvelocity field
thatpassvely transportshecontour As anexample wecan
chooseFy,;,, to bearegion force (alsoknown asa signed
pressurdorce) R(x), and F,q4, to beagradientvectorflow
forcew(x) [3], andthe evolution equatiorbecomes:

P (z) = wpR(2)|VO|+twik(z)|VO|+wst(z)- VP, (2)

wherewg, w,, andw; arethe weightsfor the respectie
forces. For a 0-1 valuedbinaryimagel, R(x) canbede-
finedtobe R(z) = 2I(z) — 1, sothatR(z) is anexpansion
forceinsidethe objectanda contractiorforceoutside.

The numericalsolution of Eq. (1) can be obtainedby
approximatingthe time derivative by a forward difference
andthe spatialderivativeson theright-handsideby upwind
numericalschemegfor detailssee[9]), which gives:

" () = @™ (2) + AtAD™ (), (3)

whereA® representa discreteapproximatiorto theright-
handsideof Eq. (1), and At is thetime step-size.Then,at
eachtime step(m + 1) At, we updatethevalueof thelevel
setfunction® ateachgrid pointz ((¢, 7) in 2D and(s, 4, k)
in 3D) from its previous value ®™, until corvergenceor
afterauserspecifiednumberof time steps.

In this frameawork, updatingof the level setfunction
is performedon fixedgrid points;thus,no parameterization
of the curvesor surfacesis needediuringthe deformation.
The parametricrepresentatiors only computedafter the
evolution is completedthatis, by takingthe zerolevel set
of thefunction ® atthelasttime step.This steprequiresan
isocontouror isosuracealgorithm.

For efficiengy, the narrow-bandmethodcanbe usedto
updatethe level setfunctiononly ata small setof pointsin
the neighborhoodf the zerolevel setinsteadof at all the
pointsof thecomputationatiomain.This schemehowever,
requiresrecomputingthe level setfunction after a certain
amountof time steps,sincethe zerolevel setmight move
out of theupdatingregion [9].

Anotherissueis that the speedfunction is meaningful
only atthemoving contour i.e., the zerolevel set,andthus
it is sometimesecessaryo “extend” the speedunctionat
the zerolevel setto the entirecomputationalomain. One
extensionmethodcanbe found in [9] which aimsto keep
the level setfunction ® to be a signeddistancefunction
throughoutthe evolution and thus eliminatesthe needfor
re-initialization.

It is well known thatthetopologychangeof the embed-
ded contouris automaticduring the evolution of the level
setfunction ®, which alsomeansthat the topology of the
final contouris unpredictable.

2.2. Digital topology A 2D (resp.3D) digital (i.e. bi-
nary)imageV C Z?2 (resp.Z?) is definedasa square
(resp.cubic) array of lattice points. We follow the con-
ventionaldefinition of n-neighborhoodandn-connectivity
wheren € {4,8} in 2D andn € {6,18,26} for a 3D im-
age.We denotethen-neighborhooaf a pointz by N, (),
and the set comprisingthe neighborhoodf z with z re-
moved by N (z). Thesetof all n-connecteccomponents
of X C V isdenotedy C,,(X).

In orderto avoid a connectvity paradoxdifferentcon-
nectvities, n andn, mustbe usedin a binaryimagecom-
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Figure1: (a) An ambiguousface;(b) and(c) aretwo possible
tilings. (d) An ambiguougube;(e)and(f) aretwo possibldilings.

prisinganobject(foreground).X andabackgroundX. For

example,in 2D, if n is chosento be 4, thenn mustbe 8,

andvice versa.In 3D, (18, 6) and(26, 6) aretwo pairsof

compatibleconnecwities. Following [16], we distinguish
the 6-connectiity associatedvith the 18-connectiity by

6T -connectvity, whichis requiredto correctlycomputethe
topolagical numbes (seebelow). Thefollowing definitions
arefrom [16] and[18], whereM = 8 in 2D and M = 26

in 3D.

Definition 1 (GeodesicNeighborhood) Let X C V and
x € V. Thegeodesicneighborhoodof z with respectto

X of order k is the set N¥(z, X) definedrecussively by:

Nl(z,X) = Ni(z) N X and Nf(z,X) = U{N,(y) N

Ny (z)NX, y € NF1(z,X)}.

Definition 2 (Topological Numbers) Let X C V

and z € V. The topological numbes of the
point z relative to the set X are: Ty(z,X) =

#Cy(Ni(z,X) and Ts(z,X) = #Cs(Ng(z,X) in

2D; and Tg(z,X) = #Co(NE(z,X)), Te+(z,X) =

#Co(N§ (2, X)), Tis(z,X) = #Cis(Ni3(z, X)), and
To(w, X) = #Co6(Nis(z, X)) in 3D, whee # denotes
the cardinality of a set.

Topologicalnumbersare usedto classify the topology
type of a grid point, especiallyfor the characterizatiorof
simplepoints.A pointis simpleif its additionto or removal
from the objectdoesnot changethe topology of eitherthe
objector thebackgroundin otherwords,it doesnotchange
the numberof connectedcomponentspnumberof cavities
and handlesof both the foregroundand the background.
It is provenin [16] thata point z is simpleif andonly if
To(x,X) = 1 andTx(z, X) = 1, where(n, i) is a pair of
compatibleconnectities.

2.3.Isosurface/isocontouralgorithms  In 3D, themarch-
ing cubegMC) algorithmis astandardsosurficealgorithm
that producesa triangulatedsurfacewhoseverticeslie on
theedgef the cubiclattice[19].

As shovnin Fig. 1, thewayin whichanisosurfceinter
sectsa cubeis not alwaysunique,which resultsin the so-
calledambiguougaceandambiguousubecasesThema-
jor differencebetweerdifferentMC algorithmsliesin how
they choosebetweenthe two possibletilings for the am-
biguouscases A well-acceptedriterionis thatthe surface
tiling shouldcorrectlyreflectthetopologyof theisosurace
itself. Underthe assumptiorthatthe embeddindunctionis
denselysampledso thatit is approximatelylinear on each
cube facesaddlepointsandbodysaddlepointscanbeused
to producdsosurbiceghataretopologicallyconsistentvith
the embeddedmplicit surfaceq20]. We notethatthe sad-
dle pointsarethe critical pointsof the embeddingunction
— thatis, the pointswherethefirst orderderivativesof the
functionareall zero.

In this paper we needan isosurficealgorithmthat can
correctly representthe topology of a binary object pre-
scribedby agivendigital connectity. For this purposewe
proposethe useof a connectivityconsistentMC (CCMC)
algorithm. In this algorithm, the coordinatesof surface
intersectionsare still computedthrough linear interpola-
tion, but which surfacetiling to choosedepend®n the pre-
defineddigital connectity. In particular we choosethe
tilings in Figs.1(c) and1(e)for the correspondingmbigu-
ous casesrespectiely if the black points are assumedo
be 18-connectedvhile the white pointsare 6*-connected.
If the black points are assumedo be 26-connectedthen
Figs.1(c) and1(f) shouldbeusedinstead.

The correspondingalgorithmin 2D can be called the
connectivity consistentmarching squaes (CCMS) algo-
rithm. The only ambiguouscasethat needsspecialcare
is an ambiguoussquare(e.g., the front face of the cube
in Fig. 1(a)). The correcttiling shouldseparateahe white
pointswhile connectthe black onesif the black pointsare
8-connectedandvice versa.

3. New Algorithm

Ourtopologypreservingnechanisnexploits the binary
natureof the objectthatis delineateddy the level setfunc-
tion. In this framawork, the topology changesat the zero
level setaredirectly relatedto the signchange®f thelevel
setfunction. A constraintcan then be imposedto keep
thetopologyunchangedavhile theimplicit contoursdeform.
Theresultingdeformablemodelbehaesexactly asthe un-
derlying model except at placeswheretopology changes
canoccur In particular the modelstill deformscontinu-
ously andsub-pixel accurag is maintained.

Assumethattheimplicit contouris embeddedsthezero
level setof alevel setfunction. Thenat a giventime step
eachgrid point is eitherinside or outsidethe contourde-
pendingon the sign of the level setfunction at that point.
We arbitrarily assignpointswith zerodistanceto beinside
thecontour Thetopologyof thedigital objectdefinedto be



insidecanonly changsf theinside/outsidestatusata point
is changedr, equivalently, if thelevel setfunctionchanges
sign at a grid point. Therefore,to presere the topology
of the object,the level setfunction canonly be allowedto
changesign at simple points. This is the principle of the
topology preservingconstraintthat we impose. We now
give adetaileddescriptiorof its implementation.

We follow the narrov bandimplementatiorof geomet-
ric deformablemodelssinceit is computationallyfast. In
thestandardmplementationthelevel setfunction ® is up-
datedat eachiterationusingEq. (3) in thenarrav band,and
is periodicallyrecomputeaverthewholegrid afterseveral
or mary iterations.In ourtopology-preservingnplementa-
tion, it is corvenientto storea binary-valuedindicatorfunc-
tion B, definedon the digital grid, which is 1 where® is
negative or zeroandis 0 otherwise. Our methodreplaces
the computationof Eq. (3) with the following algorithm,
wherethe level setfunction ® attime m + 1 is to be up-
datedfrom its previousvalue®™:

Algorithm 1 (Topology Presewning Update) For each
grid pointz in thenarrav-band:

1. Compute®iemp(z) = ™ (x) + AtAR™(z).

2. If ®yemp(z) hasthe samesign as ™ (x), then set
PmF(g) = Byemp(x) andgo to Step6. Otherwise
continueto Step3.

3. Compute the topological numbers 7, (z, X) and
Tr(z, X), where(n,n) isthechoserdigital connectv-
ity pair, X = {z|B(z) = 1},andX = {z|B(z) = 0}.

4. If thepointis simple—i.e.,T,,(z, X) = Ty(z, X) =
1 —thenset®™+! (z) = ®yemp(z), B(z) = (B(z) +
1) mod2, andgo to Step6. Otherwisecontinueto
Stepb.

5. Pointz is not simple. Do not allow the front to pass
over z by makingsure®™ doesnot changesignat z.
Accordingly, set®™*!(z) = e®™(x), wheree is a
smallpositive number

6. Pickupthenext pointz in thenarrov band,andgo to
Stepl. [

We notethattherecanbe somearbitrarinessn the spe-
cific result of this algorithm dependingon the order in
which the pointsare visited in the narrov band. This sit-
uationis well known in skeletonizingalgorithmswherethe
resultdependsn the orderof simplepoint removal. Cur
rently, we do not have a criterion to prefer one ordering
over anotherone. But we feel that this problemis not as
significantasin skeletonizingsincethe overall motion of
thedeformablemodelis controlledby its speederms.The
simple point criterion only takes placeat locationswhere
topologicalchangesreboundto occurotherwisewhichis
ordinarilyaverysmallportionof theoveralldeformingcon-
tour. In the experimentseportedn the paperwe followed
exactly the sameorderingasin the standardharrov band

implementationwherepointsare orderedby their natural
coordinates.

To acceleratéhe convergencerate, mostgeometricde-
formable models are implementedin a multiscale fash-
ion [5]. The level set function is first constructedand
evolved on a coarsemrid thanthe underlyingimage, then
it is upsampledo afinerresolutionafterit corvergesin the
coarserscale. Usually afirst-order linearinterpolationis
appliedto refinethelevel setfunction. Thisprocedurehow-
ever, mayyield adifferenttopologythanthecoarsesolume.
To be consistentvith our approachthecorrectupsampling
methodis zero-ordeduplication,which copiesthe valueof
apointatthe coarsegrid to all its childrenat thefinergrid.
This preseresthetopologyfrom coarseo fine scales.

After the level setiterationshave corverged,we extract
the final contourusingthe CCMC (or CCMS) algorithm.
In thesealgorithms the surfaceor contourlocationis com-
putedby linearinterpolationof thelevel setfunction,but the
tiling for theambiguousasess selectechasednthecho-
sendigital connecwity pair. If thelevel setfunctionvalue
is exactly zeroatagrid point, it is explicitly adjusteefore
interpolationto preventasingularityin theresultingsurface
meshor contour! Sincewe considerzero-\aluedpointsto
be inside points,i.e., asnegative distancepoints, we seta
zerofunctionvalueto somesmallnegative value,say —e.

4. Experiments

In this sectionwe presenseveralexperimentghatapply
our new topology preservinggeometricdeformablemod-
elsin 2D and 3D. Sincethe new modelscanbe obtained
by imposing the topology preseration constrainton ex-
isting geometricdeformablemodels(GDMs), we will re-
fer to the standad modelswithout topology constraintas
SGDMsandthe correspondindi.e., with the sameset of
speederms)topolagy preservingnodelsasTGDMs. Note
thatin TGDMs, the CCMC or CCMS algorithm mustbe
usedin orderto correctlyextractthefinal curvesor surfaces
fromthelevel setfunction,while the SGDMsrequireastan-
dard isocontouror isosurfice algorithm (preferablyusing
faceandbodysaddlepoints).In thefollowing experiments,
we choose(n, i) = (4, 8) asthe pair of 2D digital connec-
tivitiesand(n,n) = (18,6™) for 3D.

Fig. 2 shavs a 2D examplethatillustratesthe topology
preserationability of a TGDM model. Fig. 2(a)shavs the
originalimage(65 x 140 pixels) consistingof two circular
cells placedside-by-side. The two initial curvesare also
shavn on this figure. Figs. 2(b) and 2(c) showv the loca-
tion of the implicit curves of the SGDM at an intermedi-
ateandthe final stage.Becausef the weakedgebetween
the two cells, the two initial curvesmemgedinto onefinal
curve — anundesirablaesultin this example. Figs. 2(d)

1Thisis oneof severalmajorartifactsthatexist in mostexisting isosur
faceandisocontoursoftwares.
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Figure2: A 2D imageandboundarydetectionusingbothSGDM
andTGDM (seetext for details).
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Figure 3: Segmentationof a hand phantomusing both SGDM
andTGDM (seetext for details).

()

and 2(e) shav the correspondingdeformationswhen the
topologypresenrationconstrainis enforcedandotherwise
the two modelsareidenticalin internaland externalforce
terms). We notethat TGDM keepsthe two curves sepa-
ratedthroughoutthe evolution andalsocorrectlyfinds the
boundaryof eachcell. Fig. 2(f) demonstratethe sub-piel
resolutionof theresult.

Fig. 3 shavs another2D examplein which the same
modelsas in the previous example were appliedto find
the boundaryof a hand-shapeabject. The original im-
age (220 x 190 pixels) andthe initial curve areshavn in
Fig. 3(a). Figs. 3(b) and 3(c) illustrate the deformationof
the SGDM contourat an intermediateand the final stage.
Again,withoutthetopologypreserationconstrainttheini-
tial curve changedopologyandgivestwo separateurves
asthefinal result(the dark outercurve andthe dashedn-
nercunve of Fig. 3(c)). We notethatthetwo middlefingers
in this handbecomeonewith a holein it in the final sey-
mentation.The correspondingleformationsf the TGDM
contourareillustratedin Figs.3(d) and3(e). TGDM keeps
the boundaryof eachfinger separatedand the final con-
tour correctlyreflectsthe shapeof the hand,ascanbe seen
clearlyin thezoomedview of Fig. 3(f).

(d)

Figure4: A 3D phantomandthe segmentationresultsof using
bothSGDMandTGDM andtwo differentinitializations.

(b)

Figure5: (a) Resultof cortical surfacereconstruction(b) Self-
intersectiorfrom PDM, and(c) no intersectiorwith TGDM.

Next, we applied a 3D version of the geometricde-
formablemodelof Eq. (2) to find the boundarysurfaceof
the 3D objectdepictedin Fig. 4(a). The objectis actually
apieceof awhite matter(WM) volumesggmentatiorfrom
a magneticresonancérainimage. Due to datanoise,the
WM piecehasa handlein it, which is the wrong topology
from ananatomicastandpointln fact,wedesireatopology
equialentto thatof a sphere We appliedbothSGDM and
TGDM startingfrom two differentinitializations: a large
spherethat enclosethe whole objectanda smallellipsoid
thatintersectswith the object. A 2D slice shaving the ob-
jectandthetwo initial surfacess shawvn in Fig. 4(b).

Figs. 4(c) and 4(d) are the final surfacesobtainedby
SGDM. The two resultsare the samesincegeometricde-
formablemodelsareinsensitve to initialization. The final
surfacesdhothhave ahandle however, whichis theincorrect
topology With thesphereastheinitialization, TGDM gives
thefinal surfaceshown in Fig. 4(e),andwith the ellipsoid,
it givestheresultshavn in Fig. 4(f). Both surfaceshavethe
correcttopology but the topologyis preseredin a differ-
entway. Thesurfaceobtainedrom thespherdnitialization
yields a thin membranecrosghe tunnelthroughthe orig-
inal object,while the ellipsoidinitialization makesa cutin
thehandle.



Ourfinal experimentappliesSGDM, TGDM, andapara-
metricdeformablesurfacemodelto extractthe centralcor-
tical surfacefrom aninitial fuzzy segmentationof a brain
MRI imagevolume. We usedexactly the sameinitializa-
tion, the sameexternalforcesandsimilar internalforcesfor
the geometricdeformablemodelsasin the parametricone.
Theresultsarepresentedh Fig. 5.

Fig. 5(a)showvsthefinal surfaceextractedfrom the para-
metric model. The SGDM and TGDM surfaceslook very
similar, but on closeexaminationthereare importantdif-
ferences. The parametricmodel result, for example, has
self-intersectiongis shovn in Fig. 5(b), while the TGDM
surfacedoesnot, as showvn in Fig. 5(c). Also, the genus
(numberof handles)of the SGDM resultis 40, while that
of boththe parametrianodelresultandthe TGDM resultis
0. Thus, TGDM produceshoththe correcttopologyanda
valid manifold; henceit is the only modelthatgivesa legal
corticalsurfacereconstruction.

5. Discussionand Conclusion

The example shovn in Fig. 4 points out a weakness
in our overall approactthat shouldbe addresseéh future
work. First, the resultcanclearly dependon theinitializa-
tion in a dramaticway. The two results,onethatfills the
tunnelandtheotherthatbreakghehandle aredramatically
differentwaysto addresshe topologicalpreseration. At
presentwe have no formulation of an optimality criterion
thatwould chooseoneof thesesolutionsovertheother This
is not atypicalin deformablemodels,wherethe particular
initialization very often determineghe exact detailsof the
final solution,but it deseresto beaddressedonetheless.

We note that the topological numbersare computed
locally, which makes the simple point checkingprocess
straightforvardandefficient. As aresult,thetopologycon-
straintdoesnot add much computationaburdenas com-
paredto the standardgeometricdeformablemodels. For
thephantomexperimentsthetime differencebetweerstan-
dardand new geometricmodelsis barely noticeable;and
for the brain cortical surfacereconstructionthe extra time
takenby thetopologyconstraintenforcemenis lessthan7
percenibf thetotal processingime.

In summarywe have developeda classof new geomet-
ric deformablemodelswherethe topology of the implicit
curvesor surfacess preseredthroughouthedeformation.
Thetopologyis presered by checkinga simple point cri-
terion during the level setevolution, which requiresa rel-
atively straightforvard modificationto standardmplemen-
tation of geometricdeformablemodels. Experimentsvere
conductedo shav the succes®sf thenew modelsandillus-
tratetheir potentialapplications.
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