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Abstract. In this pape we presentinew appoachwhichintegratesthe T-Surfacesmodelandisosurbicegenera-
tion method in ageneal framevork for surfacereconstrationin 3D medicalimages.T-Surfacess adefomable
modelbasednatrianguation of theimagedomain adiscretesurfacemocdel andanimagethreshdd. Two typesof
isosurficegererationmethals arecorsidered:the contiruationonesandthe marching ones.Theformeris useful
during thereparaneterizatiorof T-Surfaceswhile the lateris suitableto initialize the modelcloserthe bourdary;,
Specifically in afirst stage the T-Surfaces grid andthe thresholdare usedto definea coaserimageresoldion.
This field is threshdded to geta 0-1 function which is processedby a marcting methodto geneate polygonal
surfaceswvhoseinterior maycontainthedesiredobjeds. If a polygonalsurfaceinvolves morethanoneobject,then
theresoldion is increaedin thatregion andthe marding appliedagain. Next, we apply T-Surfacesto improved
theresult. If the obtainedtopology remairs incorred, we enablethe userto modfy the topolagy by aninterac-
tive methodbasedon the T-Surfacesframework. Finally, we demorstratethe utility of diffusion methodgor our

apprach.

1 Introduction

ParametrieformableModels,whichincludesthepopuar
snake models [7] and defamablesurfaces[10], are well
known techniqesfor boundaryextraction andtrackirg in
2D/3Dimages.

Thesemockls corsist basicallyof an elasticcure (or
surface)which candynamically conform to objed shapes
in responsdo internal (elastic)forcesand externd forces
(imageandconstrain ones).

However, for most of these methals the topdogy
of the structues of interestmust be known in adwarce
sincethe mathenatical mocel cannot dealwith topolog-
cal chargeswithoutaddingextramachnery [10].

Recently Mclnerney and Terzopulos[10] propased
the T-Snales/FSurfacesmodé to addtopolagical capabil-
ities (splits and merges) to a paranetric model. The ba-
sic ideais to embeda discretedefomable model within
the framework of a simplicial domaindecanposition(tri-
angulation) of the image domain. In this framework,
the reparameterizationis basedon the projection of the
curve/surfaceoverthetrianguationandona Characteristic
Function which distinguistesthe grid nodesinterior of the
(closed)curve/sufacefrom the otherones.The setof sim-
plicesin which the Characteristidcunctionchamgesvalue
(Combinatorial Manifold) gives asimpleway to reparane-
terizethemocel.

This reparaneterizationprocessallows to recastruct
surfaceswith significantprotrusionsand objectswith bi-
furcations. Furthemore,that processcandeal easilywith
self-intesectionof thesurfaceduringthemodé evolution.
Also, T-Snales/FSurfacesdepenls on somethreshdd to
definea normal force which is usedto drive the mode to-
wardsthetargets[10].

Basedontheseelementgdiscretesurfacemodd, sim-
plicial decanpositionframework and thresholdl we pro-
posein this pape a semi-autoratic sggmenationapprach
for 3D medicdimageshasenisosuriceextractionmeth-
odsandthe T-Surfacesmodel.

Amongtheisosurbicemethals[13], two typesarecon-
sideredn this paper:cortinuationandmarchirg method.

Continuatian method propagatethesurfacefrom aset
of seedcells. Thekey ideais to usethespatialcoheenceof
theisosuraiceduringits extraction [13, 1].

As we have alreaq stressedn previousworks[4, 5],
contiruationmethod areusefulduring therepaameteriza-
tion andinitialization of T-Surfaceamodelif sometopolagy-
ical andscalerestrictiors for thetargetsaresuppaed.

In this paperwe discardtheserestrictiors. We shav
thatcontinuaion methalsremainsuitablein therepaame-
terizationprocess.However, Marching method shoud be
usedto initialize T-Surfacesclosertheboundary Theseare
thestartingpoints of this work.



Specificallyin afirst stagewe usethe T-Surfacegyrid
to definea coarserimageresolutionby samplingthe im-
agefield overthe grid nodes. The obtainediow resolution
imagefield is threshdéded to get a binary field, which we
call an Object Characteristic Function. This field will be
searchedor the isosurfice gererationmethal. The ob-
tainedresultmay be a rouch appoximation of the target.
However, the surfacesobtdaned arein geneal not smooth
andtopologcal defectslike holesmay happens. Besides,
duetoinhonogeneitieof theimagefield somecommnerts
of the objectsmay be splitedaswell asmeged dueto the
low imageresolutionused.We improve theresultby using
theT-Surfacesmockl.

The grid resolutionis applicdaion dependent. How-
ever, an importart point of our methd is its multireso-
lution/mutigrid nature: having resohed (segmerted) the
imagein a coarser(grid) resolution we candetectregions
wherethegrid hasto berefinedandthenapplythe metha
againonly in theseregions.

For noisyimagesdiffusionmethod canimprove both
the isosurficeextractionandthe T-Surfacesresult. If the
extractedtopdogy remairs incorrect,evenatthefinestres-
olution, we proposean interactive procedure,basedon T-
Surfacedramework, to force meiges/splits. This methal is
anextensionof thatonedescribd in [4].

In the following section,T-Surfacesframework is de-
veloped. In section3 we describeprevious works. Sec-
tions 4,5 discussthe isosuricegeneratio method in the
T-Surfacescontet. In section6 we preseh our method
The experimentalresultsare shavn on section?. Finally,
we compreour methal with relatedones (section8) and
presenfinal conclisions.

2 T-Surfaces

The T-Surfaces apprachis compasedbasically by three
compaents[10]: (1) a tetrahedal deconposition (CF-
Trianguation) of theimagedomain D C %3; (2) a parti-
cle mocel of the defamablesurface; (3) a Characteristic
Function x definedon the grid nodeswhich distinguishs
the interior (Int(S)) from the exterior (Ext(S)) of a sur
faceS:

x:DcCc® = {0,1} 1)

wherey (p) = 1if p € Int(S) andy (p) = 0, otherwise,
wherep is anodeof thegrid.

Following the classicalnomenclature a vertex of a
tetrahedonis calleda node andthecollectionof nodesand
triangle edgesis calledthe grid T';. A tetrahedon (also
calleda simplex) o is atransverse oneif the charactestic
function x in equation(1) changsits valuein o. Analo-
gously for anedge.

In this framawork, the reparaneterizatiorof a surface

is dore by [10]: (1)Taking the intersectios points of the
surfacewith the grid; (2)Find the setof trans\ersetetrahe-
dra(Combinatorial Manifold); (3)For eachtrans\erseedge
chocse an intersectionpoint belondng to it; (4) Connet
thesepointsprogerly.

In this reparanaterizationprocessthetrans\ersesim-
plicesplay a centra role. Givensucha simplex, we choce
in eachtrans\erseedgeanintersectiorpointto geneatethe
new surfacepatch. In genery we will have threeor four
transerseedges in eachtrans\ersetetrahedon (Figure 4).
Theformergivesatrianguar patchandthelaterdefinegwo
triandes. So,attheendof the step(4) we have atriangular
mesh.Eachtriangleis calledatriangular element [10].

As anexamge for 2D, considrthecharactestic func-
tions (x1 andyx-) relative to the two contous picturedin
Figurel. Thefunctiors aredefinedontheverticesof a CF-
triangulation of the plane. The verticesmarked arethose
wheremax {x1,x2} = 1. Obsenre thatthey areenclosed
by a merge of the cortours. This merge canbe approi-
matedby a curve belorging to theregion obtainedby trac-
ing the trans\ersetriandes. The samewould be true for
morethantwo contous (andobviously for only one).

Figure1l: Two snalescolliding with the insidegrid nodes
andsnaxlsmarked

2.1 Discrete Model

A T-Surface,canbe seenasa discreteform of the classi-
cal paraméric defamablesurfaces[10]. It is definedasa
closedelasticmesh.Eachnockis calledanode el ement and
eachpairof nodesv;, v;41 is calledamodel element.

The nodeelementsarelinked by springs,whosenat-
ural lengthwe setto zero. Hence,a tensileforce canbe
definedby:

52 = Z ?z’j Whereﬁij =cC (T,’j) , (2)
J

wherec is ascalefactor Themodelalsohasanornal force
which canbeweigh asfollows[10]:

F; = k (sign;) ng, 3

wheren; is thenormal vectorat nodei, & is a scalefactor
andsign; = +1if I (v;) > T andsign; = —1 othewise
(T is athreslold forimagel). Thisforceis usedto pushthe
mockl towardsimageedgesuntil it is oppcsedby exterral
imageforces.



The forcesgiven in (2)-(3) areinternd forces. The
exterral force is definedas a fundion of the imagedata,
accordng to thefeatueswe seek.Onepossibilityis:

Image :: Force :: ff = —VP; P =|VI|*. (4)

Theevolutionof thesurfaceis governedby thefollow-
ing dynamical system:

t -t
v§t+At) =vi+h; (O_éz>'t + ?z + fi ) ) (5)

whereh; is an evolution step. During the T-Surfacesevo-

lution somegrid nodes becone interior to a Surface Such
nodesarecalledburnt nodes andits identificationis funda-

mentalto updde the charactestic fundion [10]. To deal
with self-intersectios of the surfacethe T-Surfacemodel
incorporatesan entrgoy condition: once a node is burnt

it stays burnt. A terminationcondtion is obtaired based
onthenumker of defamationsstepsthata simplex hasre-

mainedatrans\erseone.

3 Previous Works

Thethreshdd T usedin the norma force (3) playsanim-
portar role in the T-Surfaces model. If it wasnotchosen
properly, the T-Surfaces canbefrozenin aregion far from
thetarget(s)[9, 10].

The choice of T' is morecritical whentwo objectsto
be sgmentedaretoo closelike in Figure2. In this figure
the grid nodes marked arethe oneswhoseimageintensity
falls bellow thethreshdéd 7.

Figure 2: T-Snale andgrid nodes marked.

For T-Surfacesmocel separatetheobjectspictured, it
hasto burn the marked grid nodes. However, the nomal
force givenby expression(3) changests signalnearthese
grid nodes. So,theforce paraméersin expressions(2)-(3)
have to be chosenproperly to adwarce the T-Snhale over
thesegrid noces. However, parametes choiceremainsan
openprodemin snale models[6].

Thegrid resolution contiolstheflexibility of T-Surfaces.

A possibility to addressthis prodemis to usea finer grid
resolution However, this increaseshe computationalcost
of themethod

To addessthetradeoff betweermodelflexibility and
thecompuationalcost,we proposein [4] to getaroughap-

praximationof thetamgetsurfaces by isosurbicegyeneation
methalsandthenapply T-Surfaces.

Specificallyalocal Scale Property for thetargetswas
suppsed: Given an objectO anda point p € O, letr,
be the radiusof a hyperball B, which contairs p andlies
entirely insidethe object. We assumehatr, > 1 for all
p € O andtake theminimumof theseradius(sayr ,;n)-

Thus,we canuser,,;, to redwcetheresolutio of the
imagewithout losing the objectsof interest. This ideais
pictured on Figure 3. In this simple exanple we have a
threshdd which identifiesthe object (7" < 150). In the
Figure3.awe havea CFtrianguationwhosegrid resolution
is 10 x 10, andthefield thresholed.
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Figure3: (a) Original imageand Characteristid=unction.
(b) Bounday appoximatian.

Now, we candefinea simplefundion, calleda Object
Characteristic Function, similar to function (1):

if I(p)<T, (6)

0, otherwise,

x() = 1,
X (p)

wherep is a nodeof the triangulation (grid nodesmarked
onFigure 3.a).

We cando a stepfurther, shovn in Figure3.b, where
we present curve which belorgsto thetrianglesin which
thecharactestic function(marlkednodeschargesits value.
Obsenrethatthis curve appoximateghebourdarywe seek.
Thesecurwes(or surfacesfor 3D) canbe obtaired by iso-
surfaceextractionmethod andcanbe usedto initialize the
T-Surfacesmodel. Thesearethe key ideasof our previous
works[4, 5].

If we take a grid resoldion coaserthenr ,;;,,, theiso-
surfacemetha might splittheobjects.Also, in [4] it is sup-
posedthatthe objectboundariesareclosedandconrected.
Thesetopdogical restrictiors imply thatwe do not needto
searchnsideageneratd conrectedcompaent.

In this paperwe discardthesescaleand topdogical
constraims. Thus,we shouldbe carefu to presere thetar
gettopdogy. An important poirt is themethodusedto gen-
eratethepiecaviselinearappoximations(Figure3.b). This
will bediscussedext.

4 |sosurface Extraction Methods

Isosurfice extraction is one of the most usedtechniques
for the visualizationof volume datasets. Dependiig on



thedatatype (time-varying or stationary andthe datasize,
mary works have beendore to improve the basicmethod
in this area[13]. In this paperwe corsidertwo kinds of
isosuricegeneratio method: themarchirg onesandcon-
tinuationones.

In Marching Cubes,eachsurfacefinding phase visits
all cellsof thevolume, normallyby varying coodinateval-
uesin atriple "for” loop[8]. As eachcell thatintersectghe
isosurficeis found, the necessaryolygon(s)to represent
the pottion of the isosurficewithin the cell is generated
Thereis no attemptto tracethe surfaceinto neigtboring
cells. Spacesubdvision schemeglik e Octreeandk-d-tree)
have beenusedto avoid the compuational costof visiting
cellsthatthe surfacedo notcut[3, 13].

Oncethe T-Surfacegyrid is a CF one,the Tetra-Cube
is a naturd choicefor us[2]. Like in the marchirg cubes,
its searchs linear: eachcell of thevolumeis visitedandits

simpliceq(tetraledror) aresearchedtb find surfacegatches.

Following marchirg cubes, its implemenation usesauxil-
iary structureshbasedon the fact that the topolagy of the
intersectiondetweena planeanda tetrahedon canbe re-
ducedto threebasiccorfiguratiors picturedon Figure4.

Case 0 Case 1 Case 2
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Figure4: Basictypesof intersectios betweera planeand
asimplexin 3D.

Unlike marchng methals,contintationalgoiithmsat-
temptto tracethe surfaceinto neighloring simplices[1].
Thus,givenatrans\ersesimplex, thealgorithm searchegts
neighlorsto contirue the surfacerecorstruction. The key
ideais to geneatethe combinaorial manifold (setof trans-
versesimplices)thatholdstheisosurgce.

Thefollowing definition will beuseful.Let’s suppose
two simplicesoq,01, which have a comman faceandthe
vertices,v € o¢ andv’ € o&; both oppaite the comman
face.Theproces®of obtainv’ fromv is calledpivoting. Let
uspresehthebasiccontiruationalgoiithm [1].

PL Generation Algorithm:

Find a transverse triangle o;
> ={oo}; V (o) = set of vertices of o;
while V (o) # 0 for someo € >
geto € > suchthatV (o) # 0;

getv € V (0);

obtain ¢’ from o by pivoting v into v’
if o' isnot transverse

then drop v fromV (o);
else

ifo’ € > then
dropv fromV (o), v' fromV (o')
ese
2 =2t
V (¢') <= set of verticesof o’;
dropwv fromV (o), v' fromV (o')

Differertly from Tetra-Cibes,oncestartedthe gener
ation of a compment, the algotithm runs until it is com-
pleted. However, the algorithm needsa set of seedsim-
plicesto be ableto gererateall the compamentsof aniso-
surface.Thisis animportantpointwhencompaing contin-
uationandmarchng method.

If we do not have guessesbou seedsgvery simplex
shouldbe visited. Thus,the computationalcompleity of
both methals arethe same(O(V) where N is the num-
berof simplices).However, if we know in advane thatthe
target boundaary is conrectedwe do not needto searchfor
compnentsinsideit. Thus,the comptationalcostis re-
ducedif compaed with Tetra-Cubs. Thatis way we use
contiruationmethalsin [4] to gettheinitial surfaces.

5 Isosurfaces Methods and T-Surfaces

The reparamterizationof T-Surfacesgives the link be-
tween the above isosurfice generatio methals and T-
Surfaces mockel. To explain this, let ustake anObjectChar
acteristicFunctiondefinedin section3.

If we applytetra-cipesor continugion methal to this
field, we get a setof piecavise linear (PL) surfacesthat
involve the structures of interest. From the way the PL
surfacesare generatedeachconrectedcommnent M so
obtaired hasthefollowing properties: (1) Theintersection
o1 N oy of two triandes oy, 09 € Mis empty a comnon
vertex or edge of bothtriangles(2) Anedge r € M iscom-
monto at mosttwo trianges of M; 3) Mis locally finite,
thatis, any compat subsebf %2 meetsonly finitely mary
cellsof M.

A polygonalsurfacewith suchpropertyis calledaPiece-
wise Linear Manifold (PL Manifold). Fromthe repaame-
terizationprocesf section2, we canseethata T-Surface
is alsoaPL Manifold. Thus,theisosurficeextraction meth-
odscanbestraightfowardusedo initialize T-Surfaceswith
the ObjectCharactestic Functionasthe initial Character
istic Function

But, whatkind of isosuricemetha shouldbe used?
Basedon the discussiorof section4 abaut tetra-clpesand
PL geneationwe canconcludethat,if we donothavetopo-
logical and scalerestrictiors (section3), marchirg meth-
odsare more appropiatedto initialize the T-Surfaces. In
this case,it is not worthwhile to attemptto recorstructthe
surface into neigtboring simplicesbecauseall simplices
shouldbevisitedto find surfacepatches.



However, for the T-Surfacesreparaneterization(steps
(1)-(4) of section?2) the situationis different. Now, each
connetedcompmnentis evolved atatime. Thusit is inter
estinga methodwhich genergéesonly the connetedcom-
ponen beingevolved,thatis, the PL Generatioralgorittm.

But, whatabou the seedpoints? Ourimplementation
of T-Surfacesusesa hashwhoseelementsare specifiedoy
Keys compsedby two integers: the first one indicatesa
simplex andthe secondonethe conrectedcompnentthat
cutsthesimplex. Ther is oneentryfor eachsimplex of the
trianguation. This structureis simpleto implement.There
is noadditioral costsof insertionor removal operatimsand
the costof veiifying if atrans\ersetetrahedonis or notin
thehashis O(1).

Letustake anintersection point obtairedin step(1) of
the repaemeterizatiorprocess.If it belong to a simplex
thatis notonthehash(entryNULL), thenit is consultedf
thatsimplex is atrans\erseone.lIf true,thepointis storedn
the hashentryandthe simplex beconesa new seedto find
anothe conneted compmnentthrowgh the PL Generatio
Algorithm (sectiond). Eachsimplex soobtaired becoms
a new entry on the hash. Following this proeedure,when
the queaue of projeded points is emptywe canbe surethat
all the trans\erse simplicesare on the hash. Then the T-
Surfacecompamentscanbeobtairedby traversingthehash
only once.

6 Reconstruction Method

The segmenation/suréce recorstruction methodthat we
proposein this paperis basedon the following steps: (1)
Extractregion basedstatistics;(2) Coarserimageresolu-
tion; (3) Definethe Object Characteristic Function; (4) PL
manifdd extractionby thetetra-cules;(5) If need increase
the resolution Returnto step(3). (6) Apply T-Surfaces
model;(7) Userinteraction if need.

It is importart to highlight that T-Surfacesmodelcan
dealnatually with the self-intersectias that may happen
during the evolution of the surfacesobtainedby step(4).
Thisis animportantadwantag of T-Surfaces.

Among the surfacesextractedin step(4), theremay
be opensurfaceswhich startsandendin the imagefron-
tiers, small surfacescorrespondig to artifactsor noisein
the baclground. The formeris discared by a simple au-
tomaticinspectim. To discardthe later, we needa set of
pre-cefinedfeatureqvolume, surfacearea,etc), andcorre-
spondimg lower bouwnds. For instancefrom thegrid resolu-
tion usedwe cansetthevolume lower bound as8 (Tmin)3-

Besides somepolygonal surfacesmay containmore
than one objed of interest(seeFigure5). Now, we can
useupperboundsfor the features.Theseupper bourdsare
applicationdepemlent(anatanical elemers canbe used)

The surfaceswhoseinteriar have volumeslargerthan

theupperbourd will beprocesseth afinerresolution It is
importantto stresgthatthe upperbourd(s)is notanessen-
tial pointfor themethod It’ sroleis only to avoid expending
time computationin regions were the boundariesenclose
only one object. Whenthe grid resolutionof T-Surfaces
is increasedve just repaameterizethe model through the
finer grid andevolve the correspndingT-Surfaces.

Forinstancejn imagedikein Figure5, theouter scale
correspondig to theseparatio betweertheobjectsmaybe
finer thanthe scaleinside the objectsof interest. Hence,
the coarsestesolution could not separate the objeds. This
happensfor the bottomieft cellson Figure5.a. To correct
thatresultwe increasetheresolutionin thoseregions to ac-
court for moredetails(Figure 5.b). Mathematicamorplol-
ogy operaors couldbeusedalso[12].

However, for imageslike in Figure 5, somemanal
interventionmayberequireal to split the uppe-right cells.

Besidesdueto inhomogendies of theimagefield (sup-
posedgrey level), someobjectsmay be splitedin the step
(4). SometimesJ-Surfacesmodelcannotmergethemagain.

(@) (b)

Figure5: (a) PL manifdds for resolution3 x 3. (b) Result
with the highest(image resolution.

To correcttheseproblens, theusercanmanuallyburn
somegrid nodego forcemergesor splits. Fromtheentrqoy
condtion, thesenodeseman burnt until theendof thepro-
cess. This fundionality canbe implementedby selecting
grid nodeswith apointer(mouse for exarple), throudhim-
plicitly definedsurfaces(seesection?7 bellow), or through
avirtual scalpel.

7 Experimental Results
7.1 User Interaction

Firstly, we will demamstratethe potentialof the userinter-
actionprocedireto forcemeiges.

In this exampe, we have threesphereof intensity50
placedin a 150 x 150 x 150 imagevolume. The spheres
werepreviously extractedby the proposedmethodwith the
following paraneters:grid 5 x 5 x 5, free4ang point= 10,
v = 0.01, k = 1.222; ¢ = 0.750. Every spherehasradius
30 (pixels).



Inthiscasethemergeis forcedthroughanimplicit de-
finedsurfaceplacedbetweerthe spheregFigure 6.a). Grid
nodesinsidethe surfaceareeasilydetectedy its equatio
andthenburnt. During the evolution, the 4 surfaceswill
meige and the final resultis a conrectedsurface (Figure
6.b).

Otherpossibility would be to burn manuallya set of
grid noceslinking the sphees. Theideain this casewould
be that the new set of burnt grid nodesgereratesa con-
nectedcomhbnatorialmanifold.

Now, let us demamstratethe manualsplit. Figure6.c
shavs anexanple wherethestepq1)-(6) wherenotableto
completethe segmentation. The 3D imageis compsedby
2 ellipsoidsof radius 30, 45 and60 andaspherewith radius
30, immeisedin a150 x 150 x 150 noisevolume.

The sggmenation can be competed by userinterac-
tionbasednthefollowing steps:(a) Defineacuttingplane;
(b)Setto zerothe grid nodesbelondng to thetrianglesthat
theplanecutsandthatareinterior tothe T-Surface;(c)Apply
stepg4)-(6) abave. Thegrid nodessetto zerobecone burnt
nodes. Thus, the entrqoy condtion will preventintersec-
tionsof the surfacesgeneated.Hence they will not meige
again.

(© (d)

Figure 6: (a)Orignal objects. (b)Merge throudh the user
interactionmethod (c)Partial result.(d)Final solutionafter
manué cut.

Figure 6.d shaws the final result. The T-Surfacepa-
rametersare: ¢ = 0.65, k = 1.32 andvy = 0.01. The
grid resoldion is 5 x 5 x 5,freezingpoint is setto 15 and
thresholdl" € (120,134) in equatia (3).

7.2 Artery Segmentation

This sectiondemorstratesthe advartagesof applying T-
Surfaces plusisosurbicemethals. Firstly, we segmert an
arteryfrom an80 x 86 x 72 imagevolume obtaine from
the Visible Humanprgect. Thisin aninterestingexampge
becasetheintensitypatterninsidethe arteryis not horo-
geneas.

Figure7: (a) Resultof steps(1)-(4) with grid 3 x 3 x 3.
(b)T-Surfacesevolution (stepl). (c)Soldion for initial grid.
(d)Final solutionfor grid1 x 1 x 1.

Figure7.ashavstheresultof stepg1)-(4) whenusing
T € (28,32) to definethe object characteristidunction
(equation(6)). Thetopolagy extractedis too differentfrom
thatoneof thetarget. However, whenapplying T-Surfaces
thesituationgetsbetter

Figures7.b shavs theresultafterthefirst stepof evo-
lution. The memgesamongcompmentsimprove theresult.
After 4 interactiors of the T-Surfacesalgoithm, thegeome-
try extractedbeconescloserto thatoneof thetarge (Figure
7.0).

However, the topdogy remairs different. A prablem
in this caseis thatthe separatio betweerbrandesof the
arteryis coarserthanthe inner scaleof the objectin some
regions. As a conseqgence the usedgrid resolution do not



allow to competethe sgmentationdueto the prablemdis-
cussedn section3.

Thesolutionis to increaseheresolution In this case,
the correctresultis obtainedonly with the finestgrid res-
olution (1 x 1 x 1). Figure7.d shows the desiredresult
obtainedafter9 interactiors. We alsoobsenre thatnew por
tionsof thebrantheswererecmstructeddueto theincreas-
ing of flexibility given by the new grid to the T-Surfaces.
We shoud emplasizethat an adventageof the multireso-
lution apprachis thatat the lower resolutian, small back-
grownd artifactsbecone lesssignifican relative to the ob-
ject(s)of interest.Besidesijt avoidsthe compuationalcost
of usinga finer grid resolutia to getcloserthe target (see
section3).

The T-Surfaces paramé¢ersarey = 0.01, k = 1.222;
¢ = 0.750. Thetotal numberof evolution is 13. Thenum
ber of triangular elementds 10104 for the highestresolu-
tion andthe clock time of order of 3 minutes(seesection
8).

Sometines, even the finest resolution may not be
enoudn to getthecorrectresult. Figure8.apicturessuchan
exampe. Amongthe proposalto addresshis prodem (re-
lax the threshéd, mathenatical momphology [12], etc), we
testedthe anisotrgic diffusion[11]. This methodenabls
to blur smalldiscontinuties (improving the surfaceextrac-
tion) aswell asto enhae edgeqimproving the T-Surface
result). Apperdix A discusghistechniqie.

Figure 8.bshawvsthecorrectresultobtaine whenpre-
processingheimagewith thatmethodandthenapplysteps

(1)-6).

:\ ‘“5*. /
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Figure 8: (a)Bxample shaving an incorrect result.
(b)Anisotropicdiffusionin a pre-processingphasemprov-
ing final result.

8 Discussion

It is interestingto compare our appoachto that one pro-
posedin [9]. In this appoach, a set of small spherical
T-Snalesis uniformly distributed over the image. These
curves progressiely expard to recover the geonetry of in-
terest.The samecanbedore for 3D.

Our apprach can be viewed as an improvemen for
that one. Our basicamgunent is that we shouldusethe

threshdd to get seeds closerthe objectsof interest. Thus,
we avoid expend time evolving surfacesfar from the tar
getgeanetry Besideswe have obsevedanimprovemen
in the perfamanceof the segmenationprocessf compare
with the traditioral initialization of T-Surfaces (a implicit
definedsurfaceinsidetheobject)[10].

We testedthe precisionfor our approachwhen seg-
mentirg a sphereémmeisedon an uniform noisespecified
by the imageintensityrange0-150. We found a meaner-
ror of 1.58 (pixels) with standad deviation of 2.49 for a
5 x 5 x 5 grid resoldion.

Thiserroris dueto theprojectian of T-Surfacesaswell
asthenoise.Following [10], whenT-Surfacesstopswecan
discardthe grid and evolve the modelwithout it to avoid
erras dueto the projections. However, for noisy images
the convergenceof defamablemodelsto the bourdariesis
poa dueto thenonconvexity of theimageeneny.

The GradientVector Flow [14] is a methodthat can
be usedto efficiently addessthis prodem for 2D and3D
images.Thismethodcanbedefinedby thefollowing equa-
tion:

S = div(e(VS) Va) + (V) (- V),

u(z,0) = Vf

wheref is afunction of theimagegradien (for exanple, P
in equatia 4). If u is theimageintensityandh = 0 we get
aversionof the anisotrgic diffusionequatiam discussedn
Apperdix A.

The field obtaired by solvingthe abore equationis a
smootling versionof V f. Whenusedasanexterral force
for defamablemodelsit makesthe methals lesssensitve
to initialization. As theresultof steps(1)-(6) is in geneal
closeto the targetwe could apply this methodto pushthe
mockl towardsthe bourdary whenthe grid is turnedoff.
Thisis afurther diredion of ourwork.

9 Conclusions

In this paperwe generalizeour previous works [4, 5]. We
demanstratethat steps(1)-(6) canbe appliedwithout scale
andtopolaical restrictions.Besideswe generalizeghein-
teractve procelureto chang thetopolayy of asurface.

Futuredirectiors for this work will be to generalize
theuserinteractionmethodby usinga scalpelandallowing
theuserto dragthescalpelandto applythevectordiffusion
methal descriledon section8.

10 Appendix A
Let ustake thenondineardiffusionequaion asfollows:

oI (z,y,t)

2D —div(c(@y,) VD, (D)



where I is a gray level image. Following PeronaMalik
[11], we supposehat the edgepoirts are orierted in the
z direction.Thus,equation(7) becones:

M = 3(C(x:y;t) I (z,y,t)) - (®)

ot Ox
If ¢ is afunction of theimagegradent: ¢ (z,y,t) =
g (I, (z,y,t)), we candefine¢ (I,) = g (I,) - I, andthen
write equation(7) as:

oI _ o

=% =%

(¢(I2) = ¢' (Iz) - Lna- )
We areinterestedn the time variation of the slope:
9L If ¢(x,y,t) > 0 we canchang theorderof differen

ot
tiation andwith a simplealgeba demastratethat:

oI, OI; "o ,
% = o2 OME S

At edgepoints we have I,, = 0 andI,,, << 0 as
thesepointsarelocal maximaof theimagegradent inten-
sity. Thus, thereis a neightorhoal of the edgepoint in
which the derivative 81, /0t hassign oppositeto ¢’ (I,).
If ¢’ (I,) > 0 theslopeof the edgepointdecreasén time.
Otherwisét increaseghatmeansporderbecomesharper
So,thediffusionschemagiven by equdion 7 allows to blur
small discontinities andto intensify the strongerones. In
thiswork, we have usedg asfollows:

= ( VL >, (10)
(1+ vl /x7)

wherethe constantk” canbe determired by a histogramof
thegradiett magnitude.
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