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Abstract

Accuiate reconstructionof the cortical surfaceof the
brain from magnetic resonanceimages is an important
objectivein biomedicalimage analysis. Parametric de-
formablesurfacemodelsare usuallyusedbecausehey in-
corporate prior information,yield subvoxelccuracy, and
automatically preservetopology. Thesealgorithms are
very computationallycostly however, particularly if self-
intersectionpreventionis imposed.Geometricdeformable
surfacemodels,implementedising level setmethods are
computationallyfast and are automaticallyfree from self-
intersectionsput are unableto guaranteethe correcttopol-
ogy. Thispaperdescribedotha new geometricdeformable
surface model which preservestopolagy and an overall
strategyfor reconstructingheinner, cential, andoutersur
facesof the brain cortex. Theresultingalgorithm is fast
and numericallystable and yieldsaccutate brain surface
reconstructionshatare guaranteedo betopolagically cor-
rectand freefrom selfintersections.We ran the algorithm
on 21 datasetsand showdetailedresultsfor a typical data
set.\e alsoshowa preliminaryvalidationusinglandmarks
manuallyplacedasa truth modelon six of thedatasets.

1. Introduction

Reconstructinghe surface of the cerebralcortex from
magneticresonancédMR) imagesis an importantstepin
brainvisualization,quantitatve analysisof braingeometry
multimodal registration, suigical planning, and unfolding
andmappingthecortex [1, 2]. Corventionally theinterface
betweenthe gray matter(GM) and white matter(WM) is
first soughtargely becausehis interfaceis readily visual-
izedby T1-weightedVIR images.In somecasesthecental
cortical surfaceis soughtbecausehis surfacebestrepre-
sentgheoverall corticalgeometryandalgorithmsdesigned

to find it tendto berobustto noiseandotherimagingarti-
facts.Despitetheir highly convolutedgeometrieswhenei-
thersurfaceis connectedcrosgshecorpuscollosumanddi-
encephalonit hasatopologyequialentto thatof asphere.
Unfolding the cortex and mappingit to a sphere(or other
topologicallyequivalentsurface)canthenbeaccomplished
for visualization measuremengndthe establishmenof a
globalcoordinatesystemonthe cortex.

Estimationof theinterfacebetweerthe GM andthecere-
brospinalfluid (CSF),or the pial surface,is alsoanimpor-
tantstepin theanalysisof braincortex [3, 4]. TheGM/WM
interfaceandthe pial surfacetogetherestablishta sggmenta-
tion of thecorticalgraymatter andthedistancebetweerthe
two surfacesmeasureshe cortical thicknesswhich varies
with cortical location. Regional cortical volumecan be
computedoy integratingthicknessover selectedegionson
the surface. Methodsto computethesequantitiesare just
now appearingn theliterature,andtheir accurag andreli-
ability have largely yetto bedetermined.

This paperpresentsa fully automaticmethodto recon-
structthe GM/WM, central andpial surfacesof thecerebral
cortex from MR images.Themethods basednanovelge-
ometricdeformablesurfacemodelthatis guaranteetb pre-
sene topology Becauseof this framework, the methodis
fastand computationallystable,andis guaranteedo yield
surfacesthat are topologically equivalentto a sphereand
do not selfintersector intersecteachother High accurag
is assuredy initializing the WM/GM deformablesurface
closeto the desiredsurfacethroughtopologycorrectionof
a WM sgmentation. Difficulties with partial volume av-
eragingin tight cortical folds (sulci) are handledusing a
novel anatomicallyconsisteniestimateof the gray matter
The methodwasrun successfullyon 21 datasets. Herein,
its behaior is demonstrate@n a single brain volume and
its accurag is evaluatedusinga landmarktruth modeles-
tablishedon the centralsurfacesof six brains.



2. Background

Deformablemodelshave beenwidely appliedin med-
ical image processingapplications(see[5] for example).
In brain cortex sggmentationdeformablemodelsfacedif-
ficultiescausedyy imagingnoise,imageintensityinhomo-
geneitiesthe partial volume effect, and the highly convo-
luted natureof the brain cortex itself. For example,dueto
thepartialvolumeaveragingeffect,opposingoanksof sulci
areoftenblurredtogetherwhich makesit difficult to recon-
structthe pial interfacein theseareas.Also, to accurately
reflectthe truegeometryof the cortical surface reconstruc-
tionsthatconnectthe hemisphereacrosshe corpuscollo-
sumanddiencephalorshouldnot self intersectand should
be topologicallyequialentto a spherg[1, 3]. Althougha
large amountof researcheffort hasbeenspenton improv-
ing the performanceof deformablemodelsin this area, it
remainsa difficult problemto producesurfacerepresenta-
tionsof thebraincortex thataretopologicallycorrect,geo-
metricallyaccurateandnon-intersecting.

Therearetwo typesof deformablesurfacemodels:para-
metric and geometric. Parametricmodels[6] use sur
facesthat are explicitly representeds parameterizegur
facemeshesandevolve in a Lagrangianfashion. In this
framework, thefinal surfaceis guaranteedb have thesame
topologyastheinitial surface;henceparametrienodelsare
morewidely usedin corticalsurfacereconstructiorapplica-
tions[7, 8, 1, 3]. Theevolving parametricsurfacecaneas-
ily developself-intersectionshowever, especiallyin places
wherethe opposingsulcalbanksaretouching. Several au-
thorshave developedmethodso preventself-intersections
in parametricdeformablesurfacemodels[3, 1], but these
methodsarevery computationallyintensve.

Geometriadeformablemodels]9, 10] evolvethesurface
implicitly by modifying a level setfunctionin an Eulerian
fashion;thefinal surfaceis producedoy computinganiso-
surfaceat the zeroisovalueof the level setfunction. These
algorithmsare numerically stableand can be muchfaster
to computethan parametricmodels. Furthermorethe re-
sultingsurfaceis guaranteedb befreeof selfintersections.
Zengetal. [4] developedageometriadeformablemodelthat
evolveda pair of surfacespnefindingthe GM/WM surface
andthe otherfor the pial surface. Although the algorithm
wasfastandthe surfaceswerehighly accurateneithersur
facecouldguarante¢hecorrecttopology In fact,topologi-
cal adaptatioris usuallytoutedasan adwvantageof geomet-
ric modelsover parametrianodels put it is adistinctdisad-
vantagen its applicationto corticalsurfacereconstruction.

Tight cortical folds (sulci) often have gray matterthat
is virtually back-to-backwith little CSFbetweenthe GM
banks. Becauseof partial volume averaging,the result-
ing MR imagesshav only solid GM pacled betweentwo
GM/WM surfaces. The anatomyrequiresa pial surface

within thesefolds, however, and therehave beenvarious
imageanalysisstratgjiesto forcethe outerdeformablesur
faceto obey this anatomicalprinciple. The mostsuccess-
ful approachs to imposea thicknessconstraintwhich will
not allow the cortical thicknessto be larger thana certain
threshold4, 3]. Thereis evidence howeverthatthistypeof
constraintmaybiasthetruecalculationof thicknesg3, 11].
Anotherapproachs to seeksubtleevidenceof CSFwithin
the MR imagesandto accentuatéhe CSFsignaturewithin
the folds [12]. Whentheretruly is no evidenceof CSK
hawever, this methodwill fail.

3. Methods

In this sectionwe presentanew methodfor reconstruct-
ing theinnerGM/WM interface thecentralcorticalsurface,
andtheouterpial surface(GM/CSFinterface)from MR im-
agesof thebrain. The methodbegins by finding a topolog-
ically correctrepresentationf the outerWM surfacethat
is closeto thedesiredGM/WM interface. Threeimplemen-
tationsof a new topologypreservinggeometricdeformable
surfacemodelwith well-choserinternalandexternalforces
arethenusedto find the threesurfacesin sequence Esti-
mationof thepial surfaceis improvedin tight corticalfolds
by forming an anatomicallyconsistenestimateof the gray
matter forcing evidenceof CSFwhereit otherwisemight
not appeardueto partial volume averaging. We now de-
scribeeachof thesestepsn sequence.

3.1. Preprocessing and surfaceinitialization

The MR brainimageswereT1-weightedwith voxel size
0.9375 x 0.9375 x 1.5mm. Thevolumeswerepreprocessed
to remove extracranialtissue the cerebellumandthebrain
stem. Eachvolumewastheninterpolatedo isotropicvox-
els,androbustly sgmentednto GM, WM, andCSFfuzzy
membershidunctions[13], which represent partial vol-
umesegmentatiorof theimagevolume. Thesemembership
functionswere usedin all subsequenprocessing(rather
thanusingtheraw MR data)becauséhey offer robustness
to noiseandthe partial volume effect. The WM member
ship function was then automaticallyprocessedo fill the
ventriclesandsubcorticalGM structuresuchasthethala-
mus,hypothalamus;audatenucleusandputameri14].

The filled WM volume was binarizedwith a threshold
of 0.5, sincea membershipralueof 0.5 indicatesthe inter-
facebetweerntwo classesThebinaryvolumewasthenpro-
cessedo correctits topologyasdescribedn [15]. An iso-
surfaceof the resultingvolumeyields a topologically cor-
recttrianglemeshrepresentatioonf the GM/WM interface,
in the sensehatit is homotopicto a sphere.We notethat
both the topology correctionalgorithm and the isosurfice



algorithmmustassumehe sameunderlyingdigital connec-
tivity thatis consistenfor foregroundandbackground16].
In theresultspresentedh this paperwe assumeé8connec-
tivity for theforegroundobject(white mattervolumein this
case)and6® connecwity for thebackground:
Theisosurhicegeneratedftertopologycorrectionof the
filled WM volumeistopologicallycorrectandis closeto the
GM/WM interface. However, it hasunwantedstaircasear-
tifactsdueto the underlyingbinary representationequired
for topologicalcorrection. To eliminatethesestaircaseef-
fectsandto provide a more accuraterepresentatioif the
GM/WM interface thenext stepin our approachusesade-
formable surface modelto smooththis surface. It is im-
peratie that the deformablemodel maintainthe topology
of the surface. Ordinarily, this would be accomplishedis-
ing parametriddeformablesurfacemodels but we have de-
velopedatopologypreservinggeometricddeformablenodel
(TGDM). This new modelmaintainsall the advantageof
standardyeometriadeformablenodelsjncludingcomputa-
tional speedandstability, subsoxel accurag, andautomatic
self intersectioravoidance.Sincethis algorithmis usedin
subsequergtagesaswell, we now describat in detail.

3.2. Topology preserving geometric deformable
model

Geometricdeformablemodelsare basedon the theory
of curve evolution andareimplementedisingthe level set
numericalmethod[17]. Let U = [0,a] x [0,b] x [0, ¢]
and7 : U — R* bea given 3D imagevolume, where
a, b, andc¢ denotethe imagedimensions.In geometricde-
formablesurfacemodelstheevolving surfaceis embedded
asthe zerolevel setof a higherdimensionalevel setfunc-
tion &(z,t) : U x RT — R, and propagatesmplicitly
throughthetemporalevolution of ®. By corvention,® isa
signeddistancefunctionto the surfacewith negative value
insidethe surfaceandpositive outside. It canbe computed
efficiently by the FastMarchingmethod(cf., [17]).

The evolution of the level setfunction ® is usuallypre-
scribedby a PDE of thefollowing form (cf., [17]):

¢, = Fpmp”vq)“ + Feurv ||V + Fagy - VO, (1)

whereFyrop, Feury and Fypg, arespeedor force termsthat
canbe spatiallyvarying. Fjrop, iS anexpansionor contrac-
tionspeed.Fy,,, isthepartof thespeedhatdepend®nthe
intrinsic geometrye.g.,the meancurvatureof the surface.
F,qy isanunderlyingvelocityfield thatpassvely transports
the contour In this paper F,,,,, is takento be the signed
pressurdorce R(x), Feurv iS Setto be proportionalto the
meancunature k(z) of the surface,and F,q4,, whenap-
plied, is takento be a gradientvectorflow force v (z) [18].

161 denoteghe 6 connectiity thatis dualto 18-connectiity, assug-
gestedn [16].

Theevolutionequatiornthenbecome$19]

®4(z) = wrR(z) V| + wek(2)[[ V| + wst(z) - VO,

2
wherewg, wg, andwy arethe weightsfor the respectie
forces. We shaw later how we designthe differentforce
terms, especiallythe region force and the gradientvector
flow force,in orderto make the surfacedeformtowardsdis-
tinct boundarie®f thebraincortex.

The numericalsolution of Eq. (1) can be obtainedby
approximatingthe time derivative by a forward difference
andthe spatialderivativesontheright-handsideby upwind
numericalschemegfor detailsseg[17]), which gives:

" () = @™ (2) + AtAD™(2), (3)

whereA® representa discreteapproximatiorto theright-
handside of Eq. (1), and At is the time step-size.Then,
at eachtime step(m + 1)At, we updatethe value of the
level setfunction & at eachgrid point z ((¢, 7, k) in 3D)
from its previous value ™, until corvergenceor after a
userspecifiechumberof time steps.

Topologycanbe preseredby exploiting the binary na-
ture of the objectdelineatedy thelevel setfunction. Con-
sider the digital object containedwithin the implicit sur
face— i.e.,, where® < 0. The topology of this digital
object (and thereforethe implicit surfaceitself) can only
changewhenthe level setfunction changessign at a grid
point. Fromthe theory of digital topology[16], the digi-
tal objectX will notchangeopologyif the grid pointz in
guestionis a so-calledsimplepoint. Thereforeto presere
thetopologyof thedigital object,andhencethetopologyof
the evolving surface,the level setfunctioncanonly be al-
lowedto changesignatsimplepoints. Fortunatelyto check
whether is asimplepointwith respecto X, it is only nec-
essanyto seeif theso-calledopolagical numbes T, (x, X)
and T (z, X) areboth equalto one. Here (n,7n) form a
consistentpair of digital connectwities for the foreground
andthebackgroundf thedigital volume,suchas(26, 6) or
(18,6™).

For computationalspeed,geometricdeformablemod-
els are often implementedusing the narrov band ap-
proach[17]. In this approachthe level setfunction ® is
updatedat eachiterationusingEg. (3) only in the so-called
narrow band aroundthe evolving level set,and ® is pe-
riodically recomputedver the whole grid, usually after a
certainnumberof iterations. This re-initializationrestores
thelevel setfunctionto beasigneddistancdunction. Since
the narrov bandapproachs computationallyfast,andre-
initialization doesnot change the sign of the level setfunc-
tion at anygrid point, thenarrov bandapproachs idealfor
the implementatiorof TGDM. For corvenience we store
abinary-valuedindicatorfunction B, definedon thedigital
grid, whichis 1 where® is negative or zeroandis 0 other
wise. TGDM thenreplacegshe computatiorof Eq. (3) with
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Figurel: (a) Handshapeandtheinitial contour (b) SGDM per
mits atopologicalchangewhile (c) TGDM preventsthis change,
asshavn in detailin (d).

(d)

the following algorithm,wherethe level setfunction ¢ at
timem + 1 is to beupdatedrom its previousvalue®™:
Algorithm 1 (Topology Preserving Update) For each
grid pointz in thenarrav-band:

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

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

3. Compute the topological numbers T, (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) = Tr(z, X) =
1 —thenset®™+! (z) = ®yemp(z), B(z) = (B(z) +
1) mod2, andgo to Step6. Otherwisecontinueto
Stepb.

5. Pointz is notsimple.Do notallow the front passover
x by makingsure®™ doesnot changesignatz. Ac-
cordingly, set®™*!(z) = e®™(z), wheree is asmall
positve number

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

Theparametricgepresentationf thefinal surfaceis com-
putedafter the evolution of & is completeby runningan
isosurficealgorithmwith a zeroisovalue. Sincethe topol-
ogy of the TGDM is determinedby a chosendigital con-
nectvity pair, the isosurkicealgorithmmustbe consistent
with this choice. Accordingly, we designeda connectiv-
ity consistentsosuriicealgorithmbasednthewell-known
MarchingCubesalgorithm[20]. In ouralgorithm,thecoor
dinatesof the surfacenodesarestill computedusinglinear
interpolation— thus,subpixel accurag of thesurfaceis as-
sured— but the nodeconnectionsirechoseno be consis-
tentwith the selectedligital connectvity. In otherwords,
althoughthe topology of the implicit surfaceis embedded
in a binary mannerthe geometryof the surfaceis still em-
beddedcontinuouslyasin standardgeometricdeformable
models.

A simpletwo-dimensionablemonstratiorof the behar-
ior of TGDM is shawn in Fig. 1. Here,sameinitialization
[Fig. 1(a)]yieldsatopologicalchangevhenastandardjeo-
metricdeformablanodel(SGDM)is applied[Fig. 1(b)] but
no changewhen TGDM is used[Fig. 1(c)]. The zoomed
region shovn in Fig. 1(d) showvs that subpixel resolutionis
maintained We notealsothat TGDM is only 7% slower in
computatiortime thanSGDM.

In the following sections,we apply three casesof the
new deformablenodelto extracttheinner, centralandouter
cortical surfaceshy designingthe individual force termsof
Eq.1 accordingly

3.3. GM/WM surface

Thefirst TGDM modelis targetedat theinner GM/WM
surface. Although the initialization stepalreadyprovides
a close and topologically correct representatiorof the
GM/WM boundarywe needto smoothoutits staircaserti-
factswhile simultaneouslynaintainingthe accurag of the
surfaceand keepingthe correcttopology To accomplish
this, we useTGDM with a curvatureforce and a regional
signedpressurdorce (cf. [21]), while the adwectionforce
F,4v(z) is setto zero,i.e. no adwectionforceis used. The
cunvatureforce aimsto regularizethe surface,andis pro-
portional to the meancurvaturek(z) of the surface. The
signedpressurdorceis definedas

R(z) = 2uiyw (@) — 1,

whereuyy,, denoteshenew WM membershigunctionob-

tainedafterfilling. Sinceuyy; € [0,1], R(z) fallsin the
rangeof [—1,1]. If ugwy > 0.5 thenR(z) > 0, whereas
if pynm < 0.5 thenR(z) < 0. Therefore,R(z) provides
outward balloonforceswhenthe surfaceresideswithin the
WM and inward forceswhenit residesoutsidethe WM.

Thus,R(x) will forcethesurfaceto the GM/WM boundary
Theweightsfor thetwo forcesarechoserto bewr = 1 and
w, = —0.02. Thesearepresentlydeterminedcempirically,

andwill beoptimizedin futurework.

3.4 Anatomically consistent GM editing

The GM/WM interfaceis relatively unafectedby the
partial volume effect. Reconstructiorof both the central
andpial surfaceshowever, is very difficult whenopposing
sulcalbanksareblurredtogether Beforeproceedingo es-
timatethesesurfaceswe presentour anatomicallyconsis-
tentediting (ACE) approachwhichmodifiesthe GM mem-
bershipfunctionin tight sulci to produceevidenceof CSF
whereit is otherwiseobscuredy the partialvolumeeffect.

Thefirst stepin ACE is to detectthe medialaxis of the
sulci,asillustratedin Fig. 2. Sincethelevel setfunctionof a
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Figure?2: Tight sulciandlocalizationsof outsideskeletons.

geometrideformablanodelisitself asigneddistancgunc-
tion,theTGDM level setfunction®yyy; usedio producethe
GM/WM interfacesenesto identify pointsthatareoutside
the GM/WM andareequidistanto two (or more)GM/WM

surfaces. We identify the outsideskeletonby taking the
discreteLaplacianof this level setfunction, clip negative
values,setit to zerowheneer vy, is negative, andthen
normalizetheresultto therange|0, 1]. Locationswherethe
resultingfunction— which we denoteby L(z) — is large
representheoutsideskeleton.

We now usethe outsideskeletonfunction L(z) to mod-
ify theoriginal GM membershifunction. Oneproblemthat
mustbe addresseds the presenceof medialaxesthat ap-
proachtheGM/WM interface asillustratedin Fig. 2(b). Al-
thoughthenormalized_aplaciandecreaseasit approaches
theinterface,we do notwantto risk actuallymodifying the
GM membershigunctionvery nearits interior surface.Ac-
cordingly, modificationsto the GM membershigunction
are only madeat a distancegreaterthan 1 mm from the
GM/WM interface— anarbitrarydistancechoserbecause
it representalowerboundon corticalthickness Following
this rationale, we producean ACE GM membershigunc-
tion asfollows

/ _ | - L{@)lpcm(z)
pem(z) = { pam () ¢

Pwm (.Z') >1
otherwise

(4)

The CSFmembershifunctionis correspondinglynodified
asfollows, wherepuyy,,, denoteghe WM membershigunc-
tion afterfilling.

posr(®) = 1 = [uaum (@) + pww ()], ®)

The result of the GM editing is illustratedin Fig. 3,
wherea 2-D cross-sectionaliew is shovn. Clearly, thereis
amarkedimprovementin the appearancef sulcalgapsin
theACEresultascomparedo theoriginal GM membership
function. We notethatACE doesnot malke ary assumptions
aboutthemaximumcorticalthicknesssoit will notrestrict
thecorticalwidth anywherein the cortex. We alsonotethat
it only hasan effect within sulci, andeventhenonly when
thereis actualgray matteron the outsideskeleton. Over-
all, we considerACE to be a bettersolutionto the partial
volumeproblemthanathicknessconstraint.

Figure3: (a) Original GM membershigunctionand(b) the ACE
editedGM membershigunction.

3.5. Central cortical surface

The ACE GM membershifunctionbetterrepresentthe
trueanatomyof the braincortex. We now usethis member
shipfunctionto derive forcesfor asecondT GDM modelto
find thecentralsurfaceof the cortex.

As showvn in [8], theuseof agradientvectorflow (GVF)
forcemalesit easyto find the centrallayerof athick sheet.
Supposeve take the ACE GM membershigunction gy
itself asanedgemap,andcomputethe gradientvectorflow
fromit. Then,theresultingGVF forcewill pointto thecen-
ter of thethick “edge”, thatis, the centerof the GM sheet.
Specifically the GVF externalforces(x) appliedin the
secondTGDM modelis computedasthe equilibriumsolu-
tion of thefollowing systenof partialdifferentialequations

B = V0 — (0 — Vugw) I Veaul (6)

whered,; denotesthe partial derivative of o(z;t) with re-
spectto ¢, V2 is the Laplacianoperatoyandc is a weight,
whichwe setto 0.2.

To make surethesurfacedoesnotmove outof thecorte,
we alsoapplyaregionalforce using[8]

R(z) = % if 12w (2) + pau () — 1] < 0.5;
2uiyn(T) + gy — 1, otherwise o

This region force pusheghe surfaceoutwardif it is in the
WM, inwardif in the CSF, but hasno effectwithin the GM.
Thus,the surfacemovestoward the centralaxis of the GM
underthe influenceof GVF forcesalone. We also apply
a small curvatureforce to keepthe surfacesmooth. The
relative strengthof theindividual forcesaredeterminedy
their coeficients, which we fix to bewgp = wz = 1 and
wx = —0.02 for all the brainstudies.

Using theseinternaland externalforces, TGDM is ap-
plied startingfrom the GM/WM surface. The formulation
of TGDM allows usto easilyimplementabarrierconstraint
that preventsthe central surface from strayinginside the



GM/WM interface (which could be otherwisecausedby
noisein GVF). Duringthenarrav bandupdatewe perform
acheckwheneerthecentralsurfacelevel setfunction®cg
triesto changesign from negative to positive (i.e., the sur
facetriesto contract).In particular we checkwhether®vy
is alsonggative at this point, in which casewe do not allow
thesignchangeandsetthevalueof ®cg to asmallnegative
numberat that point. This preventsthe two surfacesfrom
evercrossing.

3.6. Pial surface

TGDM is now usedwith new forcesto find the pial sur
facestartingfrom the centralsurfaceobtainedin last step.
Here,we usea GVF force thatis designedo transportthe
surfacetowardsthe GM/CSFinterface. We first computea
new edgemapedge, ... thathaslargepositive valuesatthe
GM/CSFinterfaceandlargenegativevaluesatthe GM/WM
interface,asfollows

edgeqyter = IV (G + ) -

We then computea GVF field v(x) using Eq. (6) with
edge,uier rEplacingug, -

To acceleratehe movementof the deformablesurface
insidethe GM andto helpit stayatthe GM/CSFinterface,
thefollowing regionforce R(z) is alsoused

R(z) = :uIGM - MICSF-

Thisregionforcemakesthesurfaceexpandif insidetheGM
andcontractif insidethe CSE Meancurvatureis still used
astheinternalforce.

TGDM is run with the above forcesandthe weightsas
before:wr = wy = 1 andw,, = —0.02. We alsoapplya
barrierconstraintasin the previoussectionto make surethe
outersurfacestaysoutsideof the centralsurface. This bar
rier constraintis imposedby preventingthe evolving level
setfunctionfrom changingsignfrom negative to positive if
®cg is negative.

3.7. Cortical thicknessand curvature

After the three surfacesare obtained,we can compute
severalpropertiesof the sgmentedbraincortex suchasthe
thicknesof the cortex volume,andthe curvatureprofile of
the cortical surfaces.We adopta simplethicknessmeasure
asin [4]. Thatis, at eachgrid point betweertheinnerand
outersurface,the thicknesss definedto be the sumof the
distancedrom the point to the innerandthe outersurface.
Notethatat sucha grid point, the signeddistancefunction
of theinner surfaceis positive andthatof the outersurface
is negative. Hence thethicknesamapT is computedy:

T(.’L’) = (}in(x) - (I)out(m)'

(b) (©

Figure4: Topview of thereconstructega) GM/WM, (b) central,
and(c) pial surfacesfor onebrainimage.

To display thicknesson the computedcentralsurface,we
uselinearinterpolationof this thicknesdfield to determine
thicknessralueson eachnodeof the surfacemesh.

The meancurvatureandthe Gaussiarcurvature,of the
reconstructedurfacescan also be calculatedeasily from
theembeddindevel setfunctions[17, 4]. For example,the
meancunaturek isrelatedo thesigneddistancdunction
® by thefollowing equation:

Vo
K =V (e
(war
(@ +® )82 —-208 & )
- 2(82 + B2 + 32) 2 ’
Where = {(mJ b )7( ) Jm)7( 7m7 )}’ and@ and@

denotethefirst andsecondorderpartial derivativesrespec-
tively of ® with respecto the subscripts.

4 Resultsand Discussion

We have appliedour new cortical surfacereconstruction
methodon 21 MR brain imagesobtainedfrom the Bal-
timore Longitudinal Study on Aging [22]. Figs. 4(a)—(c)
shav thereconstructeM/WM, central,andpial surfaces,
respectiely, for oneof thesedatasets. Fig. 5 shavs these
surfacesoverlaying various crosssectionsof the original
MR data. From thesefigures,it canbe seenthat the esti-
matedsurfacesfollow the folds of the cortex very well. It
canalsobeseerthatACE helpstheoutersurfacestayinside
tight sulci.

Sincethereconstructedurfacesare guaranteedo have
thecorrectsphericatopology they arereadilyto bemapped
to sphereswhich helpsin visualizinggeometricabr func-
tional dataon the cortex. We usedthe conformalmapping
methoddescribedn [23] to mapthecorticalsurfacego unit
spheres. Two examplesare shovn in Fig. 6 and Fig. 7,
wherethe cortical thicknessand the meancurvaturemap
of the centralsurfaceare computedanddisplayedboth on
theoriginal centralsurfaceandon the mappedunit sphere.
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Figure5: (a) Threereconstructedurfacesdisplayedon an axial
slice of the original MR data. (b) A zoom of the bottom-right
cornerof (a). (c),(d) Zoomedviews on coronalandsagittalslices,
respectiely.

(@) (b)

Figure6: Thethicknessnapshawvn on (a) thecentralsurfaceand
(b) thesphericaimaprespectiely.

Tablel: Landmarkerrorson the centralsurfacesof 6 stud-
ies(in mm).

Subject
Sulcus 1 2 3 4 5 6 Mean | Std
CS 0.85 | 202 081 ] 059 | 0.95| 0.84 101 | 051
Cs 1.39 | 1.23 | 0.74 | 0.09 | 1.01 | 0.47 0.82 | 0.49

PCG 0.83 | 0.85| 0.27 | 0.70 | 2.10 | 0.72 0.91 | 0.62
PCG 099 | 0.09 | 0.75| 053 | 0.12 | 0.09 0.43 | 0.39
TLG 0.09 | 1.12 | 056 | 1.01 | 0.99 | 0.09 0.64 | 0.47
TLG 050 | 246 | 0.84 | 0.97 | 1.24 | 0.78 1.13 | 0.69
CALC 095 | 049 | 0.82 | 0.26 | 0.49 | 0.09 052 | 0.33
CALC 1.19 | 219 | 1.06 | 0.95 | 0.67 | 0.97 1.17 | 057
MFG 062 | 139 | 015 | 1.72 | 1.97 | 158 1.24 | 0.70
MFG 118 | 1.50 | 0.51 | 0.62 | 0.16 | 0.85 0.80 | 0.48
Mean 0.86 | 1.33 | 0.65 | 0.74 | 0.97 | 0.65 0.87 -

Std 038 | 0.75 | 0.28 | 0.46 | 0.67 | 0.48 - —

(@) (b)

Figure7: Thecunaturemapshavn on (a) thecentralsurfaceand
(b) the sphericaimaprespectiely.

Table2: Landmarkerrorsreportedoreviously (in mm).

Subject
Sulcus 1 2 3 4 5 6 Mean | Std
CS 115 | 243 | 1.03 | 021 | 0.39 | 0.15 0.89 | 0.47
CsS 180 | 1.72 | 0.81 | 1.08 | 1.25 | 2.08 146 | 0.47

PCG 0.75 ]| 0.70 | 0.24 | 0.59 | 2.09 | 0.84 0.87 | 0.38
PCG 092 | 051 | 056 | 0.63 | 0.50 | 0.40 0.59 | 0.40
TLG 0.60 | 0.56 | 0.41 | 1.08 | 0.94 | 0.17 0.63 | 0.43
TLG 044 | 2.18 | 1.05 | 0.91 | 0.43 | 0.88 0.98 | 0.45
CALC 0.89 | 068 | 1.21 | 0.42 | 0.29 | 0.72 0.70 | 0.45
CALC 146 | 400 | 205 | 0.61 | 2.05 | 0.51 1.78 | 051
MFG 031] 032 028 | 140 | 1.39 | 0.55 0.71 | 0.47
MFG 133 | 111 | 051 | 0.19 | 0.58 | 0.89 0.77 | 0.43
Mean 097 | 142 ] 082 | 0.71 | 099 | 0.72 0.94 -

Std 047 | 1.17 | 055 | 0.40 | 0.68 | 0.55 - -

To estimatethe accurayg of the proposedmethod,we
computeda set of landmarkerrorson six of the recon-
structedcentralcortical surfacesasshavn in Table1. The
landmarkstenoneachbrain,weremanuallypickedon sev-
eralmajorsulciandgyri (se€[8]). As canbeseenin theta-
ble, theerroris smallwith atotal averagearound0.87mm.
For comparisorpurposesyve list in Table2 our bestprevi-
ouslyreportedandmarkerrorresult[14], wherea paramet-
ric deformablesurfacemodelwasusedto extractthecentral
surfaceandwithoutusingthe ACE. Thenew methodndeed
improvesthe accurag of the surfacereconstruction. We
believe thatthe improvementcomesfrom the ACE editing
procedure We note,however, thatthe landmarkswverenot
designedspecificallyto testtherobustof thealgorithmwith
respectto the partial volume effect. We planto do more
validationin thefuture.

We also ran a programto detectself-intersection®n
the final surface meshes. The new resultshave no self-
intersectionanywhere,asexpected.In contrastmostcor
tical surfacereconstruction®btainedfrom parametricde-
formablemodelsthatdo notexplicitly prohibitthem(cf. [1]
and[3]) will have self-intersectionsThisis especiallytrue
for the pial surface,wheremary partsof the surfaceare
essentiallyback-to-backin the tight sulci. The only other



way to prevent(or reduce)self intersectiongvith paramet-
ric modelsis to increaseaheinternalforces,which canhave
avery negative effect on the surfaceaccurag. Our method
preventsself-intersectionsvhile simultaneouslymaintain-
ing low internalforcesto permithighly accuratgsubsoxel)
surfacereconstructions.

Given an existing white matter seggmentation, our
methodcurrently takes about40 minuteson an SGI O2
workstation(174 MHz, R10000processor}o reconstruct
all thethreesurfaces.Thus,it is comparableéo thegeomet-
ric deformableanodeldescribedn [4], andmuchfasterthan
parametrianodelsreportedn theliterature eventhosethat
do not imposeself-intersectiordetection. Given that most
algorithmscurrentlyreportmary hoursto obtainsimilar re-
sults,we believe thatour algorithmrepresentanimportant
developmenfor brainimageanalysis.

5 Conclusion

In this paperwe have describecanapproacHor cortical
surfacereconstructiothatusesatopologicalpreservingye-
ometricdeformablesurfacemodel(TGDM) andananatom-
ically consistentGM editor (ACE). Theresultingmethodis
computationallfastandproducesurfaceghataregeomet-
rically accuratehave the correcttopology anddo not self
intersect(or mutually intersect). In the future, we planto
developatruthmodelof theentirebraincortex sothatmore
comprehensie validation and parameteioptimizationcan
becarriedout.
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