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Abstract

Accurate reconstructionof the cortical surfaceof the
brain from magnetic resonanceimages is an important
objectivein biomedical image analysis. Parametric de-
formablesurfacemodelsare usuallyusedbecausethey in-
corporateprior information,yield subvoxelaccuracy, and
automatically preservetopology. Thesealgorithms are
very computationallycostly, however, particularly if self-
intersectionpreventionis imposed.Geometricdeformable
surfacemodels,implementedusing level setmethods,are
computationallyfast and are automaticallyfreefrom self-
intersections,but areunableto guaranteethecorrecttopol-
ogy. Thispaperdescribesbotha new geometricdeformable
surfacemodel which preservestopology and an overall
strategyfor reconstructingtheinner, central, andoutersur-
facesof the brain cortex. The resultingalgorithm is fast
and numericallystable, and yieldsaccurate brain surface
reconstructionsthatareguaranteedto betopologically cor-
rectand freefromself intersections.We ran thealgorithm
on21 datasetsandshowdetailedresultsfor a typical data
set.Wealsoshowa preliminaryvalidationusinglandmarks
manuallyplacedasa truth modelonsixof thedatasets.

1. Introduction

Reconstructingthe surfaceof the cerebralcortex from
magneticresonance(MR) imagesis an importantstepin
brainvisualization,quantitativeanalysisof braingeometry,
multimodal registration,surgical planning,and unfolding
andmappingthecortex [1, 2]. Conventionally, theinterface
betweenthe gray matter(GM) andwhite matter(WM) is
first sought,largely becausethis interfaceis readilyvisual-
izedby T1-weightedMR images.In somecases,thecentral
cortical surfaceis soughtbecausethis surfacebestrepre-
sentstheoverallcorticalgeometryandalgorithmsdesigned

to find it tendto berobust to noiseandotherimagingarti-
facts.Despitetheirhighly convolutedgeometries,whenei-
thersurfaceis connectedacrossthecorpuscollosumanddi-
encephalon,it hasa topologyequivalentto thatof asphere.
Unfolding the cortex andmappingit to a sphere(or other
topologicallyequivalentsurface)canthenbeaccomplished
for visualization,measurement,andtheestablishmentof a
globalcoordinatesystemonthecortex.

Estimationof theinterfacebetweentheGM andthecere-
brospinalfluid (CSF),or thepial surface,is alsoanimpor-
tantstepin theanalysisof braincortex [3, 4]. TheGM/WM
interfaceandthepial surfacetogetherestablishasegmenta-
tion of thecorticalgraymatter, andthedistancebetweenthe
two surfacesmeasuresthe cortical thickness, which varies
with cortical location. Regional cortical volumecan be
computedby integratingthicknessoverselectedregionson
the surface. Methodsto computethesequantitiesare just
now appearingin theliterature,andtheiraccuracy andreli-
ability have largelyyet to bedetermined.

This paperpresentsa fully automaticmethodto recon-
structtheGM/WM, central,andpial surfacesof thecerebral
cortex fromMR images.Themethodisbasedonanovelge-
ometricdeformablesurfacemodelthatis guaranteedto pre-
serve topology. Becauseof this framework, the methodis
fastandcomputationallystable,andis guaranteedto yield
surfacesthat are topologicallyequivalent to a sphereand
do not self intersector intersecteachother. High accuracy
is assuredby initializing the WM/GM deformablesurface
closeto thedesiredsurfacethroughtopologycorrectionof
a WM segmentation. Difficulties with partial volumeav-
eragingin tight cortical folds (sulci) are handledusing a
novel anatomicallyconsistentestimateof the gray matter.
Themethodwasrun successfullyon 21 datasets.Herein,
its behavior is demonstratedon a singlebrain volumeand
its accuracy is evaluatedusinga landmarktruth modeles-
tablishedon thecentralsurfacesof six brains.



2. Background

Deformablemodelshave beenwidely appliedin med-
ical imageprocessingapplications(see[5] for example).
In brain cortex segmentation,deformablemodelsfacedif-
ficultiescausedby imagingnoise,imageintensityinhomo-
geneities,the partial volumeeffect, andthe highly convo-
lutednatureof thebraincortex itself. For example,dueto
thepartialvolumeaveragingeffect,opposingbanksof sulci
areoftenblurredtogether, whichmakesit difficult to recon-
structthe pial interfacein theseareas.Also, to accurately
reflectthetruegeometryof thecorticalsurface,reconstruc-
tionsthatconnectthehemispheresacrossthecorpuscollo-
sumanddiencephalonshouldnot self intersectandshould
be topologicallyequivalentto a sphere[1, 3]. Althougha
largeamountof researcheffort hasbeenspenton improv-
ing the performanceof deformablemodelsin this area,it
remainsa difficult problemto producesurfacerepresenta-
tionsof thebraincortex thataretopologicallycorrect,geo-
metricallyaccurate,andnon-intersecting.

Therearetwo typesof deformablesurfacemodels:para-
metric and geometric. Parametricmodels [6] use sur-
facesthat areexplicitly representedasparameterizedsur-
facemeshes,andevolve in a Lagrangianfashion. In this
framework, thefinal surfaceis guaranteedto have thesame
topologyastheinitial surface;hence,parametricmodelsare
morewidely usedin corticalsurfacereconstructionapplica-
tions[7, 8, 1, 3]. Theevolving parametricsurfacecaneas-
ily developself-intersections,however, especiallyin places
wheretheopposingsulcalbanksaretouching.Severalau-
thorshave developedmethodsto preventself-intersections
in parametricdeformablesurfacemodels[3, 1], but these
methodsareverycomputationallyintensive.

Geometricdeformablemodels[9, 10] evolvethesurface
implicitly by modifying a level setfunction in anEulerian
fashion;thefinal surfaceis producedby computinganiso-
surfaceat thezeroisovalueof thelevel setfunction. These
algorithmsarenumericallystableandcan be much faster
to computethanparametricmodels. Furthermore,the re-
sultingsurfaceis guaranteedto befreeof self intersections.
Zengetal. [4] developedageometricdeformablemodelthat
evolvedapairof surfaces,onefindingtheGM/WM surface
andthe otherfor the pial surface. Although the algorithm
wasfastandthesurfaceswerehighly accurate,neithersur-
facecouldguaranteethecorrecttopology. In fact,topologi-
cal adaptationis usuallytoutedasanadvantageof geomet-
ric modelsoverparametricmodels,but it is adistinctdisad-
vantagein its applicationto corticalsurfacereconstruction.

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

within thesefolds, however, and therehave beenvarious
imageanalysisstrategiesto forcetheouterdeformablesur-
faceto obey this anatomicalprinciple. The mostsuccess-
ful approachis to imposea thicknessconstraint,whichwill
not allow the cortical thicknessto be larger thana certain
threshold[4, 3]. Thereis evidence,howeverthatthistypeof
constraintmaybiasthetruecalculationof thickness[3, 11].
Anotherapproachis to seeksubtleevidenceof CSFwithin
theMR imagesandto accentuatetheCSFsignaturewithin
the folds [12]. When theretruly is no evidenceof CSF,
however, thismethodwill fail.

3. Methods

In thissection,wepresentanew methodfor reconstruct-
ing theinnerGM/WM interface,thecentralcorticalsurface,
andtheouterpial surface(GM/CSFinterface)from MR im-
agesof thebrain. Themethodbeginsby findinga topolog-
ically correctrepresentationof the outerWM surfacethat
is closeto thedesiredGM/WM interface.Threeimplemen-
tationsof a new topologypreservinggeometricdeformable
surfacemodelwith well-choseninternalandexternalforces
arethenusedto find the threesurfacesin sequence.Esti-
mationof thepial surfaceis improvedin tight corticalfolds
by forming ananatomicallyconsistentestimateof thegray
matter, forcing evidenceof CSFwhereit otherwisemight
not appeardue to partial volumeaveraging. We now de-
scribeeachof thesestepsin sequence.

3.1. Preprocessing and surface initialization

TheMR brainimageswereT1-weightedwith voxel size��� �	��

������� ����
	�����
���
mm. Thevolumeswerepreprocessed

to removeextracranialtissue,thecerebellum,andthebrain
stem.Eachvolumewastheninterpolatedto isotropicvox-
els,androbustly segmentedinto GM, WM, andCSFfuzzy
membershipfunctions[13], which representa partial vol-
umesegmentationof theimagevolume.Thesemembership
functionswere usedin all subsequentprocessing(rather
thanusingtheraw MR data)becausethey offer robustness
to noiseandthe partial volumeeffect. The WM member-
ship function was thenautomaticallyprocessedto fill the
ventriclesandsubcorticalGM structuressuchasthethala-
mus,hypothalamus,caudatenucleus,andputamen[14].

The filled WM volumewasbinarizedwith a threshold
of 0.5,sincea membershipvalueof 0.5 indicatestheinter-
facebetweentwo classes.Thebinaryvolumewasthenpro-
cessedto correctits topologyasdescribedin [15]. An iso-
surfaceof the resultingvolumeyields a topologicallycor-
recttrianglemeshrepresentationof theGM/WM interface,
in the sensethat it is homotopicto a sphere.We notethat
both the topologycorrectionalgorithmand the isosurface



algorithmmustassumethesameunderlyingdigital connec-
tivity thatis consistentfor foregroundandbackground[16].
In theresultspresentedin thispaper, weassume18connec-
tivity for theforegroundobject(whitemattervolumein this
case)and6� connectivity for thebackground.1

Theisosurfacegeneratedaftertopologycorrectionof the
filled WM volumeis topologicallycorrectandis closeto the
GM/WM interface.However, it hasunwantedstaircasear-
tifactsdueto theunderlyingbinaryrepresentationrequired
for topologicalcorrection.To eliminatethesestaircaseef-
fectsandto provide a moreaccuraterepresentationof the
GM/WM interface,thenext stepin ourapproachusesade-
formablesurfacemodel to smooththis surface. It is im-
perative that the deformablemodelmaintainthe topology
of thesurface.Ordinarily, this would beaccomplishedus-
ing parametricdeformablesurfacemodels,but wehavede-
velopedatopologypreservinggeometricdeformablemodel
(TGDM). This new modelmaintainsall the advantagesof
standardgeometricdeformablemodels,includingcomputa-
tionalspeedandstability, subvoxel accuracy, andautomatic
self intersectionavoidance.Sincethis algorithmis usedin
subsequentstagesaswell, wenow describeit in detail.

3.2. Topology preserving geometric deformable
model

Geometricdeformablemodelsarebasedon the theory
of curve evolution andareimplementedusingthelevel set
numericalmethod[17]. Let ����� �����	 !� � ����"# $� � ����%# 
and &(')�+* , � be a given 3D imagevolume, where�
,
"
, and

%
denotethe imagedimensions.In geometricde-

formablesurfacemodels,theevolving surfaceis embedded
asthezerolevel setof a higherdimensionallevel setfunc-
tion -/.10 �3234 ')� � , � *5, , and propagatesimplicitly
throughthetemporalevolutionof - . By convention, - is a
signeddistancefunction to thesurfacewith negative value
insidethesurfaceandpositive outside.It canbecomputed
efficiently by theFastMarchingmethod(cf., [17]).

Theevolution of the level setfunction - is usuallypre-
scribedby aPDEof thefollowing form (cf., [17]):-768�:9<;>=1?@;BADCE-)A8FG9IHKJL=NMOALCE-)APFQ9IR@SLM/TUCE- � (1)

where 9 ;L=1?�; , 9 HKJL=NM and 9 R@SLM arespeedor force termsthat
canbespatiallyvarying. 9 ;>=1?�; is anexpansionor contrac-
tion speed.9<HKJ>=NM is thepartof thespeedthatdependsonthe
intrinsic geometry, e.g.,themeancurvatureof thesurface.9<R�SDM is anunderlyingvelocityfield thatpassively transports
the contour. In this paper, 9I;L=V?@; is taken to be the signed
pressureforce ,�.10 4 , 9<HKJ>=NM is setto be proportionalto the
meancurvature W<.V0 4 of the surface,and 9 R�SDM , when ap-
plied, is takento bea gradientvectorflow force XY .V0 4 [18].

16Z denotesthe6 connectivity that is dual to 18-connectivity, assug-
gestedin [16].

Theevolutionequationthenbecomes[19]-76[.10 4 �]\P^8,�.10 4 ADCE-)A_F`\8a�W<.V0 4 ALCE-)AbFc\7de XY .V0 4 TUC�- �
(2)

where \P^ , \8a , and \7de are the weightsfor the respective
forces. We show later how we designthe different force
terms,especiallythe region force and the gradientvector
flow force,in orderto makethesurfacedeformtowardsdis-
tinct boundariesof thebraincortex.

The numericalsolution of Eq. (1) can be obtainedby
approximatingthe time derivative by a forward difference
andthespatialderivativesontheright-handsideby upwind
numericalschemes(for detailssee[17]), whichgives:-gf �Ih .10 4 �i-gfj.10 4 FQk 2 kE-gfj.10 4[� (3)

where k�- representsa discreteapproximationto theright-
handsideof Eq. (1), and k 2 is the time step-size.Then,
at eachtime step .1lmF �n4 k 2 , we updatethe valueof the
level set function - at eachgrid point 0 ( .1o �qp��#r�4 in 3D)
from its previous value - f , until convergenceor after a
userspecifiednumberof timesteps.

Topologycanbepreservedby exploiting thebinaryna-
tureof theobjectdelineatedby thelevel setfunction.Con-
sider the digital object containedwithin the implicit sur-
face— i.e., where -ts �

. The topology of this digital
object (and thereforethe implicit surfaceitself) can only
changewhenthe level set function changessign at a grid
point. From the theoryof digital topology [16], the digi-
tal object u will not changetopologyif thegrid point 0 in
questionis a so-calledsimplepoint. Therefore,to preserve
thetopologyof thedigital object,andhencethetopologyof
theevolving surface,the level setfunctioncanonly be al-
lowedto changesignatsimplepoints.Fortunately, to check
whether0 is asimplepointwith respectto u , it is only nec-
essaryto seeif theso-calledtopological numbers vxwB.10 � u 4
and v_dwB.10 � Xu 4 areboth equalto one. Here .Vy � Xy 4 form a
consistentpair of digital connectivities for the foreground
andthebackgroundof thedigital volume,suchas .{z	| � | 4 or. �n}�� |�� 4 .

For computationalspeed,geometricdeformablemod-
els are often implementedusing the narrow band ap-
proach[17]. In this approach,the level set function - is
updatedateachiterationusingEq. (3) only in theso-called
narrow band aroundthe evolving level set, and - is pe-
riodically recomputedover the whole grid, usuallyafter a
certainnumberof iterations.This re-initializationrestores
thelevel setfunctionto beasigneddistancefunction.Since
the narrow bandapproachis computationallyfast,andre-
initializationdoesnot change thesignof thelevel setfunc-
tion at anygrid point, thenarrow bandapproachis idealfor
the implementationof TGDM. For convenience,we store
a binary-valuedindicatorfunction ~ , definedon thedigital
grid, which is 1 where - is negativeor zeroandis 0 other-
wise.TGDM thenreplacesthecomputationof Eq.(3) with



(a) (b) (c) (d)

Figure1: (a) Handshapeandtheinitial contour. (b) SGDMper-
mits a topologicalchange,while (c) TGDM preventsthis change,
asshown in detailin (d).

the following algorithm,wherethe level set function - at
time l�F � is to beupdatedfrom its previousvalue - f :

Algorithm 1 (Topology Preserving Update) For each
grid point 0 in thenarrow-band:

1. Compute-��V�K�_;�.10 4 �:- f .10 4 FQk 2 k�- f .10 4 .
2. If -��{�K�_;�.V0 4 has the samesign as - f .10 4 , then set- f �Ih .V0 4 ��-��V�K�_;�.V0 4 andgo to Step6. Otherwise

continueto Step3.

3. Compute the topological numbers vxwO.V0 � u 4 andv8dwO.V0 � Xu 4 , where.1y � Xy 4 is thechosendigitalconnectiv-
ity pair, u����n0P� ~�.10 4 � �
� , and Xum���n0P� ~�.10 4 � ��� .

4. If thepoint is simple— i.e., vxwx.10 � u 4 �iv8dwO.V0 � Xu 4 ��
— thenset - f �Ph .10 4 �:-��{�K�_;�.10 4 , ~�.V0 4 ��.V~�.10 4 F�n4
mod z , and go to Step6. Otherwisecontinueto

Step5.

5. Point 0 is not simple.Do notallow thefront passover0 by makingsure - f doesnot changesignat 0 . Ac-
cordingly, set - f �Ih .10 4 �i�[- f .10 4 , where� is a small
positivenumber.

6. Pickup thenext point 0 in thenarrow band,andgo to
Step1.

Theparametricrepresentationof thefinal surfaceis com-
putedafter the evolution of - is completeby running an
isosurfacealgorithmwith a zeroisovalue. Sincethe topol-
ogy of the TGDM is determinedby a chosendigital con-
nectivity pair, the isosurfacealgorithmmustbe consistent
with this choice. Accordingly, we designeda connectiv-
ity consistentisosurfacealgorithmbasedonthewell-known
MarchingCubesalgorithm[20]. In ouralgorithm,thecoor-
dinatesof thesurfacenodesarestill computedusinglinear
interpolation— thus,subpixelaccuracy of thesurfaceis as-
sured— but thenodeconnectionsarechosento beconsis-
tent with the selecteddigital connectivity. In otherwords,
althoughthe topologyof the implicit surfaceis embedded
in a binarymanner, thegeometryof thesurfaceis still em-
beddedcontinuouslyas in standardgeometricdeformable
models.

A simpletwo-dimensionaldemonstrationof the behav-
ior of TGDM is shown in Fig. 1. Here,sameinitialization
[Fig. 1(a)]yieldsatopologicalchangewhenastandardgeo-
metricdeformablemodel(SGDM)is applied[Fig. 1(b)] but
no changewhenTGDM is used[Fig. 1(c)]. The zoomed
region shown in Fig. 1(d) shows thatsubpixel resolutionis
maintained.We notealsothatTGDM is only 7% slower in
computationtime thanSGDM.

In the following sections,we apply threecasesof the
new deformablemodeltoextracttheinner, centralandouter
corticalsurfacesby designingtheindividual forcetermsof
Eq.1 accordingly.

3.3. GM/WM surface

Thefirst TGDM modelis targetedat theinnerGM/WM
surface. Although the initialization stepalreadyprovides
a close and topologically correct representationof the
GM/WM boundary, weneedto smoothout its staircasearti-
factswhile simultaneouslymaintainingtheaccuracy of the
surfaceandkeepingthe correcttopology. To accomplish
this, we useTGDM with a curvatureforce anda regional
signedpressureforce (cf. [21]), while the advectionforce9 R�SDM .V0 4 is setto zero,i.e. no advectionforce is used.The
curvatureforce aimsto regularizethe surface,andis pro-
portional to the meancurvature

r .V0 4 of the surface. The
signedpressureforceis definedas

,�.10 4 ��z
����j� .10 4b�Q���
where� ��j� denotesthenew WM membershipfunctionob-
tainedafter filling. Since � ������ � ���L�D , ,j.V0 4 falls in the
rangeof � �)�	�L�L . If � ������ �����

then ,�.V0 4 � �
, whereas

if � ������ �����
then ,�.10 4 � �

. Therefore,,�.10 4 provides
outwardballoonforceswhenthesurfaceresideswithin the
WM and inward forceswhen it residesoutsidethe WM.
Thus,,�.10 4 will forcethesurfaceto theGM/WM boundary.
Theweightsfor thetwo forcesarechosento be \ ^ � � and\ a � �$��� � z . Thesearepresentlydeterminedempirically,
andwill beoptimizedin futurework.

3.4 Anatomically consistent GM editing

The GM/WM interface is relatively unaffectedby the
partial volume effect. Reconstructionof both the central
andpial surfaces,however, is very difficult whenopposing
sulcalbanksareblurredtogether. Beforeproceedingto es-
timatethesesurfaces,we presentour anatomicallyconsis-
tentediting(ACE)approach,whichmodifiestheGM mem-
bershipfunction in tight sulci to produceevidenceof CSF
whereit is otherwiseobscuredby thepartialvolumeeffect.

Thefirst stepin ACE is to detectthemedialaxisof the
sulci,asillustratedin Fig.2. Sincethelevel setfunctionof a



(a) (b)

Figure2: Tight sulciandlocalizationsof outsideskeletons.

geometricdeformablemodelis itselfasigneddistancefunc-
tion, theTGDM level setfunction - ��� usedto producethe
GM/WM interfaceservesto identify pointsthatareoutside
theGM/WM andareequidistantto two (or more)GM/WM
surfaces. We identify the outsideskeletonby taking the
discreteLaplacianof this level set function, clip negative
values,set it to zerowhenever - �j� is negative, andthen
normalizetheresultto therange� ���L�D . Locationswherethe
resultingfunction— which we denoteby � .10 4 — is large
representtheoutsideskeleton.

We now usetheoutsideskeletonfunction � .10 4 to mod-
ify theoriginalGM membershipfunction.Oneproblemthat
mustbe addressedis the presenceof medialaxesthat ap-
proachtheGM/WM interface,asillustratedin Fig.2(b). Al-
thoughthenormalizedLaplaciandecreasesasit approaches
theinterface,wedo notwantto risk actuallymodifying the
GM membershipfunctionverynearits interiorsurface.Ac-
cordingly, modificationsto the GM membershipfunction
are only madeat a distancegreaterthan 1 mm from the
GM/WM interface— anarbitrarydistancechosenbecause
it representsa lowerboundoncorticalthickness.Following
this rationale,we producean ACE GM membershipfunc-
tion asfollows

� �� � .V0 4 ��� � ��� � .10 4� � � � .10 4 - �j� .V0 4 � �� � � .V0 4 otherwise
(4)

TheCSFmembershipfunctionis correspondinglymodified
asfollows,where� ���� denotestheWM membershipfunc-
tion afterfilling.��� �¡D¢P.10 4 � ��� � ���� � .10 4 F`������ .V0 4K q� (5)

The result of the GM editing is illustrated in Fig. 3,
wherea2-D cross-sectionalview is shown. Clearly, thereis
a markedimprovementin theappearanceof sulcalgapsin
theACEresultascomparedto theoriginalGM membership
function.WenotethatACEdoesnotmakeany assumptions
aboutthemaximumcorticalthickness,soit will not restrict
thecorticalwidth anywherein thecortex. Wealsonotethat
it only hasaneffect within sulci, andeventhenonly when
thereis actualgray matteron the outsideskeleton. Over-
all, we considerACE to be a bettersolutionto the partial
volumeproblemthana thicknessconstraint.

(a) (b)

Figure3: (a)OriginalGM membershipfunctionand(b) theACE
editedGM membershipfunction.

3.5. Central cortical surface

TheACEGM membershipfunctionbetterrepresentsthe
trueanatomyof thebraincortex. Wenow usethismember-
shipfunctionto deriveforcesfor asecondTGDM modelto
find thecentralsurfaceof thecortex.

As shown in [8], theuseof agradientvectorflow (GVF)
forcemakesit easyto find thecentrallayerof a thick sheet.
Supposewe take theACE GM membershipfunction � �� �
itself asanedgemap,andcomputethegradientvectorflow
from it. Then,theresultingGVF forcewill point to thecen-
ter of the thick “edge”, that is, thecenterof theGM sheet.
Specifically, the GVF external forces XY .10 4 appliedin the
secondTGDM modelis computedastheequilibriumsolu-
tion of thefollowing systemof partialdifferentialequationsXY 6 � % C¤£�XY � .�XY � C¤���� � 4 ALC¤���� � A[£ � (6)

where XY 6 denotesthe partial derivative of XY .10<¥ 234 with re-
spectto

2
, C £ is theLaplacianoperator, and

%
is a weight,

whichwesetto 0.2.
To makesurethesurfacedoesnotmoveoutof thecortex,

wealsoapplya regionalforceusing[8]

,�.10 4 � � ���
if ALz¦� ��j� .10 4 FG� �� � .10 4b�Q� A � ��� � ¥z¦� ���� .V0 4 FG� �� � �Q��� otherwise

�
(7)

This region forcepushesthesurfaceoutward if it is in the
WM, inwardif in theCSF, but hasnoeffectwithin theGM.
Thus,thesurfacemovestowardthecentralaxisof theGM
underthe influenceof GVF forcesalone. We also apply
a small curvatureforce to keepthe surfacesmooth. The
relativestrengthsof theindividual forcesaredeterminedby
their coefficients,which we fix to be \8^§�¨\7de � �

and\8a©� �$��� � z for all thebrainstudies.
Using theseinternalandexternal forces,TGDM is ap-

plied startingfrom the GM/WM surface. The formulation
of TGDM allowsusto easilyimplementabarrierconstraint
that preventsthe centralsurfacefrom straying inside the



GM/WM interface(which could be otherwisecausedby
noisein GVF). Duringthenarrow bandupdate,weperform
acheckwheneverthecentralsurfacelevel setfunction -  �¡
tries to changesign from negative to positive (i.e., thesur-
facetriestocontract).In particular, wecheckwhether- ���
is alsonegativeat thispoint, in whichcasewedonotallow
thesignchangeandsetthevalueof -  �¡ to asmallnegative
numberat that point. This preventsthe two surfacesfrom
evercrossing.

3.6. Pial surface

TGDM is now usedwith new forcesto find thepial sur-
facestartingfrom the centralsurfaceobtainedin last step.
Here,we usea GVF forcethat is designedto transportthe
surfacetowardstheGM/CSFinterface.We first computea
new edgemap ª>«�¬�ª ?�JD�V�K= thathaslargepositivevaluesat the
GM/CSFinterfaceandlargenegativevaluesattheGM/WM
interface,asfollowsª>«�¬�ª ?�JD�V�K= �(ALC­.1� �� � F`� ���� 4 A �
We then computea GVF field XY .V0 4 using Eq. (6) withª>«�¬�ª ?@JL�V�K= replacing� �� � .

To acceleratethe movementof the deformablesurface
insidetheGM andto helpit stayat theGM/CSFinterface,
thefollowing region force ,�.10 4 is alsoused,j.V0 4 ��� �� � � � � ®¡D¢ �
Thisregionforcemakesthesurfaceexpandif insidetheGM
andcontractif insidetheCSF. Meancurvatureis still used
astheinternalforce.

TGDM is run with the above forcesandthe weightsas
before: \8^i�(\7de � �

and \_a¯� �$��� � z . We alsoapplya
barrierconstraintasin theprevioussectionto makesurethe
outersurfacestaysoutsideof thecentralsurface.This bar-
rier constraintis imposedby preventingtheevolving level
setfunctionfrom changingsignfrom negativeto positive if-  �¡ is negative.

3.7. Cortical thickness and curvature

After the threesurfacesare obtained,we can compute
severalpropertiesof thesegmentedbraincortex suchasthe
thicknessof thecortex volume,andthecurvatureprofileof
thecorticalsurfaces.We adopta simplethicknessmeasure
asin [4]. That is, at eachgrid point betweentheinnerand
outersurface,the thicknessis definedto be thesumof the
distancesfrom thepoint to the innerandtheoutersurface.
Notethatat sucha grid point, thesigneddistancefunction
of theinnersurfaceis positive andthatof theoutersurface
is negative.Hence,thethicknessmap v is computedby:v¤.10 4 �i-7° ±�.10 48� - ?�JD� .V0 4D�

(a) (b) (c)

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

To display thicknesson the computedcentralsurface,we
uselinear interpolationof this thicknessfield to determine
thicknessvaluesoneachnodeof thesurfacemesh.

The meancurvatureandthe Gaussiancurvature,of the
reconstructedsurfacescan also be calculatedeasily from
theembeddinglevel setfunctions[17, 4]. For example,the
meancurvature

r�²
is relatedto thesigneddistancefunction- by thefollowing equation:

W ² ��C�T�. CE-ADCE-)A 4
�´³�µ·¶V¸ ¹@¸ ºD»�¼	½ .@.q- ¶¾¶ F¿- ¹K¹ 4 - £ º � z�- ¶ - ¹ - ¶À¹ 4z�.q- £Á F¿- £Â F¿- £Ã 4ÅÄ#Æ £ �

where Ç´�È��.10 �3ÉB�@Ê�4[� . ÉB�@Ê®� 0 4[� . Ê®� 0 �@É�4#� , and - ¶ and - ¶�¹denotethefirst andsecondorderpartialderivativesrespec-
tively of - with respectto thesubscripts.

4 Results and Discussion

We haveappliedournew corticalsurfacereconstruction
methodon 21 MR brain imagesobtainedfrom the Bal-
timore LongitudinalStudy on Aging [22]. Figs. 4(a)–(c)
show thereconstructedGM/WM, central,andpial surfaces,
respectively, for oneof thesedatasets.Fig. 5 shows these
surfacesoverlaying variouscrosssectionsof the original
MR data. From thesefigures,it canbe seenthat the esti-
matedsurfacesfollow the folds of thecortex very well. It
canalsobeseenthatACEhelpstheoutersurfacestayinside
tight sulci.

Sincethe reconstructedsurfacesareguaranteedto have
thecorrectsphericaltopology, they arereadilytobemapped
to spheres,which helpsin visualizinggeometricalor func-
tional dataon thecortex. We usedtheconformalmapping
methoddescribedin [23] to mapthecorticalsurfacesto unit
spheres. Two examplesare shown in Fig. 6 and Fig. 7,
wherethe cortical thicknessand the meancurvaturemap
of the centralsurfacearecomputedanddisplayedbothon
theoriginalcentralsurfaceandon themappedunit sphere.



(a) (b)

(c) (d)

Figure5: (a) Threereconstructedsurfacesdisplayedon anaxial
slice of the original MR data. (b) A zoom of the bottom-right
cornerof (a). (c),(d)Zoomedviews oncoronalandsagittalslices,
respectively.

(a) (b)

Figure6: Thethicknessmapshown on(a) thecentralsurfaceand
(b) thesphericalmaprespectively.

Table1: Landmarkerrorson thecentralsurfacesof 6 stud-
ies(in mm).

Subject
Sulcus 1 2 3 4 5 6 Mean Std
CSË 0.85 2.02 0.81 0.59 0.95 0.84 1.01 0.51
CSÌ 1.39 1.23 0.74 0.09 1.01 0.47 0.82 0.49
PCGË 0.83 0.85 0.27 0.70 2.10 0.72 0.91 0.62
PCGÌ 0.99 0.09 0.75 0.53 0.12 0.09 0.43 0.39
TLG Ë 0.09 1.12 0.56 1.01 0.99 0.09 0.64 0.47
TLG Ì 0.50 2.46 0.84 0.97 1.24 0.78 1.13 0.69
CALC Ë 0.95 0.49 0.82 0.26 0.49 0.09 0.52 0.33
CALC Ì 1.19 2.19 1.06 0.95 0.67 0.97 1.17 0.57
MFG Ë 0.62 1.39 0.15 1.72 1.97 1.58 1.24 0.70
MFGÌ 1.18 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 0.38 0.75 0.28 0.46 0.67 0.48 – –

(a) (b)

Figure7: Thecurvaturemapshown on(a) thecentralsurfaceand
(b) thesphericalmaprespectively.

Table2: Landmarkerrorsreportedpreviously(in mm).

Subject
Sulcus 1 2 3 4 5 6 Mean Std
CSË 1.15 2.43 1.03 0.21 0.39 0.15 0.89 0.47
CSÌ 1.80 1.72 0.81 1.08 1.25 2.08 1.46 0.47
PCGË 0.75 0.70 0.24 0.59 2.09 0.84 0.87 0.38
PCGÌ 0.92 0.51 0.56 0.63 0.50 0.40 0.59 0.40
TLG Ë 0.60 0.56 0.41 1.08 0.94 0.17 0.63 0.43
TLG Ì 0.44 2.18 1.05 0.91 0.43 0.88 0.98 0.45
CALC Ë 0.89 0.68 1.21 0.42 0.29 0.72 0.70 0.45
CALC Ì 1.46 4.00 2.05 0.61 2.05 0.51 1.78 0.51
MFG Ë 0.31 0.32 0.28 1.40 1.39 0.55 0.71 0.47
MFGÌ 1.33 1.11 0.51 0.19 0.58 0.89 0.77 0.43
Mean 0.97 1.42 0.82 0.71 0.99 0.72 0.94 –
Std 0.47 1.17 0.55 0.40 0.68 0.55 – –

To estimatethe accuracy of the proposedmethod,we
computeda set of landmarkerrors on six of the recon-
structedcentralcorticalsurfaces,asshown in Table1. The
landmarks,tenoneachbrain,weremanuallypickedonsev-
eralmajorsulci andgyri (see[8]). As canbeseenin theta-
ble, theerror is smallwith a total averagearound0.87mm.
For comparisonpurposes,we list in Table2 our bestprevi-
ouslyreportedlandmarkerrorresult[14], whereaparamet-
ric deformablesurfacemodelwasusedto extractthecentral
surfaceandwithoutusingtheACE.Thenew methodindeed
improves the accuracy of the surfacereconstruction.We
believe that the improvementcomesfrom theACE editing
procedure.We note,however, that the landmarkswerenot
designedspecificallyto testtherobustof thealgorithmwith
respectto the partial volumeeffect. We plan to do more
validationin thefuture.

We also ran a programto detectself-intersectionson
the final surfacemeshes. The new resultshave no self-
intersectionsanywhere,asexpected.In contrast,mostcor-
tical surfacereconstructionsobtainedfrom parametricde-
formablemodelsthatdonotexplicitly prohibit them(cf. [1]
and[3]) will have self-intersections.This is especiallytrue
for the pial surface,wheremany partsof the surfaceare
essentiallyback-to-backin the tight sulci. The only other



way to prevent(or reduce)self intersectionswith paramet-
ric modelsis to increasetheinternalforces,whichcanhave
a very negativeeffect on thesurfaceaccuracy. Our method
preventsself-intersectionswhile simultaneouslymaintain-
ing low internalforcesto permithighly accurate(subvoxel)
surfacereconstructions.

Given an existing white matter segmentation, our
methodcurrently takes about40 minuteson an SGI O2
workstation(174 MHz, R10000processor)to reconstruct
all thethreesurfaces.Thus,it is comparableto thegeomet-
ric deformablemodeldescribedin [4], andmuchfasterthan
parametricmodelsreportedin theliterature,eventhosethat
do not imposeself-intersectiondetection.Given thatmost
algorithmscurrentlyreportmany hoursto obtainsimilar re-
sults,webelievethatouralgorithmrepresentsanimportant
developmentfor brainimageanalysis.

5 Conclusion

In thispaper, wehavedescribedanapproachfor cortical
surfacereconstructionthatusesatopologicalpreservingge-
ometricdeformablesurfacemodel(TGDM) andananatom-
ically consistentGM editor(ACE).Theresultingmethodis
computationallyfastandproducessurfacesthataregeomet-
rically accurate,have thecorrecttopology, anddo not self
intersect(or mutually intersect). In the future, we plan to
developatruthmodelof theentirebraincortex sothatmore
comprehensive validationandparameteroptimizationcan
becarriedout.
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