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parcellation of the cortical surfaceinto gyri

usinggeodesicVoronö� Diagrams.

Abstract

In this paper, we proposea genericautomaticapproachfor theparcellationof thecortical
surfaceinto labeledgyri. Thesegyri arede�ned from a setof pairsof sulci selectedby the
user. The selectedsulci are �rst automaticallyidenti�ed in the data,thenprojectedonto
the cortical surface.The parcellationstemsfrom two nestedVoronö� diagramscomputed
geodesicallyto the cortical surface.The �rst diagramprovidesthe zonesof in�uence of
thesulci. Theboundarybetweenthe two zonesof in�uence of eachselectedpair of sulci
standsfor agyrusseed.A seconddiagramyieldsthegyrusparcellation.Thedistanceunder-
lying theVoronö� diagramallows themethodto interpolatethegyrusboundarieswherethe
limiting sulciareinterrupted.Themethodis illustratedwith twelve differenthemispheres.
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1 Intr oduction

Therecentadventof automaticmethodsdedicatedto brainmorphometryhasraised
a largeinterestin theneurosciencecommunity(AshburnerandFriston(2000);Fis-
chl etal. (1999);Thompsonetal. (2000);Chungetal. (2001);TogaandThompson
(2002)).Thesetools,indeed,provideanew wayof addressingissuesrelatedto the
links betweenanatomyandfunction; they allow thestudyof the in�uence of var-
ious parameterson the anatomicalsubstratum: sex, handedness(Davatzikos and
Bryan(2002);Manginetal. (2003)),cognitivefeatures(Maguireetal. (2000)),ge-
netic features(Thompsonet al. (2001)),pathology(Woermannet al. (1999);May
et al. (1999)),etc.Longitudinalstudiesof brainmaturationor ageingprocesshave
alsoreceived increasingattention(Pauset al. (1999,2001);Goodet al. (2001)).
While noneof thesetoolscanbeconsideredastheperfectone,simply becauseof
thehugecomplexity andvariability of brainanatomy, it is assumedthatanalyzing
hundredsof brainsovercomesthefailuresobservedfor a few ones.

1.1 Brain morphometry

Most of thebrainanatomyanalysismethodsappliedat a largescalerely on a co-
ordinate system, which maybeeitherthreedimensional(like thewell known Ta-
lairachgrid (TalairachandTournoux(1988)),or two dimensional,with spherical
topology(for studiesof cortical thickness(Fischlet al. (1999);Mac Donaldet al.
(2000);Chunget al. (2003)).For eachmethod,thecoordinatesystemis provided
to eachbrainvia a speci�c warpingprocess.This process,calledspatial normal-
ization, matchasfar aspossiblethe differentbrainsunderstudywith a template
endowed with the coordinatesystem.The morphometryis then performedon a
point by point statisticalbasis,eitheron datarelatedfeatures(AshburnerandFris-
ton (2000))for studyingrelative or absolutetissueamount,or on deformationre-
latedfeatures(Chunget al. (2001))for comparingthe spatialorganizationof the
tissue(translation,rotation,shrinking,etc...).

This coordinatebasedspatialnormalizationparadigmhasmadea tremendousim-
pacton morphometrystrategiesbecauseof its versatility. A numberof different
normalizationalgorithms,however, areusedthroughouttheworld, eachonepoten-
tially leadingto differentresults(Hellier et al. (2003(inpress)).For instance,the
widely distributedSPM software

�

(Fristonet al. (1995);AshburnerandFriston
(2000))allows the userto choosethe templateor the numberof basisfunctions
usedto modelthewarping.This observationmeansthatwhatis calledspatialnor-
malizationis far from beingclear, which is explainedby thefactthatnobodyreally
knows whatmaybethegold standardin termsof brainwarping.Furthermore,no-
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bodyknowstodayto whichextentmatchingtwo differentbrainswith acontinuous
deformationmakessensefrom ananatomo-functionalpointof view.

An alternativeapproachconsistsin following theclassicalwayof doingmorphom-
etry, namelyde�ning someanatomicalstructuresby asegmentationmethodand
deriving someshapedescriptors (surface,volume,moments...)andsomeinter-
structuredescriptors(relativespatialposition,connexity,...)thatwill becompared
acrossbrains.This alternative is suf�ciently attractive to be appliedmanually, al-
thoughtediouswork hasto beperformed,whichpreventslargescalestudies(Sow-
ell etal. (2002);Kim etal. (2000)).Themotivationbehindthisstructurebasedmor-
phometryis thatsomeneuroscienceresultsdeeplyrelatedto thebrainarchitectural
organizationmaybeeitherlost duringthenonperfecticonic spatialnormalization
or inaccessiblevia acoordinate-basedpointof view.

Finally, it shouldbenotedthatsomemorphometryapproachesarehybrid because
local coordinate systemsare usedto computesomeshapedescriptors.For in-
stance,usinga surfacic coordinatesystemdedicatedto simply connectedobjects
allows thecomputationof simpleaveragedistancesbetweenobjectsandopensthe
doorsto sphericalharmonicsbasedmeasures(Gerig et al. (2001)).The detection
of cortical folds usingtwo dimensionalregularmeshesallows similar shapestud-
ies (Le Goualheret al. (2000);DavatzikosandBryan(2002)).While someof the
shapedescriptorsusedby this classof approachesarestill disturbedby the inter-
individual variability of thede�nition of the local coordinatesystem,the fact that
a dedicatedsystemis usedfor eachbrain structureovercomessomeof the prob-
lemsrelatedto the standardnormalizationparadigm.Global warpingalgorithms,
indeed,imply a trade-off betweentheconstraintsimposedby thedifferentshapes
embeddedin thebrain,whichusuallyleadsto alow quality localcoordinatesystem
for complex structureslike thecortex sulco-gyralpatterns.

1.2 Segmentationof cortical gyri

Imageanalysismethodsdedicatedto the cortex almostalways focuson cortical
folds, becausethey canbede�ned simply usinggeometricproperties(depth,cur-
vature,medialaxes,etc).Theusualneurosciencepoint of view aboutthecortical
surfacesegregation,however, is gyrusbased.A gyrus,indeed,is usuallyconsidered
to bea module of the cortex endowedwith denseaxonalconnectionsthroughout
local white matter(Van Essen(1997)).Unfortunately, cortical gyri arerelatively
dif�cult to de�ne from a puregeometricalpoint of view, evenif they areassumed
to bedelimitedby two parallelsulci.

Two directionsof algorithmicresearchaimatproviding automaticmethodsto per-
form structurebasedmorphometry. The �rst approachstemsdirectly from the
iconic spatial normalization scheme:a manualsegmentationof the templateis
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warpedtowardany new brainin orderto obtainanautomaticsegmentation(Collins
etal. (1995)).While thisapproachgivesgoodresultsfor stablebrainareaslike the
deepnuclei,it is morequestionablefor thecortex (Tzourio-Mazoyer et al. (2002))
becausethewarpingalgorithmsaredisturbedby thehigh inter-individualvariabil-
ity of the folding patterns(Ono et al. (1990);Riviere et al. (2002)).Therefore,a
concurrentstrategy for the cortex consistsin linking blind geometric parcella-
tions with patternrecognitionmethods(Manginet al. (1995b);Le Goualheret al.
(1999); Lohmannand von Cramon(2000); Riviere et al. (2002); Cachiaet al.
(2003(inpress);Rettmanet al. (2002)), in order to achieve a betterde�nition of
thesulco-gyralshapesto becomparedacrossbrains.A lot of otherdedicatedseg-
mentationschemeshave beende�ned for variousotherapplications(Duncanand
Ayache(2000)).

No data-drivenparcellationalgorithmdedicatedto gyral shapeshasbeenproposed
in the literature,becauseof the lack of gyrusgeometricalde�nition. Therefore,a
gyrussegmentationmethodhasto rely onapreprocessingyieldingthedetectionof
thesulci delimiting thegyri. A �rst possibleapproachwould beto addsomecon-
straints into warping algorithms in orderto imposethecorrespondencebetween
thesesulci(ThompsonandToga(1996);Collinsetal. (1998);Cachieretal. (2001)).
Thusthewarpingof the templategyral segmentationwould provide a reliablere-
sult. An alternative proposedin this paperconsistsin devising a morphological
de�nition of the gyri fr om the sulci.

Thus,thegyrussegmentationmethodproposedin this paperrelieson a two stage
strategy. First, the main cortical sulci are automaticallyextractedand identi�ed
usinga contextual patternrecognitionmethodthat may be viewed asa structural
alternative to thebrainwarpingapproach(Riviereet al. (2002)).Second,thedual
gyri arede�ned aspatchesof the cortical surfaceyieldedby the computationof
two nestedVoronö� diagrams,whoseinitial seedsareinferredfrom the identi�ed
sulcusbottomlines.The computedgyri correspondto a setof pairsof sulci pro-
vided by the user. Thesesulci can be chosenin the list of sulci de�ned by the
neuroanatomistwho hasperformedthemanualidenti�cation usedto train thepat-
ternrecognitionsystem.Themethodis generic�rst becausetheusercanselectany
pair of sulci, secondbecausean alternative identi�cation of the sulci canbe pro-
videdeithermanuallyor automaticallyfor largescalestudyif a learningdatabaseis
constituted.Someuserfriendly toolscanbedownloadedfrom http://anatomist.info
to performthesemanipulations.

The next sectionproposesan overview of the main stepsof the whole method:
detectionandlabelingof thesulcusbottomlines(section2.1),transitionfrom their
3D representationsfrom theraw datato their2D projectionsonthecorticalsurface
(section2.2) and gyral parcellationof the cortical surface(section2.3). For the
sake of understanding,their technicalaspectsaredetailedapart(section3 and4).
Finally, themethodis appliedontwelvedifferentbrainhemispheresandtheresults
arediscussed(section5).
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2 Overview of the method

A]

C] D]

B]

Fig. 1. The de�nition of a gyrus from two parallel sulci using the Voronö� diagram
principle. A] Two schematicparallel sulci. B] De�nition of the Voronö� diagram of the
sulcallines,i.e. parcellationof thedomainin in�uencezonesof thesulci.C] Theboundary
betweenthe two in�uence zonesprovidesthe gyrusseed.D] Thegyrusdelimitedby the
twoparallel sulcicanbeobtainedasthein�uencezoneof thepreviousboundaryseed.The
initial two sulcal linesmustberemovedfromthedomainto preventthefront propagation
underlyingtheVoronö� diagramconstructionto crossthem(a gyrusshouldendat thebot-
tomof thelimiting sulci).Therestof thegyrusboundarieswill beinducedbya competition
with theothergyri.

Themainproblemcomplicatingthemorphologicalde�nition of thegyri is thein-
terruptionof the delimiting sulci, becausetheseinterruptionsarehighly variable.
The ideaproposedin this paperovercomesthis dif�culty usingthe Voronö� dia-
gramprinciple(AurenhammerandKlein (2000)).Sucha diagramis aparcellation
of spacefrom a setof seeds.Eachparcelis thein�uencezoneof oneof theseeds,
namelythe domainof spacecloserto this seedthanto any otherseed.If a setof
linesapproximatively locatedat the level of thecrownsof thegyri of interestcan
be provided as gyrus seeds,the whole gyral parcellationcan be de�ned from a
geodesicdistancecomputedconditionallyto thecortical surface.Eachgyruswill
be the zoneof in�uence of its own seed(seeFig. 1). In orderto imposethe sul-
cusbottomsaspartsof theboundariesbetweenthesein�uence zones,they will be
removedfrom thecorticalsurfaceto preventthedistancesto bepropagatedacross
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theselines.Hencetheresultingdiagramis inferredfrom aniterativedilationof the
gyrusseedsthat is stoppedeitherat the level of the sulcusbottoms,or whentwo
zonesof in�uence getin touchwith eachother.

2.1 Sulcussegmentationandidenti�cation

The �rst stageof themethod,which hasbeendescribedin (Riviereet al. (2002)),
providesautomaticallythe identi�cation of themainsulci, eachsulcusbeingrep-
resentedby asetof voxelsobtainedfrom askeletonsegmentation(seeFig. 2). For
eachsulcus,discretetopologyproperties(Malandainet al. (1993);Mangin et al.
(1995a))enableto obtain the subsetof voxels correspondingto the bottomlines
(mainpartandbranches,seeFig.5),calledsulcalbottomlines. An otheroutcomeof
this preprocessingstageconsistsof two smoothmeshesof thecortex hemispheres
endowedwith a sphericaltopology(Manginet al. (1995a,1996)),eachmeshcor-
respondingto the interfacebetweenthe gray and the white matter. It is on this
representationof thecorticalsurfacethat thesulcalbottomlineswill beprojected
(cf section3) to de�ne somelimits betweenthedualgyri. Therefore,to haveaccess
to themethoddescribedin thispaper, theuserhasto providealist of pairsof sulcus
names;eachpairwill usuallycorrespondto two parallelsulci,possiblyinterrupted,
de�ning agyrus.

2.2 Projectionof thesulcalbottomlinesontocortical surface

The morphologicalde�nition of the gyri mentionedabove (seeFig. 1) assumesa
processinggeodesicto thecortex sphericaltopology. Thesulcalbottomlines,how-
ever, arenot embeddedinto thesphericalmeshrepresentingthecortex. Therefore,
they have �rst to beprojectedinto this2D space.

To make the projectedbottom lines behave like walls for the geodesicdistance
propagation,their topologyhasto bepreservedasfaraspossibleduringtheprojec-
tion. Preservingthe topologyduring the projectionprocessis not straightforward
becauseof samplingdifferencesbetweentheinitial 3D volume,in whichthesulcus
skeletonhasbeende�ned, andthetriangulationof thecorticalsurface.This mesh
sampling,moreover, is not regular, becauseit resultsfrom anadaptive decimation
algorithmwhich adaptsthesizeof thetrianglesto localcurvature.

The initial topology of the bottom line can not be predicted,becausethe sulcus
canbe interrupted,namelymadeup of severalsmallerfolds andbranches,whose
bottomlinesdonot toucheachother. Hence,theprojectionis performedconnected
componentby connectedcomponent.

Anotherimportantconstraintis thelocalizationof theprojectionthatshouldcorre-
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Fig. 2. Up: The result of the sulcusextraction and identi�cation (on the left: the white
mattermeshusedasa sphericalmodelof thecortex). Thedifferentcolorscorrespondto the
variousnamesusedby our neuroanatomistto train the recognition system(Riviere et al.
(2002)).Down: (On the left:) Only the sulci usedby the useras boundaryfor the gyral
parcellation are represented.Several small sulci, codedwith the samecolor, havebeen
gathered into oneto createa long boundary;someother ones,yielding to uselessgyral
subdivisions,havebeendiscarded.(On the right:) Thecorrespondinggyral parcellation.
Hence, according to the userneed,several different parcellationscan be obtainedusing
differentchoicesof gyrusboundaries.

spondto the deepestpart of the fold on the cortical surface(seeFig. 5.A.). After
comparingseveral possibleapproaches(cf section3.1), we have chosen�rst to
projecteachbottompoint usingthe tangentplaneto the sulcus.Thenthe projec-
tion of eachsulcusbottomconnectedcomponentis regularized(cf section3.2) in
orderto imposea global consistency: the whole setof bottompointsis projected
usingtheaf�ne transformationwhich minimizesthesquareddistanceto theinitial
projectedpoints(seeFig. 3).

Finally, somemorphologicalclosingoperations,processedgeodesicallyto thetri-
angulatedsurface(cf section4.2),guarantyasfar aspossiblethattheprojectionof
eachconnectedcomponentis asimply connectedobjectsfor themeshtopology.
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A3]
A2]A1]

D]
C]B]

Fig. 3. This �gure proposesa sketch of the methodmappedon an in�ated version of the
cortical surfacefor thesake of understanding. Mostof theremainingsurfacecurvature is
relatedto the gyral parcellation targetedby the algorithm.Each sulcusbottomline con-
nectedcomponentis �r st projected(point to point (A1) andglobally usingan af�ne trans-
formation(A2) . Thenthe projectionis closedusinggeodesicmathematicalmorphology,
andskeletonisedin order to obtainactualcontinuousline (A3).A �r st Voronö� diagramis
computedfor the seedscorrespondingto theseprojectedlines usinga geodesicdistance
(B). Thisdiagram providesa sulcalbasedparcellation of thesurface. Theseedsthat will
standfor thegyri are boundariesof this �r st diagramrelatedto thepairs of sulci initially
de�ned by theuser(C). Finally a seconddiagram is computedfor thesegyral seedsafter
removal of thesulcalseedsfromthemeshin order to preventthegeodesicdistanceto cross
a sulcusbottom(D).

2.3 Gyral parcellation

Oncethe sulci have beenprojected,the remainingprocessingis embeddedinto
thesphericaltopologyof thecorticalsurface.The two stagesof computationrely
on the Voronö� diagramnotion.Thesediagramsof in�uence zonesarecomputed
via iterative dilation of theseedsaccordingto thegeodesicEuclideandistance(cf
section4.1).

The �rst stepleadsto the de�nition of a gyral seedfrom eachpair of sulci given
by theuser. Thisde�nition reliesonthecomputationof theVoronö� diagramof the
labeledsulcallines(seeFig. 3.B).

The goal of this diagramis the detectionof the boundariesbetweenthe zonesof
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A B
C D

C.S. Pre.C.S.

Cingulate

Sup.Fr.S.

Inf.Fr.S.

Insula

Pre.C.G.

F2

F1

F3

Pre.C.G.
F2

F1

F3

Fig.4.Selectionof the gyrus seeds.Schematicexamplefor the frontal lobeparcellation
A] De�nition of thesulcal line (C. S.,Pre. C. S.,etc...)of thesulci involvedin a gyral pair
(Pre.C.G.,F1, F2, F3). B] De�nition of theVoronö� diagramof thesulcusin�uencezone.
C] Selectionof the gyrus seeds: only the boundariescorrespondingto a pair of sulci
delimitinga gyrusare takenasgyrusseeds.D] TheVoronö� Diagramof theselectedgyrus
seeds.Thesulcal linesare removedfromthedomainbefore theseeddilation process.The
distanceunderlyingtheVoronö� diagramallowsthemethodto extrapolatethegyruslimits
where thesulci donotprovidea boundary.

in�uence of thepair of sulci givenby theuser(seeFig. 3.C).Suchaboundarywill
representfurthertheseedof thecorrespondinggyrus.Thesetof boundariesof the
diagramis sometimescalleda skeletonby in�uence zone(SKIZ) (Lantuejouland
Beucher(1981)).Theboundariesarethenodeswith at leasttwo differentlabelsin
their directneighborhood.Hence,theboundariesof interestaresetof nodeswith
exactly two labelsin theirneighborhoodcorrespondingto oneof theuserspeci�ed
sulcuspairs (seeFig. 4). This de�nition of the gyral seedleadsto a localization
equidistantto the targetedsulcalboundaries(seeFig. 1). This localizationseems
to bethebestone,consideringthatthegapsbetweenthesulcalboundarieswill be
�lled via a competitionbetweenneighboringseeds.With this choice,the virtual
boundarieswill beequidistantto themidline of thetwo competinggyri.

Thesecondstepleadsto thegyralparcellationof thecorticalsurface(seeFig.3.D).
The sulcal lines are�rst removed from the mesh,in orderto prevent the dilation
from crossingthesetargetedboundaries.Thena Voronö� diagramis computedfor
the gyral seedsyieldedby the previous step.Finally this intermediarydiagramis
usedasseedsfor thecomputationof a lastdiagramcomputedfor thewholemesh,
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in orderto �ll thesulcallines.

3 Projection of the sulcalbottom lines

Themoretechnicalpartof theparcellationmethodis thetransitionfrom thevoxel
world toward thecortical sphericalworld. Theparcellationalgorithm,indeed,as-
sumesthat eachconnectedcomponentof a sulcusbottomline canbe considered
asan impassablebarrier. Thus,eachcontinuousline of bottomvoxels hasto be
transformedinto a continuousline of meshnodes.In orderto achieve this result,
eachconnectedcomponentof thesulcalbottomline is �rst globally projectedus-
ing anaf�ne transformation,which preventsthecreationof largegapsbetweenthe
projectedpoints.Theprojectedsetis thenpost-processedusinggeodesicmorpho-
logical techniquesin orderto obtainasimplyconnectedline.

Becauseof someweaknessesof thediscretetopologycharacterizationschemeused
to de�ne thebottomlines,a pre-processingstephasbeenaddedbeforetheir pro-
jection.Their continuity, indeed,is sometimebrokenbecausesomeof thebottom
pointsarelabeledasjunction points(i.e. pointsconnectinga sulcusto a branche
or an othersulcus).Therefore,a �rst volumetricclosingprocessrelatedto the26
connectivity is appliedto thesulcalbottomlinesbeforeprojection.This closingis
madeup of a standarddilation followedby a homotopicerosionwhich preserves
thetopology(Malandainetal. (1993);Manginetal. (1995a)).

An importantpoint is thechoiceof thegeometricpropertiesusedto drive thepro-
jectionprocess.Threedifferentapproacheshave beencomparedto �nally choose
a methodusing the planetangentto the sulcussurfaceat eachbottom point. In
the following, we describe�rst the comparisonof thesethreepoint-to-pointpro-
jectionmethods.Thenwe introducetheregularizedglobalprojection,which is an
adaptationof thewell-known ICPalgorithm(BeslandMcKay (1992);Feldmarand
Ayache(1996)).Finally wedescribethegeodesicpost-processing.

For the sake of clarity, the following explanationsconsideronly one connected
componentof a sulcusbottomline, which is calleda “sulcal line”. All theprocess-
ing, indeed,is appliedindependentlyto each connectedcomponent.

3.1 Point-to-pointmatching

The algorithmsdescribedin this sectionprojecteachvoxel ���

� of the sulcal line
onto a node ���

� of the triangulationrepresentingthe cortical surface.Threedif-
ferentapproacheshave beentested,eachonecorrespondingto a differenta priori
constrainton the localizationof theprojectedline. In eachcase,���

� is de�ned as
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themeshnodeminimizing adistanceto � �

� .

3.1.1 High curvature location

In this approach,the projectedsulcusbottom points are assumedto correspond
to high curvature locationson the sphericalmesh.A high curvature,indeed,is
supposedto beanindicatorof theexactlocationof thecorticalfold bottom.To be
moreprecise,sincethesphericalmeshis oriented,thetargetednodesareendowed
with alow negativecurvature.Thisa priori constraintis embeddedin thede�nition
of thedistancebetweenabottompoint ���

� andany meshnode � :
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� , with �

� theneighbors
of � ), and

>L@

<MF thenormalof themeshat thenode� . Thisheuristicis usedfor the
smoothnessof theresultingcurvaturemap.

3.1.2 Maximaldepth

In this approach,theprojectedsulcusbottompointsaresupposedto be locatedas
deeplyaspossible.Thedeepestmeshareas,indeed,areconsideredto correspond
to theexact locationof thecortical fold. As in thepreviousapproach,this a priori
constraintis includedin thede�nition of thedistancebetweenthebottompoint �

�

�

andany meshnode � :
��NMOQP

�SR

#

�

�

�
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��*
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where W`X[Z!\_^

#

��' correspondsto thegeodesicdepthat thenode � . Thegeodesic
depthcomputationfollowsthefollowing steps(asimilarapproachmaybefoundin
Rettmanetal. (2002)):

(1) Apply a3D morphologicalclosingto thewhitematterbinarymask.
(2) Apply a3D erosionof 5mmto theclosedmask.
(3) De�ne all the meshnodesoutsidethis maskasgyruscrowns.The geodesic

depthof all thesenodesis thennull.
(4) Computethe geodesicdistanceto thesecrowns,usingthe front propagation

describedlater.
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For the two lastapproacheswhich embedtheconstrainton the localisationof the
projectednodesasa trade-off betweenthe Euclideandistanceand a local mesh
property, the selectionof the weight -

�! �"

�_a

NMOQP

�SR in�uences the accuracy of the
projection.Practically, this weight is choosenempirically, accordingto the raw
dataresolutionandthe cortical meshproperties,so that the node � � minimizing
the involveddistance

�

�! �"

�_a

NMOQP

�SR , lies in thebottomof thefold, closeto thevoxel
���

� .

Sulcus(in blue)

Geodesic depth

Bottom line (in red)

Clipping plane 

Fig.5.Projectionusinglocalmeshinformation(curvatureor geodesicdepth).In thisexam-
ple, thesulcalbottomline is projectedontothecortical surfacealongtheline of maximal
geodesicdistanceto thegyruscrowns.

3.1.3 Geometricalapproach

In thisapproach,thesulcallinesareobtainedastheintersectionof thecontinuation
of thesulcalsurfacewith thecorticalmesh.Thesulcalsurface,indeed,is supposed
to representa notionclosedto the medialaxis of the fold, which shouldsplit the
corticalsurfaceat theright place(seeFig. 6). Moreprecisely, for eachpoint �b�

� of
thesulcalline, thetangentialplanec

� to thesulcalsurfaceis estimatedfrom its d

�

26-neighborseYf

� includedin the fold skeleton.It is easyto show that thenormal
vector

>@

< de�ning thebest�tting tangentplane,in thesenseof minimizingthesum
of squareddistanceof the d

� points g�e

�

�
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smallesteigenvalueof thematrix op(
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'Es (Chungetal.
(2001)).Theprojectedpoint ���

� of ���

� is theclosestnodeto �t�

� , accordingto 3D
Euclideandistance,includedin a stripeof onemillimeter de�ned on both sideof
thetangentplaneu

� .

3.1.4 Comparisonof thethreemethods

Thanksto thefollowing stagesof therobustprojectionprocess,thethreepoint-to-
point projectionmethodsintroducedabove generallygive acceptableresults.Spe-
ci�c con�gurations,however, haveledustochoosethemethodbasedonthetangent
planeasthemorerobustone.This canbeunderstoodby thefact that theassump-
tions that thebestlocationof thefold projectioncorrespondsto high curvatureor
maximaldepthof themeshis notalwaysveri�ed:
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Projected point

Tangent plane

Bottom points

Fig. 6. Projectionof thesulcalbottomline usingtheintersectionof theplanetangentto the
sulcalsurfacewith thecortical surfacemesh.

Fig. 7. Curvature information(left) andsplitting of theprojectedsulcal line whenthebot-
tomof a fold is �at.

v During thegyrogenesisprocess,somegyri areburied in thedepthof thecortex
andmaylocally fold thebottomandthewallsof somesulci (Régisetal. (1995);
Yousryet al. (1997);White et al. (1997);Boling et al. (1999)).Suchlocations
turn out to correspondto minimal geodesicdepthrelatively to the rest of the
sulcusbottom(seethecaseof centralsulcusin Fig. 8). In fact,thebottomline of
asulcusonthemeshusuallypresentssomedepthvariations.This is problematic
becausethedistance

�

NMOiP

�SR biasestheprojectiontowarddepthlocalmaximaand
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createssomegapsin theprojection.Furthermore,theextremitiesof thesulcusare
attractedtowardthedepth,whichshortenstheprojectedline. In somecasesthese
buriedgyri alsodisturb

�

NMw

 �"

� becausethey presentapositivesurfacecurvature.
v Most of thetime, theaspectof thefolds on thewhite mattersurfaceis well de-

scribedasV-shapedsurfaces,namelysurfaceswhosepointswith a locally min-
imal curvatureform a singlebottomline correspondingto theprojectiontarget.
Unfortunately, someU-shapedsulci,whosebottomon thewhite mattersurface
is �at, can be observed. In suchcases,the target line is split in two spurious
lines locatedon both sidesof the sulcusbottom.Eachsulcal line point is ran-
domlyprojectedononeof thesetwo targets(seeFig. 7), andthe�nal resultafter
regularizationof theprojectionis notpredictable.

v Thede�nition of thegeodesicdepthis notastraightforwardtasksinceit requires
thede�nition of a referencelevel (ie thenull depth),which is not alwaysclear
from an anatomicalpoint of view, especiallyfor buried areaslike the insula.
Whenonegyrusis too buriedto beincludedinto thereferencelevel, theline of
maximaldepthis ill de�ned.

A comparisonof the whole projectionprocessappliedto centralsulcuswith the
threepoint-to-pointprojectionmethodsis proposedin Fig. 8. In the following re-
sults,thetangentplanemethodwill alwaysbeused.

3.2 Robustprojection

In this section,thepoint-to-pointprojectionperformedby thealgorithmdescribed
in theprevioussectionis regularized,mainly to minimizethewidth of thegapsthat
may exist in the middle of the setof projectedpoints.Thesegapscanbe created
eitherby anerroneousestimationof thetangentplane,whichcanoccurfor instance
becauseof the presenceof branchesalongthe sulcusskeleton,or becauseof the
presenceof large trianglesalong the bottom of a �at sulcus,which disturbsthe
computationof theintersectionwith thetangentplanes.

A simplewaytoovercometheconsequencesof theproblemsmentionedabovecon-
sistsin reducingthenumberof degreesof freedomusedto projecttheinitial setof
bottompointsof thesulcalline. Thepoint-to-pointprojection,indeed,includesno
constraintof consistency for thepointset.In fact,alow dimensionaltransformation
shouldbe suf�cient to projectthe sulcal line on the mesh.Therefore,in this sec-
tion, we proposeto usetheaf�ne transformationwhich minimizesthesumof the
squareddistancesbetweenthebottompointsandtheirpoint-to-pointprojection.In
orderto obtainarobustestimation,anoutlierdetectionmethodis includedin atwo
stageprocess(Huber(1981)).It shouldbenotedthatthis methoddoesnot needto
be very sophisticated,becausesomeadditionalmorphologicalpost-processingis
still requiredto �ll thegapsappearingin themeshoversampledareas.A detailed
explanationof the leastsquareestimationof theaf�ne transformationis proposed
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Tangent planeGeodesic depthCurvature

burried gyrus

sulci (in red)

Grey/white interface

Closing and Thinning

Affine transformation

Point-to-point matching

Fig. 8. Up: Projection,closingandthinningof thecentral sulcus.Fromleft to right : pro-
jectionusingcurvature, geodesicdepthanda tangentplan.Frombottomto top : �r st pro-
jectionusingpoint-to-pointmatching, af�ne transformation,closingandthinning(for the
sake of understanding, theprojectionsof thesulcal line, buried in thedepthof thecortex,
are mappedon an in�ated versionof thecortical surface).Down: Fromleft to right : cur-
vature andgeodesicdepthmapusedto drive theprojection;thepresenceof a buriedgyrus
locally deformsthewall andtheridge of thecentral sulcus.
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in AppendixA. Hereis themethodperformingoutlier rejection:

(1) A �rst estimationof the af�ne transformationx

�zy{�

� is performedafter dis-
cardingthepoints ���

� , whoseprojection �t�

� is too far away. This �rst outlier
rejectionresultsfrom asinglethresholdontheEuclideandistance(in practice
10mm).Then,anew projection �

�
y|�

�

� is computedfor each�t�

� astheclosest
meshnodeto thetransformedpoint x

�
y{�

�;���

� . It is assumedthat the�rst esti-
mationof x

�
y{�

� is a goodapproximationof the�nal transformation.Hence,it
will beusedto performabetteroutlier detection.

(2) A secondestimationof the af�ne transformationx~}

�
y9•?€

is performedafter
discardinga �x ed percentageZ of the points ���

� , which presentthe highest
Euclideandistancebetween�t�

� and �

�
y{�

�

� (in practicep=10%).Thegoalis to
discardpointswhosepoint-to-pointprojectionis not consistentwith thema-
jority of thebottompoints.This�nal transformationx

}

�zy9•?€

is thenusedto per-
form the �nal projectionof thewholesetof ���

� , theprojectednodes�

}

�
y9•?€

�

correspondingto theclosestmeshnodeto thetransformedpoint x

}

�
y{•_€

���

� .

4 Mor phological processing

The last stageof the projectionmethodaimsat closingthe potentialgapsin the
projectedsetof points.The goal is to createa barrier for the computationof the
�nal Voronö� diagram.This is achieved througha dilation of the projectedseton
themeshof thecorticalsurface.Thesizeof thedilationis theminimalsizeyielding
asimplyconnectedobject,whichis controlledfrom thecomputationof thenumber
of connectedcomponentsandtheEulernumber. Finally, anhomotopicskeletoniza-
tion preservingthe topologyis appliedto the dilatedset in orderto obtaina thin
line, namelya chainof nodesconnectedby sometriangleedges.

4.1 GeodesicdilationsandVoronö� diagrams

All the geodesicdistancesusedin the methoddescribedin this paperstemfrom
thethick front propagationideaproposedin (Verweretal. (1989)).This methodis
basedon a specialcaseof the x~• -algorithm( Hart et al. (1968)),which provides
the length

�

#

<M' of theshortestpathin a graphfrom a setof nodes‚ to any other
node < . The white mattermeshis consideredasa graph,whoseedgelengthsare
simply their Euclideanlength.The length

�

#

<M' is initialized by zerofor theset ‚

andan in�nite valueanywhereelse.Nodesarethenprocessedin a speci�c order,
determinedby the lengthof thepathto ‚ . Lengthsandorderarecalculatedrecur-
sively during the searchprocess: if <+ƒ is a neighborof < , then

�

#

<+ƒ„' is upgraded
by

�

#

<M'3,

�

#

<

%

<&ƒS' whenit leadsto a lengthdecrease.Thisalgorithmcanbeunder-
stoodasthepropagationof a thick front, madeup of thepointslocatedin a short
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rangeof distanceto theset.Thefront is initialized with thesetS.Thefront is then
iteratively updatedby removing theclosestpoint to ‚ afterhaving propagatedthe
lengthto its neighbors,andaddedthemto the front if they hadnot beenreached
yet.

This algorithm is only providing a coarseapproximationof the exact Euclidean
geodesicdistance.Hence,it cannot beusedto developa MathematicalMorphol-
ogy, becausedilationscannotbecomposedcorrectly. Theresult,however, is suf�-
cienttoperformsimplequasi-isotropicdilations,byapplyingathresholdtogeodesic
distancemaps.In practice,thefront propagationis stoppedassoonasthethreshold
is reached,for thesakeof ef�ciency. Thefront propagationcorrespondingto thedi-
lationof theinitial projectedsetis stoppedregularly in orderto checkthetopology
of thedilatedset(practically, thecheckingis performedeach0.5mm).

TheVoronö� diagramsarecomputedusingthesamethick front propagationalgo-
rithm, with theadditionalupdateof a labelimage…

#

<M' . A differentlabelis initially
given to eachseed.Thesetof seedsis theset ‚ from which is computedthedis-
tancepropagation.Eachupdateof

�

#

<Mƒ„' is followedby anupdateof …

#

<Mƒ„' by …

#

<�' ,
whichcorrespondsto theunderlyingseeddilation.Whenall thepointsof themesh
havebeenreached,thelabelimagecorrespondsto theVoronö� diagram.

4.2 Simplepointsandhomotopicskeletonization

The dilated projectedpoint set,which is now simply connected,is skeletonized
in orderto obtainan actualline (i.e. a chainof nodepoints).The skeletonization
is homotopicsoasto preserve the topologyobtainedduring thepreviousstep.Its
implementationon themeshreliesonthede�nition of simplepointsin two dimen-
sionaldomains(Serra(1982)) : a point of a binary imageis simple,namelycan
changecolor without topologicalchange,if its direct neighborhoodcontainsex-
actly onewhite connectedcomponentandoneblack connectedcomponent.This
characterizationis usedto developthefollowing skeletonizationalgorithm:

(1) Putall thenodesof theobjectconnectedto outsideinto thefront;
(2) Mark all thenonsimplepointsof thefront as“immortals”;
(3) Repeatuntil thefront is empty:

(a) Repeatuntil thefront is empty:
(i) Remove thenext pointof thefront;

(ii) Computeits topologicalcharacterizationif it is not “immortal”;
(iii) If it is asimplepoint,removeit from theobjectandupdatethetopo-

logical characterizationof its neighbors;otherwisemark it as“im-
mortal”;

(b) Putall thenodesconnectedto outsideinto thefront;
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Theskeletonizationalgorithmis appliedtwo timesin orderto pruneshortbranches
stemmingfrom the�rst skeletonization.

5 Resultsand Discussion

Fig. 9. A typical resultobtainedfor thetwo hemispheresof sixdifferentbrains.Each color
correspondsto a different gyrus.Theboundariesbetweengyri appearin white. For the
external face of the brain, the set of pairs of sulci selectedfor this experimentaims at
de�ning the threehorizontal frontal gyri and the polar frontal face, the threehorizontal
temporal gyri, Thepre- and postcentral vertical gyri correspondingto motor (cyan)and
somesthesic(green)areas,andthetwoparietal lobules.Somenonsatisfyingattemptshave
beendoneto parcellatetheoccipital lobe. Thelowestimagesprovide thesuperimposition
in Talairach proportionalsystemof thesixbrainsmesh.Otherkindof parcellationscanbe
obtainedif theuserselectsa differentlist of sulcuspairs.

The methodhasbeenappliedon the two hemispheresof six differentbrainsex-
tractedfrom thedatabaseof brains,whosesulci hadbeenmanuallyidenti�ed by a
neuroanatomistin orderto train thepatternrecognitionsystem.The list of sulcus
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pairsselectedby theuserwascorrespondingto long neighboringparallelsulci, in
orderto obtainasfar aspossibletheusualparcellationdescribedin anatomicalat-
lases.Theresultsproposedin Fig.9 sharestrikingsimilaritiesacrossthesix brains.
Somemorework hasto bedoneon thesulcuspair selection,however, to reachthe
moreintuitiveparcellation.

Theseresultsarealsoqualitatively comparableto atlasdescriptions,apartin oc-
cipital lobe. This lobe, indeed,doesnot include gyri correspondingto our mor-
phologicalde�nition. Comparingtheseresultswith manuallyde�ned gyri hasnot
beendoneyet, �rst becauseit is a tediousanddif�cult work which hasto bedone
on a large databaseto be signi�cant, secondbecausethe parcellationsyieldedby
our methoddo not aim at correspondingexactly to thestandardone.Thestandard
corticalparcellation,indeed,hasbeenproposedby anatomistshundredyearsago,
whenthe functionalsegregationof thebrain into functionalareaswasnot known.
Thus, this standardpoint of view is not necessarilythe only meaningfulone to
comparepopulations.Thegoalof themethoddescribedin this paperis to provide
anautomaticparcellationtechnique,which canbeappliedon largedatabases,us-
ing thesamemorphologicalde�nition for all thebrains.Therefore,ourefforts tend
at searchingfor parcellationswhich canbe consistentlyinferred from the sulcus
identi�cation, whatever theinter-individualvariability of thesulco-gyralpatterns.

Thehugefolding variability highlightedby the�gure illustratesthedif�culties pre-
ventinga simplegeometricalde�nition of thegyri. Somefrontal sulci thatareof-
ten long non interruptedfurrows canbe split into several piecesin somebrains.
This phenomenondisturbsboth the sulcusrecognitionand the gyrus de�nition.
Nevertheless,our methodcanextrapolatethe usualparcellationto thesecomplex
intriguing con�gurations.Hence,any braincanbeprocessedin a ratherconsistent
automaticway, whichopensthedoorto largescalecomparisonsbetweenpatholog-
ical andstandardsubjects.Accordingto theuser'sinterest,differentsulcuspair lists
may be provided to the methodin orderto comparegyral areasandshapesfrom
variousde�nitions. Oneof theweaknessesof ourapproach,however, is theneedto
de�ne asetof gyri coveringthewholecorticalsurfaceor at leastsurroundingeach
gyrusof interest.Competitionbetweenneighboringgyri, indeed,is mandatoryinto
ourmorphologicalde�nition.

Futurework will aim at extendingthe methodto a moregeneralmorphological
de�nition of corticalpatches.Thecurrentmethodis dedicatedto gyri delimitedby
two longparallelsulci.Currentneuranatomicalresearchoncorticalfoldingprocess,
however, could provide a reliable detectionof smallersulcal units called sulcal
roots,thatmayallow a�ner parcellationof thecorticalsurface(Régisetal. (1995);
Cachiaetal. (2003(inpress)).Theseunitscanbeconsideredaspointsof thecortical
surfacewherethefolding begins.Thus,setsof suchpointscouldbeusedto de�ne
the limits of gyrussubunitsusingextensionsof the ideadescribedin Fig. 4. This
extensionmeansthatthede�nition of eachcorticalpatchseedwill berelatedtoaset
of morethantwo sulcallines,withoutspeci�c relationshiplikeparallelismbetween
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them.A similar extensioncould be usedto de�ne lobes,which could allow for
instanceto dealwith occipitallobe(otherlobescanbeobtainedby mergingseveral
gyri).

The directmorphometricapplicationof our methodis the comparisonof thecor-
tical patchareasbetweenbrains.Other relatedmeasureslike the volumeof grey
matterin thegyruscouldbeobtained.Thegyral corticalpatchescanbebackpro-
jectedto the3D maskof grey matter, to be usedas3D seeds.Then,a volumetric
geodesicVoronö� diagramcanbe computedin the cortex grey matterin orderto
split it into gyri. Theratiobetweengyrusgrey mattervolumeandgyrusareawould
alsoprovideanaveragecorticalthicknessmeasure.Finally, moresophisticatedde-
scriptorsof the gyrus shapecould be computedusing for instance3D invariant
moments(Pouponetal. (1998)).

While the�rst applicationof automaticcorticalparcellationmethodsreliesin mor-
phometricstudies,splitting thecortex into standardpiecescouldalsobeusedasa
referentialsystemto comparefunctionalresults,usinga volume-of-interestbased
statisticalmethod(Evansetal. (1991)).Anotherinterestof thecorticalparcellations
into gyralpatchesstemsfrom therecentdevelopmentof MR diffusionimagingfor
�ber tracking(Pouponet al. (2001)).Themethodsusedto detectthe�ber bundles
linking two differentcorticalareasarestill in their infancy, but thisnew possibility
leadsnow to developdedicatedmappingmethods.Onepossibility is theinference
of thematrix of connectivity of the main cortical gyri. For eachindividual, using
gyral patchesas input and output may allow the sorting of the hugenumberof
trackedbundles.Thenindividualmatricesof connectivity couldbecomparedon a
statisticalbasis.Thisapproachcouldprovidenew researchanddiagnostictoolsfor
thepathologiesrelatedto thebrainconnectivity.

6 Conclusion

The complexity andthe variability of the sulco-gyralpatternsof the humancor-
tex remainsa challengingissuefor the research�eld aimingat normalizingbrain
anatomyfor brain mappingpurpose.As matterstands,it is dif�cult to claim that
a perfectsolutioncanbereachedusinga warpingstrategy. This papercontributes
to thestreamof researchaimingat analyzingthecortex patternsfrom a structural
pointof view closerto theneuroanatomist'sapproach.Theparcellationmethodas-
sumesthata reliableidenti�cation of themainsulci canbeperformed�rst for any
subject,which is far to bethecasewith thecurrentpatternrecognitionsystem.We
bet,however, that thecurrentstateof this systemis suf�cient to obtaininteresting
morphometryresultsif a largedatabaseof brainsis processed,which cannow be
donewithoutany userinteraction.Thisbetreliesonthelargenumberof signi�cant
resultsobtainedby voxel basedmorphometryin spiteof poorspatialnormalization.
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A Leastsquare estimationof the af�ne transformation

In thisappendix,weproposethetechnicaldetailsleadingto a leastsquaresestima-
tionof theaf�ne transformationmatchingtwosetof paired3Dpoints g�†
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