A. Cachia J.-F Mangin D. Riviere
D. Papadopoulos-Odnos F. Kherif I. Bloch J.Régis

ServiceHospitalier Frécéric Joliot, CEA,914010rsay France http://anatomist.info
Servicede Neuwochirurgie Fonctionnelleet S€réotaxiquelLa Timone Marseille
Départemenfraitementu Signaletdesimages, CNRSU820,ENST Paris
Imagerie crbrale enpsydiatrie, INSERMERMO0205, Orsay
Institut Féceratif de Reterche 49, Paris

A genericframework for
parcellation of the cortical surfaceinto gyri
using geodesidvorono’ Diagrams.

Abstract

In this papey we proposea genericautomaticapproactor the parcellationof the cortical
surfaceinto labeledgyri. Thesegyri arede ned from a setof pairsof sulciselectedy the
user The selectedsulci are rst automaticallyidenti ed in the data,then projectedonto
the cortical surface.The parcellationstemsfrom two nestedvorond diagramscomputed
geodesicallyto the cortical surface.The rst diagramprovidesthe zonesof in uence of
the sulci. The boundarybetweenrthe two zonesof in uence of eachselectedpair of sulci
standdor agyrusseedA secondliagramyieldsthegyrusparcellationThedistanceunder
lying theVorond diagramallows themethodto interpolatethe gyrusboundariesvherethe
limiting sulciareinterrupted.The methodis illustratedwith twelve differenthemispheres.
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1 Intr oduction

Therecentadwentof automatianethodsledicatedo brainmorphometrhasraised
alargeinterestin theneuroscienceommunity(AshlkurnerandFriston(2000);Fis-
chletal. (1999);Thompsoretal. (2000);Chungetal. (2001); TogaandThompson
(2002)).Thesetools,indeed provide a new way of addressingssuegelatedto the
links betweeranatomyandfunction;they allow the studyof the in uence of var
ious parameter®n the anatomicalsubstatum sex, handednesfDavatzikos and
Bryan(2002);Manginetal. (2003)),cognitive featuredMaguireetal. (2000)),ge-
neticfeatureg Thompsoretal. (2001)),pathology(Woermanret al. (1999); May
etal. (1999)),etc.Longitudinalstudiesof brain maturationor ageingproceshave
alsoreceved increasingattention(Pauset al. (1999,2001); Goodet al. (2001)).
While noneof thesetools canbe consideredsthe perfectone,simply becausef
thehugecompleity andvariability of brainanatomyit is assumedhatanalyzing
hundredof brainsovercomeghefailuresobseredfor afew ones.

1.1 Brain morphometry

Most of the brain anatomyanalysismethodsappliedat a large scalerely on a co-

ordinate system which may be eitherthreedimensionallik e thewell known Ta-

lairachgrid (Talairachand Tournoux(1988)),or two dimensionalwith spherical
topology (for studiesof cortical thicknesqFischletal. (1999);Mac Donaldet al.

(2000); Chunget al. (2003)).For eachmethod,the coordinatesystemis provided
to eachbrainvia a speci ¢ warpingprocessThis processgalledspatial normal-

ization, matchasfar aspossiblethe differentbrainsunderstudywith a template
endaved with the coordinatesystem.The morphometryis then performedon a
point by point statisticalbasis eitheron datarelatedfeatureq AshburnerandFris-

ton (2000))for studyingrelative or absolutetissueamount,or on deformationre-

latedfeatures(Chunget al. (2001)) for comparingthe spatialorganizationof the
tissue(translationyotation,shrinking,etc...).

This coordinatebasedspatialnormalizationparadigmhasmadea tremendousm-
pacton morphometrystrateies becauseof its versatility A numberof different
normalizationalgorithms however, areusedthroughoutheworld, eachonepoten-
tially leadingto differentresults(Hellier et al. (2003(in press)).For instance the
widely distributed SPM software (Fristonet al. (1995); Ashlurnerand Friston
(2000)) allows the userto choosethe templateor the numberof basisfunctions
usedto modelthewarping.This obsenationmeanghatwhatis calledspatialnor-
malizationis farfrom beingclear whichis explainedby thefactthatnobodyreally
knows whatmay bethe gold standardn termsof brainwarping.Furthermoreno-
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bodyknowstodayto which extentmatchingtwo differentbrainswith acontinuous
deformationrmakessensdrom ananatomo-functiongboint of view.

An alternatve approactconsistsn following the classicalway of doingmorphom-
etry, namelyde ning someanatomical structur esby a segmentationrmethodand
deriving someshapedescriptors (surface,volume, moments...Jand someinter-
structur e descriptors(relative spatialposition,conneity,...) thatwill becompared
acrossbrains.This alternatve is sufciently attractve to be appliedmanually al-
thoughtediouswork hasto be performedwhich preventslarge scalestudiegSow-
ell etal. (2002);Kim etal. (2000)).Themotivationbehindthis structurebasednor-
phometryis thatsomeneuroscienceesultsdeeplyrelatedto the brainarchitectural
organizationmay be eitherlost during the non perfecticonic spatialnormalization
or inaccessible&ia a coordinate-baseploint of view.

Finally, it shouldbe notedthatsomemorphometryapproachearehybrid because
local coordinate systemsare usedto computesomeshapedescriptorsFor in-
stanceusinga surfacic coordinatesystemdedicatedo simply connectedbjects
allows the computatiorof simpleaveragedistancedetweerobjectsandopenshe
doorsto sphericalharmonicsbasedmeasuregGerig et al. (2001)). The detection
of corticalfolds usingtwo dimensionakegular meshesllows similar shapestud-
ies (Le Goualheret al. (2000); Davatzikos and Bryan (2002)). While someof the
shapedescriptorausedby this classof approachesrestill disturbedby the inter-
individual variability of the de nition of the local coordinatesystem the factthat
a dedicatedsystemis usedfor eachbrain structureovercomessomeof the prob-
lemsrelatedto the standarchormalizationparadigm.Global warping algorithms,
indeed,imply a trade-of betweerthe constraintdmposedby the differentshapes
embeddedh thebrain,whichusuallyleadsto alow qualitylocal coordinatesystem
for complec structuredik e the cortex sulco-gyralpatterns.

1.2 Sementatiorof cortical gyri

Image analysismethodsdedicatedo the cortex almostalways focus on cortical
folds, becausdhey canbe de ned simply usinggeometricproperties(depth,cur-
vature,medialaxes, etc). The usualneurosciencg@oint of view aboutthe cortical
surfacesgyregation,however, is gyrusbasedA gyrus,indeedjs usuallyconsidered
to be amodule of the cortex endaved with denseaxonalconnectionghroughout
local white matter(Van Essen(1997)). Unfortunately cortical gyri arerelatively
dif cult to de ne from a puregeometricapoint of view, evenif they areassumed
to bedelimitedby two parallelsulci.

Two directionsof algorithmicresearchaim at providing automatiomethodgo per
form structurebasedmorphometry The rst approachstemsdirectly from the
iconic spatial normalization scheme:a manualsegmentationof the templateis



warpedtowardary new brainin orderto obtainanautomaticsegmentatior(Collins
etal. (1995)).While this approachyivesgoodresultsfor stablebrainareadik e the
deepnuclei, it is morequestionabldor the cortex (Tzourio-Mazger etal. (2002))
becaus¢he warpingalgorithmsaredisturbedby the high inter-individual variabil-
ity of the folding patterns(Ono et al. (1990); Riviere et al. (2002)). Therefore,a
concurrentstratgyy for the cortex consistsin linking blind geometric parcella-
tions with patternrecognitionmethodgManginetal. (1995b);Le Goualheret al.
(1999); Lohmannand von Cramon (2000); Riviere et al. (2002); Cachiaet al.
(2003(in press);Rettmanet al. (2002)),in orderto achiese a betterde nition of
the sulco-gyralshapego be comparedacrosdrains.A lot of otherdedicatedsey-
mentationschemes$have beende ned for variousotherapplicationg Duncanand
Ayache(2000)).

No data-drvenparcellationalgorithmdedicatedo gyral shapesasbeenproposed
in the literature,becausef the lack of gyrusgeometricalde nition. Thereforea

gyrussegmentatiormethodhasto rely ona preprocessingielding the detectionof

the sulcidelimiting the gyri. A rst possibleapproachwould beto addsomecon-

straints into warping algorithms in orderto imposethe correspondencleetween
thesesulci(ThompsorandToga(1996);Collinsetal. (1998);Cachieretal. (2001)).
Thusthe warpingof the templategyral segmentatiorwould provide a reliablere-

sult. An alternatve proposedn this paperconsistsin devising a morphological

de nition of the gyri from the sulci.

Thus,the gyrussegmentatiormethodproposedn this paperrelieson atwo stage
stratgy. First, the main cortical sulci are automaticallyextractedand identi ed
usinga contectual patternrecognitionmethodthat may be viewed asa structural
alternatve to the brainwarpingapproach(Riviere et al. (2002)).Secondthe dual
gyri arede ned as patchesof the cortical surfaceyielded by the computationof
two nestedvorono diagramswhoseinitial seedsareinferredfrom the identi ed
sulcusbottomlines. The computedgyri correspondo a setof pairsof sulci pro-
vided by the user Thesesulci can be chosenin the list of sulci de ned by the
neuroanatomisivho hasperformedthe manualidenti cation usedto train the pat-
ternrecognitionsystem.Themethodis generic rst becaus¢heusercanselectary
pair of sulci, secondbecausen alternatve identi cation of the sulci canbe pro-
videdeithermanuallyor automaticallyfor largescalestudyif alearningdatabases
constitutedSomeuserfriendly toolscanbedownloadedrom http://anatomist.info
to performthesemanipulations.

The next sectionproposesan overview of the main stepsof the whole method:

detectionandlabelingof the sulcusbottomlines(section2.1), transitionfrom their
3D representationsom theraw datato their 2D projectionson the corticalsurface
(section2.2) and gyral parcellationof the cortical surface (section2.3). For the
sale of understandingtheir technicalaspectsare detailedapart(section3 and4).

Finally, themethodis appliedon twelve differentbrainhemisphereandtheresults
arediscussedsectionb).



2 Overview of the method
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Fig. 1. The de nition of a gyrus from two parallel sulci using the Vorono™ diagram
principle. A] Two schematicparallel sulci. B] De nition of the Vorono™ diagram of the
sulcallines,i.e. parcellationof thedomainin in uence zoneof thesulci. C] Theboundary
betweerthe two in uence zonesprovidesthe gyrus seed.D] The gyrusdelimitedby the
two parallel sulcicanbeobtainedasthein uencezoneof the previousboundaryseed The
initial two sulcallines mustbe remasedfromthe domainto preventthe front propagation
underlyingthe Vorond' diagram constructionto crossthem(a gyrusshouldendat the bot-
tomof thelimiting sulci). Therestof thegyrusboundarieswill beinducedoy a competition
with the othergyri.

The mainproblemcomplicatingthe morphologicalde nition of thegyri is thein-
terruptionof the delimiting sulci, becauseéheseinterruptionsare highly variable.
The ideaproposedn this paperovercomeshis dif culty usingthe Vorono dia-
gramprinciple (AurenhammegandKlein (2000)).Sucha diagramis a parcellation
of spacefrom a setof seedsEachparcelis thein uence zoneof oneof the seeds,
namelythe domainof spacecloserto this seedthanto arny otherseed.If a setof
lines approximatvely locatedat the level of the crowns of the gyri of interestcan
be provided as gyrus seedsthe whole gyral parcellationcan be de ned from a
geodesidistancecomputedconditionallyto the cortical surface.Eachgyruswill
be the zoneof in uence of its own seed(seeFig. 1). In orderto imposethe sul-
cusbottomsaspartsof the boundariebetweerthesein uence zonesthey will be
removedfrom the cortical surfaceto preventthe distancego be propagateccross



thesdines.Hencetheresultingdiagramis inferredfrom aniterative dilation of the
gyrusseedghatis stoppedeitherat the level of the sulcusbottoms,or whentwo
zonesof in uence getin touchwith eachother

2.1 Sulcusseggmentatiorandidenti cation

The rst stageof the method,which hasbeendescribedn (Riviereetal. (2002)),
providesautomaticallythe identi cation of the main sulci, eachsulcusbeingrep-
resentedy a setof voxelsobtainedfrom a skeletonsegmentationseeFig. 2). For
eachsulcus,discretetopology properties(Malandainet al. (1993); Mangin et al.
(1995a))enableto obtainthe subsetof voxels correspondingo the bottomlines
(mainpartandbranchesseerig. 5), calledsulcalbottomlines. An otheroutcomeof
this preprocessingtageconsistsof two smoothmeshef the cortex hemispheres
endaved with a sphericaltopology(Manginetal. (1995a,1996)),eachmeshcor
respondingto the interface betweenthe gray and the white matter It is on this
representationf the cortical surfacethatthe sulcalbottomlineswill be projected
(cf section3) to de ne somelimits betweerthedualgyri. Thereforefo have access
to themethoddescribedn this papertheuserhasto provide alist of pairsof sulcus
namesgachpairwill usuallycorrespondo two parallelsulci, possiblyinterrupted,
de ning agyrus.

2.2 Projectionof the sulcalbottomlinesontocortical surface

The morphologicalde nition of the gyri mentionedabove (seeFig. 1) assumes
processingeodesito thecortex sphericatopology The sulcalbottomlines,how-

ever, arenotembeddednto the sphericaimeshrepresentinghe cortex. Therefore,
they have rst to be projectednto this 2D space.

To make the projectedbottom lines behae like walls for the geodesiadistance
propagationtheirtopologyhasto bepreseredasfaraspossibleduringthe projec-
tion. Preservinghe topology during the projectionprocesss not straightforvard
becausef samplingdifferencedetweertheinitial 3D volume,in whichthesulcus
skeletonhasbeende ned, andthe triangulationof the cortical surface.This mesh
sampling,morewer, is not regular, becausét resultsfrom anadaptve decimation
algorithmwhich adaptghe sizeof thetrianglesto local curvature.

The initial topology of the bottom line can not be predicted,becausehe sulcus
canbeinterrupted namelymadeup of severalsmallerfolds andbrancheswhose
bottomlinesdo nottoucheachother Hence the projectionis performedconnected
componenby connectedcomponent.

Anotherimportantconstrainis thelocalizationof the projectionthatshouldcorre-



Fig. 2. Up: Theresultof the sulcusextraction and identi cation (on the left: the white
mattermeshusedasa sphericalmodelof thecortex). Thedifferentcolors correspondo the
various namesusedby our neuoanatomisto train the recanition 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
gatheed into oneto createa long boundary;someother ones,yielding to uselesgyral

subdivisionshavebeendiscaded. (On theright:) Thecorrespondinggyral parcellation.
Hence accoding to the userneed,sereral different parcellationscan be obtainedusing
different choicesof gyrusboundaries.

spondto the deepespart of the fold on the cortical surface(seeFig. 5.A.). After
comparingseveral possibleapproachegcf section3.1), we have chosenrst to
projecteachbottom point usingthe tangentplaneto the sulcus.Thenthe projec-
tion of eachsulcusbottomconnecteccomponents regularized(cf section3.2)in
orderto imposea global consisteng: the whole setof bottom pointsis projected
usingthe af ne transformatiorwhich minimizesthe squaredistanceto theinitial
projectedpoints(seeFig. 3).

Finally, somemorphologicalclosingoperationsprocessedjeodesicallyto thetri-
angulatedsurface(cf sectiond.2), guarantyasfar aspossiblethatthe projectionof
eachconnecteccomponents a simply connecteabjectsfor the meshtopology
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Fig. 3. This gure proposesa sketch of the methodmappedon an in ated version of the
cortical surfacefor the sale of undestanding Mostof the remainingsurfacecurvatue is
relatedto the gyral parcellation targetedby the algorithm. Each sulcusbottomline con-
nectedcomponenis r st projected(pointto point (A1) and globally usingan af ne trans-
formation(A2) . Thenthe projectionis closedusing geodesicmathematicamorpholay,
andsleletonisedn order to obtainactual continuoudine (A3). A r stVorono diagramis
computedor the seedscorrespondingo theseprojectedlines usinga geodesicdistance
(B). This diagram providesa sulcal basedparcellation of the surface The seedghat will
standfor the gyri are boundariesof this r st diagram relatedto the pairs of sulciinitially
de ned by theuser(C). Finally a seconddiagramis computedor thesegyral seedsafter
remaoval of the sulcalseeddromthe meshin orderto preventthe geodesialistanceto cross
a sulcusbottom(D).

2.3 Gyral parcellation

Oncethe sulci have beenprojected,the remainingprocessings embeddednto
the sphericaltopologyof the cortical surface.The two stagesof computatiorrely
on the Vorond diagramnotion. Thesediagramsof in uence zonesare computed
via iterative dilation of the seedsaccordingto the geodesidcuclideandistance(cf
sectiond.1).

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

The goal of this diagramis the detectionof the boundariedetweenthe zonesof
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Fig. 4. Selectionof the gyrus seedsSchematicexamplefor the fr ontal lobe parcellation
A] De nition of the sulcalline (C. S.,Pre. C. S.,etc...)of the sulciinvolvedin a gyral pair
(Pre.C.G.,F1, F2, F3). B] De nition of theVorono diagram of the sulcusin uence zone
C] Selectionof the gyrus seeds. only the boundariescorrespondingto a pair of sulci
delimitinga gyrusare takenasgyrusseedsD] TheVorono' Diagramof the selectedyyrus
seedsThesulcallinesare remosedfromthe domainbefoe the seeddilation processThe
distanceunderlyingthe Vorond' diagram allowsthe methodo extrapolatethe gyruslimits
whele the sulci do not provide a boundary

in uence of thepair of sulcigivenby theuser(seeFig. 3.C). Sucha boundarywill
representurtherthe seedof the correspondingyyrus. The setof boundarie®f the
diagramis sometime<alleda skeletonby in uence zone(SKIZ) (Lantuejouland
Beuchern(1981)).Theboundariesrethe nodeswith atleasttwo differentlabelsin
their directneighborhoodHence the boundarie®f interestaresetof nodeswith
exactly two labelsin their neighborhooaorrespondingo oneof theuserspeci ed
sulcuspairs (seeFig. 4). This de nition of the gyral seedleadsto a localization
equidistantto the targetedsulcalboundariegseeFig. 1). This localizationseems
to bethe bestone,consideringhatthe gapsbetweenhe sulcalboundarieswill be
lled via a competitionbetweenneighboringseedsWith this choice,the virtual
boundariewvill be equidistanto the midline of thetwo competinggyri.

Thesecondstepleadsto thegyral parcellatiorof the corticalsurface(seeFig. 3.D).
The sulcallines are rst removed from the mesh,in orderto preventthe dilation
from crossingthesetargetedboundariesThena Vorond diagramis computedor
the gyral seedsyielded by the previous step.Finally this intermediarydiagramis
usedasseeddor the computatiorof alastdiagramcomputedor the wholemesh,



in orderto |l thesulcallines.

3 Projection of the sulcal bottom lines

Themoretechnicalpartof the parcellationmethodis the transitionfrom the voxel
world toward the cortical sphericalworld. The parcellationalgorithm,indeed,as-
sumesthat eachconnecteccomponenbf a sulcusbottomline canbe considered
as animpassabléarrier Thus,eachcontinuousline of bottom voxels hasto be
transformednto a continuoudine of meshnodes.In orderto achieve this result,
eachconnecteccomponenbf the sulcalbottomline is rst globally projectedus-
ing anaf ne transformationyhich preventsthe creationof large gapsbetweerthe
projectedpoints. The projectedsetis thenpost-processedsinggeodesianorpho-
logicaltechniguesn orderto obtaina simply connectedine.

Becaus®f someweaknessesf thediscrete¢opologycharacterizatioschemaused
to de ne the bottomlines, a pre-processingtephasbeenaddedbeforetheir pro-
jection. Their continuity, indeed,is sometimebroken becausesomeof the bottom
pointsarelabeledasjunction points (i.e. pointsconnectinga sulcusto a branche
or anothersulcus).Thereforea rst volumetricclosingprocesgelatedto the 26
connectity is appliedto the sulcalbottomlines beforeprojection.This closingis
madeup of a standardilation followed by a homotopicerosionwhich preseres
thetopology(Malandainetal. (1993);Manginetal. (1995a)).

An importantpointis the choiceof the geometricpropertiesusedto drive the pro-
jection processThreedifferentapproachetave beencomparedo nally choose
a methodusing the planetangentto the sulcussurface at eachbottom point. In
the following, we describe rst the comparisorof thesethreepoint-to-pointpro-
jection methodsThenwe introducethe regularizedglobal projection,whichis an
adaptatiorof thewell-known ICP algorithm(BeslandMcKay (1992);Feldmarand
Ayache(1996)).Finally we describethe geodesigost-processing.

For the sale of clarity, the following explanationsconsideronly one connected
componenof a sulcusbottomline, whichis calleda “sulcal line”. All theprocess-
ing, indeed s appliedindependentlyo ead connectedcomponent.

3.1 Point-to-pointmatding

The algorithmsdescribedn this sectionprojecteachvoxel of the sulcalline
ontoanode  of thetriangulationrepresentinghe cortical surface. Threedif-
ferentapproachebave beentested,eachonecorrespondingo a differenta priori
constrainton the localizationof the projectediine. In eachcase, isde nedas
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themeshnodeminimizing a distanceto

3.1.1 High curvatue location

In this approachthe projectedsulcusbottom points are assumedo correspond
to high cunature locationson the sphericalmesh.A high curvature,indeed,is
supposedo be anindicatorof the exactlocationof the corticalfold bottom.To be
moreprecise sincethe sphericaimeshis oriented the targetednodesareendaved
with alow negative curvature. Thisa priori constrainis embeddedh thede nition
of the distancebetweera bottompoint andarny meshnode

(1)

where is a positive weighting constant, denotesthe 3D Eu-
clideandistanceand a curvaturerelatedcaracterisatiorof the meshat
thenode . Thisdiscretecurvatureis heuristicallyde ned by :

(2)

where isthemeshneighborhoodarycentel , with  theneighbors
of ),and thenormalofthemeshatthenode . Thisheuristicis usedfor the
smoothnessf theresultingcunaturemap.

3.1.2 Maximaldepth

In this approachthe projectedsulcusbottompointsaresupposedo be locatedas
deeplyaspossible.The deepestmeshareasjndeed,are consideredo correspond
to the exactlocationof the corticalfold. As in the previous approachthis a priori
constrainis includedin thede nition of thedistancebetweerthebottompoint
andarny meshnode

3)

where correspondso the geodesiaepthatthenode . Thegeodesic
depthcomputatiorfollowsthefollowing stepgasimilar approachmaybefoundin
Rettmaretal. (2002)):

(1) Apply a3D morphologicaklosingto thewhite matterbinary mask.

(2) Apply a3D erosionof 5mmto the closedmask.

(3) De ne all the meshnodesoutsidethis maskasgyruscrowns. The geodesic
depthof all thesenodess thennull.

(4) Computethe geodesidistanceto thesecrowns, usingthe front propagation
describedater.
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For the two lastapproachesvhich embedthe constrainton the localisationof the
projectednodesas a trade-of betweenthe Euclideandistanceand a local mesh
property the selectionof the weight in uences the accurag of the
projection. Practically this weight is choosenempirically, accordingto the raw
dataresolutionandthe cortical meshpropertiessothatthenode = minimizing
theinvolveddistance , liesin the bottomof thefold, closeto the voxel

Sulcus(in blue)
Bottom line (in red)
Clipping plane
Geodesic depth

Fig. 5. Projectionusinglocal meshnformation(curvatue or geodesiaepth).In thisexam-
ple, the sulcalbottomline is projectedontothe cortical surfacealongthe line of maximal
geodesidistanceto thegyruscrowns.

3.1.3 Geometricalpproadc

In this approachthesulcallinesareobtainedastheintersectiorof the continuation
of thesulcalsurfacewith thecorticalmesh.Thesulcalsurface,indeed,s supposed
to represent notion closedto the medialaxis of the fold, which shouldsplit the
corticalsurfaceattheright place(seeFig. 6). More preciselyfor eachpoint of
thesulcalline, thetangentiaplane to thesulcalsurfaceis estimatedrom its
26-neighbors includedin the fold skeleton.It is easyto showv thatthe normal
vector de ning thebesttting tangeniplane,in thesensef minimizingthesum
of squaredlistanceof the  points to theplane,correspondso the
smalleskigervalueof the matrix (Chungetal.
(2001)).Theprojectedpoint  of istheclosestnodeto  , accordingto 3D
Euclideandistancejncludedin a stripeof onemillimeter de ned on both side of
thetangentplane

3.1.4 Comparisorof thethreemethods

Thanksto the following stageof the robust projectionprocessthethreepoint-to-
point projectionmethodsntroducedabove generallygive acceptableesults.Spe-
ci ¢ con gurations,however, haveledusto choosehemethodbasednthetangent
planeasthe morerobustone.This canbe understoody the factthatthe assump-
tionsthatthe bestlocationof the fold projectioncorresponds$o high cunatureor
maximaldepthof the meshis notalwaysveri ed:
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Fig. 6. Projectionof the sulcalbottomline usingtheintersectionof the planetangentto the
sulcalsurfacewith thecortical surfacemesh.

Fig. 7. Curvatue information(left) and splitting of the projectedsulcalline whenthe bot-
tomofafoldis at.

During the gyrogenesiprocesssomegyri areburiedin the depthof the cortex
andmaylocally fold the bottomandthewalls of somesulci (Régisetal. (1995);
Yousryetal. (1997); White et al. (1997);Boling et al. (1999)). Suchlocations
turn out to correspondo minimal geodesiadepthrelatively to the rest of the
sulcusbottom(seethe caseof centralsulcusin Fig. 8). In fact,thebottomline of
asulcusonthemeshusuallypresentsomedepthvariations.Thisis problematic
becaus¢hedistance biaseghe projectiontowarddepthlocal maximaand
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createsomegapsn theprojection.Furthermoretheextremitiesof thesulcusare
attractedowardthedepth which shortenghe projectedine. In somecaseghese
buriedgyri alsodisturb becausé¢hey present positive surfacecurvature.
Most of thetime, the aspecif thefolds on the white mattersurfaceis well de-

scribedasV-shapedurfaces namelysurfaceswhosepointswith alocally min-

imal curvatureform a singlebottomline correspondingo the projectiontarget.

Unfortunately someU-shapedsulci, whosebottomon the white mattersurface
is at, canbe obsenred. In suchcasesthe tamgetline is split in two spurious
lines locatedon both sidesof the sulcusbottom. Eachsulcalline pointis ran-

domly projectedon oneof thesewo targets(seeFig. 7), andthe nal resultafter
regularizationof the projectionis not predictable.

Thede nition of thegeodesi@epthis nota straightforvardtasksinceit requires
the de nition of areferencdevel (ie the null depth),which is not alwaysclear
from an anatomicalpoint of view, especiallyfor buried areaslike the insula.
Whenonegyrusis too buriedto beincludedinto the referencdevel, theline of

maximaldepthisill de ned.

A comparisonof the whole projectionprocessappliedto centralsulcuswith the
threepoint-to-pointprojectionmethodss proposedn Fig. 8. In the following re-
sults,thetangenfplanemethodwill alwaysbeused.

3.2 Rolustprojection

In this section the point-to-pointprojectionperformedby the algorithmdescribed
in theprevioussectionis regularized mainly to minimizethewidth of thegapsthat

may exist in the middle of the setof projectedpoints. Thesegapscanbe created
eitherby anerroneou®stimatiorof thetangeniplane which canoccurfor instance
becausef the presenceof branchesalongthe sulcusskeleton,or becausef the

presenceof large trianglesalongthe bottomof a at sulcus,which disturbsthe

computatiorof theintersectiorwith thetangeniplanes.

A simplewayto overcomeheconsequencesf theproblemamentionedabove con-
sistsin reducingthe numberof degreesof freedomusedto projecttheinitial setof
bottompointsof the sulcalline. The point-to-pointprojection,indeed,includesno
constrainbf consisteng for thepointset.In fact,alow dimensionatransformation
shouldbe sufcient to projectthe sulcalline on the mesh.Therefore,in this sec-
tion, we proposeto usethe af ne transformatiorwhich minimizesthe sumof the
squaredlistancedetweerthe bottompointsandtheir point-to-pointprojection.In
orderto obtainarobustestimationanoutlier detectiormethodis includedin atwo
stageprocesgHuber(1981)).It shouldbe notedthatthis methoddoesnot needto
be very sophisticatedbecausesomeadditionalmorphologicalpost-processings
still requiredto Il the gapsappearingn the meshoversampledireasA detailed
explanationof the leastsquareestimationof the af ne transformations proposed
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Closing and Thinning

Affine transformation

Point-to-point matching

Curvature Geodesic depth Tangent plane

sulci (in red)

burried gyru/

Grey/white interface

Fig. 8. Up: Projection,closingandthinning of the central sulcus.Fromleft to right : pro-
jectionusingcurvatue, geodesiaepthanda tangentplan. Frombottomto top: r stpro-
jectionusingpoint-to-pointmatding, af nelﬁansformationplosingandthinning (for the
sale of undestanding the projectionsof the sulcalline, buried in the depthof the cortex,
are mappedn anin ated version of the cortical surface) Down: Fromleft to right : cur-
vature andgeodesialepthmapusedto drive the projection;the presencef a buried gyrus
locally deformsthewall andtheridge of the cential sulcus.



in AppendixA. Hereis the methodperformingoutlier rejection:

(1) A rst estimationof the afne transformation is performedafter dis-
cardingthepoints , whoseprojection  istoofaraway. This rst outlier
rejectionresultsfrom asinglethresholdon the Euclideandistancg(in practice
10mm).Then,anew projection is computedor each  astheclosest
meshnodeto thetransformedoint . It is assumedhatthe rst esti-
mationof is agoodapproximatiorof the nal transformationHence |t
will beusedto performabetteroutlier detection.

(2) A secondestimationof the afne transformation is performedafter
discardinga x ed percentage of thepoints , which presenthe highest
Euclideandistancebetween and (in practicep=10%).Thegoalis to
discardpointswhosepoint-to-pointprojectionis not consistentvith the ma-
jority of thebottompoints.This nal transformation isthenusedto per
form the nal projectionof thewholesetof , the projectednodes
correspondingo the closestmeshnodeto the transformedgoint

4 Mor phological processing

The last stageof the projectionmethodaimsat closing the potentialgapsin the
projectedsetof points.The goalis to createa barrierfor the computationof the
nal Vorond diagram.This is achiezed througha dilation of the projectedseton
themeshof thecorticalsurface.Thesizeof thedilationis theminimal sizeyielding
asimply connecteabject,whichis controlledfrom thecomputatiorof thenumber
of connectedomponentsindthe EulernumberFinally, anhomotopicskeletoniza-
tion preservingthe topologyis appliedto the dilatedsetin orderto obtaina thin

line, namelya chainof nodesconnectedy sometriangleedges.

4.1 GeodesidilationsandVorond' diagrams

All the geodesidaistancesusedin the methoddescribedn this paperstemfrom
thethick front propagationdeaproposedn (Verweretal. (1989)).This methodis
basedon a specialcaseof the -algorithm( Hart et al. (1968)),which provides
thelength of the shortestpathin a graphfrom a setof nodes to ary other
node . Thewhite mattermeshis consideredasa graph,whoseedgelengthsare
simply their Euclideanlength.The length is initialized by zerofor the set
andanin nite valuearywhereelse.Nodesarethenprocessedh a speci c ordet
determinedby the lengthof the pathto . Lengthsandorderarecalculatedrecur
sively during the searchprocess if  is aneighborof , then is upgraded
by whenit leadsto alengthdecreaseThisalgorithmcanbeunder
stoodasthe propagatiorof a thick front, madeup of the pointslocatedin a short
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rangeof distanceo theset. Thefront is initialized with the setS. Thefront is then
iteratively updatedoy removing the closestpointto  after having propagatedhe
lengthto its neighborsand addedthemto the front if they hadnot beenreached
yet.

This algorithmis only providing a coarseapproximationof the exact Euclidean
geodesidlistanceHence,it cannot be usedto develop a MathematicaMorphol-
ogy, becausdlilationscannot be composedorrectly Theresult,however, is suf-
cientto performsimplequasi-isotropidilations,by applyingathresholdo geodesic
distancemapsIn practice thefront propagations stoppedassoonasthethreshold
is reachedfor thesale of ef ciency. Thefront propagatiorcorrespondingo thedi-
lation of theinitial projectedsetis stoppedegularlyin orderto checkthetopology
of the dilatedset(practically the checkingis performedeach0.5mm).

The Vorond diagramsare computedusingthe samethick front propagatioralgo-
rithm, with the additionalupdateof alabelimage . A differentlabelis initially

givento eachseed.The setof seedds theset from which is computedhe dis-
tancepropagationEachupdateof is followed by anupdateof by :

which correspond$o the underlyingseeddilation. Whenall the pointsof themesh
have beenreachedthelabelimagecorresponds$o the Vorond diagram.

4.2 Simplepointsandhomotopicskeletonization

The dilated projectedpoint set, which is now simply connectedjs skeletonized
in orderto obtainan actualline (i.e. a chainof nodepoints). The skeletonization
is homotopicso asto presere the topologyobtainedduring the previous step.Its
implementatioron the meshreliesonthede nition of simplepointsin two dimen-
sionaldomains(Serra(1982)): a point of a binary imageis simple,namelycan
changecolor without topologicalchange|f its direct neighborhooctontainsex-
actly onewhite connecteccomponeni@andone black connecteccomponentThis
characterizatiots usedto developthefollowing skeletonizatioralgorithm:

(1) Putall thenodesof the objectconnectedo outsideinto thefront;
(2) Mark all thenonsimplepointsof thefront as“immortals”;
(3) Repeauntil thefrontis empty:
(a) Repeauntil thefrontis empty:
() Remwethenext pointof thefront;

(i) Computeits topologicalcharacterizatioif it is not“immortal”;

(i) If it isasimplepoint,removeit from theobjectandupdatethetopo-
logical characterizatiomf its neighbors;otherwisemarkit as“im-
mortal”;

(b) Putall the nodesconnectedo outsideinto thefront;
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Theskeletonizatioralgorithmis appliedtwo timesin orderto pruneshortbranches
stemmingfrom the rst skeletonization.

5 Resultsand Discussion

Fig. 9. A typical resultobtainedfor thetwo hemisphegsof six differentbrains. Ead color
corresponddo a different gyrus. The boundariesbetweengyri appearin white For the
external face of the brain, the setof pairs of sulci selectedfor this experimentaims at
de ning the three horizontal frontal gyri and the polar frontal face the three horizontal
tempoal gyri, The pre- and postcental vertical gyri correspondingo motor (cyan)and
somesthesifgreen)areas,andthetwo parietal lobules.Somenonsatisfyingattempthave
beendoneto parcellatethe occipital lobe Thelowestimagesprovide the superimposition
in Talairach proportional systenof the six brainsmesh Otherkind of parcellationscanbe
obtainedif the userselectsa differentlist of sulcuspairs.

The methodhasbeenappliedon the two hemispheresf six differentbrainsex-
tractedfrom the databasef brains,whosesulci hadbeenmanuallyidenti ed by a
neuroanatomisn orderto train the patternrecognitionsystem.Thelist of sulcus
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pairsselectedy the userwascorrespondingo long neighboringparallelsulci, in
orderto obtainasfar aspossiblethe usualparcellationdescribedn anatomicaht-
lasesTheresultsproposedn Fig. 9 sharestriking similaritiesacrosghesix brains.
Somemorework hasto bedoneonthe sulcuspair selectionhowever, to reachthe
moreintuitive parcellation.

Theseresultsare also qualitatively comparabldao atlasdescriptionsapartin oc-
cipital lobe. This lobe, indeed,doesnot include gyri correspondingo our mor-
phologicalde nition. Comparingtheseresultswith manuallyde ned gyri hasnot
beendoneyet, rst becausét is atediousanddif cult work which hasto bedone
on a large databaseo be signi cant, secondbecausehe parcellationsyielded by
our methoddo not aim at correspondingxactly to the standarcone. The standard
cortical parcellationjndeed,hasbeenproposediy anatomisthundredyearsago,
whenthe functionalsegregationof the braininto functionalareasvasnot known.
Thus, this standardpoint of view is not necessariljthe only meaningfulone to
comparepopulationsThe goal of the methoddescribedn this paperis to provide
an automaticparcellationtechniqguewhich canbe appliedon large databasesys-
ing thesamemorphologicalde nition for all the brains.Therefore pur efforts tend
at searchingor parcellationswvhich canbe consistentlyinferred from the sulcus
identi cation, whatever theinter-individual variability of the sulco-gyralpatterns.

Thehugefolding variability highlightedby the gure illustratesthedif culties pre-
ventinga simplegeometricalde nition of the gyri. Somefrontal sulci thatare of-
ten long noninterruptedfurrows canbe split into several piecesin somebrains.
This phenomenordisturbsboth the sulcusrecognitionand the gyrus de nition.
Neverthelesspur methodcanextrapolatethe usualparcellationto thesecomplex
intriguing con gurations.Hence,ary braincanbe processedh aratherconsistent
automatiovay, which openghedoorto large scalecomparisonvetweerpatholog-
ical andstandardubjectsAccordingto theusersinterestdifferentsulcuspairlists
may be provided to the methodin orderto comparegyral areasand shapesrom
variousde nitions. Oneof theweaknessegsf our approachhowever, is theneedto
de ne asetof gyri coveringthewhole corticalsurfaceor atleastsurroundingeach
gyrusof interest.Competitionbetweemeighboringgyri, indeed s mandatoryinto
our morphologicalde nition.

Futurework will aim at extendingthe methodto a more generalmorphological
de nition of corticalpatchesThecurrentmethodis dedicatedo gyri delimitedby
two long parallelsulci. Currentneuranatomicaksearcton corticalfolding process,
however, could provide a reliable detectionof smallersulcal units called sulcal
roots,thatmayallow a ner parcellatiorof thecorticalsurface(Régisetal. (1995);
Cachiaetal. (2003(inpress)) Theseunitscanbeconsideredspointsof thecortical
surfacewherethefolding begins. Thus,setsof suchpointscouldbe usedto de ne
the limits of gyrussulunits usingextensionsof the ideadescribedn Fig. 4. This
extensiormeanghatthede nition of eachcorticalpatchseedwill berelatedo aset
of morethantwo sulcallines,withoutspeci c relationshidik e parallelismbetween
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them. A similar extensioncould be usedto de ne lobes,which could allow for
instancdo dealwith occipitallobe (otherlobescanbeobtainedoy meging several

gyri).

The directmorphometricapplicationof our methodis the comparisorof the cor

tical patchareasbetweenbrains.Otherrelatedmeasuredik e the volume of grey

matterin the gyruscould be obtained.The gyral cortical patchesanbe backpro-
jectedto the 3D maskof grey matter to be usedas3D seedsThen,avolumetric
geodesicvoronod diagramcanbe computedn the cortex grey matterin orderto

splitit into gyri. Theratio betweergyrusgrey mattervolumeandgyrusareawould
alsoprovide anaveragecorticalthicknesaneasureFinally, moresophisticatedie-
scriptorsof the gyrus shapecould be computedusing for instance3D invariant
momentgPouponretal. (1998)).

While the rst applicationof automaticcorticalparcellationrmethodgeliesin mor-
phometricstudies splitting the cortex into standardpiecescould alsobe usedasa
referentialsystemto comparefunctionalresults,usinga volume-of-interesbased
statisticamethodEvansetal. (1991)).Anotherinterestof thecorticalparcellations
into gyral patchestemsfrom therecentdevelopmenif MR diffusionimagingfor
ber tracking(Pouponretal. (2001)). The methodsusedto detectthe ber bundles
linking two differentcorticalareasarestill in theirinfangy, but this new possibility
leadsnow to develop dedicatednappingmethodsOnepossibilityis theinference
of the matrix of connectvity of the main cortical gyri. For eachindividual, using
gyral patchesas input and output may allow the sorting of the huge numberof
tracked bundles.Thenindividual matricesof connectvity couldbe comparedn a
statisticalbasis.This approactcouldprovide new researctanddiagnosticdoolsfor
the pathologieselatedto the brainconnectvity.

6 Conclusion

The complity andthe variability of the sulco-gyralpatternsof the humancor
tex remainsa challengingissuefor theresearcheld aiming at normalizingbrain
anatomyfor brain mappingpurpose As matterstandsijt is dif cult to claim that
a perfectsolutioncanbe reachedusinga warpingstrategy. This papercontributes
to the streamof researchaiming at analyzingthe cortex patternsrom a structural
point of view closerto the neuroanatomist'approachThe parcellatiormethodas-
sumedhatareliableidenti cation of the mainsulci canbe performedrst for ary
subjectwhichis far to bethe casewith the currentpatternrecognitionsystemWe
bet, however, thatthe currentstateof this systemis sufcient to obtaininteresting
morphometryresultsif alarge databasef brainsis processedwhich cannow be
donewithoutary userinteraction.This betrelieson thelarge numberof signi cant
resultsobtainedby voxel basednorphometryn spiteof poorspatialnormalization.
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A Leastsquare estimation of the af ne transformation

In thisappendixwe proposehetechnicaldetailsleadingto aleastsquaregstima-
tion of theaf ne transformationmatchingtwo setof paired3D points

(thesetof bottomvoxels)and (thesetof nodegprovidedby the rst
point-to-pointprojectionstage):.

(A1)
where , , is a linear transformation
(i,e.a real matrix) and a translationvector Using condensedlock ma-
trix notationfor theaf ne transformationnamely ( ),

( ), ( ), Eq.A.1 canbewritten:

(A.2)
Thetranspositiorof this equationyieldsto :

(A.3)
If we denote and , the EqQ A.1 canbe

expresse@sa separat@roblem,amountingo solvingfor eachcoordinate , and
asetof linearequations

(A.4)

Practically the resolutionof eachequation ( ) is donein a
least-squarefashion,entailingfor eachdirection , and themultiplication of
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the pseudo-imersematrix of theinitial points  ( ) by a vector
containingthe coordinateof the projectedpoints

(A.5)
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