
Gyral parcellation of the cortical surface
using geodesicVoronö� Diagrams.
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Abstract. In this paper, we proposea genericautomaticapproachfor the par-
cellationof thecorticalsurfaceinto labelledgyri. Thesegyri arede�ned from a
setof pairsof sulci selectedby theuser. Theselectedsulci are�rst automatically
identi�ed in the data,thenprojectedonto the cortical surface.The parcellation
stemsfrom two nestedVoronö� diagramscomputedgeodesicallyto the cortical
surface.The�rst diagramprovidesthezonesof in�uenceof thesulci.Thebound-
ary betweenthetwo zonesof in�uence of eachselectedpair of sulcusstandsfor
a gyrusseed.A seconddiagramyields the gyrusparcellation.The distanceun-
derlying the Voronö� diagramallows the methodto extrapolatethe gyruslimits
wherethesulci areinterrupted.Themethodis appliedon threedifferentbrains.

1 Intr oduction
Therecentadventof automaticmethodsdedicatedto brainmorphometryhasraiseda
large interestin theneurosciencecommunity. Thesetools, indeed,provide a new way
of addressingissuesrelatedto thelinks betweenanatomyandfunction.While noneof
thesetoolscanbeconsideredastheperfectone,simplybecauseof thehugecomplexity
of brainanatomy, it is assumedthatanalyzinghundredsof brainsovercomethefailures
observedfor a few ones.

Most of theapproachesappliedat a largescalerely on a coordinatesystem,which
may be either threedimensionalfor voxel basedmorphometry [1], or two dimen-
sionalfor studiesof corticalthickness[8,14]. In eachcase,variouswarpingoperations
areusedto matchas far aspossiblethe differentbrainsunderstudywith a template
endowed with the coordinatesystem.We will denotethis warping principle “iconic
spatial normalisation” . Morphometryis performedon a point by point statisticalba-
sis,eitherondatarelatedfeaturesor ondeformationrelatedfeatures[4].

While the coordinatebasedparadigmhasa lot of successin the neuroimaging
community, analternativeapproachconsistsof mimicing theclassicalanatomicalmor-
phometry, namelyde�ning someanatomicalstructuresby a segmentationmethodand
deriving someshapedescriptorsthat will be comparedacrossbrains.This alternative
is suf�ciently attractive to be appliedmanually, althoughtediouswork hasto be per-
formed,whichpreventslargescalestudies[22,10]. Themotivationbehindthis “struc-
tur e basedmorphometry” is the ideathat someneuroscienceresultsdeeplyrelated



to thebrainarchitecturalorganisationmaybeeitherlost during thenonperfecticonic
spatialnormalisationor inaccessiblevia a coordinatebasedpoint of view. Finally, it
shouldbe notedthat somemorphometryapproachesarehybrid becauselocal coordi-
natesystemsareusedto computesomeshapedescriptors[9].

Two directionsof algorithmicresearchaim at providing automaticmethodsto per-
form structurebasedmorphometry. The�rst onestemsdirectly from theiconic spatial
normalisationscheme:a manualsegmentationof the templateis warpedtoward any
new brain in orderto obtainanautomaticsegmentation[5]. While this approachgives
goodresult for stablebrain areaslike the deepnuclei, it is morequestionablefor the
cortex [17] becausethewarpingalgorithmsaredisturbedby thehigh variability of the
folding patterns[18,21]. Therefore,aconcurentstrategy for thecortex consistsof link-
ing blind geometricparcellationsof the cortex with patternrecognitionmethods[12,
13,21,3,20], in order to achieve a betterde�nition of sulco-gyralshapesto be com-
paredacrossbrains.A lot of otherdedicatedsegmentationschemeshave beende�ned
for variousotherbrainareas[6].

The methodsdedicatedto the cortex always focus on geometricalpropertiesal-
lowing to devise a de�nition of cortical folds (depth,curvature,medial axes,etc...).
Theusualneurosciencepoint of view aboutthecortical surfacesegregation,however,
is gyrusbased.A gyrus,indeed,is usuallyconsideredto bea moduleof thecortex en-
dowedwith denseaxonalconnexionsthroughoutlocalwhitematter[23]. Unfortunately,
corticalgyri arerelatively dif�cult to de�ne from apuregeometricalpointof view, even
if they aresupposedto bedelimitedby two parallelsulci.

In this paper, we proposea two stagestrategy for the parcellationof the cortical
surfaceinto gyri. First, the main cortical sulci areautomaticallyextractedandidenti-
�ed usinga contextual patternrecognitionmethodthatmay be viewed asa structural
alternative to the brain warping approach[21]. Second,the dual gyri are de�ned as
patchesof thecortical surfaceyieldedby thecomputationof two nestedVoronö� dia-
grams,whoseinitial seedsareinferredfrom thetheidenti�ed sulcusbottomlines.This
de�nition of themaingyri is a mixturebetweengeometricalinformationrelatedto the
geodesicdistanceusedto de�ne the diagrams,anda high level cortex model for the
recognitionof the main sulci which provide the seedlines. The methodproposedin
this paper, which convertsa setof sulci into thesetof dualgyri, is genericandmaybe
appliedwith analternativedifferentidenti�cation of thesulci.

2 Method
2.1 The sulcusidenti�cation

The �rst stageof the method,which hasbeendescribedby Rivi �ere in [21], provides
automaticallythesetof themainsulci,eachsulcusbeingrepresentedby asetof voxels
obtainedfrom a skeletonsegmentation(seeFig. 1). For eachsulcus,discretetopology
propertiesallows us to obtainthesubsetof connectedvoxelscorrespondingto bottom
lines(mainpartandbranches,seeFig. 2) [15,16], calledsulcallines. Anotheroutcome
of this preprocessingstageis two smoothmeshesof thecortex hemispheresendowed
with a sphericaltopology[16]. Thesulcusbottomswill beprojectedon this represen-
tation of the cortical surfaceto de�ne somelimits betweenthe dual gyri. Therefore,



to have accessto the methoddescribedin this paper, the userhasto provide a list of
pairsof sulcusnames.Eachpair will usuallycorrespondto two parallelsulci possibly
interrupted.

2.2 Projection of the sulcal bottom lines onto the triangulation

The main problemdisturbingthe de�nition of gyri is the interruptionof the delimit-
ing sulci, becausetheseinterruptionsarehighly variables.The ideaproposedin this
paperovercomesthisdif�culty usingtheVorono�diagramprinciple.If asetof linesap-
proximatively locatedat thelevel of thecrownsof thegyri of interestcanbeprovided
asgyrusseeds,thewholegyral parcellationcanbe de�ned from a distancecomputed
geodesicallyto the cortical surface.Eachgyrus will be the zoneof in�uence of its
own seed,namelythesubsetof thecorticalsurfaceclosestto its seedthanto theother
seeds.To try to imposethesulcusbottomsaspartsof theboundariesbetweenthesein-
�uence zones,the ideaconsistsof removing theprojectedbottomlinesfrom themesh
to preventthedistanceto bepropagatedacrosstheselines.Hencetheresultingdiagram
is inferredfrom aniterativedilationof thegyrusseedsthatis stoppedeitherat thelevel
of thesulcusbottoms,or whentwo zonesof in�uence getin touchwith eachother. All
thegeodesicdistancecomputationsusedin this paperstemfrom thethick front propa-
gationideaproposedin [24]. Suchdistancesarealsousedto apply isotropicgeodesic
morphologicaltreatments(closing,dilation,etc...)

To maketheprojectedbottomlinesbehavelikewallsfor thegeodesicdistanceprop-
agation,their connectivity hasto be preserved during the projectiononto the cortical
surface.This is not straightforwardbecausethesmoothmeshstemsfrom a decimation
algorithm which leadsto a non stationarytriangle sampling.Morphologicalclosing
operationsareperformedto reachthis goal.Anotherimportantconstraintis the local-
isationof the projectionthat hasto correspondto the deepestpart of the fold on the
corticalsurface(seeFig. 2). Thesequenceof processingusedto achieve thesegoalsis
thefollowing. The
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 . Theprojectionis donefor eachsulcalline (i.e. for eachconnectedcomponent
of thesulcalbottomlines)independently.

1. The�rst stepof theprojectionis anadaptationof thewell-known ICPalgorithm[2,
7] whichallowsto �nd anaf�ne transformationwhichpreservestheglobalstructure
of the bottom line. This preventsthe creationof large gapsin the middle of the
projectedpoints.

– De�nition of a set ���������


 of matchedpoint pairs.Theconstructionis the
following: for eachpoint ��� 
 of thesulcalline ����� 
 , apair ����� 
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 is thenodeof thecorticalmeshminimisingthefunc-
tion  !����� 
"�#���%$& ('��)��� 
*�����,+.-0/21�35476������ (seeFig. 2), whereM is a
meshnode,- ia positiveweightingconstant, 8',�)���




�#��� is the3D Euclidean
distanceand /21�3!476*�)��� is thegeodesicdepth.This geodesicdepthcomputa-
tion follows the following steps:1) apply a 3D morphologicalclosingto the
white matterbinarymask.2) applya 3D erosionof 5mmto theclosedmask.
3) De�ne all themeshnodesoutsidethis maskasgyruscrowns.Thegeodesic



depthof all thesenodesis thennull. 4) Computethegeodesicdistanceto these
crowns(asimilarapproachmaybefoundin [20]).

– For eachsulcus
�

, performa leastsquareevaluationof thebestaf�ne transfor-
mation,which mapthesulcusbottomline on thecorticalmesh.Eachpoint of
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 is thenprojectedontotheclosestmeshnodeafteraf�ne transformation.
2. Thesecondstepconsistsof closingandthinningthepreviousprojectedsulcallines

(seeFig. 3). This operationis appliedindependentlyon the projectionof each
connectedcomponentof �����
 . The sulcal lines areimposedto be actual lines on
the mesh(i.e. a chainof node).The setof projectedpoints is �rst iteratively di-
latedgeodesicallyto the triangulationuntil reachingexactly oneconnectedcom-
ponent.Thesecondstageis a skeletonizationlike algorithm.Theunderlyingidea
is a heuristiccomputingconnectedsetdiameter. A �rst point is randomlyselected
in the connecteddilated line. A distance(geodesicto the connectedset) is com-
putedfrom this point. Themoredistantpoint is selectedasthe �rst setextremity.
A second(geodesicdistance)is computedfrom this �rst extremity. Themoredis-
tantpoint is selectedasthesecondextremity. Thesetskeleton(i.e. setdiameter)is
inferredby a stepby stepbacktrackingalongthegeodesicdistancepropagation.

2.3 Gyral parcellation

Oncethesulci have beenprojectedontothecorticalsurface,theremainingprocessing
is embeddedinto thesphericaltopologyof thecorticalsurface.Thefollowing sequence
of stagesleads�rst to thede�nition of gyral seedsfrom eachpair of sulci givenby the
user. The secondstageleadsto the gyral parcellation(seeFig. 3). The two stagesof
computationrely on thewell known Voronö� diagramnotion,which is widely usedin
computervision. Sucha diagramcanbecomputedinto any spacedomainfor a given
setof seeds.The diagramis a parcellationof thespaceinto the seedin�uence zones,
whereeachpoint is givento theclosestseedaccordingto a distance.In thefollowing,
this distanceis anapproximationof thegeodesicEuclideandistance[24] (thegeodesic
distancebetweentwo meshnodesis estimatedasthe shortestpath,throughthe mesh
nodes,linking the two nodes).Thediagramis ef�ciently computedfrom theprevious
thick front propagation[24].

A detailedsketchof theprocessis thefollowing:

1. Computationof theVoronö� diagramof thelabelledsulcallines(seeFig.3.B) . The
nodesthathave thelabel 



 correspondto thenodeswhoseclosestseed(i.e. sulcal
line), from ageodesicpointof view, hasthelabel 



 . Thegoalof thisdiagramis the
detectionof theboundariesbetweenthezoneof in�uencesof thepairof sulcigiven
by the user(seeFig. 3.C). Sucha boundarywill representfurther the seedof the
correspondinggyrus.The setof boundariesof the diagramis sometimescalleda
skeletonby in�uence zone(SKIZ) [11]. Theboundariesarethenodeswith at least
two differentlabelsin their directneighborhood.Hence,theboundariesof interest
aresetof nodeswith exactly two labelsin theirneighborhoodcorrespondingto one
of theuserspeci�edsulcuspairs.Thisde�nition of thegyralseedleadsto theideal
localisationfor theseseeds.Theboundarybetweentwo neighboringsulcuszones
of in�uence, indeed,is equidistantto the wishedgyrus limits. Therefore,during



theseconddiagramcomputation,theextrapolationof thelimits givenby thesulcus
bottomswill reallybeequidistantbetweenthecrownsof thegyri in competition.

2. Computationof thesecondvoronö� diagramusingthegyrusseeds(seeFig. 3.D).
The main differencewith thepreviousdiagramis the removal of the sulcalseeds
from themesh,to preventthedistancefrom crossingthesulcusbottom.

3 Resultsand Discussion
Themethodhasbeenappliedon threedifferentbrains.Thelist of sulcuspairsselected
by theuserwascorrespondingto long neighboringparallelsulci, in orderto obtainas
far aspossiblethe usualanatomicalparcellation.While the resultsprovided in Fig. 4
sharestrikingsimilaritiesacrossthethreebrainsandwith standardanatomicaldrawing,
somemorework hasto bedoneon thesulcuspair selectionto reachthemoreintuitive
parcellation.

Thehugefolding variability highlightedby the�gure illustratesthedif�culties pre-
venting a pure geometricalde�nition of gyri. Somefrontal sulci that are often long
non interruptedfurrows can be split into several piecesin somebrains.This phe-
nomenumdisturbsboth the sulcusrecognitionandthe gyrusde�nition. Nevertheless,
our methodcanextrapolatethestandardparcellationto this complex intriguing con�g-
urations.Hence,any braincanbeprocessedin aratherconsistentautomaticway, which
opensthedoorto largescalecomparisonsbetweenpathologicalandstandardsubjects.
Accordingto theuserinterest,differentsulcuspair list maybeprovidedto themethod
in orderto comparegyral areasandshapesfrom variousde�nitions.

Anotherinterestof this genericcorticalparcellationsinto gyral patchesstemsfrom
therecentdevelopmentof MR diffusion imagingfor �ber tracking[19]. Themethods
usedto detectthe �ber bundleslinking two differentcorticalareasarestill in their in-
fancy, but this new possibility leadsnow to developdedicatedmappingmethods.One
possibility is the inferenceof thematrix of connectivity of themaincorticalgyri. For
eachindividual, usinggyral patchesasinput andoutputmay allow the sortingof the
hugenumberof tracked bundles.Then individual matricesof connectivity could be
comparedonastatisticalbasis.Thisapproachcouldprovidenew researchanddiagnos-
tic toolsfor thepathologogiesrelatedto thebrainconnectivity.
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Fig.1. An exampleof the resultof the sulcusextraction and identi�cation (on right: the white
matter meshusedas a sphericalmodelof the cortex). The colors correspondto the various
namesusedbyour neuroanatomistto train therecognitionsystem[21]. Thesenamesbelongto a
hierarchy of neuroanatomynames.Thesulcuslist on which is appliedtheparcellationis chosen
by thesystemuser. Henceseveral differentparcellationscanbecomputedaccording to theuser
needs.

Sulcus(in blue)

Geodesic depth

Bottom line (in red)
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Fig.2. Each sulcalbottomline is projectedonto the cortical surfacealong the line of maximal
geodesicdistanceto thegyruscrowns.
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Fig.3. This �gure proposesa sketch of themethodmappedon an in�ated versionof thecortical
surfacefor the sake of understanding. Most of the remainingsurfacecurvature is related to
thegyral parcellation targetedby thealgorithm.Each sulcusbottomline connectedcomponent
is �r st projected(A1). Thenthe projectionis closedusinggeodesicmathematicalmorphology,
and skeletonisedusinga geodesicdiameterstrategy in order to obtain a continuousline (A2).
A �r st Voronö� diagram is computedfor the seedscorrespondingto theseprojectedlines using
a geodesicdistance(B). This diagram providesa sulcal basedparcellation of the surface. The
seedsthat will standfor thegyri are boundariesof this �r st diagramrelatedto thepairs of sulci
initially de�nedby theuser(C). Finally a seconddiagramis computedfor thesegyral seedsafter
removal of the sulcal seedsfrom the meshin order to prevent the geodesicdistanceto crossa
sulcusbottom(D).

Fig.4. A typical resultobtainedfrom threedifferent brains and someof the main gyri. For in-
stance, theexternalpart of the frontal lobe is split into four parallel horizontalgyri. Back, two
vertical gyri correspondto motor andsomesthesicareas,etc...Otherkind of parcellationscan
beobtainedif theuserselectsa differentlist of sulcuspairs.


