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A PrimalSketchof theCortex MeanCurvature:
aMorphogenesisBasedApproachto Study

theVariability of theFoldingPatterns
A. Cachia,J.-F. Mangin,D. Rivi �ere,F. Kherif, N. Boddaert,A. Andrade,D. Papadopoulos-Orfanos,J-B.

Poline,I. Bloch,M. Zilbovicius,P. Sonigo,F. Brunelle,andJ.Régis

Abstract—In this paper, we proposea new representationof the cortical
surfacethat may beusedto study the cortex folding processand to recover
someputative stableanatomical landmarks called sulcal rootsusually bur-
ried in the depth of adult brains. This representationis a primal sketch
derived fr om a scalespacecomputed for the mean curvature of the corti-
cal surface. This scale-spacestemsfr om a diffusion equation geodesicto
the cortical surface. The primal sketch is madeup of objectsde�ned fr om
meancurvature minima and saddlepoints. The resulting sketch aims �rst
at highlighting signi�cant elementarycortical folds,secondat representing
the fold merging processduring brain growth. The relevanceof the frame-
work is illustrated by the study of central sulcussulcal rootsfr om antenatal
to adult age.Someresultsare proposedfor ten different brains. Somepre-
liminary resultsarealsoprovided for superior temporal sulcus.

Keywords—Sulcogenesis,spatial normalization, morphometry, variabil-
ity

I . INTRODUCTION
�

HE adventof methodsdedicatedto theautomaticanalysis
of large databasesof MRI imagesof brain anatomyhas

raiseda large interestin the neurosciencecommunity[1], [2],
[3], [4], [5], [6], [7], [8], [9], [10], [11], [12]. Thesetools, in-
deed,providenew waysof addressingissuesrelatedto thecom-
parisonof brainpopulations.They allow thestudyof thein�u-
enceof variousparameters(sex, dominanthemisphere,cogni-
tive features,geneticfeatures,pathology, etc...)on theanatomi-
cal substratum[13], [14], [15], [16], [17]. Longitudinalstud-
ies of brain maturationor ageingprocesshave also received
increasingattention[18], [19], [20]. The complexity and the
inter-individualvariability of thecorticalfolding patterns,how-
ever, is still a challengingissuefor thesetools. Indeed,nobody
really knows how to matchthecortical folds acrossbrains,and
atwhichextentsuchamatchingis relevantfrom aneuroscience
point of view.

A. Spatial normalization

Most of thebrainanatomyanalysismethodsrely on thecon-
cept of spatial normalization,which consistsin warping all
the brains towardsa templateendowed with a 3D (volumet-
rical) or a 2D (spherical)coordinatesystem. This referential
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thenunderliesfurtherstatisticalstudies.This coordinatebased
spatialnormalizationparadigmhasmadea tremendousimpact
on morphometrystrategies becauseof its versatility. A num-
ber of different normalizationalgorithms,however, are used
throughoutthe world, eachone potentially leading to differ-
ent results. For instance,the widely distributedSPM software
(http://www.�l.ion.ucl.ac.uk/spm/[4], [7]) allows the user to
choosethe templateor the numberof basisfunctionsusedto
modelthewarping. This observationmeansthatwhat is called
spatialnormalizationis far from beingclear, which is explained
by thefactthatnobodyreallyknowswhatmaybethegoldstan-
dard in termsof brain warping. Furthermore,nobodyknows
todayto whichextentmatchingtwo differentbrainswith acon-
tinuousdeformationmakessensefrom an anatomicalpoint of
view.

With regardsto the problemsinducedby the variability of
thecortical folding patterns,recenthypothesesclaim thatsome
answerscould stemfrom a betterunderstandingof the brain
growth processes[21], [22]. This paperproposesa new rep-
resentationof thecorticalsurfacethataimsathighlightingsome
of thefold mergingeventsthatoccurduringthecorticalsurface
folding process.

B. Gyrogenesisand sulcal variability

Corticalfolding, thegrossanatomicallandmarksof thecorti-
cal surface,exhibit variousformsin differentadultbrains[23],
which preventsfrom usingthemasa straightforwardandaccu-
ratereferential. The origin andmeaningof this variability are
still largely unclearand discussed[24], [22]. Nevertheless,a
bundle of converging arguments,stemmingfrom ontogenesis,
phylogenesis,andarchitectonicconsiderations,have led to hy-
pothesizethat a simpleandstableorganizationof the folding,
relatedto the fetal stage,may underliethe apparentlyvariable
andintricatesulcalpatternsof adultcortices[25], [21]. Indeed,
the �rst cortical folds that appearon the fetus cortex, called
sulcal roots, seemto be especiallystable(in number, position
andorientation)acrossindividuals. During the following gyral
expansion,however, thesesulcalrootsbecomeburried into the
depthof thecortex afterhaving mergedwith eachotherto build
larger folds. Becausevariable merging eventscanoccur, dif-
ferentsulcalpatternscanbe observedat adultage(seeFig. 1).
Themoreusualpatternshave led to thestandardsulcusnomen-
clature[23], but somebrainsareverydif�cult to readaccording
to this nomenclature,eitherbecausethemainsulciaresplit into
piecesor worst becausethe sulcalroot merge eventshave cre-
atedunusualsulci.
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Fig. 1. Up: A mapof the�r st fetal cortical folds(sulcal roots)of thetemporal
lobe[25]. Thefoldsare numerotedaccording to their dateof appearancedur-
ing the fetal sulcogenesis.Different merging eventsbetweenthesesulcal roots
canleadto verydifferentfoldingpatternsat adultage. Left: Thesuperiortem-
poral sulcusis supposedto stemfrom the merge of four different sulcal roots.
Right: Theusualmerging eventsleadingto thesuperiortemporal sulcushave
not occured..

Oneof thesimplestexamplesof sulcus,whichwill beusedto
illustratethemethoddescribedin this paper, is the centralsul-
cus(seeFig. 2). This largesulcusis avery interestinglandmark
on thecorticalsurfacebecauseit is thelimit betweenmotorand
somesthesicareas.Hence,the studyof its shapehasbeenthe
subjectof numerousstudies[26], [27], [28], [29], [17]. The
centralsulcusis supposedto be madeup of two sulcal roots
that merge in almostall cases. In very rare cases,however,
this merge doesnot occurandthe centralsulcusis split in the
middleby a gyrus[30], [31]. Nevertheless,in mostof thenon
interruptedcases,this gyrus is still visible on the walls of the
sulcus[32], [33], [34]. This gyrusinitially separatingthe two
sulcalroots, indeed,hasjust beenburied into the depthof the
cortex. Hence,a stablesimplefetal patternseemsto make the
link betweenall thepossiblecon�gurations.This paperaimsat
developpinga methodinferring this primal patternfrom local
informationaboutthecurvatureof sulcalwallsandfundi, which
givescluesaboutthe localizationof the sulcal roots. Surface
curvature,indeed,embedsmoreinformationthanthe geodesic
depththat hasbeenpreviously proposedto segmentsulci into
smallerunits[35], [36].

In thefollowing, we proposea new representationof thecor-
tical surfacethatmaybeusedto studythecortex folding process
andto recover putative stableanatomicallandmarks,thesulcal
roots,usuallyburiedin thedepthof adultbrains.This represen-
tation is a primal sketch [37], [38] derived from a scalespace
[39], [40] computedfor themeancurvatureof thecortical sur-
face.This scale-spacestemsfrom a diffusionprocessgeodesic
to thecorticalsurface.Theprimal sketchis madeup of objects
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Fig. 2. Evolutionof thecentral sulcusshapeduringbrain growth.Up: Antena-
tal imagesallow thereconstructionof thefetuscortex surfaceonwhich shallow
dimplescorrespondingto negativemeancurvature areasarehighligtedin blue.
At that stage, thecentral sulcusis madeupof two sulcalroots.Middle left: 18
monthsafter birth, the gyrusseparating the two sulcal roots is still visible on
whitemattersurface. Middle right: At adult stage, only slight deformationsof
thecentral sulcuswalls giveclueson the presenceof a burried gyrus. Down:
In somerare brains describedin literature, the two sulcal rootsof the central
sulcushavenotmerged[30], [31]

de�ned from meancurvatureminimaandsaddlepoints,like in
previousapproaches[41], [42]. Theresultingsketchaims�rst at
highlightingsigni�cant elementaryfolds,secondatrepresenting
thefold mergingprocessduringbraingrowth.

Thelong termaimof themethodconsistsin recoveringauto-
matically a mapof the sulcalrootsfrom any adult brain. This
mapwould provideanappealingsetof landmarksto matchdif-
ferent adult folding patterns. The sulcal roots could then be
usedto addsomereliableconstraintsinto standardwarpingal-
gorithms[43], [44], [45], [46]. Sucha mapcouldalsobeused
to studybraindevelopmentfrom antenatalMR images.Statis-
tics on sulcal root chronologyof appearancemay indeedbe-
comea precioustool for early detectionof developmentprob-
lems. Someinterestingcognitive or clinical informationcould
alsobeembeddedinto thevariablemergingeventsoccuringbe-
tweenthe sulcal roots. Finally, sincethe sulcal roots are de-
�ned as indivisible cortical folds, they could be usedto over-
cometheprobleminducedby sulcusinterruptionin algorithmic
approachesrelyingononedimensionallines[47] or two dimen-
sionalmeshes[48], [49].



IEEE TRANSACTIONSON MEDICAL IMAGING 2002 3

I I . FOLDING PROCESS AND CURVATURE

The�rst stageof themethodconsistsin extractinga smooth
meshrepresentingthecorticalsurfaceof eachhemispherefrom
aT1-weightedMR image.Thismeshis endowedwith theactual
sphericaltopologyof this surface,which allows the implemen-
tationof geodesicdiffusionandin�ation operations.

A. Spherical triangulation of cortical hemipheres

A �rst sequenceof treatmentsprovides a binary mask of
each hemispherecortex with sphericalhomotopy. This se-
quence,which includesbias correction[50], brain maskseg-
mentation[51], hemispheremasksegmentation[52], and de-
tection of the grey/white interface[53], is freely available on
“http://anatomist.info”. A standardfacettrackingalgorithmis
usedto computea �rst sphericalmeshmadeup of facetsfrom
the cortex mask[54]. Then, the centerof eachfacet is con-
nectedto thecenterof theneighboringfacetsin orderto yield a
sphericalmeshof triangles.Thisalgorithm,whichpreservesthe
initial topology, relieson a look-uptableof con�gurationslike
in thestandardmarchingcubealgorithm. Finally, a decimation
including smoothingis performedto discardstair artefactsre-
latedto theunderlyingdiscretization.Thedecimationalgorithm
is inspiredby thealgorithmusedin theVtk package[55]. The
embeddedsmoothingoperationiteratively movesthenodesto-
wardstheir neighborhoodgravity center, which mayberelated
to someusualsurfaceevolutionprocesses[58].

This meshconstructionincludessomesmoothingoperations
thatmayremovesomeinterestinganatomicalinformation.Nev-
ertheless,thissmoothingprocessis requiredto getinitial accept-
ablesurfacerepresentationsandreliablemeancurvatureestima-
tions. In thefuture,surfaceevolution approachescouldprovide
alternative scale-spacecomputationthat might be lessrestric-
tive.

B. Mean curvatureestimation

Differentapproachescanbe usedto describeandstudy�ne
detailsof the cortical surfacefolding patterns.Depthmaxima
have beenusedto detecta conceptsimilar to sulcal roots in
[35]. In this paper, meancurvature( � ) is proposedasa richer
descriptor(than the depth)of the variousfeaturesthat can be
observed along sulcusbottomsandwalls, which is illustrated
in �gure 8: fold bottomsappearas local minima of � , while
gyruscrownsappearaslocal maxima.Hence,burriedgyri sep-
aratingtwo sulcal roots, appearasareasof positive curvature
alongthesulcuswalls. Othercurvaturerelatedfeatures,suchas
Koenderink's curvaturemetricC (theL2 norm of theprincipal
curvatures,or the logarithmthereof)or themaximumprincipal
curvature,maybeinterestingfor our purposeandshouldbein-
vestigatedin thefuture.It shouldbenotedthatanisophotemean
curvaturerelatedmeasure(Lvv) hasalsobeenproposedto dis-
tinguishsulci from gyri [48]. While thisapproachcouldbeused
to getameancurvatureestimationrelatedto ourcorticalsurface
representation(whichmaybeconsideredasonegivenisophote),
its maininterestis in thede�nition of gyrusandsulcusskeletons
assurfacesof singularities[74].

In this paper, meancurvatureis directly estimatedfrom the
meshthanksto its relativesmoothness.We usedanapproxima-

Fig. 3. Approximationof themeancurvature froman irregular mesh[60]. ���

and ��� denoterespectivelythetriangle anglesandareas; �	� correspondto the
dihedral anglesbetweenthenormals
�� ; theedge lengthsarenoted �
� .

tion proposedin [60], [61] that takes into accountsomelocal
propertiesof the mesh,as triangleangles��� andareas��� , di-
hedralangles��� betweennormals �

�

�

� andedgelengths � � (see
Fig. 3). This methodmaybeconsideredaslessrobustthanthe
usualquadraticpatchbasedapproaches,but waschosenin this
paperfor its lowercomputationalburden.It shouldbenotedthat
it is too soonto claim that onekind of curvaturebasedmapis
moreadaptedto ourpurposethananotherone.

C. Fetusand baby brains

Thepreviouschainof processingis usedwhenthebrainhas
reachedahigh level of myelinisationof axons,namelyfor more
thantwo yearsold brains. At this stage,indeed,standardT1-
weightedimagesbasedon inversionrecovery sequencesgive a
goodcontrastbetweengrayandwhite matter, leadingto anac-
curatede�nition of the cortical inner surface. Sincethe most
interestingpartof thefolding processis occuringduringantena-
tal stage,however, we have initiateda researchprogramaiming
at performinglongitudinal studiesfrom antenatalMR images
obtainedfrom clinical studies.

In the caseof antenatalandsmall babybrains,however, the
axon myelinisationis still in progress,which meansthat T1-
weightedimagesshow moreor lesscontrastbetweengrayand
white mattersaccordingto thebrainareas.Therefore,we have
adaptedthe previous chain of processingto T2-weightedim-
ages,which provide a bettercontrast(seeFig. 2) [62]. Unfor-
tunatelly, T2-weightedimagesusuallyhave a largerslicethick-
ness,especiallywith antenatalimaging,whereacquisitionshave
to bevery fastbecauseof thefetusfrequentmotionsandfor his
mothercomfort. Sincethe fetusbrainsarevery small, this is
leadingto partial volumeproblemsin thede�nition of thecor-
tical innersurface. Hence,we have chosento studythecortex
outersurface,which is locatedbetweenthecerebrospinal�uid
andthebraintissues.It shouldbenoted,however, thatthestruc-
tural studyof the folding processcanbe donefrom the cortex
outersurfaceasfrom theinnersurface,asfarasthesurfacerep-
resentationis reliable.

The currentsegmentationtoolbox is semi-automaticand is
still far to yield perfectresults. Anyway, designinga perfect
surfacedetectionmethodis a challengebecauseof thefrequent
artefactsinducedby fetusmotionsandthevariouscontrastmod-
i�cations occuringduringthemyelinisation.Nevertheless,for a
few fetusbrains,the detectedsurfacesaresuf�ciently cleanto
visualizesmalldimplesboundto becomecortical folds ascon-
nectedcomponentsof negative curvature(seeFig. 2). These
imagesallow us to questionthe �rst sulcal root maps,which
hadbeeninferredfrom variousdescriptionsof theliterature(see
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Fig. 1) [25]. Unfortunately, thevariousweaknessesof thecur-
rentacquisitionprocessleadto anawful percentageof success:
oneacquisitionoveronehundredcanprovideameaningfulcor-
tical surfacerepresentation.Hence,we arecurrentlyworking
on fasteracquisitionschemesusing new MR sequences[56]
and multi-coil approaches[57], becausethe main problemto
be solved is motion betweenslices. In the future, longitudinal
acquisitionsatseveraltimestepscouldallow to follow thefold-
ing processsubjectby subject,provided that suchstudiesare
ethicallyacceptable.

I I I . SCALE SPACE OF THE CURVATURE MAP

Thecurvaturemapof thecorticalsurfacecontainsmuchge-
ometrical information that may be related to the anatomical
elementsthat have to be detected(sulcal roots, burried gyri).
Theseelements,however, correspondto differentlevelsof scale
(seeFig. 9). Moreover, a scalebasedpoint of view is re-
quired to distinguishanatomicalelementsfrom noisefeatures
boundto appearin curvatureapproximations,dueto segmenta-
tion/triangulationartifacts,or biasedestimationsof thediscrete
curvature(seeFig. 8). The scale-spaceparadigmhasbeende-
velopedto dealwith suchproblemswhereall thescalesmaybe
of interest.

A. Geodesicdiffusion of the Curvaturemap

Two alternative approachescanbeusedto createa family of
curvaturemapsevolving towardssmoothness,eithera diffusion
processgeodesicto thecorticalsurface[63], [64] or ageometric
evolution of thesurfaceitself [58]. Surfaceevolution according
to a functionof curvaturehasbeenwidely usedin imageanaly-
sis to describe3D shapes.Thestandardimplementationof this
kind of evolutionusingthelevel setframework, however, is not
adaptedto ourgoal.This framework, indeed,allowstopological
modi�cations of the tracked isosurface,and providesno con-
stantparameterizationthatmaybeusedto simply trackobjects
acrossscales. A meshbasedimplementation,in return, may
beusedfor theevolution process,but would not necessarilybe
providing thecausalitypropertyrequiredto dealwith thescale
space[39], [40]. At eachiteration,indeed,somecurvatureesti-
mationerrorswould bemade.It shouldbenoted,however, that
suchanimplementationis usedto in�ate thecorticalsurfacefor
visualizationpurpose[59].

In thefollowing, thescalespaceof thecurvaturemapis com-
putedfrom the heatequation[40] geodesicallyto the cortical
surface. This is an arbitrary choicemadeto experimentwith
theanatomicalstructuralideasmentionedabove. A few exper-
imentsusingin�ated versionsof the initial surfaceto compute
thegeodesicdiffusionhaveshown few consequencesonthesul-
cal structuresof interestin thescalespace.Somemorestudies
have to be done,however, to get a betterideaof the in�uence
of the intrinsic curvatureof thecortex on thediffusionprocess
[65]. In the future, the behavior of alternative anisotropicdif-
fusion schemes[66] could also be considered. For instance,
further work could consistin looking for the diffusionscheme
maximizingthesimilariry acrosssubjectsof thestructuralrep-
resentationsinferredfrom theindividualscalespaces.

The heatequation,which correspondsto a parabolicPartial
Differential Equation(PDE), lendsitself with relative easeto

beingadaptedfor thespeci�c caseof anirregular2D latticeem-
beddedin a3D space[63], [64].

B. Numerical implementation

Thenumericalimplementationof theheatequationis carried
outasaniterativeprocessof theform:

�������! #"�$% !&

�

�������! !&

$% ')(

*

�+�����, !& (1)

for eachnode� andeachtemporaliterationstep$% , where
(

*

�

is theLaplacianestimateatthenode� of the�eld of values(i.e.
themap � of thecurvature).

The implementationof partial differential equationson ir-
regular latticescan lead to complex numericalproblems;the
causalitypropertyusually requiredby the scale-spaceframe-
work maybelost becauseof discretephenomena.This point is
beyongthescopeof this paperandwould requirefurtherstudy.

B.1 Spatial parameterization

The fact that the cortical lattice is embeddedinto a volume
raisesaquestionconcerningtheproperaxissystemuponwhich
to basetheestimationof thelocal partialderivatives.A con�ict
exists betweenthe needto employ 3 spatialcoordinatesin the
Euclideanspaceto obtainan ambiguity-freedescriptionof the
positionof eachnode,andthewishto performastrictly surface-
basedsmoothing.Thede�nition of acoordinatesystemintrinsic
to the surfacewould allow for a strictly 2D-basedsmoothing.
This impliesaparameterization,i.e. thede�nition of amapping
function - suchthat �/.0�!12�435&768-9�;:<�!=>& , : and = being the
new coordinatesthatallow to referto every point in thesurface
without ambiguity. Thediffusionequationis thensolvedalong

: and = , in a strictly 2-dimensionalfashion.
A possibleparameterizationwould consistin theapplication

of a �attening procedureto the cortical lattice representation
[59]. This way, the �attened cortex would be containedin a
plane,and the parameterizedcoordinates�/:?�,=�& would corre-
spondsimplyto the �;.2@��,1>@A& coordinatesof theplanein question.
However, cortical�attening leadstoasigni�cant amountof met-
ric distortion(10-20% in average,locally attainingmuchhigher
values[59], [6]) andrequirestheintroductionof cutsbecauseof
the cortex sphericaltopology. Using the mappingto a sphere
would be an alternative solution[8], but sphericalcoordinates
includetwo polesleadingto someotherdif�culties.

B.2 Local planar parameterization

In view of this, the adoptedparameterizationwas a simple
local transformationthat mapseachsurfaceelement(a node
andits �rst neighbours)into a plane,while keepingunchanged
both the edgedistancesand the angularproportionsbetween
the edges. This “neighborhoodparameterization”[69], [70]
amountsto locally �atten the surfaceelement,andavoids the
severearealdistortionthatwould resultfrom anexplicit global
�attening.

An individual mappingfunction -7� is thusde�ned for each
node B , independentlyof thesurroundingsurfaceelements.An
arbitrarily-orientedorthogonalreferential is de�ned for each
surfaceelement,centeredat its centralnode,andall therequired
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estimations,notablylocal Laplacian,arebasedon this new co-
ordinatesystem. This local-basedapproachis madepossible
since, for eachiteration stepof the numericalsolution of the
diffusionequation,theestimationsinvolve only thedifferences
betweenthe valuesassociatedwith eachnodeand its nearest
neighbors.

B.3 Estimation of the Laplacian operator

The adopted(�nite difference)approach[71], [72] assumes
that the �eld, implicitly describedby the function �+�/:?�,=�& , is
now sampledwith an irregular planarlattice composedof in-
terconnectednodes.A Taylor seriesexpansionarounda given
point ( :DC ,=EC ) hastheform:
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In this fashion,estimatesof the two-dimensionalLaplacian
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) areobtainedateachnodeof thelat-
tice. This approachamountsto solving,for eachnode,a linear
systeminvolving therelativepositionsof thenodeandits neigh-
boursandthecorresponding�eld valuedifferences.It is still a
�nite differencesmethod,in thesensethatthepartialderivatives
areestimatedby differencesbetween�eld valuesin neighbour-
ing points, but its rangeof applicationis extendedto any ar-
bitrarily irregular grid. The resolutionof the system,for each
node,is donein a least-squaresfashion:
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This systemof equationsis solvedoncefor each nodeat the
beginningof thediffusionprocess.

Practically, the estimationof the Laplacianoperatorat each
meshnodeentailsthemultiplicationof thepseudo-inverseesti-
mation(

a

|

) of thematrix
a

by thevectorcontainingthediffer-
entialdata( :

k

�

:2C��!:

L

�

:2CJ�J_A_A_ :2r

�

:DC ), with - denotingthe
numberof neighbors[71] :

(

*

�R�

'

(

I

L

�PC

I

:

L

"

(

I

L

�PC

I

=

L

'

r

~

�`•<k2€

��•‚�;:2�

�

: C & (4)

with
€

�

'

a

|

S

�

"

a

|

ƒ

�

,where
a

|

o

�

denotestheelementon the
K rd line and B th columnof thepseudoinversematrix.

IV. THE PRIMAL SKETCH OF THE CURVATURE MAP

A primal sketchis constructedfrom thecurvaturemapusing
thealgorithmproposedby Lindebergin [42]. Thisprimalsketch
is expectedto exhaustively describethe structureof the scale
spaceof thecurvaturemap,andthereforeto pinpointits relevant
embeddedobjects. Theseobjectsare valleys of the curvature
landscapeexistingduringarangeof scales.In thefollowing,we
presentbrie�y themainstepsof theprimalsketchconstruction.

A. The grey-level blobs

At eachlevel of scale(i.e. diffusiontime  ), some2D objects
called grey-levelblobs(GLB) areextractedfrom thesmoothed
curvaturemap. EachGLB is a bassin,which may representa
cortical fold at this level of scale.OneGLB is de�ned for each
localminimum.TheGLB'sspatialextent(asetof latticenodes)
is de�ned from a waterrise like algorithm. The waterpouring
from eachminimum�lls a bassin,which altitudeis de�ned by
the lowestsurroundingsaddlepoint (seeFig. 4). In practice,
eachminimum is given a differentlabel that marksa growing
area.The growing is performedaltitudeby altitude,following
thewaterrise idea. An areabegins to grow whenit is reached
by thewater. Whentwo growing areaswith differentlabelsget
in touch,their growing is stopped.Thesurroundingareas,how-
ever, aremarkedby abackgroundlabelandthebackgroundfol-
lows thewaterrise.Whenagrowing areagetsin touchwith the
backgroundarea,its growing is stoppedtoo. Whenthehighest
altitudehasbeenreached,thelatticeis madeupof GLB supports
andbackgroundarea.Inversingtheriseof watercouldallow the
de�nition of someGLBs for eachlocal maximum,which could
alsobeof interestto studythegyralpatterns.

X

Y

Local minimum

Saddle point

I(X,Y)

support

Background point

Background

Fig. 4. De�nition of grey-level blobsfromlocal minimaandsaddlepoints(2D
case)

B. The scale-spaceblobs

EachGLB is de�ned by two extremalpoints,a local mini-
mumandasaddlepoint,whosebehaviors in thescale-spaceare
well known from a theoreticalpoint of view. TheGLBs appear
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or disappearaccordingto 4 possibleeventscalledbifurcations:
1/creation(a GLB appears)2/annihilation (a GLB disappears)
3/ merge(two GLBsmergeinto one)4/split (oneGLB splitsinto
two GLBs) (see�g. 5). In a scale-spacesatisfyingthecausality
property, the creation relation is theoreticallypossibleonly at
the �rst level of scale. Betweentwo of theseevents,it is pos-
sible,with a spatialoverlapcriterion, to tracka GLB from one
scaleto aslightly coarseror �ner one.Thechainsof GLBslink-
ing two bifurcations(seeFig. 6) de�ne multiscaleobjectscalled
scalespaceblobs(SSB),which areexpectedto correspondto
someanatomicalstructuresembeddedin thecurvaturemap.

s+ds

s

a) b) c) d)

Fig. 5. Thebasicmatching relationsbetweenGLBsthroughthe scales(from
left to right): a) plain link b) annihilation c) merge d) creatione) split. The
GLBsare connectedin a SSBwith plain links. In a scale-spacesatis�ying the
causalityproperty, thecreationrelationis theoretically possibleonly at the�r st
level of scale.

Fig.6. De�nition of theScale-SpaceBlobsfromtheGrey-LevelBlobs.GLBsbe-
longingto thesamechain canbeseenasdifferent instancesof a sameSSB.The
organizationof the primal sketch in the spaceand throughthe scaleyieldsan
explicit structural multi-scaledescriptionof thesulcaltopography(fromCoulon
et al.[67]).

a) b) c)

Fig. 7. Iterativeconstructionof thescalespace. Exampleof casesrequiringa
adaptivesampling.

C. Adaptivesamplingof the scalespace

Dueto thesamplingof thescaleparameter, situationsdiffer-
ent from the � ve describedin Fig. 5 may occur (seeFig. 7).
In this case,an adaptive samplingprovides an intermediate
scalelevel atwhich thisproblematicsituationcanbeovercome.
Eventsin the linearscalespacehave beenshown to ariseloga-
rithmically : thecomputedintermediatescale between k and
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. A
limit in the numberof successive re�nementsmust be �x ed,
andit may happenthat this numberis not suf�cient to solve a
particularproblematicsituation.However, reachingthelimit in
thenumberof successivere�nementsis notof greatimportance
sincethe missedSSBshave an extremelyshort”lifetime” and
canthenbeconsideredasnot signi�cant [42].

V. RESULTS AND DISCUSSION

A. The central sulcusprimal sketch

The Figure10 providesa glimpseon the primal sketch fo-
cusedon the centralsulcusof an adult brain. The structureof
thissub-sketchis consistentwith ourinitial aims.First,thethree
highestscale-spaceblobsarelinkedby aneventwhichseemsto
correspondto the merge of the centralsulcussulcal rootsde-
scribedby neuroanatomists[21]. Second,the spatiallocaliza-
tion of thetwo sulcalrootsrelatedblobsareseparatedby a bur-
ried gyrus,revealedby a slight deformationof the centralsul-
cuswall, asdescribedby the model. Moreover, the two sulcal
rootshavealongerlife timethroughoutscalesthannoiserelated
blobs.

A �ne analysisof the lower part of the sketch(the superior
sulcal root), however, shows that someinstabilitiesmay stem
from spurioussplit eventsinducedby theelongatedshapeof the
sulcusrelatedblobs. Thesesplits, however, arenot necessar-
ily spuriousandmayberelatedto whatwe call ”the castlewall
effect”. Let us imaginea landscapewith a castlewall shape,
namelya wall with two thick towersasextremities. If thealti-
tudeof thewall is higherthanthe tower altitudesat thebegin-
ningof thesmoothingprocess(aweirdcastleindeed),thewhole
edi�ce is representedby only oneblob. Becauseof their thick-
ness,however, the tower altitudesdecreaseat a lower ratethan
thewall altitudeduringsmoothing.Hence,afterawhile, theini-
tial blob is split into two towerrelatedblobs.In shouldbenoted
that this kind of eventsrespectsthe causalityproperty, which
preventsonly thecreationof new level sets.Whensuchevents,
however, occurbecauseof noiseinducedby someweaknesses
of thenumericalschemerelative to theirregularityof themesh,
theprimalsketchmayneedsomepostprocessing.An interesting
alternative,basedon a Finite ElementMethod(FEM), avoiding
local planarparameterizationand inversionof ill conditioned
matrices,can be found in [64], and is underinvestigation. It
mayovercomesomeof theseproblems.

B. Stability relative to curvaturebasedfeature

Severalchoicesmadeto performthestudiesdescribedin this
paperarearbitrary(meancurvatureandheatequation).We hy-
pothesize,however, that the structuralanatomicalinformation
we are interestedin is stableacrossvarious curvature based
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features.In orderto illustratethis idea, the centralsulcuspri-
mal sketchcomputedfrom our meancurvatureestimationhas
beencomparedto an equivalentsketchcomputedfrom a map
of the distancebetweeneachnode � and its meshneighbor-
hoodbarycenter•

'‘•

� � , signedby the scalarproductbe-
tween ���

�

�’• and the normal at node � (seeFig. 11). While
somevariability couldbeobservedamongtheobjectsextracted
at thelowestlevelsof scale,thehighestpartof thesketchesrely
on isomorphicsetsof bifurcationpoint trajectoriesde�ning the
samecandidatesfor thecentralsulcusroots.

C. Reproducibility acrossindividuals

Theprimal sketchhasbeenbuilt from 10 differentleft hemi-
spheresin order to checkif the two sulcal root model of the
centralsulcuscouldbehighlightedasaninvariantof thecortex
morphogenesis.The supportsof the two grey level blobssup-
posedto correspondto thetwo putativesulcalrootsaremapped
onanin�ated versionof thesurface,for thesakeof visualization
(seeFig. 13). For eachbrain,thescalehasbeenchosenslightly
beforethe event leadingto the merge of the two sulcal roots
into the whole centralsulcus. In eachcase,the two grey level
blobsarelocatedon bothsidesof thecentralsulcuswall defor-
mationslooking likea burriedgyrus.It shouldbenotedthatthe
spatialextentof thegrey level blobsis not supposedto have an
accuratelocalizationpower. Dedicatedburriedgyrusdetection
algorithmsinitialized by the localizationof thegrey level blob
minimacould indeedprovide a betterresultfor furtherstudies.
Thegoalof theprimal sketchis mainly structural:highlighting
thefetal structureof theadultfolding patterns.

D. Discussion

The previous resultshave shown that somehiddeninforma-
tion about the morphogenesisof the cortical folding patterns
couldberecoveredfrom theremainingcurvatureof thesurface
at adultage.This informationcouldhelpto overcometheprob-
lemsrelatedto the inter-individual variability of thesepatterns.
Our results,however, are relatedto oneof the simplestsulci,
andmorework is requiredto analyzewhetherthecurrentprimal
sketchstructureis suf�cient to highlightastableorganisationof
the sulci madeup of moresulcalroots. For instance,it hasto
beproventhattheprimalsketchscalespaceblobsetincludesall
thesulcalrootsthathaveto belocalized.Thelink betweenfetal
sulcal rootsandtheir putative primal sketchanalogue,indeed,
maybemoreintricatethanfor thecentralsulcuscase,because
severalmergeeventsaretheninvolved. This couldcall for the
developmentof moresophisticatedanisotropicscalespaces.

While a �rst manualexplorationis requiredto try to match
theprimal sketchbasedrepresentationswith our currentsulcal
root maps(seeFig. 12), an automaticstrategy shouldbe de-
vised to get a more reliable genericmodel. Few approaches
havebeenproposedfor suchinferenceof high level modelsun-
derlyingthebrainanatomy. Someideascouldstemfrom similar
work donefrom skull crestlines[73]. Anotherattractive direc-
tion consistsof Markovianmodelsfor thecomparisonof primal
sketchesdevelopedto matchactivationmapsacrossindividuals
[67]. Theunderlyingideaconsistsin labellingsimultaneouslya
largenumberof sketches,eachlabelcorrespondingto anentity

relatively stableacrossindividualsin termsof shape,localiza-
tion and surrounding. Finally, when sucha sulcal root based
genericmodelwill havebeeninferredfrom asetof brains,auto-
maticlabellingmethodsmightbeusedto matchit with any new
primal sketch [35], [74]. It shouldbe noted,besides,that the
groupanalysisof geodesicscale-spacesof 2D mapspaintedon
thecorticalsurfaceis agenerictool, whichmaybeof interestin
othercontextssuchasin fMRI/PET studieswith statisticalmaps
[63], [67], or for thestudyof corticalthicknessmaps[68].

VI . CONCLUSION

In this paper, we have shown thatnew approachesto theun-
derstandingof the variability of brain structurecanbe devised
taking into accountthe variability of the brain morphogenesis.
Suchapproachescouldovercomethedif�culties of iconic tem-
platebasedmethodsto dealwith structurallydifferentpatterns.
The new structuralmulti-scalebasedrepresentationof thesul-
calfolding patternspresentedin thispaperwill beusedto infer a
�ner grainedthanusualgenericmodelof thehumancorticalsur-
face[25], [21]. Suchamodelwouldgreatlyimproveourcurrent
understandingof thecortex variability, andhelpfor �nding sta-
ble anatomicallandmarks.Theselandmarkswould be usefull,
for instance,employed asgeometricaldeformationconstraints
in warpingprocesses[43], [44], [45], [46], or for de�ning re-
liable parcellationsof the cortical surface[75]. In the future,
longitudinaltime seriesof brainimageswill beof greathelpto
validateourapproach.Hence,long-termstudiesof braingrowth
processeswill be usedboth as answersto neuroscienceques-
tionsandasinspirationfor new methodologicaldevelopment.

VI I . APPENDIX

A. Stability of the numerical scheme

The numericalresolutionof the previousPartial Differential
Equation(PDE)mustful�ll convergenceandstabilitycriteriato
givesatisfactoryresults.

Without lossof generality, let usconsidera one-dimensional
heatdiffusion-like(parabolic)PDE:
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where —
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.
A highly importantconceptin this context is the truncation

error (socalledbecauseatruncationof aTaylorseriesis implied
by approximationssuchastheonesabovedescribed)[76], [77].
Thetruncationerror ž

†

�

is simply theremainderof Eq. 8 when
– is replacedby theexactsolution : . Thenumericalresolution
of the PDEwill be saidconsistentif the truncationerror tends
to zeroas

*

. and
*

 tendto zero. In otherwords,consistency
ensuresthat �ner meshesandsmalleriteration time stepswill
alwaysleadto moreaccurateapproximationsof theactualPDE
solutionsateachtime stepandat eachnode.

While obviously a very desirablefeature,consistency does
not guaranteethat the resolutionwill bestable.For stability to
beattained,theactualerror( Ÿ
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the truncationerror ž
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tendsto zero,otherwisetheerrorswill
tendto propagaterapidly andthe�nal resultswill bedevoid of
sense.The evolution of Ÿ
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in time is relatedto the truncation
errorin thefollowing way [76]:
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This is a suf�cient condition for stability [76]. Thus, a
valid numericalimplementationof this simpleparabolicequa-
tion would requirethat —
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The presentcasediffers from the example above in two

points: 1) the(2-dimensional)meshis not regular(nonuniform
internodalseparation);2) the estimationof the partial deriva-
tives,althoughbasedon �nite differences,reliesupontheleast-
squaresresolutionof alinearsystem.Thesespeci�citiesmustbe
accountedfor in a discussionof theappropriatestability guide-
lines.

ThePDEto solveateachnodelocationhastheform
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Theapproximateresult – satis�es
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CombiningEqs.13and4 leadsto
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where
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) standfor “the elementcontainedin
the 3rd (resp. 4th) line and B th columnof the pseudo-inverse
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Froma practicalpoint of view, theseconstraintsapply to the
elementsof the

a

|

matrix. High elementsin thoselinesof the
a

|

matrixthatplayarolein theestimationof thesecondderiva-
tivesmayleadto theviolation of theleft-handconditionin Eq.
15, andthusto instability. While the analogywill not be pur-
suedfurther, it is noteworthy that this constraintcanbeseenas
puttinglimits to thevarianceof theimpliedleast-squaresestima-
tion [78]: high pseudoinversevaluesdenotelinearsystemswith
unacceptablyhigh conditionnumbers(nearlycolinearlines in
the correspondingmatrix), and thereforehigh estimationvari-
ance,liable to causeimportanterrorpropagationin an iterative
process.

Thegoal,thus,is to minimizeestimationvariancein orderto
avoid having to employ verysmall

*

 s thatcouldultimatelyre-
quireprohibitively high computationtimes. With this purpose,
a simple condition numberminimising algorithm was imple-
mentedat the lattice creationstage. It relies on the fact that
the orientationof the referentialusedto de�ne relative neigh-
bourscoordinatesis arbitrary. Minimization of the condition
numberis performedby successively rotatingthereferentialof
thenodesthatfail to complywith a user-providedthreshold.In
caseswheretwo nodesarevery closeto eachother, this proce-
duremaynotbeenoughto guaranteeareasonablylow valuefor
thecritical

*

 . In suchcases,aninterventionat thelevel of the
latticecon�gurationmayberequired.

For typical examplesof cortical latticessubmittedto node
decimation(resultingnumberof nodes: ¼ 20,000-25,000), the
ful�llment of theleft-handconditionin Eq. 15 required

*

 s of
¼ 0.5-0.7.However, practicerevealedthat

*

 s ashigh as1 led
to stablesystems,showing thattheerrorcanbeboundedevenin
caseswherethesuf�cient conditionfor stability is violated.

Theright-handconditionin Eq. 15 is apparentlymoredif�-
cult to ful�ll. However, theseveralviolationsthatwereidenti-
�ed in thetestedlatticeswerenotanobstacleto astablenumer-
ical resolution,showing thattheful�llment of the�rst condition
is in itself enoughto guaranteea satisfactoryboundingof the
error.

The applicationof postprocessingprocedures(e.g. decima-
tion) to the latticemay leadto situationsin which nodeneigh-
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boursarefewer thanthenumberof variablesestimatedlocally.
This numberwill be 5 in the caseof the 2nd orderTaylor ex-
pansionnecessaryto estimatetheLaplacian,or 4 if isotropy is
assumedandthe V

m,½!¾

V

•

V	¿

term is consideredto be zero,asin the
currentimplementation.A de�cit of neighbourswill leadto in-
determinacy of the correspondinglinear system,which means
that thesolutionwill not beunique.Oneof theoptionsto pick
oneamongthein�nity of solutionsthusobtainedis to selectthe
solutionwith the smallestnorm. This is the conditionimplied
by theMoore-Penrosepseudoinverse[79] basedresolutionthat
we adopted.Thiswasshown to beasensibleoptionin practice:
provided that the nodeswith lessthan4 neighboursconstitute
a small ( ¼ 1 %) proportionof the total numberof nodes,the
�nal resultsdo not differ signi�cantly from thoseobtainedin a
situationof systemdeterminacy all over thelattice.
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Fig. 8. Meancurvature of the cortex inner surface(adult brain), mappedon
itself (left) andon an in�ated version [59] (right). Red(negative)areascorre-
spondto sulci,while blue(positive)areascorrespondto gyri.

Fig. 9. Someisophotesof cortical surfacemeancurvature at different scales,
mappedonitself (up)andonanin�ated version(down).Central sulcusincludes
two curvature minimaat middlescale, and �nally only oneminimaat highest
scale. Themiddlescaleminimawill correspondto two blobsin the�nal primal
sketch. Thesaddlepoint which separatesthesetwo blobsis locatedat thelevel
of theburiedgyrusrelatedclues.Hence, theseblobsmaycorrespondto central
sulcussulcalroots.

Noise? Noise? Noise?

Central sulcus

sulcal root
Inferior

sulcal root
Superior

Noise?

Scale

Fig. 10. Sub-sketch of the primal sketch focusedon the central sulcusarea.
Each grey levelblobis representedbyits contour. Thecontouris movedtowards
theoutsidebrain by an homotheticfactor relatedto the logarithm of thescale.
Each scale-spaceblobhasits owncolor. Redpointscorrespondto thecurvature
minimafrom which the grey level blob growth begins. Purple pointsbetween
two blobsandgreenpointsbetweenoneblob and thebackground,correspond
to pointsstoppingblob growth. Thepositionand theorganisationof theSSBs
locatedin thecentral sulcuszonematch with thesulcalrootbasedmodelof this
sulcus.

buried gyrus buried gyrus

buried gyrus buried gyrus

buried gyrus

Signed distance to neighbor's barycenterMean curvature

SR1 SR2 SR1 SR2

Central Sulcus Central Sulcus

Fig. 11. Up: two different curvature basedmaps: left, the meancurvature
estimationusedthroughoutthepaper;right: thesigneddistanceto thebarycen-
ter of the neighbors in thesurfacemesh.Middle: Thegrey level blobsat one
level of scalelocatedbefore themerge of thecentral sulcusroots. Down: The
structureof theupperpartsof thecentral sulcusprimal sketchesareisomorphic,
while thebifurcationsoccurat slightlydifferenttimes.

SR1 SR2

SR3

SR4

SR1

SR2 SR3
SR4

SR1

SR3 SR4

SR2

Fig. 12. Left: Thepart of the primal sketch correspondingto the left supe-
rior temporal sulcusfor threedifferent brains. Theputativefour sulcal roots
of our modelhavebeenlabelledin thesegraphs(seeFig. 1). Thestructure of
thesub-sketchesis slightly differentacrossindividuals,which mayre�ect some
differencesoccuring during the folding process. It shouldbe notedthat the
sub-sketchesarenotnecessarilyconnectedtrees,andthat thesuperiortemporal
sulcusis not necessarilyrepresentedby a scalespaceblob. Right: Thecorti-
cal surfaceof thethreecorrespondingbrains. Thepositivemeancurvature has
beenmappedwith a redcolor mapin order to highlight putativegyri buried in
the sulcuswalls. The localizationsof the curvature minimacorrespondingto
theputativesulcalrootshavebeensuperimposedon the3D rendering(redand
greenrectangles).
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Fig. 13. Variability of thecentral sulcusfoldingpatternamongeightadult (up) andtwo child brains(down).For each subject,a meshof thecortecinner surface,
mappedwith its meancurvature, highlightsthedeepburied sulcalshape. Pinpointedblobs,mappedon a slightly in�ated versionof thesurface, are supposedto
correspondto thetwo putativecentral sulcussulcal roots(inferior andsuperior); the indicatedscale(with its logarithm in brackets)correspondto their scaleof
apparition.


