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Abstract—In this paper, we proposea new representationof the cortical
surfacethat may be usedto study the cortex folding processand to recover
someputative stable anatomical landmarks called sulcalrootsusually bur-
ried in the depth of adult brains. This representationis a primal sketch
derived from a scalespacecomputed for the mean curvature of the corti-
cal surface. This scale-spacestemsfrom a diffusion equation geodesicto
the cortical surface. The primal sketch is made up of objectsde ned from
mean curvature minima and saddlepoints. The resulting sketch aims rst
at highlighting signi cant elementarycortical folds, secondat representing
the fold merging procesduring brain growth. The relevanceof the frame-
work isillustrated by the study of central sulcussulcalrootsfrom antenatal
to adult age.Someresultsare proposedfor ten different brains. Somepre-
liminary resultsare alsoprovided for superior temporal sulcus.

Keywords—Sulcogenesisspatial normalization, morphometry, variabil-
ity

|. INTRODUCTION

HE adwentof methodsdedicatedo the automaticanalysis

of large database®f MRI imagesof brain anatomyhas
raiseda large interestin the neuroscienceommunity[1], [2],
[31, [4], [5], [6], [7], [8], [9], [10], [11], [12]. Thesetools,in-
deed provide new waysof addressingssueselatedto thecom-
parisonof brain populations.They allow the studyof thein u-
enceof variousparametergsex, dominanthemispherecogni-
tive featuresgeneticfeaturespathologyetc...)on theanatomi-
cal substatum[13], [14], [15], [16], [17]. Longitudinal stud-
ies of brain maturationor ageingprocesshave also receved
increasingattention[18], [19], [20]. The compleity andthe
inter-individual variability of the corticalfolding patternshow-
ever, is still a challengingissuefor thesetools. Indeed,nobody
really knows how to matchthe corticalfolds acrossrains,and
atwhich extentsucha matchingis relevantfrom aneuroscience
point of view.

A. Spatial normalization

Most of the brainanatomyanalysismethodsely on the con-
cept of spatial normalization, which consistsin warping all
the brainstowards a templateendaved with a 3D (volumet-
rical) or a 2D (spherical)coordinatesystem. This referential
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thenunderliesfurther statisticalstudies. This coordinatebased
spatialnormalizationparadigmhasmadea tremendousmpact
on morphometrystratgies becauseof its versatility A num-
ber of different normalizationalgorithms, however, are used
throughoutthe world, eachone potentially leadingto differ-

entresults. For instance the widely distributed SPM software
(http://www:. Lion.ucl.ac.uk/spm/[4], [7]) allows the userto

choosethe templateor the numberof basisfunctionsusedto

modelthewarping. This obsenation meanshatwhatis called
spatialnormalizationis far from beingclear whichis explained
by thefactthatnobodyreally knows whatmaybethegold stan-
dardin termsof brain warping. Furthermore nobodyknows

todayto which extentmatchingtwo differentbrainswith a con-
tinuousdeformationmakes sensefrom an anatomicalpoint of

view.

With regardsto the problemsinducedby the variability of
the corticalfolding patternsyecenthypotheseslaimthatsome
answerscould stemfrom a betterunderstandingf the brain
growth processe$21], [22]. This paperproposesa new rep-
resentatiorof thecorticalsurfacethataimsathighlightingsome
of thefold memjing eventsthatoccurduringthe corticalsurface
folding process.

B. Gyrogenesisand sulcal variability

Corticalfolding, the grossanatomicalandmarksf the corti-
cal surface,exhibit variousformsin differentadultbrains[23],
which preventsfrom usingthemasa straightforvardandaccu-
rate referential. The origin and meaningof this variability are
still largely unclearand discussed24], [22]. Neverthelessa
bundle of corverging alguments,stemmingfrom ontogenesis,
phylogenesisandarchitectonicconsiderationshave led to hy-
pothesizethat a simple and stableorganizationof the folding,
relatedto the fetal stage,may underliethe apparentlyariable
andintricatesulcalpatternsof adultcortices[25], [21]. Indeed,
the rst cortical folds that appearon the fetus corte, called
sulcalroots seemto be especiallystable(in number position
andorientation)acrossndividuals. During the following gyral
expansionhowever, thesesulcalrootsbecomeburried into the
depthof the cortex afterhaving memgedwith eachotherto build
larger folds. Becausevariable meiging eventscanoccur, dif-
ferentsulcalpatternscanbe obsened at adultage(seeFig. 1).
Themoreusualpatternshave led to the standardsulcusnomen-
clature[23], but somebrainsarevery dif cult to readaccording
to this nomenclaturegitherbecausehe mainsulciaresplit into
piecesor worst becausehe sulcalroot memge eventshave cre-
atedunusuakulci.



Fig. 1. Up: Amapofthe r stfetal cortical folds (sulcalroots)of the tempoal
lobe[25]. Thefoldsare numebotedaccoding to their dateof appeaancedur-
ing the fetal sulcaenesis.Different meging eventsbetweerthesesulcal roots
canleadto verydifferentfolding patternsat adultage. Left: Thesuperiortem-
poral sulcusis supposedo stemfrom the meige of four different sulcal roots.
Right: Theusualmeging eventsleadingto the superiortempoal sulcushave
notoccued.

Oneof thesimplestexamplesof sulcuswhichwill beusedto
illustratethe methoddescribedn this paper is the centralsul-
cus(seeFig. 2). Thislargesulcusis averyinterestingandmark
onthecorticalsurfacebecausé is thelimit betweermotorand
somesthesiareas. Hence,the study of its shapehasbeenthe
subjectof numerousstudies[26], [27], [28], [29], [17]. The
centralsulcusis supposedo be madeup of two sulcal roots
that memge in almostall cases. In very rare caseshowever,
this merge doesnot occurandthe centralsulcusis split in the
middle by a gyrus[30], [31]. Neverthelessin mostof the non
interruptedcasesthis gyrusis still visible on the walls of the
sulcus[32], [33], [34]. This gyrusinitially separatinghe two
sulcalroots, indeed,hasjust beenburied into the depthof the
cortex. Hence,a stablesimplefetal patternseemgo make the
link betweerall the possiblecon gurations. This paperaimsat
developpinga methodinferring this primal patternfrom local
informationaboutthe curvatureof sulcalwalls andfundi, which
givescluesaboutthe localizationof the sulcalroots. Surface
cunature,indeed,embedamoreinformationthanthe geodesic
depththat hasbeenpreviously proposedo segmentsulci into
smallerunits[35], [36].

In thefollowing, we proposea new representationf the cor-
tical surfacethatmaybeusedto studythecortex folding process
andto recover putative stableanatomicalandmarksthe sulcal
roots,usuallyburiedin the depthof adultbrains.This represen-
tationis a primal sketch [37], [38] derived from a scalespace
[39], [40] computedfor the meancurvatureof the cortical sur
face. This scale-spacstemsfrom a diffusion procesgyeodesic
to the cortical surface. The primal sketchis madeup of objects
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Fig. 2. Evolutionof thecential sulcusshapeduring brain growth. Up: Antena-
tal imagesallow thereconstructiorof thefetuscortex surfaceon which shallow
dimplescorrespondingo negativemeancurvatue areasare highligtedin blue
Atthat stage, thecental sulcusis madeup of two sulcalroots. Middle left: 18
monthsafter birth, the gyrus sepaating the two sulcal rootsis still visible on
white mattersurface Middle right: At adult stage, only slight deformationof
the cental sulcuswalls give clueson the presenceof a burried gyrus. Down:
In somerare brains describedin literature, the two sulcal roots of the cental
sulcushavenot meiged[30], [31]

de ned from meancurvatureminimaandsaddlepoints, like in
previousapproacheptl], [42]. Theresultingsketchaims rst at
highlightingsigni cant elementaryolds, secondatrepresenting
thefold meiging processluring braingrowth.

Thelong termaim of the methodconsistsn recoveringauto-
matically a map of the sulcalrootsfrom ary adultbrain. This
mapwould provide anappealingsetof landmarkgo matchdif-
ferent adult folding patterns. The sulcal roots could then be
usedto addsomereliable constraintsnto standardvarpingal-
gorithms[43], [44], [45], [46]. Sucha mapcouldalsobe used
to studybraindevelopmentfrom antenataMR images. Statis-
tics on sulcal root chronologyof appearancenay indeedbe-
comea precioustool for early detectionof developmentprob-
lems. Someinterestingcognitive or clinical informationcould
alsobe embeddedhto thevariablememging eventsoccuringbe-
tweenthe sulcalroots. Finally, sincethe sulcal roots are de-

ned asindivisible cortical folds, they could be usedto over
comethe probleminducedby sulcusinterruptionin algorithmic
approacheeelyingononedimensionalines[47] or two dimen-
sionalmeshe$48], [49].



Il. FOLDING PROCESS AND CURVATURE

The rst stageof the methodconsistsin extractinga smooth
meshrepresentinghe cortical surfaceof eachhemispherdrom
aT1l-weightedMR image.Thismeshis endavedwith theactual
sphericalttopologyof this surface,which allows the implemen-
tationof geodesidiffusionandin ation operations.

A. Sphericaltriangulation of cortical hemipheres

A rst sequenceof treatmentsprovides a binary mask of
each hemispherecortex with sphericalhomotopy. This se-
guence,which includesbias correction[50], brain mask sey-
mentation[51], hemispheranask segmentation[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 eachfacetis con-
nectedo the centerof the neighboringfacetsin orderto yield a
sphericalmeshof triangles.Thisalgorithm,which preseresthe
initial topology relieson alook-uptableof con gurationslike
in the standardmarchingcubealgorithm. Finally, a decimation
including smoothingis performedto discardstair artefactsre-
latedto theunderlyingdiscretization.Thedecimatioralgorithm
is inspiredby the algorithmusedin the Vtk packagg55]. The
embeddedmoothingoperationiteratively movesthe nodesto-
wardstheir neighborhoodyravity center which may be related
to someusualsurfaceevolution processefb8].

This meshconstructionincludessomesmoothingoperations
thatmayremove someinterestinganatomicalnformation.Nev-
erthelessthissmoothingprocesss requiredo getinitial accept-
ablesurfacerepresentationandreliablemeancurvatureestima-
tions. In the future, surfaceevolution approachesould provide
alternative scale-spaceomputationthat might be lessrestric-
tive.

B. Mean curvatur e estimation

Differentapproachesanbe usedto describeandstudy ne
detailsof the cortical surfacefolding patterns. Depthmaxima
have beenusedto detecta conceptsimilar to sulcal roots in
[35]. In this paper meancurvature( ) is proposedasaricher
descriptor(thanthe depth)of the variousfeaturesthat can be
obsened along sulcushottomsand walls, which is illustrated
in gure 8: fold bottomsappearaslocal minimaof , while
gyruscrownsappeasslocal maxima.Hence burried gyri sep-
aratingtwo sulcal roots appearas areasof positive curvature
alongthesulcuswalls. Othercurvaturerelatedfeaturessuchas
Koenderinks curvaturemetric C (the L2 norm of the principal
cunaturesor thelogarithmthereof)or the maximumprincipal
curvature,may beinterestingfor our purposeandshouldbein-
vestigatedn thefuture. It shouldbenotedthatanisophotemean
cunaturerelatedmeasurgLvv) hasalsobeenproposedo dis-
tinguishsulcifrom gyri [48]. While thisapproactcouldbeused
to getameancurvatureestimatiorrelatedto our corticalsurface
representatiofwhichmaybeconsideredsonegivenisophote),
its maininterests in thede nition of gyrusandsulcusskeletons
assurfacesof singularitieg74].

In this paper meancunvatureis directly estimatedrom the
meshthanksto its relative smoothnessWe usedanapproxima-

Fig. 3. Approximationof the meancurvatue froman irr egular mesh[60].
and denoterespectivelyhetriangle anglesandareas;  correspondo the
dihedal anglesbetweerthenormals ; theedee lengthsare noted .

tion proposedn [60], [61] that takesinto accountsomelocal
propertiesof the mesh,astriangleangles andareas , di-
hedralangles betweennormals andedgelengths (see
Fig. 3). This methodmay be consideredaslessrobustthanthe
usualquadraticpatchbasedapproachesyut waschosenn this
paperfor its lower computationaburden.It shouldbenotedthat
it is too soonto claim that onekind of curvaturebasedmapis
moreadaptedo our purposehananothermne.

C. Fetusand baby brains

The previous chainof processings usedwhenthebrain has
reacheda high level of myelinisationof axons hamelyfor more
thantwo yearsold brains. At this stage,indeed,standardT1-
weightedimagesbasedon inversionrecovery sequencegive a
goodcontrastbetweergray andwhite matter leadingto anac-
curatede nition of the cortical inner surface. Sincethe most
interestingpartof thefolding processs occuringduringantena-
tal stage however, we have initiated a researclprogramaiming
at performinglongitudinal studiesfrom antenataMR images
obtainedfrom clinical studies.

In the caseof antenatabnd small babybrains,however, the
axon myelinisationis still in progress,which meansthat T1-
weightedimagesshov moreor lesscontrastbetweengray and
white mattersaccordingto the brain areas.Therefore we have
adaptedthe previous chain of processingo T2-weightedim-
ages,which provide a bettercontrast(seeFig. 2) [62]. Unfor-
tunatelly T2-weightedmagesusuallyhave alarger slice thick-
nessgspeciallywith antenataimaging,whereacquisitiondave
to beveryfastbecausef thefetusfrequentmotionsandfor his
mothercomfort. Sincethe fetusbrainsare very small, this is
leadingto partial volume problemsin the de nition of the cor
tical inner surface. Hence,we have chosento studythe cortex
outersurface,which is locatedbetweerthe cerebrospinal uid
andthebraintissueslt shouldbenoted however, thatthestruc-
tural study of the folding processcanbe donefrom the cortex
outersurfaceasfrom theinnersurface asfar asthe surfacerep-
resentations reliable.

The currentsegmentationtoolbox is semi-automatiand is
still far to yield perfectresults. Anyway, designinga perfect
surfacedetectionmethodis a challengebecausef thefrequent
artefactsinducedby fetusmotionsandthevariouscontrasmod-
i cations occuringduringthemyelinisation.Neverthelessfor a
few fetusbrains,the detectedsurfacesare sufciently cleanto
visualizesmalldimplesboundto becomecortical folds ascon-
nectedcomponentof negative cunature (seeFig. 2). These
imagesallow us to questionthe rst sulcal root maps,which
hadbeeninferredfrom variousdescription®f theliterature(see



Fig. 1) [25]. Unfortunately the variousweaknessesf the cur-

rentacquisitionprocesdeadto anawful percentag®f success:

oneacquisitionoveronehundredcanprovide ameaningfulcor-
tical surfacerepresentation.Hence,we are currently working
on fasteracquisitionschemesusing nev MR sequence$56]
and multi-coil approache$57], becausehe main problemto
be solved is motion betweenslices. In the future, longitudinal
acquisitionsat severaltime stepscouldallow to follow thefold-
ing processsubjectby subject,provided that suchstudiesare
ethicallyacceptable.

I1l. SCALE SPACE OF THE CURVATURE MAP

The curvaturemapof the cortical surfacecontainsmuchge-
ometrical information that may be relatedto the anatomical
elementsthat have to be detected(sulcal roots, burried gyri).
Theseelementshowever, correspondo differentlevelsof scale
(seeFig. 9). Moreover, a scalebasedpoint of view is re-
quiredto distinguishanatomicalelementsfrom noisefeatures
boundto appeaiin curvatureapproximationsgueto sggmenta-
tion/triangulationartifacts,or biasedestimationof the discrete
cunature(seeFig. 8). The scale-spacparadigmhasbeende-
velopedto dealwith suchproblemswhereall thescaleanaybe
of interest.

A. Geodesidiffusion of the Curvature map

Two alternatve approachesanbe usedto createa family of
cunaturemapsevolving towardssmoothnessithera diffusion
procesgjeodesicto thecorticalsurface[63], [64] or ageometric
evolution of the surfaceitself [58]. Surfaceevolution according
to afunctionof curvaturehasbeenwidely usedin imageanaly-
sisto describe3D shapesThe standardmplementatiorof this
kind of evolution usingthelevel setframework, however, is not
adaptedo ourgoal. Thisframework, indeed allows topological
modi cations of the tracked isosurfice,and providesno con-
stantparameterizatiothat may be usedto simply track objects
acrossscales. A meshbasedimplementation,in return, may
be usedfor the evolution processput would not necessarilype
providing the causalitypropertyrequiredto dealwith the scale
spacg39], [40]. At eachiteration,indeed,somecurvatureesti-
mationerrorswould be made.It shouldbe noted,however, that
suchanimplementatioris usedto in ate thecorticalsurfacefor
visualizationpurposg59].

In thefollowing, the scalespaceof the curvaturemapis com-
putedfrom the heatequation[40] geodesicallyto the cortical
surface. This is an arbitrary choice madeto experimentwith
the anatomicaktructuralideasmentionedabove. A few exper
imentsusingin ated versionsof theinitial surfaceto compute
thegeodesidiffusionhave showvn few consequencemn thesul-
cal structureof interestin the scalespace.Somemorestudies
have to be done,however, to geta betterideaof the in uence
of the intrinsic curvatureof the cortex on the diffusion process
[65]. In the future, the behaior of alternatve anisotropicdif-
fusion schemeq66] could also be considered. For instance,
further work could consistin looking for the diffusionscheme
maximizingthe similariry acrosssubjectsof the structuralrep-
resentationinferredfrom theindividual scalespaces.

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

beingadaptedor the speci c caseof anirregular2D latticeem-
beddedn a3D spacq63], [64].
B. Numerical implementation

Thenumericalimplementatiorof the heatequationis carried
outasaniterative procesf theform:

1)
foreachnode andeachtemporalterationstep ,where
istheLaplacianestimateatthenode ofthe eld of valueg(i.e.
themap of thecurvature).

The implementationof partial differential equationson ir-
regular lattices can lead to complex numericalproblems;the
causality property usually requiredby the scale-spacérame-
work may belost becaus®f discretephenomenaThis pointis
beyongthe scopeof this paperandwould requirefurtherstudy

B.1 Spatial parameterization

The fact that the cortical lattice is embeddednto a volume
raisesa questionconcerninghe properaxis systemuponwhich
to basethe estimationof thelocal partialderivatives.A con ict
exists betweenthe needto employ 3 spatialcoordinatesn the
Euclideanspaceto obtainan ambiguity-freedescriptionof the
positionof eachnode,andthewishto performastrictly surface-
basedsmoothing.Thede nition of acoordinatesystenintrinsic
to the surfacewould allow for a strictly 2D-basedsmoothing.
Thisimpliesa parameterizatiori,e. thede nition of amapping
function  suchthat , and beingthe
new coordinateghatallow to referto every pointin the surface
without ambiguity The diffusionequationis thensolvedalong

and , in astrictly 2-dimensionafashion.

A possibleparameterizatiomould consistin the application
of a attening procedureto the cortical lattice representation
[59]. This way, the attened cortex would be containedin a
plane, and the parameterizedoordinates would corre-
spondsimplyto the coordinate®f theplanein question.
However, cortical attening leadsto asigni cant amountof met-
ric distortion(10-20% in averagejocally attainingmuchhigher
valueg[59], [6]) andrequiresheintroductionof cutshecausef
the cortex sphericaltopology Using the mappingto a sphere
would be an alternatve solution[8], but sphericalcoordinates
includetwo polesleadingto someotherdif culties.

B.2 Local planar parameterization

In view of this, the adoptedparameterizationvas a simple
local transformationthat mapseachsurface element(a node
andits rst neighboursjnto a plane,while keepingunchanged
both the edgedistancesand the angularproportionsbetween
the edges. This “neighborhoodparameterization’[69], [70]
amountsto locally atten the surface element,and avoids the
severearealdistortionthatwould resultfrom an explicit global
attening.

An individual mappingfunction  is thusde ned for each
node , independentiyof the surroundingsurfaceelements.An
arbitrarily-orientedorthogonalreferentialis de ned for each
surfaceelementcenteredtits centralnode,andall therequired



estimationsnotablylocal Laplacian,arebasedon this new co-
ordinatesystem. This local-basedapproachis madepossible
since, for eachiteration step of the numericalsolution of the
diffusion equation the estimationsnvolve only the differences
betweenthe valuesassociatedvith eachnode and its nearest
neighbors.

B.3 Estimation of the Laplacian operator

The adopted( nite difference)approacH71], [72] assumes
thatthe eld, implicitly describedby the function , IS
now sampledwith an irregular planarlattice composedf in-
terconnectedhodes. A Taylor seriesexpansionarounda given

point( , ) hastheform:
)
Where 1 L - and_ de_
note the partial derivative of at point ,

, , and . Writing ( 2) for
a surfaceelementconsistingof a centrallattice node locatedat
, andits neighbours , leadsto

where

andthe vedervativesat( , )are

In this fashion,estimatesof the two-dimensionalaplacian
( —— ——) areobtainedat eachnodeof thelat-
tice. This approachamountsgo solving, for eachnode,a linear
systeminvolving therelative positionsof thenodeandits neigh-
boursandthe correspondingeld valuedifferences.t is still a
nite differencesnethod,n thesensdhatthepartialderivatives
areestimatedy differencedetweeneld valuesin neighbour
ing points, but its rangeof applicationis extendedto ary ar
bitrarily irregular grid. The resolutionof the system for each
node,is donein aleast-squarefashion:

(3)

This systemof equationds solved oncefor each nodeat the
beginningof thediffusionprocess.

Practically the estimationof the Laplacianoperatorat each
meshnodeentailsthe multiplication of the pseudo-inerseesti-

mation( ) ofthematrix by thevectorcontainingthediffer-
entialdata( ), with  denotingthe
numberof neighbord71] :

(4)

with .where  denotegheelementon the
rd line and th columnof the pseudoinersematrix.

IV. THE PRIMAL SKETCH OF THE CURVATURE MAP

A primal sketchis constructedrom the curvaturemapusing
thealgorithmproposedy Lindebegin [42]. Thisprimal sketch
is expectedto exhaustvely describethe structureof the scale
spaceof thecurvaturemap,andthereforeto pinpointits relevant
embeddedbjects. Theseobjectsare valleys of the curvature
landscapexistingduringarangeof scalesIn thefollowing, we
presentrie y themainstepsof the primal sketchconstruction.

A. The grey-level blobs

At eachlevel of scale(i.e. diffusiontime ), some2D objects
called grey-level blobs(GLB) areextractedfrom the smoothed
cunaturemap. EachGLB is a bassin,which may represena
corticalfold at this level of scale.OneGLB is de ned for each
localminimum. The GLB's spatialextent(a setof latticenodes)
is de ned from a waterrise like algorithm. The waterpouring
from eachminimum lls a bassinwhich altitudeis de ned by
the lowest surroundingsaddlepoint (seeFig. 4). In practice,
eachminimum s given a differentlabel that marksa growing
area. The growing is performedaltitude by altitude, following
thewaterriseidea. An areabeginsto grow whenit is reached
by thewater Whentwo growing areaswith differentlabelsget
in touch,their growing is stopped.The surroundingareashow-
ever, aremarkedby a backgroundabelandthebackgroundol-
lows thewaterrise. Whena growing areagetsin touchwith the
backgroundarea,its growing is stoppedoo. Whenthe highest
altitudehasbeenreachedthelatticeis madeup of GLB supports
andbackgroundarea.Inversingtheriseof watercouldallow the
de nition of someGLBs for eachlocal maximum,which could
alsobe of interestto studythe gyral patterns.

Background

N4

Local minimum
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/“
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IX,Y)
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Fig. 4. De nition of grey-level blobsfromlocal minimaand saddlepoints(2D
case)

B. The scale-spacdlobs

EachGLB is de ned by two extremal points, a local mini-
mumanda saddlepoint, whosebehaiorsin thescale-spacare
well known from atheoreticalpoint of view. The GLBs appear



or disappearccordingto 4 possibleeventscalledbifurcations
1/creation (a GLB appearsp/annihilation (a GLB disappears)
3/ mege (two GLBs memeinto one)4/split (oneGLB splitsinto
two GLBs) (see g. 5). In ascale-spacsatisfyingthe causality
property the creationrelationis theoreticallypossibleonly at
the rst level of scale. Betweentwo of theseevents,it is pos-
sible, with a spatialoverlapcriterion,to tracka GLB from one
scaleto aslightly coarseor ner one.Thechainsof GLBslink-
ing two bifurcations(seeFig. 6) de ne multiscaleobjectscalled
scalespaceblobs (SSB), which are expectedto correspondo
someanatomicaktructureembeddedh the curvaturemap.

s+ds

a) b) ) d)

Fig. 5. Thebasicmatding relationsbetweenGLBsthroughthe scales(from
left to right): a) plain link b) annihilation c) meige d) creatione) split. The
GLBsare connectedn a SSBwith plain links. In a scale-spacaatis ying the
causalityproperty the creationrelationis theoeetically possibleonly at the r st
level of scale

Fig.6. De nition of theScale-SpacBlobsfromtheGrey-Level Blobs.GLBsbe-
longingto the samechain canbe seemasdifferentinstanceof a sameSSBThe
organizationof the primal sketc in the spaceand throughthe scaleyieldsan
explicit structual multi-scaledescriptionof the sulcaltopagraphy(flom Coulon
etal.[67]).

a) b) <)

Fig. 7. Iterative constructionof the scalespace Exampleof casesequiringa
adaptivesampling

C. Adaptive sampling of the scalespace

Dueto the samplingof the scaleparametersituationsdiffer-
ent from the ve describedin Fig. 5 may occur (seeFig. 7).
In this case,an adaptve sampling provides an intermediate
scalelevel at which this problematicsituationcanbeovercome.
Eventsin the linear scalespacehase beenshown to ariseloga-
rithmically : the computedntermediatescale between and

veri es then: , .e. A
limit in the numberof successie re nementsmustbe x ed,
andit may happenthat this numberis not sufcient to solve a
particularproblematicsituation. However, reachingthelimit in
thenumberof successie re nementsis not of greatimportance
sincethe missedSSBshave an extremely short”lifetime” and
canthenbeconsiderea@snotsigni cant [42].

V. RESULTS AND DISCUSSION
A. The central sulcusprimal sketch

The Figure 10 provides a glimpseon the primal sketch fo-
cusedon the centralsulcusof an adult brain. The structureof
this sub-sletchis consistenwith ourinitial aims.First,thethree
highestscale-spacblobsarelinkedby aneventwhich seemgo
correspondo the merge of the centralsulcussulcal roots de-
scribedby neuroanatomistf21]. Secondthe spatiallocaliza-
tion of thetwo sulcalrootsrelatedblobsareseparatedy a bur-
ried gyrus, revealedby a slight deformationof the centralsul-
cuswall, asdescribedoy the model. Moreover, the two sulcal
rootshave alongerlife time throughouscaleshannoiserelated
blobs.

A ne analysisof the lower part of the sketch (the superior
sulcalroot), hawever, shawvs that someinstabilitiesmay stem
from spurioussplit eventsinducedby theelongatedhapeof the
sulcusrelatedblobs. Thesesplits, however, are not necessar
ily spuriousandmay berelatedto whatwe call "the castlewall
effect”. Let usimaginea landscapewith a castlewall shape,
namelya wall with two thick towersasextremities. If the alti-
tudeof the wall is higherthanthe tower altitudesat the begin-
ning of thesmoothingprocesgaweird castleindeed) thewhole
edi ce is representethy only oneblob. Becauseof their thick-
nesshowever, the tower altitudesdecreaseat a lower ratethan
thewall altitudeduringsmoothing Hence afterawhile, theini-
tial blobis split into two tower relatedblobs. In shouldbenoted
that this kind of eventsrespectghe causalityproperty which
preventsonly the creationof new level sets.Whensuchevents,
however, occurbecausef noiseinducedby someweaknesses
of thenumericalschemeelative to theirregularity of themesh,
theprimal sketchmayneedsomepostprocessingin interesting
alternatve, basedn a Finite ElementMethod (FEM), avoiding
local planar parameterizatiorand inversionof ill conditioned
matrices,can be found in [64], andis underinvestigation. It
may overcomesomeof theseproblems.

B. Stability relativeto curvature basedfeature

Severalchoicesmadeto performthe studiesdescribedn this
paperarearbitrary(meancurvatureandheatequation).We hy-
pothesize however, that the structuralanatomicalinformation
we are interestedin is stableacrossvarious curvature based



features.In orderto illustratethis idea, the centralsulcuspri-
mal sketch computedfrom our meancurvatureestimationhas
beencomparedo an equivalentsketch computedfrom a map
of the distancebetweeneachnode andits meshneighbor
hoodbarycenter , signedby the scalarproductbe-

tween andthe normalat node  (seeFig. 11). While
somevariability couldbe obsenedamongthe objectsextracted
atthelowestlevelsof scale the highestpartof the sketchegely
onisomorphicsetsof bifurcationpointtrajectoriesde ning the
samecandidategor the centralsulcusroots.

C. Reproducibility acrossindividuals

The primal sketchhasbeenbuilt from 10 differentleft hemi-
spheredn orderto checkif the two sulcal root model of the
centralsulcuscould be highlightedasan invariantof the cortex
morphogenesisThe supportsof the two grey level blobssup-
posedto correspondo thetwo putative sulcalrootsaremapped
onanin ated versionof thesurface for thesale of visualization
(seeFig. 13). For eachbrain, the scalehasbeenchoserslightly
beforethe event leadingto the memge of the two sulcal roots
into the whole centralsulcus. In eachcase the two grey level
blobsarelocatedon both sidesof the centralsulcuswall defor
mationslooking like a burriedgyrus. It shouldbe notedthatthe
spatialextentof the grey level blobsis not supposedo have an
accuratdocalizationpower. Dedicatedburried gyrusdetection
algorithmsinitialized by the localizationof the grey level blob
minima couldindeedprovide a betterresultfor further studies.
The goal of the primal sketchis mainly structural:highlighting
thefetal structureof theadultfolding patterns.

D. Discussion

The previous resultshave shavn that somehiddeninforma-
tion aboutthe morphogenesief the cortical folding patterns
couldberecoveredfrom the remainingcurvatureof the surface
atadultage.Thisinformationcouldhelpto overcomethe prob-
lemsrelatedto the inter-individual variability of thesepatterns.
Our results,however, arerelatedto one of the simplestsulci,
andmorework is requiredto analyzewhetherthecurrentprimal
sketchstructurds sufcient to highlighta stableorganisatiorof
the sulci madeup of moresulcalroots. For instanceit hasto
be proventhatthe primal sketchscalespaceblob setincludesall
thesulcalrootsthathave to belocalized. Thelink betweerfetal
sulcalroots andtheir putative primal sketch analoguejndeed,
may be moreintricatethanfor the centralsulcuscase because
se/eral memge eventsaretheninvolved. This could call for the
developmenibf moresophisticatednisotropicscalespaces.

While a rst manualexplorationis requiredto try to match
the primal sketchbasedrepresentationgith our currentsulcal
root maps(seeFig. 12), an automaticstratgly shouldbe de-
vised to get a more reliable genericmodel. Few approaches
have beenproposedor suchinferenceof high level modelsun-
derlyingthebrainanatomy Someideascouldstemfrom similar
work donefrom skull crestlines[73]. Anotherattractve direc-
tion consistof Markovian modelsfor thecomparisorof primal
sketchesdevelopedto matchactivationmapsacrossndividuals
[67]. Theunderlyingideaconsistsn labellingsimultaneousiya
large numberof sketchesgachlabel correspondindgo an entity

relatively stableacrossindividualsin termsof shapeJocaliza-
tion and surrounding. Finally, when sucha sulcal root based
genericmodelwill have beeninferredfrom asetof brains,auto-
maticlabellingmethodsmight beusedto matchit with ary new

primal sketch[35], [74]. It shouldbe noted,besidesthatthe
groupanalysisof geodesicscale-spacesf 2D mapspaintedon

thecortical surfaceis agenerictool, which maybeof interestin

othercontetssuchasin fMRI/PET studieswith statisticalmaps
[63], [67], or for the studyof corticalthicknesamaps[68].

VI. CONCLUSION

In this paper we have shovn thatnew approache$o the un-
derstandingf the variability of brain structurecanbe devised
taking into accountthe variability of the brain morphogenesis.
Suchapproachesould overcomethe dif culties of iconic tem-
platebasedmethodgo dealwith structurallydifferentpatterns.
The new structuralmulti-scalebasedrepresentationf the sul-
calfolding patterngpresenteéh thispapemwill beusedto infera

ner grainedthanusualgenericmodelof thehumancorticalsur
face[25], [21]. Suchamodelwould greatlyimprove ourcurrent
understandingf the cortex variability, andhelpfor nding sta-
ble anatomicalandmarks. Theselandmarkswould be usefull,
for instance employed as geometricaldeformationconstraints
in warping processe$43], [44], [45], [46], or for de ning re-
liable parcellationsof the cortical surface[75]. In the future,
longitudinaltime seriesof brainimageswill be of greathelpto
validateour approachHence)ong-termstudiesof braingrowth
processesvill be usedboth as answersto neurosciencejues-
tionsandasinspirationfor new methodologicatlevelopment.

VIl. APPENDIX
A. Stability of the numerical scheme

The numericalresolutionof the previous Partial Differential
Equation(PDE)mustful Il cornvergenceandstability criteriato
give satishctoryresults.

Without lossof generality let us considera one-dimensional
heatdiffusion-like (parabolic)PDE:

()

(tistime, x thelinearcoordinateand aconstant.)Assum-
ing that the temperatureeld (in our casethe meancurvature
eld) is sampledby a regularly-spacedyrid (with spatialsam-
plingstep ), a nite differencesapproacto approximatehe
partialderivativesyields

— (6)

— (7)

where is the temporalsampling step, and standsfor
, i.e. thevalueof thefunctionatthenode andatthe

instant . Usingthis,approximatevalues  of thefunction(as

opposedo theexactvalues ) canbe computed.Substituting
for in Egs.6and7,wehave

(8)



where

A highly importantconceptin this contet is the truncation
error (socalledbecausatruncationof a Taylorserieds implied
by approximationsuchasthe onesabove described]76], [77].
Thetruncationerror  is simply theremainderof Eq. 8 when

is replacedby theexactsolution . Thenumericalresolution
of the PDE will be said consistenif the truncationerrortends
tozeroas and tendto zero.In otherwords,consisteng
ensureghat ner meshesand smalleriterationtime stepswill
alwaysleadto moreaccurateapproximation®f the actualPDE
solutionsat eachtime stepandat eachnode.

While obviously a very desirablefeature,consisteng does
not guaranteghatthe resolutionwill be stable.For stability to
beattainedtheactualerror( ) musttendto zeroas
thetruncationerror  tendsto zero,otherwisethe errorswill
tendto propagateapidly andthe nal resultswill be devoid of
sense.Theevolution of  in time is relatedto the truncation
errorin thefollowing way [76]:

(9)

Theimportantpointis thatthe coefcients of theterms on
theright addup to unity andthat, providedthat -, they are
all positive. Thisway, theerrorattime step is boundedhy

in thefollowing way:

(10)

This is a sufcient condition for stability [76]. Thus, a
valid numericalimplementatiornof this S|mple parabolicequa-
tion would requirethat

The presentcasediffers from the example above in two
points: 1) the (2-dimensional)neshis not regular (nonuniform
internodalseparation)2) the estimationof the partial deriva-
tives,althoughbasedon nite differencesreliesupontheleast-
squaresesolutionof alinearsystem.Thesespeci citiesmustbe
accountedor in a discussiorof the appropriatestability guide-
lines.

ThePDEto solve ateachnodelocationhastheform

(11)

Theapproximataesult satis es

(12)

where —— standsfor “estimatedpartial derivative of  at
node( andtime point " (similarly for ). Theerror
canbewrittenas

(13)

CombiningEgs.13and4 leadsto

(14)

where (resp. ) standfor “the elementcontainedn
the 3rd (resp. 4th) line and th column of the pseudo-inerse
matrix pertainingto thenodelocatedat ( ",and stands
for “the erroratthe th neighbourof thenodelocatedat ( ,
atinstant ". A sufcient conditionfor theerrorto bebounded
is that the coefcients affecting all of the  add up to unity
(whichis clearlythe case)andthatthey areall positive. Denot-
ing , thistranslatess

(15)

From a practicalpoint of view, theseconstraintsapplyto the
elementof the matrix. High elementsn thoselines of the
matrixthatplayarolein theestimatiorof thesecondleriva-
tivesmay leadto the violation of theleft-handconditionin Eq.
15, andthusto instability. While the analogywill not be pur-
suedfurther, it is notevorthy thatthis constraintcanbe seenas
puttinglimits to thevarianceof theimpliedleast-squaresstima-
tion [78]: high pseudoinersevaluesdenotdinearsystemswith
unacceptabhhigh condition numbers(nearly colinearlines in
the correspondingnatrix), and thereforehigh estimationvari-
ance liable to causeémportanterror propagatiorin aniterative
process.

Thegoal,thus,is to minimize estimationvariancein orderto
avoid having to employ verysmall  sthatcouldultimatelyre-
quire prohibitively high computatiortimes. 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-
bours coordinatess arbitrary Minimization of the condition
numberis performedby successiely rotatingthe referentialof
the nodegthatfail to complywith a userprovidedthreshold.In
caseswheretwo nodesarevery closeto eachother, this proce-
duremaynot beenoughto guaranteareasonablyow valuefor
thecritical . In suchcasesaninterventionatthe level of the
lattice con gurationmay berequired.

For typical examplesof cortical lattices submittedto node
decimation(resultingnumberof nodes: 20,000-25,00) the
ful llment of theleft-handconditionin Eq. 15required s of

0.5-0.7.However, practicerevealedthat sashighasl led
to stablesystemsshawing thattheerrorcanbeboundedevenin
casesvherethesufcient conditionfor stability is violated.

Theright-handconditionin Eq. 15 is apparentlymoredif -
cultto ful ll. However, the several violationsthat wereidenti-
ed in thetestedatticeswerenotanobstaclgo a stablenumer
ical resolution shaving thattheful liment of the rst condition
is in itself enoughto guarantee satishctory boundingof the
error.

The applicationof postprocessingrocedurege.g. decima-
tion) to the lattice may leadto situationsin which nodeneigh-



boursarefewer thanthe numberof variablesestimatedocally.
This numberwill be 5 in the caseof the 2nd order Taylor ex-
pansionnecessaryo estimatethe Laplacian,or 4 if isotropy is

assumedindthe —— termis consideredo be zero,asin the
currentimplementation A de cit of neighbourswill leadto in-

determinayg of the correspondindinear system,which means
thatthe solutionwill not be unique. Oneof the optionsto pick

oneamongthein nity of solutionsthusobtaineds to selectthe
solutionwith the smallestnorm. This is the conditionimplied

by the Moore-Penros@seudoinerse[79] basedesolutionthat
we adopted Thiswasshavn to bea sensibleoptionin practice:
provided that the nodeswith lessthan 4 neighboursconstitute
asmall( 1 %) proportionof the total numberof nodes,the
nal resultsdo not differ signi cantly from thoseobtainedin a
situationof systemdeterminag all overthelattice.
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Fig. 8. Meancurvatue of the cortex inner surface(adult brain), mappedon
itself (left) andon anin ated version [59] (right). Red(negative)areascorre-
spondto sulci, while blue (positive)areascorrespondo gyri.

Fig. 9. Someisophotef cortical surfacemeancurvatue at different scales,
mappednitself (up)andonanin ated version(down).Centil sulcusincludes
two curvatue minimaat middlescale and nally only oneminimaat highest
scale Themiddlescaleminimawill correspondo two blobsin the nal primal

sketch. Thesaddlepointwhich separatesthesetwo blobsis locatedat thelevel
of theburied gyrusrelatedclues.Hence theseblobsmaycorrespondo cental

sulcussulcalroots.
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Fig. 10. Sub-sktdc of the primal sketch focusedon the cential sulcusarea.
Ead grey level blobis representedby its contour Thecontouris movedtowards
the outsidebrain by an homothetidactor relatedto the logarithm of the scale
Ead scale-spacélobhasits owncolor. Redpointscorrespondo thecurvatue
minimafrom which the grey level blob growth begins. Purple pointsbetween
two blobsand greenpoints betweeroneblob and the badground, correspond
to pointsstoppingblob growth. The positionand the organisationof the SSBs
locatedin thecential sulcuszonematd with the sulcalroot basedmodelof this
sulcus.
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Fig. 11. Up: two different curvatue basedmaps: left, the meancurvatue
estimatiorusedthroughouthe paper;right: thesigneddistanceto thebarycen-
ter of the neighbos in the surfacemesh.Middle: Thegrey level blobsat one
level of scalelocatedbefole the meige of the cential sulcusroots. Down: The
structue of theupperpartsof thecental sulcusprimal sketchesareisomorphic,
while thebifurcationsoccurat slightly differenttimes.

o T
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Fig. 12. Left: Thepart of the primal sketdh correspondingo the left supe-
rior tempoel sulcusfor threedifferent brains. The putativefour sulcal roots
of our modelhavebeenlabelledin thesegraphs(seeFig. 1). Thestructue of
the sub-sktdesis slightly different acrossindividuals,which mayre ect some
differencesoccuring during the folding process. It shouldbe notedthat the
sub-sktcdesare notnecessarilfconnectedrees andthatthe superiortempoal

sulcusis not necessarilyrepresentedy a scalespacebloh Right: Thecorti-

cal surfaceof the threecorrespondingdorains. Thepositivemeancurvatue has
beenmappedwith a red color mapin order to highlight putativegyri buried in

the sulcuswalls. The localizationsof the curvatue minimacorrespondingo
the putativesulcalrootshavebeensuperimposedn the 3D rendering(redand
greenrectangles).
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Fig. 13. Variability of thecentrl sulcusfolding patternamongeightadult (up) andtwo child brains (down).For eat subject,a meshof the cortecinner surface
mappedwith its meancurvatue, highlightsthe deepburied sulcal shape Pinpointedblobs,mappedon a slightly in ated version of the surface are supposedo
correspondo the two putativecential sulcussulcal roots(inferior and superior); the indicatedscale(with its logarithmin bradkets) correspondo their scaleof

apparition.



