TensorbasedBrain Surface Modeling and Analysis

Moo K. Chund, Keith J. Worsley?, Steve Robbing andAlan C. Evang
!Departmendf Statistics Departmenbf BiostatisticsandMedical Informatics
KeckLaboratoryfor FunctionalBrain ImagingandBehavior
University of Wisconsin-Madison
Madison,WI 53706.USA
2MontrealNeurologicallnstitute,McGill University, Canada

mchung@stat.wisc.edu

October31,2002

Abstract

We presenta uni ed computationalapproach to tensor

basedmorphometryin detectingthe brain surfaceshape
differencebetweenwo clinical groupsbasedon magnetic
resonancemages. Our appmoad is novel in a sensethat

we combinedsurface modeling surface data smoothing
and statistical analysisin a coheent uni ed mathemati-
cal framevork. Thecerebral cortex hasthe topology of a

2D highly convolutedsheet.Betweertwo differentclinical

groups,the local surfacearea and curvature of the cortex

maydiffer. It is highly likely that suc surfaceshapediffer-

encesare not uniform over the whole cortex. By comput-
ing how sud surfacemetricsdiffer, the regionsof the most
rapid structural differencescan be localized. To increase
the signalto noiseratio, diffusionsmoothingbasedon the
explicit estimationof Laplace-Beltami operator hasbeen
developedand appliedto the surfacemetrics. As an illus-

tration, we demonstate howthis new tensorbasedsurface
morphometrycan be appliedin localizing the cortical re-

gionsof the gray mattertissuegrowthandlossin the brain

imageslongitudinallycollectedin the group of children.

1. Intr oduction

The cerebralcortex hasthe topology of a 2-dimensional
convolutedsheetMost of thefeatureghatdistinguishthese
corticalregionscanonly be measuredelative to thatlocal
orientationof the cortical surface[6]. It is likely that dif-
ferentclinical populationwill shav differentbrain surface
shapdlifferenceg4, 5, 14, 24, 25]. By computinghow sur
facemetricssuchasthecorticalthicknesscurvatureandlo-
cal surfaceareadiffer amongdifferentgroups,brain shape
differencesanbe quanti ed locally.

The rst obstaclén developingsurface-basecthorphom-
etry is the automaticsegmentationof the cortical surfaces
from magneticresonancémages(MRI). It requires rst

correctingintensitynonuniformityor RFinhomogeneityar
tifacts. We have usednonparametrimonuniformintensity
normalizationmethod (N3), which eliminatesthe depen-
denceof the eld estimateon anatomy[18]. The next
stepis the tissueclassi cationinto threetypes: gray mat-
ter, white matterand cerebrospinaluid (CSF).An arti -
cial neuralnetwork classi er [16, 26] or a mixture model
clusteranalysig8] canbe usedto sggmentthetissuetypes
automatically After the tissueclassi cation, the cortical
surfaceis usually generatedas a smoothtriangularmesh.
The mostwidely usedmethodfor triangulatingthe surface
isthemarchingcubesalgorithm[13]. Level setmethod19]
or deformablesurfacesmethod[7] are also available. In
our study we have usedthe anatomicsegmentationusing
proximities (ASP) method[14], which is a variantof the
deformablesurfacesmethod,to generatecortical triangu-
lar mesheghat hasthe topology of a sphere. Brain sub-
structuressuchasthe brain stemandthe cerebellumwere
removed. Then an ellipsoidal meshthat alreadyhad the
topology of a spherewas deformedto t the shapeof the
cortex guaranteeinghe sametopology Theresultingtrian-
gularmeshwill consistof 40,962verticesand81,920trian-
gleswith the averageinternodaldistanceof 3 mm. Partial
voluming is a problemwith the tissueclassi er but topol-
ogy constraintsisedin ASP methodwereshowvn to provide
somecorrectionby incorporatingmary neuroanatomica
priori information[14]. Thetriangularmeshesrenotcon-
strainedto lie on voxel boundaries.Insteadthe triangular
meshegancutthroughavoxel, which canbeconsidereds
correctingwherethe true boundaryoughtto be. Oncewe
have atriangularmeshastherealizationof the cortical sur
face,we canmodel how the cortical surfacedeformsover
time.

In modelingthe surfacedeformation thatis requiredin
comparingwo differentbrainimages.a propermathemati-
calframework mightbefoundin bothdifferentialgeometry



and uid dynamics.The conceptof the evolutionof phase-
boundary which describeghe geometricpropertiesof the
evolutionof boundaryjayerbetweenwo differentmaterials
dueto internalgrowth or externalforce, canbe usedto de-
rive the mathematicaformulationon the surfacedeforma-
tion [4]. It is naturalto assumehe cortical surfacesto bea
smooth2-dimensionaRiemanniarmanifoldparameterized
by two parameter$6, 7]. Surfaceparameterizationf the
corticalsurfacehasbeendonepreviously by [10]. Fromthe
surfaceparameterizationaussiarandmeancurvaturesof
thebrainsurfacecanbe computedandusedto characterize
its shape[6, 9, 10]. In particulay [10] usedthe quadratic
surfacein estimatingthe Gaussiarand meancurvature of
the cortical surfaces. Surfaceparameterizatiornablesus
to computesurfacemetricssuchaslocal areadilatationand
cunaturedifferenceghatcharacterize¢he surfaceshapes.

Dueto errorsin imageintensities surfaceextractionand
surface tting, surface-basedignal smoothingis required
to increasethe signal-to-noiseratio. We have useddif-
fusion smoothingor the Laplace-Beltramio w to smooth
surface metrics. Although diffusion smoothinghas been
usedwidely in imageanalysis[15, 17, 20, 22, 23], there
is only two paperssofarthatusethe Laplace-Beltramio w
to smoothout brainsurfacedata[l, 5]. Basedon the nite
elemenimethod(FEM), we explicitly estimateheLaplace-
Beltrami operatorandthenthe nite differenceschemeis
usedto iteratively solve a diffusion equationon the sur
face. Becausehe Laplace-Beltramioperatoris estimated
asalinearweightof the neighboringfunction values,once
thelinearweightsarecomputedat the beginning, it will be
repeatedlyusedin the subsequenterations;hence avoid-
ing sparsematrix inversionswhich are requiredin most
FEM formulation. For surface-basedtatisticalinference,
the smoothing lter sizehasbeenincorporatednto the P -
valuecomputatiorbasedn random elds theory[27].

As anillustrationof ouruni ed approacho tensorbased
surfacemorphometrywewill demonstratbow thesurface-
basedstatisticalanalysiscan be appliedin localizing the
cortical regions of tissuegrowth andlossin brainimages
longitudinally collectedin a group of childrenandadoles-
cents.

2 SurfaceMedeling

LetU'(x) = (Ui;Uj; ULt bethe3D displacementector
requiredto deformthe structureat x = (X1;Xz;X3) in the
gray matterof thetemplatebrain 4455 to thehomologous
structurein subjectimage '. We assumethat the whole
graymattervolumein 4455 Will deformcontinuouslyand
smoothlyto ' viathedeformationx ! x + U' while the
corticalboundary@ auas Will deformto @ '. Thecortical
surface@ ' may be consideredis consistingof two parts:
the outer cortical surface @ |, betweenthe gray matter

Figure 1: Individual gyral patternsmappedonto the tem-
plate surface @ ayas - The gyri of the subjectmatchthe
gyri of the templateillustrating a closehomologybetween
the surface of an individual subjectandthe templatesur

face. The Gyri areextractedby thresholdinghe thin-plate
splineenegy functionalontheinnersurface.If thereis no

homology betweenthe correspondingrertices,we would

have completemisalignment.

and CSFandthe inner cortical surface @ |, betweenthe
grayandwhite matteri.e.

@'z @@L

We proposeahefollowing stochastianodelon thedisplace-
mentU':

U'x)= )+ () (X); X2 @ atas ; (1)
where is the meandisplacemenand 12 is the covari-
ancematrix, which allows for correlationsbetweencom-
ponentsof the displacementelds. The component®f the
errorvector areareassumedo beindependenandiden-
tically distributed as smoothstationaryGaussiarrandom
elds with zeromeanandunit variance.

Estimatingthe surfacedisplacementelds U : @ ' !
@ | betweertwo images andj , andthesurfaceextraction
canbeperformedatthesametime. This methodworksbest
in thecaseof matchingtwo imagesof asinglesubjecttaken
at differenttimes. First, an ellipsoidalmeshplacedoutside
the brain was shrunkdown to the surface@ !, . The ver
ticesof the resultinginner meshare indexed andthe ASP
algorithmwill deformtheinnermeshto t theoutersurface

|« by minimizing a costfunctionthatinvolvesbending,
stretchand othertopologicalconstraind14]. The vertices
indexed identically on both mesheswill lie within a very
closeproximity and thesede ne the automaticlinkagein
the ASP algorithm. To generatethe outer surface@ ., ,
we startwith theinnersurface@ |, , andthendeformit to
matchtheoutersurface@ /,,, by minimizingthe samecost
function. Startingwith the samemeshin two outersurface



extractions.gachpointon @.gn getsmappedo correspond-
ing pointson @ |, and@ !, giving usthe outersurface
deformationU’ : @i, ! @.,. Wedonotuseinner
surfacedeformationin our studyalthoughestimatinginner
surfacedeformationcanbe donesimilarly. This methodas-
sumeghatthe shapeof the cortical surfacedoesnot appre-
ciably changebetweerimages ' and 1. Thisassumption
isvalid in thecaseof braindevelopmenfor ashortperiodof
time, whereit canbe shovn that the within-subjectdefor
mation eld is substantiallysmallerthan between-subject
deformation.

Constructingsurfacetemplate@ a1as , Wherestatistical
parametrianaps(SPM) of surfacemetricswill be formed,
is doneby averagingthe coordinatesf correspondinger-
ticesthat have the sameindices. This surface atlascon-
structionmethodhasbeen rst introducedby [14], where
it is usedto createthe cortical thicknessmapfor 150 nor-
mal subjects. The geometricalconstraintssuchas stretch
andbendingtermsin ASP algorithmenforcesa relatively
consistentorrespondencen the cortical surface.Figure 1
shavs the mappingof gyral pattern(red andyellow lines)
of a single subjectonto the atlassurface. The gyri of the
subjectmatcheghegyri of the atlas. Notethefull anatom-
ical detailsstill presentedn @ a1as €ven after the vertex
averaging.Major sulci suchasthe centralsulcusandsupe-
rior temporalsulcusare clearly identi able. If thereis no
homologybetweercorrespondingertices,onewould only
expectto seefeaturelesslispersiorof points.

Oncewe have extractedtriangularsurfacemeshesand
establishednappingfrom avertexin @ ' to a correspond-
ing vertexin @ 1, thenext stepis modelingandcomputing
the metric tensordifferencesetweentwo surfaces.In or-
derto computemetric tensors surfaceparameterizatioris
neededWe modelthecortical surfaceasa smooth2D Rie-
mannianmanifold parameterizetly two parametersi and
u? suchthatany pointx 2 @ ' canbeuniquelyrepresented
asx = X(u) for someparametespaceu = (u';u?) 2
D 2. A quadratigpolynomial

z= qut+ U+ g(uh)P+ autu+ (WP (2)
was usedas a local parameterizationtted via the least-
squaresestimationon the tangentplane. Using the least-
squaresmethod, these coefcients ; can be estimated.
Slightly different quadraticsurface parameterizationsre
usedin estimatingcurvaturesof a macaquemonkey brain
surface[10] [11]. Once ; areestimated,

X(ulu?) = ulu?zutu?) (3)
becomes local surfaceparameterizationsf choice. Even
thoughtmetrictensorgdependon the choiceof parameteri-
zation,localsurfaceareaandcurvaturedilatation,whichare
introducedin the next section,areindependenof parame-
terization.

3. Metric TensorComputation

We introducethe conceptof surfaceareaandcurvaturedi-
latation,which canbeusedin quantifyingsurfaceshapedif-
ferencesSupposehatx = X (u) istheparameterizatioof
surface@ . LetX; = @X=@'. From(3), X aregivenin
termsof coefcients ; andthe Riemanniarmetric tensor
gj is givenby theinner productbetweentwo vectorsX
andXj,i.e. g = hX;;Xji. TheRiemanniarmetricten-
sorg; measuresheamountof the deviation of the cortical
surfacefrom a at Euclideanplane. The Riemanniarmet-
ric tensorenablesisto quantifylengths anglesandareasn
thecorticalsurface.Letg = (g;j ) bea2 2 metrictensor
matrix. Thenthetotal surfaceareaof thecortex @ is given

by 7

k@ k = pdetgdu;

D
whereD = X (@) is the parameteispace[12]. The
integrand” det g is calledthein nitesimal surfaceareael-
ementandit measureshe areaof the unit squaren the pa-
rameterspaceD, that hasbeentransformedvia X : D !
@ . Thein nitesimal surfaceareaelementis a generaliza-
tion of Jacobian.The local surfaceareadilatation g ea
from@ to @/, whosemetric tensormatricesare given
by gi andg; , is thende ned as

P detrg,- P detg
area — P m ) (4)

which measurepercentagéocal areadifferences.The di-
latation is invariant under parameterizationi.e. the area
dilatationis the sameno matterwhich parameterizatiois
chosen.

Insteadof usingmetrictensorsyg; , it is possibleto for-
mulatelocal surfaceareachangen termsof theareasf the
correspondindriangles. However, this formulationassign
surfaceareachangevaluesto eachfaceinsteadof eachver-
tex andthis causegproblemsn bothsurface-basedmooth-
ing andstatisticalanalysiswherevaluesarede ned onver
tices. De ning scalarvalueson verticesfrom facevalues
canbe doneby theweightedaverageof facevalues,which
shouldcorvergeto (4). It is not hardto develop surface-
basedsmoothingand statisticalanalysison valuesde ned
on facesbhut traditionally surfacemetricsare computedon
vertices.

Curvaturesof the surfacecan be also usedto quantify
the surfaceshapedifference.The principal curvatuescan
characterizehe shapeand location of the sulci and gyri,
which are the valleys and crestsof the cortical surfaces
[2,10, 11, 21]. By measuringhecurvaturechangestapidly
folding andcorticalregionscanbelocalized.Let 1 and »
bethetwo principalcurvaturesasde nedin [12]. Theprin-
cipal curvaturescan be representeds functionsof sin



Figure2: Top: Thethin-platesplineenegy functionalcom-
putedontheinnersurfaceof a 14 yearold subject.It mea-
sureshe amountof folding in the cortical surface.Bottom:
t statisticalmap shaving statistically signi cant region of
cunatureincreasdt > 5:1) overtime betweermagesl2 and
16. Most of curvatureincreaseoccurson gyri while thereis
no signi cant changeof curvatureon mostof sulci.

quadraticsurface(2) [12]. To measurghe amountof fold-
ing, we de ne cunvaturemetricK asafunctionof the prin-
cipalcurvaturesk = ( 2+ 2)=2+ .Wemayarbitrarily
set = 0:001L is addedto make surethat the curva-
ture dilatationis well de ned. The meanof the squareof
theprincipal curvaturess usuallyrefereedasthethin-plate
splineenepy functional. If the cortical surfaceis at, cur
vaturemetricK obtainsthe minimum0.001.Thelargerthe
cunaturemetric,the moresurfacewill becrestedasshovn
in Figure2. Thelocal curvature dilatationrate cyr vatur e
is similarly de ned as(4).

4. Diffusion Smoothing

In order to increasethe signal-to-noiseratio (SNR) and
to satisfy Gaussianrandom eld assumptionghat is re-
quired in our statisticalanalysis[27], surface-basedsig-
nal smoothingor Itering is needed.Oneimportantreason
thatthe Gaussiarkernelsmoothingis widely usedin brain
imaginganalysisis thatit preseresthe Gaussiamoiseas-
sumptioneven after the Itering. So if we are assuming
a linear modelwith a Gaussiarerror, the Gaussiarkernel
smoothedmagewill still follow the samelinear modelbut

with a moresmoothandisotropiccovariancestructure.By

smoothingthe dataon the cortical surface, the SNR will

increaseandin turnit will beeasietto localizethe morpho-
logical changesHowever, dueto the corvolutednatureof

thecortex whosegeometryis non-Euclideanit is not possi-
ble to apply Gaussiarkernelsmoothingon the cortical sur

facedirectly. Gaussiarkernelsmoothingof functionaldata
I with FWHM (full width at
half maximum = 4(In 2)1=2" t is de ned asthe corvolu-
tion of the Gaussiarkernelwith f :

z

F(x;t) = e X V() dy:  (5)

(4 t)n:Z
Since formulation (5) can not be directly applied to the
cortical surfaces,we reformulateit asa solution of a dif-
fusion equationon a Riemannianmanifold. This general-
ization is called diffusionsmoothingand hasbeenusedin
the analysisof fMRI dataon the cortical surface[1]. In
mary computervision areasijt is usuallyrefereedas sim-
ply diffusionor Beltrami ow [15, 20]. It canbeshawn that
(5) is the integral solution of an isotropic diffusion equa-
tion @F = F with theinitial conditionF (x;0) = f (x),
where isthen-dimensionaEuclidean_aplacian.Gener
alizing the EuclideanLaplacianto anarbitraryRiemannian
manifold, we getthe Laplace-Beltami opemator [12]. The
approachtakenin [1] is basedon a local attening of the
cortical surfaceandestimatingthe planarLaplacian,which
maynot beasaccuratesour estimationbasedn the nite
elemenmethod(FEM). Further ourexplicit FEM approach
completelyavoid any local or globalsurface attening. For
given Riemanniarmetric tensorg; , the Laplace-Beltrami

operator isgivenas
X' 1 @ 40 @
= W@ jg g’ a ; (6)

ij

where(g' ) = g ! [12]. Usingthe FEM on thetriangular
cortical meshgeneratedy the ASP algorithm, it is possi-
ble to estimatethe Laplace-Beltrambperatorasthe linear
weightsof neighboringvertices[4].

Letpi; ;pm bem neighboringverticesaroundthe
centralvertex p = po. Thenthe explicit linear estimation
of theLaplace-Beltramoperatotbasedn FEM is givenby

q X
F(P)=  wi F(pi) F(p)
i=1
with theweights
w; = [cot ; + cot {]= kTik;

i=1

where ; and ; arethe two anglesoppositeto the edge
connectingp; andp, andkTjk is theareaof thei-th trian-
gle (Figure 3). This is animproved formulationfrom the



Figure 3: A typical triangulationin the neighborhoodof
p = po. WhenASP algorithmis used thetriangularmesh
is constructedn suchaway thatit is alwayspentagonabr
hexagonal.

previousstudy[1] thatuseddiffusionsmoothingonthecor-
tical surface wheretheLaplacianis simply estimatedasthe
planarLaplacianafterlocally attening thetriangularmesh
consistingof nodespo; ;pm oOntoa at plane. In the
numericalimplementationye have usedformula

2cot j = i+

PiPi+1 pii=kT;K;

2cot j=hpi 1 p;pi 1 Pii=KTik
andkTik = k(pi+1  p) (pi p)k=2: Afterwards,the
nite differenceschemes usedto iteratively solve the dif-
fusionequationat eachvertex p:

F(Pitnsa) = F(Pita) + (tasa ) PF(pstn);
with the initial conditionF (p;ty) = f(p). N -iterations
areequialentto the diffusion of the initial dataf for du-
ration N t. If the diffusion were appliedto Euclidean
space,it would be equi/alenttopGa_ussiarkernelsmooth—
ing with FWHM = 4(In2)**2" N t: The iteration step
size t is chosento satisfy t min(A; B)=bF(p;tn)
for all n, whereA = jmax F(pi;tn) F(p;ty)j and
B = jmin; F(pi;tn) F(p;tn)j, to guaranteahe con-
vergence. Computingthe linear weightsfor the Laplace-
Beltramioperatoitakesa fair amountof time (four minutes
in MATLABJUnningon aPentiumlll machine) but oncethe
weightsarecomputedit is appliedthroughthewholeitera-
tion repeatedlyandtheactual nite differenceschemdakes
only two minutesfor 100iterations.Figure4 illustratesthe
processof diffusion smoothingon the surface of the sub-
structureof thebrain(brainstem).

Figure 4: Diffusion smoothingsimulationon a triangular
meshconsistingof 1280triangles.This smallermeshis the
surfaceof thebrainstem.Thearti cial signalwasgenerated
with Gaussiamoiseto illustratethe smoothingprocess(a)
Theinitial signal. (b) After 10iterationswith t = 0:5. (c)
After 20iterationswith t = 0:5.

5. Brain Surface Data Analysis

Under the assumptionof stochasticmodel (1), it can be
shawvn that the areadilatationis approximatelydistributed
asGaussian:

(x)= (xX)+ (x); (7)
where = tr[g *(r X)'(r )r X]is the meanareadi-
latationand error is a meanzero Gaussiarrandom eld

de ned on the cortical surface. The curvature dilatation
canbemodeledsimilarly. Thesetheoreticamodelassump-
tions have beenveri ed using Lilliefors testat 0:05 level
[5]. From statisticalmodel(7), we areinterestedn testing
the hypothesis:Hg : (x) = Oforallx 2 @ atas , V.S.
Hi: (x) 6 Oforsomex 2 @ ayas : The maximumof
T random eld will be usedasateststatistic[27]. TheT
random eld onmanifold @ a1as IS de nedas

T(X) = Mgf; X 2 @ atlas

" S(x)= n

whereM andS arethesamplemeanandstandardieviation
of metric . T(x) isdistributedasastudentst withn 1
degreesof freedomat eachvoxel x. The P-valuecanbe
approximatedasymptotically{27]. For highthresholdy, it
canbeshawn that

P max T(x
X2@ atas ( ) y

|(@ atlas ) i(y); (8)

i=0

where ; is the i-dimensional EC-density and the
Minkowski functional i for @ aas are

2 = K@ atas K;

and K@ atas K is the total surfaceareaof @ a1as [27].
When diffusion smoothingwith given FWHM is applied

0=2, 1=0 3=0



to metric on surface@ auas . the O-dimensionaklnd 2-
dimensionaEC-densitypbecomes

Zl n
(%) .
, DR T 1

o(y) =

n y2 (n 2)=2
1 4in2 (y 1+ 75

FWHW? 2 )2 (50 (53)

Thereforethe P -valuecanbe approximatedy

2(y) =

P max T(x) vy

X2 @ atlas

2 o(y) + K@ atias kK 2(y):

For one-sided -level test,we numericallysolve equation
2 o(y) + K@ anas k 2(y) = andrejectHq if T  yor
T y.

6. Applications

Two T;-weightedMR scanswere acquiredfor 28 normal
subjectat differenttimeson the GE Sigmal.5-T supercon-
ductingmagnetsystem.The rst scanwasobtainedat the
aget; = 115 3:1 yearsandthe secondscanwas ob-
tainedattheaget, = 161 3:2 years.We areinterested
in detectingheregionsof thecorticalshapdlifferenceover
time. We computethetotal surfaceareak@ agas k by sum-
mingtheareaof eachtrianglein atriangulatedsurface.The
total surfaceareaof theaverageatlasbrainis 275,800mn?,
which is roughly the areaof 53 53 cn? sheet. We also
computedhe local areaandthe curvaturedilatations. Sur
facemetricsarethen Itered with 20 mm FWHM diffusion
smoothing. At = 0:025%level, statisticallysigni cant
regionsof local areaandcurvaturedifferenceovertime are
detected. Figure 2 shaws the superiorfrontal and middle
frontalgyri cunvatureincreasevertime. Figure5 shavslo-
cal surfaceexpansionn Broca's areain theleft hemisphere
andlocal surfaceshrinkagein the left superiorfrontal sul-
cus. Most of surfacereductionare concentratedhearthe
frontal region. It is interestingto note that betweenthese
two gyri we have detectedocal surfaceareadecrease.lt
might be possiblethat local surfaceareashrinkingin the
superiorfrontal sulcuscauseghe bendingin the neighbor
ing middleandsuperiorfrontal gyri. While the gray matter
is shrinkingin bothtotal surfaceareaandvolume,the cor-
tex itself seemgo getfoldedto give increasingcurvaturein
braindevelopmenfor children.

To verify that our modelingand analysisdo not detect
ary falsesignal, our methodshave beenchecled on null
data. The null datais createdby reversingtime for ran-
domly chosenhalf of the subjects. In the null data, the
meantime differencet, t; is 0:24 yearso the statis-
tical analysispresentedhereshouldnot detectary morpho-
logical changesIn fact, we did not detectary statistically
signi cant morphologicakchanges.

Figure5: t-mapof thecorticalsurfaceareadilatationshav-

ing the statisticallysigni cant region of areaexpansiorand
reductionover time. The red regions are statistically sig-

ni cant surfaceareaexpansionswhile the blueregionsare
statisticallysigni cant surfaceareareductionsdetweerages
12and16.

7. Conclusions

The uni ed tensorbasedsurface morphometrypresented
herecanlocalizetheregionsof surfaceshapealifferencebe-
tweentwo clinical groupsof magnetiaresonancémagesat
a local level without specifyingthe regions of interestor
landmarks. The approachavoids arti cial surface atten-
ing, which may destry the inherentgeometricalstructure
of the cortical surface.Our metrictensorformulationgives
usanaddedadvantagethatnot only it canbe usedto mea-
surelocal surfaceareaand curvaturechangeof the cortex
but alsoit is usedfor generalizingGaussiarkernelsmooth-
ing on the cortex via diffusion smoothing.Sinceit is a di-
rect generalizatiorof Gaussiarkernelsmoothing,the dif-
fusionsmoothingshouldlocally inheritmary mathematical
andstatisticalpropertiesof Gaussiarkernelsmoothingap-
plied to standard3D whole brain volume. The novelty of
our diffusion smoothingis that we usedthe explicit esti-
mationof the Laplace-Beltrambperator We succeedeth
combiningandunify surfacemodeling,morphometryim-
agesmoothingandstatisticalinferencein the samemathe-
maticalframework.
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