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Abstract

We presenta uni�ed computationalapproach to tensor-
basedmorphometryin detectingthe brain surfaceshape
differencebetweentwo clinical groupsbasedon magnetic
resonanceimages. Our approach is novel in a sensethat
we combinedsurfacemodeling, surfacedata smoothing
and statistical analysisin a coherent uni�ed mathemati-
cal framework. Thecerebral cortex has the topology of a
2D highly convolutedsheet.Betweentwo differentclinical
groups,the local surfacearea and curvature of the cortex
maydiffer. It is highly likely that such surfaceshapediffer-
encesare not uniform over the wholecortex. By comput-
ing howsuch surfacemetricsdiffer, theregionsof themost
rapid structural differencescan be localized. To increase
thesignal to noiseratio, diffusionsmoothingbasedon the
explicit estimationof Laplace-Beltrami operator hasbeen
developedandappliedto the surfacemetrics. As an illus-
tration,wedemonstratehowthis new tensor-basedsurface
morphometrycan be applied in localizing the cortical re-
gionsof thegraymattertissuegrowthandlossin thebrain
imageslongitudinallycollectedin thegroupof children.

1. Intr oduction
The cerebralcortex has the topology of a 2-dimensional
convolutedsheet.Mostof thefeaturesthatdistinguishthese
cortical regionscanonly bemeasuredrelative to that local
orientationof the cortical surface[6]. It is likely that dif-
ferentclinical populationwill show differentbrainsurface
shapedifferences[4, 5, 14, 24, 25]. By computinghow sur-
facemetricssuchasthecorticalthickness,curvatureandlo-
cal surfaceareadiffer amongdifferentgroups,brainshape
differencescanbequanti�ed locally.

The�rst obstaclein developingsurface-basedmorphom-
etry is the automaticsegmentationof the cortical surfaces
from magneticresonanceimages(MRI). It requires�rst

correctingintensitynonuniformityor RFinhomogeneityar-
tifacts. We have usednonparametricnonuniformintensity
normalizationmethod(N3), which eliminatesthe depen-
denceof the �eld estimateon anatomy[18]. The next
stepis the tissueclassi�cation into threetypes: gray mat-
ter, white matterandcerebrospinal�uid (CSF).An arti�-
cial neuralnetwork classi�er [16, 26] or a mixture model
clusteranalysis[8] canbeusedto segmentthetissuetypes
automatically. After the tissueclassi�cation, the cortical
surfaceis usuallygeneratedasa smoothtriangularmesh.
Themostwidely usedmethodfor triangulatingthesurface
is themarchingcubesalgorithm[13]. Level setmethod[19]
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 meshesthat hasthe topology of a sphere. Brain sub-
structuressuchasthe brain stemandthe cerebellumwere
removed. Then an ellipsoidal meshthat alreadyhad the
topologyof a spherewasdeformedto �t the shapeof the
cortex guaranteeingthesametopology. Theresultingtrian-
gularmeshwill consistof 40,962verticesand81,920trian-
gleswith the averageinternodaldistanceof 3 mm. Partial
voluming is a problemwith the tissueclassi�er but topol-
ogyconstraintsusedin ASPmethodwereshown to provide
somecorrectionby incorporatingmany neuroanatomicala
priori information[14]. Thetriangularmeshesarenot con-
strainedto lie on voxel boundaries.Insteadthe triangular
meshescancut throughavoxel,whichcanbeconsideredas
correctingwherethe true boundaryoughtto be. Oncewe
havea triangularmeshastherealizationof thecorticalsur-
face,we canmodelhow the cortical surfacedeformsover
time.

In modelingthesurfacedeformation,that is requiredin
comparingtwo differentbrainimages,a propermathemati-
cal framework mightbefoundin bothdifferentialgeometry
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and�uid dynamics.Theconceptof theevolutionof phase-
boundary, which describesthegeometricpropertiesof the
evolutionof boundarylayerbetweentwo differentmaterials
dueto internalgrowth or externalforce,canbeusedto de-
rive themathematicalformulationon thesurfacedeforma-
tion [4]. It is naturalto assumethecorticalsurfacesto bea
smooth2-dimensionalRiemannianmanifoldparameterized
by two parameters[6, 7]. Surfaceparameterizationof the
corticalsurfacehasbeendonepreviouslyby [10]. Fromthe
surfaceparameterization,Gaussianandmeancurvaturesof
thebrainsurfacecanbecomputedandusedto characterize
its shape[6, 9, 10]. In particular, [10] usedthe quadratic
surfacein estimatingthe Gaussianandmeancurvatureof
the cortical surfaces. Surfaceparameterizationenablesus
to computesurfacemetricssuchaslocalareadilatationand
curvaturedifferencesthatcharacterizethesurfaceshapes.

Dueto errorsin imageintensities,surfaceextractionand
surface�tting, surface-basedsignalsmoothingis required
to increasethe signal-to-noiseratio. We have useddif-
fusion smoothingor the Laplace-Beltrami�o w to smooth
surfacemetrics. Although diffusion smoothinghasbeen
usedwidely in imageanalysis[15, 17, 20, 22, 23], there
is only two paperssofar thatusetheLaplace-Beltrami�o w
to smoothout brainsurfacedata[1, 5]. Basedon the�nite
elementmethod(FEM), weexplicitly estimatetheLaplace-
Beltrami operatorandthenthe �nite differenceschemeis
usedto iteratively solve a diffusion equationon the sur-
face. Becausethe Laplace-Beltramioperatoris estimated
asa linearweightof theneighboringfunctionvalues,once
thelinearweightsarecomputedat thebeginning,it will be
repeatedlyusedin thesubsequentiterations;hence,avoid-
ing sparsematrix inversionswhich are requiredin most
FEM formulation. For surface-basedstatisticalinference,
thesmoothing�lter sizehasbeenincorporatedinto theP-
valuecomputationbasedonrandom�elds theory[27].

As anillustrationof ouruni�ed approachto tensor-based
surfacemorphometry,wewill demonstratehow thesurface-
basedstatisticalanalysiscan be applied in localizing the
cortical regionsof tissuegrowth and loss in brain images
longitudinallycollectedin a groupof childrenandadoles-
cents.

2 SurfaceMedeling

Let U i (x) = (U i
1; U i

2; U i
3)t bethe3D displacementvector

requiredto deformthestructureat x = (x1; x2; x3) in the
graymatterof thetemplatebrain
 atlas to thehomologous
structurein subjectimage
 i . We assumethat the whole
graymattervolumein 
 atlas will deformcontinuouslyand
smoothlyto 
 i via thedeformationx ! x + U i while the
corticalboundary@
 atlas will deformto @
 i . Thecortical
surface@
 i maybe consideredasconsistingof two parts:
the outer cortical surface@
 i

out betweenthe gray matter

Figure1: Individual gyral patternsmappedonto the tem-
plate surface@
 atlas . The gyri of the subjectmatchthe
gyri of the templateillustratinga closehomologybetween
the surfaceof an individual subjectand the templatesur-
face.TheGyri areextractedby thresholdingthe thin-plate
splineenergy functionalon theinnersurface.If thereis no
homologybetweenthe correspondingvertices,we would
havecompletemisalignment.

andCSFand the inner cortical surface@
 i
in betweenthe

grayandwhitematter, i.e.

@
 i = @
 i
out [ @
 i

in :

Weproposethefollowing stochasticmodelon thedisplace-
mentU i :

U i (x) = � (x) + � 1=2(x)� (x); x 2 @
 atlas ; (1)

where� is the meandisplacementand� 1=2 is the covari-
ancematrix, which allows for correlationsbetweencom-
ponentsof thedisplacement�elds. Thecomponentsof the
errorvector� areareassumedto be independentandiden-
tically distributed as smoothstationaryGaussianrandom
�elds with zeromeanandunit variance.

Estimatingthesurfacedisplacement�elds U ij : @
 i !
@
 j betweentwo imagesi andj , andthesurfaceextraction
canbeperformedat thesametime. Thismethodworksbest
in thecaseof matchingtwo imagesof asinglesubjecttaken
at differenttimes.First, anellipsoidalmeshplacedoutside
the brain wasshrunkdown to the surface@
 i

in . The ver-
ticesof the resultinginner meshareindexed andthe ASP
algorithmwill deformtheinnermeshto �t theoutersurface
@
 i

out by minimizingacostfunctionthatinvolvesbending,
stretchandothertopologicalconstrains[14]. The vertices
indexed identically on both mesheswill lie within a very
closeproximity and thesede�ne the automaticlinkage in
the ASP algorithm. To generatethe outer surface@
 j

out ,
we startwith the innersurface@
 i

in , andthendeformit to
matchtheoutersurface@
 j

out by minimizingthesamecost
function. Startingwith thesamemeshin two outersurface
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extractions,eachpointon@
 i
in getsmappedto correspond-

ing pointson @
 i
out and@
 j

out giving us theoutersurface
deformationU ij : @
 i

out ! @
 j
out . We do not useinner

surfacedeformationin our studyalthoughestimatinginner
surfacedeformationcanbedonesimilarly. Thismethodas-
sumesthattheshapeof thecorticalsurfacedoesnot appre-
ciablychangebetweenimages
 i and
 j . Thisassumption
isvalid in thecaseof braindevelopmentfor ashortperiodof
time, whereit canbe shown that the within-subjectdefor-
mation �eld is substantiallysmallerthan between-subject
deformation.

Constructingsurfacetemplate@
 atlas , wherestatistical
parametricmaps(SPM)of surfacemetricswill be formed,
is doneby averagingthecoordinatesof correspondingver-
tices that have the sameindices. This surfaceatlascon-
structionmethodhasbeen�rst introducedby [14], where
it is usedto createthe cortical thicknessmapfor 150 nor-
mal subjects. The geometricalconstraintssuchasstretch
andbendingtermsin ASP algorithmenforcesa relatively
consistentcorrespondenceon thecorticalsurface.Figure1
shows the mappingof gyral pattern(red andyellow lines)
of a singlesubjectonto the atlassurface. The gyri of the
subjectmatchesthegyri of theatlas.Notethefull anatom-
ical detailsstill presentedin @
 atlas even after the vertex
averaging.Major sulci suchasthecentralsulcusandsupe-
rior temporalsulcusareclearly identi�able. If thereis no
homologybetweencorrespondingvertices,onewould only
expectto seefeaturelessdispersionof points.

Oncewe have extractedtriangularsurfacemeshesand
establishedmappingfrom a vertex in @
 i to a correspond-
ing vertex in @
 j , thenext stepis modelingandcomputing
the metric tensordifferencesbetweentwo surfaces.In or-
der to computemetric tensors,surfaceparameterizationis
needed.We modelthecorticalsurfaceasa smooth2D Rie-
mannianmanifoldparameterizedby two parametersu1 and
u2 suchthatany pointx 2 @
 i canbeuniquelyrepresented
asx = X (u) for someparameterspaceu = (u1; u2) 2
D �

� 2 . A quadraticpolynomial

z = � 1u1 + � 2u2 + � 3(u1)2 + � 4u1u2 + � 5(u2)2 (2)

was usedas a local parameterization�tted via the least-
squaresestimationon the tangentplane. Using the least-
squaresmethod, thesecoef�cients � i can be estimated.
Slightly different quadraticsurface parameterizationsare
usedin estimatingcurvaturesof a macaquemonkey brain
surface[10] [11]. Once� i areestimated,

X (u1; u2) =
�
u1; u2; z(u1; u2)

� t
(3)

becomesa local surfaceparameterizationsof choice.Even
thoughtmetrictensorsdependon thechoiceof parameteri-
zation,localsurfaceareaandcurvaturedilatation,whichare
introducedin thenext section,areindependentof parame-
terization.

3. Metric TensorComputation
We introducetheconceptsof surfaceareaandcurvaturedi-
latation,whichcanbeusedin quantifyingsurfaceshapedif-
ferences.Supposethatx = X (u) is theparameterizationof
surface@
 . Let X i = @X =@ui . From(3), X i aregivenin
termsof coef�cients � i andthe Riemannianmetric tensor
gij is given by the inner productbetweentwo vectorsX i

andX j , i.e. gij = hX i ; X j i . TheRiemannianmetric ten-
sorgij measurestheamountof thedeviationof thecortical
surfacefrom a �at Euclideanplane. TheRiemannianmet-
ric tensorenablesusto quantifylengths,anglesandareasin
thecorticalsurface.Let g = (gij ) bea 2 � 2 metric tensor
matrix. Thenthetotalsurfaceareaof thecortex @
 is given
by

k@
 k =
Z

D

p
det g du;

whereD = X � 1(@
) is the parameterspace[12]. The
integrand

p
det g is calledthein�nitesimal surfaceareael-

ementandit measurestheareaof theunit squarein thepa-
rameterspaceD, thathasbeentransformedvia X : D !
@
 . Thein�nitesimal surfaceareaelementis a generaliza-
tion of Jacobian.The local surfacearea dilatation � ar ea

from @
 i to @
 j , whosemetric tensormatricesaregiven
by gi andgj , is thende�ned as

� ar ea =

p
det gj �

p
det gip

det gi
; (4)

which measurespercentagelocal areadifferences.Thedi-
latation is invariant underparameterization,i.e. the area
dilatationis the sameno matterwhich parameterizationis
chosen.

Insteadof usingmetric tensorsgij , it is possibleto for-
mulatelocalsurfaceareachangein termsof theareasof the
correspondingtriangles. However, this formulationassign
surfaceareachangevaluesto eachfaceinsteadof eachver-
tex andthiscausesproblemsin bothsurface-basedsmooth-
ing andstatisticalanalysis,wherevaluesarede�nedonver-
tices. De�ning scalarvalueson verticesfrom facevalues
canbedoneby theweightedaverageof facevalues,which
shouldconverge to (4). It is not hard to develop surface-
basedsmoothingandstatisticalanalysison valuesde�ned
on facesbut traditionally surfacemetricsarecomputedon
vertices.

Curvaturesof the surfacecan be also usedto quantify
thesurfaceshapedifference.Theprincipal curvaturescan
characterizethe shapeand location of the sulci and gyri,
which are the valleys and crestsof the cortical surfaces
[2, 10, 11, 21]. By measuringthecurvaturechanges,rapidly
folding andcorticalregionscanbelocalized.Let � 1 and� 2

bethetwo principalcurvaturesasde�ned in [12]. Theprin-
cipal curvaturescanbe representedas functionsof � i s in
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Figure2: Top: Thethin-platesplineenergy functionalcom-
putedon theinnersurfaceof a 14 yearold subject.It mea-
surestheamountof folding in thecorticalsurface.Bottom:
t statisticalmapshowing statisticallysigni�cant region of
curvatureincrease(t > 5:1) over timebetweenages12and
16. Mostof curvatureincreaseoccursongyri while thereis
nosigni�cant changeof curvatureonmostof sulci.

quadraticsurface(2) [12]. To measuretheamountof fold-
ing, we de�ne curvaturemetricK asa functionof theprin-
cipalcurvatures:K = (� 2

1 + � 2
2)=2+ � . Wemayarbitrarily

set � = 0:001. � is addedto make surethat the curva-
ture dilatation is well de�ned. The meanof the squareof
theprincipalcurvaturesis usuallyrefereedasthethin-plate
splineenergy functional. If thecorticalsurfaceis �at, cur-
vaturemetricK obtainstheminimum0.001.Thelargerthe
curvaturemetric,themoresurfacewill becrestedasshown
in Figure2. Thelocal curvature dilatation rate� cur vatur e

is similarly de�ned as(4).

4. Diffusion Smoothing
In order to increasethe signal-to-noiseratio (SNR) and
to satisfy Gaussianrandom�eld assumptionsthat is re-
quired in our statisticalanalysis[27], surface-basedsig-
nal smoothingor �ltering is needed.Oneimportantreason
that theGaussiankernelsmoothingis widely usedin brain
imaginganalysisis that it preservestheGaussiannoiseas-
sumptioneven after the �ltering. So if we are assuming
a linear modelwith a Gaussianerror, the Gaussiankernel
smoothedimagewill still follow thesamelinearmodelbut
with a moresmoothandisotropiccovariancestructure.By
smoothingthe dataon the cortical surface, the SNR will

increaseandin turn it will beeasierto localizethemorpho-
logical changes.However, dueto theconvolutednatureof
thecortex whosegeometryis non-Euclidean,it is notpossi-
ble to applyGaussiankernelsmoothingon thecorticalsur-
facedirectly. Gaussiankernelsmoothingof functionaldata
f (x); x = (x1; : : : ; xn ) 2

� n with FWHM (full width at
half maximum) = 4(ln 2)1=2

p
t is de�ned asthe convolu-

tion of theGaussiankernelwith f :

F (x; t) =
1

(4� t)n= 2

Z

� n
e� (x � y )2 =4t f (y) dy: (5)

Since formulation (5) can not be directly applied to the
cortical surfaces,we reformulateit asa solutionof a dif-
fusion equationon a Riemannianmanifold. This general-
ization is calleddiffusionsmoothingandhasbeenusedin
the analysisof fMRI dataon the cortical surface[1]. In
many computervision areas,it is usuallyrefereedassim-
ply diffusionor Beltrami �ow [15, 20]. It canbeshown that
(5) is the integral solution of an isotropic diffusion equa-
tion @t F = � F with theinitial conditionF (x; 0) = f (x),
where� is then-dimensionalEuclideanLaplacian.Gener-
alizing theEuclideanLaplacianto anarbitraryRiemannian
manifold,we get theLaplace-Beltrami operator [12]. The
approachtaken in [1] is basedon a local �attening of the
corticalsurfaceandestimatingtheplanarLaplacian,which
maynotbeasaccurateasourestimationbasedon the�nite
elementmethod(FEM).Further, ourexplicit FEM approach
completelyavoid any localor globalsurface�attening. For
given Riemannianmetric tensorgij , the Laplace-Beltrami
operator� is givenas

� F =
X

i;j

1
jgj1=2

@
@ui

�
jgj1=2gij @F

@uj

�
; (6)

where(gij ) = g� 1 [12]. UsingtheFEM on the triangular
cortical meshgeneratedby the ASP algorithm,it is possi-
ble to estimatethe Laplace-Beltramioperatorasthe linear
weightsof neighboringvertices[4].

Let p1; � � � ; pm be m neighboringverticesaroundthe
centralvertex p = p0. Thentheexplicit linear estimation
of theLaplace-BeltramioperatorbasedonFEM is givenby

d� F (p) =
mX

i =1

wi
�
F (p i ) � F (p)

�

with theweights

wi = [cot � i + cot � i ]=
mX

i =1

kTi k;

where� i and � i are the two anglesoppositeto the edge
connectingp i andp, andkTi k is theareaof the i -th trian-
gle (Figure3). This is an improved formulation from the
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Figure 3: A typical triangulationin the neighborhoodof
p = p0. WhenASPalgorithmis used,thetriangularmesh
is constructedin sucha way that it is alwayspentagonalor
hexagonal.

previousstudy[1] thatusesdiffusionsmoothingonthecor-
tical surface,wheretheLaplacianis simplyestimatedasthe
planarLaplacianafterlocally �attening thetriangularmesh
consistingof nodesp0; � � � ; pm onto a �at plane. In the
numericalimplementation,we haveusedformula

2cot � i = hp i +1 � p; p i +1 � p i i =kTi k;

2cot � i = hp i � 1 � p; p i � 1 � p i i =kTi k

andkTi k = k(p i +1 � p) � (p i � p)k=2: Afterwards,the
�nite differenceschemeis usedto iteratively solve thedif-
fusionequationat eachvertex p:

F (p; tn +1 ) = F (p; tn ) + (tn +1 � tn ) b� F (p; tn );

with the initial condition F (p; t0) = f (p). N -iterations
areequivalentto the diffusion of the initial dataf for du-
ration N � t. If the diffusion were applied to Euclidean
space,it would be equivalent to Gaussiankernel smooth-
ing with FWHM = 4(ln 2)1=2

p
N � t: The iteration step

size � t is chosento satisfy � t � min(A; B )=b� F (p; tn )
for all n, where A = j maxi F (pi ; tn ) � F (p; tn )j and
B = j min i F (pi ; tn ) � F (p; tn )j, to guaranteethe con-
vergence. Computingthe linear weightsfor the Laplace-
Beltramioperatortakesa fair amountof time (four minutes
in MATLABrunningona PentiumIII machine),but oncethe
weightsarecomputed,it is appliedthroughthewholeitera-
tion repeatedlyandtheactual�nite differenceschemetakes
only two minutesfor 100iterations.Figure4 illustratesthe
processof diffusion smoothingon the surfaceof the sub-
structureof thebrain(brainstem).

Figure4: Diffusion smoothingsimulationon a triangular
meshconsistingof 1280triangles.Thissmallermeshis the
surfaceof thebrainstem.Thearti�cial signalwasgenerated
with Gaussiannoiseto illustratethesmoothingprocess.(a)
Theinitial signal. (b) After 10 iterationswith � t = 0:5. (c)
After 20 iterationswith � t = 0:5.

5. Brain SurfaceData Analysis
Under the assumptionof stochasticmodel (1), it can be
shown that the areadilatationis approximatelydistributed
asGaussian:

�( x) = � (x) + � (x); (7)

where� = tr [g� 1(r X )t (r � )r X ] is the meanareadi-
latationanderror � is a meanzeroGaussianrandom�eld
de�ned on the cortical surface. The curvaturedilatation
canbemodeledsimilarly. Thesetheoreticalmodelassump-
tions have beenveri�ed using Lilliefors test at 0:05 level
[5]. Fromstatisticalmodel(7), we areinterestedin testing
the hypothesis:H 0 : � (x) = 0 for all x 2 @
 atlas , v.s.
H1 : � (x) 6= 0 for somex 2 @
 atlas : The maximumof
T random�eld will be usedasa teststatistic[27]. TheT
random�eld onmanifold@
 atlas is de�ned as

T(x) =
M (x)

S(x)=
p

n
; x 2 @
 atlas

whereM andS arethesamplemeanandstandarddeviation
of metric� . T (x) is distributedasa student's t with n � 1
degreesof freedomat eachvoxel x. The P-valuecanbe
approximatedasymptotically[27]. For high thresholdy, it
canbeshown that

P
�

max
x 2 @
 atlas

T(x) � y
�

�
3X

i =0

� i (@
 atlas )� i (y); (8)

where � i is the i -dimensional EC-density and the
Minkowski functional� i for @
 atlas are

� 0 = 2; � 1 = 0; � 2 = k@
 atlas k; � 3 = 0

and k@
 atlas k is the total surface areaof @
 atlas [27].
When diffusion smoothingwith given FWHM is applied
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to metric � on surface@
 atlas , the 0-dimensionaland2-
dimensionalEC-densitybecomes

� 0(y) =
Z 1

y

�( n
2 )

((n � 1)� )1=2�( n � 1
2 )

�
1+

y2

n � 1

� � n= 2
dy;

� 2(y) =
1

FWHM2

4 ln 2
(2� )3=2

�( n
2 )y

�
1 + y 2

n � 1

� � (n � 2)=2

( n � 1
2 )1=2�( n � 1

2 )
:

Therefore,theP-valuecanbeapproximatedby

P
�

max
x 2 @
 atlas

T(x) � y
�

� 2� 0(y) + k@
 atlas k� 2(y):

For one-sided� -level test,we numericallysolve equation
2� 0(y) + k@
 atlas k� 2(y) = � andrejectH 0 if T � y or
T � � y.

6. Applications
Two T1-weightedMR scanswereacquiredfor 28 normal
subjectat differenttimeson theGE Sigma1.5-Tsupercon-
ductingmagnetsystem.The �rst scanwasobtainedat the
aget1 = 11:5 � 3:1 yearsand the secondscanwas ob-
tainedat theaget2 = 16:1 � 3:2 years.We areinterested
in detectingtheregionsof thecorticalshapedifferenceover
time. We computethetotal surfaceareak@
 atlas k by sum-
mingtheareaof eachtrianglein a triangulatedsurface.The
totalsurfaceareaof theaverageatlasbrainis 275,800mm2,
which is roughly the areaof 53 � 53 cm2 sheet.We also
computedthe local areaandthecurvaturedilatations.Sur-
facemetricsarethen�ltered with 20mm FWHM diffusion
smoothing. At � = 0:025%level, statisticallysigni�cant
regionsof local areaandcurvaturedifferenceover time are
detected.Figure2 shows the superiorfrontal andmiddle
frontalgyri curvatureincreaseovertime. Figure5 showslo-
cal surfaceexpansionin Broca'sareain theleft hemisphere
andlocal surfaceshrinkagein the left superiorfrontal sul-
cus. Most of surfacereductionare concentratednearthe
frontal region. It is interestingto note that betweenthese
two gyri we have detectedlocal surfaceareadecrease.It
might be possiblethat local surfaceareashrinking in the
superiorfrontal sulcuscausesthebendingin theneighbor-
ing middleandsuperiorfrontal gyri. While thegraymatter
is shrinkingin both total surfaceareaandvolume,thecor-
tex itself seemsto getfoldedto give increasingcurvaturein
braindevelopmentfor children.

To verify that our modelingandanalysisdo not detect
any falsesignal, our methodshave beenchecked on null
data. The null data is createdby reversingtime for ran-
domly chosenhalf of the subjects. In the null data, the
meantime differencet2 � t1 is � 0:24 yearso the statis-
tical analysispresentedhereshouldnotdetectany morpho-
logical changes.In fact,we did not detectany statistically
signi�cant morphologicalchanges.

Figure5: t-mapof thecorticalsurfaceareadilatationshow-
ing thestatisticallysigni�cant regionof areaexpansionand
reductionover time. The red regionsarestatisticallysig-
ni�cant surfaceareaexpansionswhile theblue regionsare
statisticallysigni�cant surfaceareareductionsbetweenages
12and16.

7. Conclusions

The uni�ed tensor-basedsurface morphometrypresented
herecanlocalizetheregionsof surfaceshapedifferencebe-
tweentwo clinical groupsof magneticresonanceimagesat
a local level without specifyingthe regions of interestor
landmarks. The approachavoids arti�cial surface�atten-
ing, which may destroy the inherentgeometricalstructure
of thecorticalsurface.Our metrictensorformulationgives
usanaddedadvantagethatnot only it canbeusedto mea-
surelocal surfaceareaandcurvaturechangeof the cortex
but alsoit is usedfor generalizingGaussiankernelsmooth-
ing on thecortex via diffusionsmoothing.Sinceit is a di-
rect generalizationof Gaussiankernelsmoothing,the dif-
fusionsmoothingshouldlocally inheritmany mathematical
andstatisticalpropertiesof Gaussiankernelsmoothingap-
plied to standard3D whole brain volume. The novelty of
our diffusion smoothingis that we usedthe explicit esti-
mationof theLaplace-Beltramioperator. We succeededin
combiningandunify surfacemodeling,morphometry, im-
agesmoothingandstatisticalinferencein thesamemathe-
maticalframework.
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