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Abstract

A high-level appmoad to describethe characteristicsof a surfaceis to sggmentit into regions of uniform cur-

vature behaviorand constructan abstract representationgiven by a (topolayy) graph. We proposea surface
sgmentatiormethodbasedon discrete meanand Gaussiancurvatue estimatesThesurfacesare obtainedfrom
three-dimensionaimaging data setsby isosurfaceextraction after data presmoothingand postpocessingthe
isosurfacedy a surface-gowingalgorithm.We generte a hierarchical multiresolutionrepresentatiorof theiso-
surface Sgmentatiorand graph geneation algorithmscan be performedat variouslevelsof detail. At a coarse
level of detail, the algorithm detectsthe main featues of the surface This low-resolutiondescriptionis usedto

determineconstaints for the sggmentationrand graph geneation at the higher resolutionsWe haveappliedour
methodsto MRI data setsof humanbrains. The hierarchical sgmentationframevork can be usedfor brain-

mappingpurposes.

1. Intr oduction

Oneof the greatchallengesn neurosciencén the coming

decadeis to unify information collectedin differentbrains

of the samespeciesFor example,onewould like to collate

themary studiesirom functionalmagnetiacesonancémag-

ing (fMRI) acrosssubjectsinto a commonneuroanatomi-
cal atlas.Or it may be desirableto combinestudiesof neu-

roanatomicalconnectiity obtainedfrom differentanimals
into a canonicalbrain in orderto reveal the overall trends
in connectiity betweerareasHowever, doingthis requires
solving a dif cult correspondencproblem- namely map-

pingthe detailsof anindividual brainontotheatlas(or vice-

versa).

The major structuralfeatureof the cerebralcortex is the
patternof folds - sulci andgyri - that constitutethe surface
of the cortex, seeFigure 1. To mapthe cortex of onebrain
into anotheroneshouldthusdetectthe sulciandgyri of the
brain's boundary From a geometricmodeling perspectie,
this meanghatwe have to extractthe boundarysurfacesof
three-dimensiondeaturesor shapesrom thereconstructed
three-dimensionahigh-resolutiondatasetand segmentthe
surfacesnto regionsof interest Thesggmentedsuriacescan
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Figure 1: Boundaryof brain in 2D image slice

be usedto mapannotationdrom a brain atlasto the patient
brain.

We describea pipelineof stepdeadingfrom volumedata
to sgmentedboundarysurfacesof three-dimensionalea-
tures. The motivation and driving force for this projectis
brain mapping.Similar problemsoccurin mary otherap-
plications.In fact,theindividual stepsaddressariousprob-
lemsdealtwith in computergraphicsand scienti ¢ visual-
ization, and mary of them can be regardedindependently
from the othersteps.
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For extracting the boundary surfaces of the three-
dimensionategionsof interestfrom the givenvolumedata,
we usestandardsosurficeextractionalgorithms.However,
scannedlatacanbe very noisy, especiallywhenusingMRI
techniquesThus,someeffort needgo bespentin construct-
ing a“smooth” and“clean” isosurfce.

Sucha cleaned-upsosurficeis thenusedfor further ex-
aminationWe exploit curvatureestimates$o characterizéhe
behaior of the surface.Sinceon the highestresolutionthe
behaior of the surfacechanges lot dueto muchspurious
details,we usea hierarchicalrepresentationf the extracted
surfaces Whenchangingo a coarseresolution, ne details
getlost andonly the main surfacecharacteristicare main-
tained.For example , whenlooking ata brain's boundarythe
smallbumpson the gyri vanish,andon eachof the gyri the
surfaceshaws a uniform curvaturebehaior.

The characterizationeadsto surfacesegmentationalgo-
rithms. Furthermore the characterizatiorcan be usedfor
topologicalanalysisof the surface,which we canthenstore
in agraph.If we comparetwo similar datasetsandextract
the samecleanisosurficefrom both of them, their surface
segmentationandtopologygraphscanbe usedto compare
their global shapesand,ultimately maponeof the surfaces
totheother A multiresolutiormappinggeneratesorrespon-
dencedetweerthetopologygraphson a coarsestesolution
andthen goesstepby stepto the highestresolutionwhile
mappingthe added,more detailedinformation locally. In
sucha way, we canautomaticallymap annotationdrom a
brainatlasto a patientbrain.

2. RelatedWork

Automatedfeaturerecognitionandbrainlabelinghave been
studiedfor over twenty years,leadingto a large numberof

approachesin exhaustve surwey of the eld is beyondthe
scopeof this paper We restrictourselesto the description
anddiscussiorof techniquegloselyrelatedto ourwork. For

moredetail, we referto Thompsoretal.38.

First approachesisedrigid modelsand spatial distribu-
tions Talairachand Tournoux® de ned a stereotacticat-
las,expressedn anorthogonalproportionalgrid systenthat
they rescaledto a patientbrain, assumingone-to-onecor
respondencewith speci ¢ landmarksHowever, the useof
proportionaltransformationsare not sufcient to perfectly
describeinter-subject variabilities, i. e., variabilities from
onebrain to another Evanset al.” useda templatematch-
ing procedurewith the de nition of regions of interests,
which aretransformedo matcha given MRI data.To deal
with intersubjectvariability anduserinteraction theserigid
modelsweretreatedvith moreelastictransformationg 5 10,
Lancasteket al.1® describeda methodto hierarchicallysub-
dividetheatlasinto ner regions,i. e.,from thecortex to the
lobesto the gyri. Then, speci ¢ rules of segmentationare
applied,coupledwith the Talairachcoordinatesinsteadof

subdviding theatlas,local referentialfframesareusedin the
methodof MacDonaldet al.2 to describethe spatialdistri-

bution of thesmallfolds. Themaindravbackof rigid models
is thatthe staticstructuredoesnot adjustvery well to inter

subjectvariations.

Deformablemodelswere introducedas a meansto deal
with the high compleity of the brain surfaceby providing
atlasegthat can be elasticallydeformedto matcha patient
brain. Extendingthe conceptof snales® from the 2D case,
thesesurface-basedeformationalgorithms* ¢ achieve fea-
turematchingby minimizing a costfunction.This costfunc-
tion is anerrormeasurede ned by a summeasuringlefor
mationandsimilarity. Someapproacheeely onthe sggmen-
tationof themainsulci,guidedby ausers 37 39 while others
automaticallygeneratea structual descriptionof the sur
face.Automaticsggmentationcan be achieved by different
methodsjncludingtransformationsf the medialaxis of the
sulci 3 or generatiorof the skeletonof the feature’. San-
dor et al .33 parametrizehe atlaswith B-spline surfacesob-
tainedfrom mathematicamorphologyand edgedetection.
Then, controlledby cost minimization, the atlassurfaceis
deformedo matchthe patientbrain.

Eventhoughactive surfacemethodscanprovide goodre-
sults, the highly non-comwex shapeof the cortical surface
canpreventacorrectsggmentationMoreover, standardech-
niguessupporineitherobustseggmentatiomorexplicit visu-
alization.For example,skeletontechniquesucceedn trac-
ing the folds but do not provide sufcient graphicalinfor-
mation.Thus,morerecenttechniquesisedin brainmapping
integratehigh-level representationsThis high-level descrip-
tion of the humancortex caninvolve graphsmultiresolution
representatiorgr parametric/statisticahodelsof the sulci.

Themethoddescribedy Le Goualheetal.29 mixesgraph
representationanda parametriacepresentationsinganac-
tive ribbon method.The nodesof the graphare the sulci,
andthe edgesare the relationshetweenthem. An operator
selectghe correctlabelto assigna nodefrom a spatialdis-
tribution of theribbons.Althoughthemethodprovidesauto-
maticfeaturedetectiontheusemeedso manuallyselecthe
matchingsulci. The approachdescribedby Riviére et al .30
usesa graphrepresentatioguidedby the minimization of
a global function that computeghe likelihood of assigning
a nameto a fold. Likelihoodis computedfrom a learning
databaseHowever, for recognizing/analyzing sulcus,the
sulcusneedsto be oversampledldenti cation of small sul-
cussplits may fail. Cachieret al.? treatthe geometricprob-
lemsresultingfrom the convexity of the surfaceby integrat-
ing themethodof Riviereetal 30 andfeature-poinmatching.
Theirtechniqueminimizesa registrationfunctionthattakes
into accountgeometricandintensityinformation. Registra-
tion of sulciis donedifferentlyfor upperandlower brainre-
gions.Lohmannetal 22 rst sggmentthefoldswith aregion-
grawing algorithmandthenlabel theseregions, called sul-
cal basins usinga point-distritution modelof the atlasand
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Figure 2: Processingipelinefroma volumedatasetto a sgmentedandtopolaically analyzedsosurface

a patientbrain. However, matchingpoint positionsof brain
datasetscanleadto awrongidenti cation whenhighinter
subjectvariation exists. Hellier et al.1* segmentfolds with
an active-ribbonmethodand a non-rigid registration.Geo-
metricdistancedetweerfeaturesareminimized,but wrong
identi cation is still possible.

Level setmethodsdescribedfor example,by Malladi et

al.25, arewidely usedtechniquedor highly corvex shapes.

These approachespasedon local enegy minimization,
achieve shapeecognitionrequiringlittle known information
aboutthesurface However, initialization mustbedoneclose
tothedesiredboundaryandit oftenrequiresuserinteraction
for seedplacementSeveralapproachehave beenproposed
to automaticallytunethe seedingorocessand adaptthe ex-
ternalpropagatiorforce, seeBaillard et al.1, but small fea-
turescanstill be a problem.Using a multiresolutionrepre-
sentatiorof thecorticalmodels Jaumeetal.1? progressiely
matchpatientandatlasmeshesFoldsareannotatediccord-
ing to sizeatagivenresolution.Thechoiceof theresolution
is crucialthough.lt is notguaranteethatsamefeatureswill
shav up at sameresolutionfor differentbrains.

Consideringall dravbacksfrom known approacheswe
decidedto usehigh-level representationor our approach
andintegratesereral techniquego addressll arisingprob-
lemsfor accuratesggmentation/labelingOur segmentation
methodrunswithout ary userinterventionor initialization,
sinceit is basedon constantshapepropertiesextractedby
local cunvature estimates(automaticsegmentatiof. Mary
othertechnique$or meshsggmentatiorhave beenproposed,
see,for example,26 40, The segmentationcriteria often de-
pendon the application.Our geometricapproachensures
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thatthe sggmentationis not dependenbn featuresizesand
allows us to detectsmall and narrav sulci (insensitiveto
feature size$. Our topologicaldescriptionrepresentethy a
graphof featureqat differentresolutions)copeswith inter-

subjectvariability. Even thoughshapeand position of fea-
turesaredifferentfor differenthumancortices,the general
layout is similar (inter-subjectstability). Featurecoloring,
detection/visualizatiorf sulci, and topology graphrepre-
sentatiorprovide differentgraphicaltoolsto understanénd
exploit the complex corticalsurface(visualundestanding.

3. General Framework

The input of our processingpipelineis a sequencef im-
ages(possiblyat high resolution),all perfectlyaligned.The
datageneratecdby MRI techniquedul Il this condition. If
theimagesarenot aligned,onehasto applytools for regis-
teringthe data,seeShulgaandMeyer 34, Figure2 shavs our
data-processingipeline.

Dependingonthe methodusedfor scanninghebrain,the
volume datacan containvarious amountsof noise.In the
caseof noisy data,we apply a smoothing Iter to the vol-
umedata.The smoothing Iter is supposedo remove only
high-frequeng noise and should not affect relevant major
geometricafeaturesThereforewe have usedocal smooth-
ing operators.

After datapreprocessingwe extract a model from the
volume databy using standardsosurfice-atraction meth-
ods. An isosurce might consistof mary componentsin
our experimentswith brain datasets,we usually obtained
onecomponentepresentinghe boundaryof the brain,and
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mary small and isolated*“island” componentgdue to still
existing noise.We usea surface-graving algorithmto con-
structa “clean” versionof theisosurficeconsistingonly of
onecomponentin Section4, we describethe stepsusedfor
extractingcleanisosurficesfrom volumedata.

Characterizingthe surface cunature behaior on this
high-resolutiorisosuriceleadsto smallregionsof different
type.Toreducehiseffort, wegenerat@amultiresolutiorrep-
resentatiorof our isosurfices lts generatioris describedn
Section5. Onacoarsdevel of representatiorgpnly themain,
globalfeaturesof anisosuricearemaintainedwhereasle-
tails aresuppressed.

In Section6, we describea method,basedon operators
for Gaussiarandmeancurvatureestimationto characterize
andclassifythe surface.

This classi cationcanbe usedto segmentthe isosurfice
at a coarsedevel of detail, seeSection7. The sggmentation
alsodescribeshetopologicalbehaior of thesurface,which
is storedin agraph.

4. Extracting a CleanIsosurface

Let f bethe discretetrivariatescalarfunction representing
a given volumetric dataset. For humanbrain datasets, f
describeghe volumetricreconstructiorof the brainfrom a
stackof two-dimensionalcortical MRI images.When ex-
tracting isosuraceswith a marchingcubes-lile algorithm,
seeLorenserandCline 23, we obsenred signi cant noisein
the dataset. Especiallyin the direction of the z-axis some
blocky-looking artifactsappearTo dealwith this problem,
we applyasmoothinglter tothefunction f. Weuseathree-
dimensionaldiscreteGaussianlter de ned by a maskof
size3 3 3. Theweightof eachcoefcient of the lter is
choseraccordingto the size of the featureggyri andsulci)
of the brain data.The size of the Iter determinests local-
ity. For resolutionsobtainedwith standardvRI techniques,
a3 3 3 lter is capableof remwing high-frequeng
noisewithout affecting the characteristicef the function f.
For higherresolutiondatasets,a Iter with alargerdomain
should be considered Alternatively, one could also apply
othersmoothingnethodssuchasgeometrigpartialdifferen-
tial equations®2. Figure 3 shavs the surfaceextractedfrom
the original data(left) andfrom the smootheddata(right).
Sinceour sgmentationis basedn cunatureestimatesit is
desirableto work with a smoothsurfaceof the cortex.

It is crucialto pick the“right” isovaluefor isosurceex-
traction.To validatethe surfacesextractedfrom theMRI im-
agesywe designeda tool shawing thelevel of agreemenbe-
tweenoriginal 2D slice imagesandthe generatedurfaces.
We shaw differentoriginal 2D slicesof thebraindatasetand
visually superimpos¢hemto animageof an extractediso-
surface.For anoriginal gray-scaleMRI imageslice,a cross
section(red contour) of the extractedisosurficeis shawn.

Dependingon the isovalue, differentsuriacesare generated

Figure 3: Isosurfacewithout and with smoothingoriginal
data.

(i. e., white matter gray matter etc.). This tool allows usto
more accuratelyextract a “good” boundarysurface.More-
over, it allows the neuroscientisto choosethe “best” iso-
valuerepresentinghe cortex. Figure4 shavs results.

Iso-value

Position

Figure4: Matching of structuesasseenin original 2D MRI
slicesand extractedisosurfaces.

Having determineda good isovalue, the corresponding
isosurbce extraction producesone large main component
andmary smallcomponentsThesmallcomponentarepro-
duceddueto still existing noisethatcould notbe eliminated
by the low-pass lter . Figure5 (left) shavs theseisolated
components.

\\} ‘ /é &L»ﬁf ¥4

Figure5: Remwal of isolatedcomponentslueto noise
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Sincethe smallisosurbicecomponentsreirrelevant for
segmentationof the cortex, we remove them by using a
surface-graving algorithm. The surface-graving generates
a half-edgedatastructure.The algorithmdistinguishese-
tweenthe different componentsand picks the largestone,
representingthe human cortex. The resulting surface is
shawvn in Figure5 (right).

5. Multir esolution

The surface of the humancortex is highly non-cowvex de-
spite the “smoothness”of the isosurfice. Even within a
gyrusor a sulcusthereare several bumps,i. ., the surface
changests cunaturebehaior. To isolatethe mainfeatures,
our methodusesa multiresolutionrepresentationf the cor
tical surface.It is importantto detectthe mainfolds andnot
the small variationson a gyrus. If we sggmentthe surface
at a high resolution the generatedopologygraphwould be
too comple to usefor mapping.For example,the mapping
could nd a correspondencketweena fold on a gyrusand
arealsulcus. A way to presere the mainfolds while elimi-
natingdetailsis to createa low-resolutionrepresentationf
our modelof thecortex.

Startingfrom the original modelthatrepresentshe high-
estresolution,we simplify the triangularmeshiteratively.
At eachstep,the surfaceis sggmentedto extract the prin-
cipal sulci and gyri. This approachieadsto a hierarchyof
segmentationsThe sggmentatioratalow resolutionde nes
constraintfor morecomple featuresdetectedat the higher
resolutionsFigureé6 illustratesthis process.

A
P
€—  Higher resolution
——p  Lower resolution
‘ C D mapping

Figure 6: Multiresolutionmapping

Atlas brain

Patient brain

To obtaina multiresolutionrepresentationye usea sim-
pli cation algorithmbasedntheprogressie representation
introducedby Hoppel®. Alternatively, it is possibleto use
the algorithm of Hamann?2 basedon triangle elimination.
Theonly operationof Hoppes simpli cation algorithmap-
pliedto atriangularmeshis anedgecollapse Althoughcol-
lapsingan edgeis a simple operation,it can modify both
topologyandgeometry To ensureconsisteng of our mesh,
we useconsisteng checksfrom Hoppeet al.15, which are
basedon topologicalanalysesin the neighborhoodof the
collapse.

For eachedgeof the meshan error correspondingo the
costof its collapseis computedand stored.According to
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this valuean orderedheapof edgesds createdDuring mesh
simpli cation, the methodconsidersthe top edge,checks
for consisteng, and,if possible,collapsest. This process
is highly dependenontheerrormetricusedto decidewhich
edgeto collapse Mary metricshave beenproposedor edge
collapsealgorithmsover the pastdecade? 11 16 21 31, Most
of thesemetricstry to presere sharpedgesanddetails.We
insteadwantto remove detailsevenin regionsof high cur
vature.Thus,our error metricis only basedon edgelength,
andour goalis to createan even distribution of verticeson
thesurface After avalid collapsethe 1-ring neighborof the

edgemustbe updatedseeFigure?.
RS>
<4

DL\ />

Edge to collapse
4 1-ring neighboor

4 2-ring neighboor

° Vertex resulting

Figure 7: Modi cation of meshin neighborhoodof col-
lapsededce.

Topology(i. e., adjaceng betweertriangles)andgeome-
try (i. e.,positionof theresulting“collapse”vertex) aremod-
i ed by anedgecollapse An edgecollapseso its midpoint.
We decidednot to optimize the positionto keepcomputa-
tion costslow. Also, choosingmidpointskeepsthe risk of
self-intersectiongow. It is our experiencethat the surface
is still well presered evenwhenapproachingathercoarse
resolutionsseeFigure8.

100% of original data

10% of original data

Figure 8: Multiresolutionsurfacerepresentation.

6. Discrete Curvature and Surface Characteristics

A surfaces behaior canbe describedby dividing the sur
face into disjunct regions of elliptic paraboloidbehaior
(in the following called elliptic behaior) and hyperbolic
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paraboloidbehaior (in the following called hyperbolicbe-
havior). Let p beanarbitrarypoint on the surface.The sur
faces behaior at p canbe determinecby consideringthe
curveson the surfacethat passthroughp in the directionof
theprincipalcurvatures seeFigure9. Theregionsof elliptic
behaior canfurther be classi ed into corvex and concae
regions by consideringthe direction of the surfacenormal
atp. Whenconsideringhe cortex of ahumanbrain, the gyri
containcorvex elliptic regions,andthesulcicontainconcae
elliptic regions,whereagheblendingareabetweergyri and
sulciis ahyperbolicregion.

Figure9: Elliptic andhyperbolicbehavior

Whendealingwith triangle meshesthe principal cuna-
ture directionscannotbe uniquely determined.Therefore,
we useestimatedor so-calleddiscretemeanand Gaussian
cunature. Mary approximationschemedor cunvature es-
timatesmesheshave beendevelopedsuchas 12 28, \We use
someoperatorghatwerederived recentlyby Meyer etal 9.
In our applicationwe do not usethe lengthof the operators
to determinethe valuesfor meanand Gaussiarcunatures.
We only usedirectionandsignof the operators.

6.1. Mean Curvature

We use mean cunature estimatesto distinguish between
concae and cornvex regions. Meyer et al.29 derived a vec-
tor operatorK x; whoselengthis a discreteversionof the
meancunatureatavertex x; of atriangularmesh.Sincewe
areonly interestedn thedirectionof K x; , we simplify its
de nition anduseanoperatoriK gi; X . ThevectorK gir X;
for avertex x; is computedoy aweightedsumof difference
vectorsemanatingrom x; andendingat the verticesof x;'s
1-ring. Theweightof thevectorassociateavith edgee;; be-
tweenx; andits neighborx; depend®nthecotangentsaken
from the oppositeanglesof its adjacenfaceslts de nition
is

N;

a caa;
i1

Kdir Xi cabj Xj X

whereN; is the numberof neighborsconstitutingthe 1-ring
ofxj, andaj, bj aretheoppositeanglesof g with respecto
its adjacentfaces seeFigure 10. We useK g4jr X; to de ne
theBooleanoperatomeany; , whichdistinguishebetween

Xi Xi

Xj1 ‘ ‘ Xj+1

; Xj
Xj J

Figure 10: Parametes usedby meancurvatue opeator.

corvex andconcae regions.lt is de ned as

if Kgr Xi ni O

if Kgr xi ni O

wheren; is a discreteapproximationof the normal vector
atx;. In concae areagheoperatorK 4y xj andthenormal
vector n; point in roughly oppositedirections,whereasin
corvex areasthey pointin roughly the samedirection, see
Figure 11. This operatorenablesus to usea rst classi -
cationof the surface.The blue regionsshavn in Figure11
refer to gyri, the red regionsrefer to sulci. The samecol-
orsareusedin Figure 13(a),wherewe shav an exampleof
classifyinga cortical suriacebasedn meancunature.

convex

meanxi concae

Figure 11: Exploiting the meancurvatue opemtor to dis-
tinguishbetweerconvex and concaveegions.

6.2. GaussianCurvature

To further distinguishbetweenelliptic and hyperbolic re-
gions, i. e., separatdocal extremafrom blending regions,
we considerGaussiarcunature. We useanoperatokg X; ,
whoselengthis a discreteapproximationof the Gaussian
cunature,see?®. We usekg X; to createanotherBoolean
operatorGaussx; , whichis true if the vertex x; is a local
extremum (i. e., minimum for a sulcusor maximumfor a
gyrus).Theoperatorcomparep with the sumof inneran-
glesq; of all the adjacentfacesof a vertex x;, seeFigure
12.In the planarcase the anglessumup to 2p. Whenx; is
an extremum,a planethroughx; exists, whereall neighbor
verticesof x; lie on oneside of that plane,seeFigure 12.
Thus,the anglessumto a value smallerthan 2p. When x;
is notanextremumandwe computethe best tting planein
the least-squaresenseahroughx;, the neighborverticeslie
above andbelow thatplane.In this situation,theanglessum
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up to avaluelargerthan2p. Hence,we areonly interested
in thesignof theoperatokkg xj andde neit as

Ni
Kasign Xi 2p é. qj
j1
whereqj is theanglebetweerthedifferencevectorsx; X
andxj 1 X from vertex x; to its neighborsxj andx; 1,

seeFigurel2.

Figure 12: Datastencilusedfor Gaussiarcurvatue estima-
tion.

In summaryour Booleanoperatorusedto de ne surface
typeis

elliptic if KesignXi O

Gaussx hyperbolic if KoggnX O

OnFigure13(b)we shawv acortical surfaceclassi ed based
on Gaussiarcurvature.Redregionsindicateelliptic, bluere-
gionshyperbolicbehaior.

7. Segmentation

By combiningthe operatorsmeanand Gauss we segment
a surface.Exploiting both Booleanoperatordeadsto four

differentcasesseeTable 1. By detectingthe extremawith

Gaussin an areaknown to be either a sulcusor a gyrus,
we can explicitly localize the minima of a sulcusandthe
maximaof a gyrus. Thesepoints are of particularinterest
to us asthey arethe seedpointsfor generatinga topology
graph.Following theseregionssimpli es the sggmentation
andmalesit moreaccurateFigurel3(c)illustratesthisidea
by encodingsurfacetypeswith colorsaccordingo Tablel.

meanx; corvex convex concae concae
Gaussy; hyperb elliptic  hyperb elliptic
color green  yellow blue red

Table 1: Possiblecombinationsof surfacetypesaccoding
to curvatue.

The segmentationindicateswhere we can place “criti-
cal” points, and it implies a topological representatiorof
the surface.We storetopologicalinformationin a topology
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graph.Theopologygraphconstructiorreliesonthesggmen-
tation for the constructionof its nodesand usesa contour
growing algorithmto generateherelationshipgedges).

Our graphsdescribethe topological relations between
sulci. We have chosento use the sulci as nodes,as they
aretypically usedto recognizediseasesalsothey are sur
roundedby the majorgyri.

A nodeis constructedy collapsingall the adjacentver-
ticeslying on the samesulcus(i. e., its triangulation)at a
x ed resolution.For eachnode,we determineits position
andits size by averagingthe positionsof the verticesbe-
longingto the sulcusandby computingthe sizeof the area
coveredby the sulcus.A relation (edge)betweentwo sulci
indicatesthatthey arecloseto eachother This information
is obtainedby growing a contourstartingfrom theboundary
of asulcusSy. Whenthe growing contourintersectsaanother
sulcusS, arelationbetweersy and§ is created.

Thecreationof the graphis constrainedy anappropriate
numberof contourgrowing stepsanda minimally expected
sizefor sulci. Theseconstraintprovide uswith morelevel-
of-detail control, but they areindependenfrom the model.
Figure 14 shavs a very detailedgraphcontainingall small
folds and mary relations(left) and a graph shaving only
majorsulci (right).

Figure 14: Topolayy graphsfor differentlevelsof detail.

Figure 15 shaows the results of hierarchical sggmenta-
tion andtopologygraphgeneratiorfor four differenthuman
braindatasets.The rst row shavs the segmentation®f the
sulci, highlightedin red,andthesecondow shavs theauto-
maticallygeneratedopologygraphsAll surfacesveregen-
eratedby extractingisosuricesusinganisovalueof approx-
imately90andby reducingresolutionto approximately20%
of theoriginalnumberof vertices All graphshave nearlythe
samenumberof nodesandsamenumberof edges.

Although the positionsof the nodesare not the same
for the differentmodels,their generalayoutis similar. The
topologygraphscanbe usedfor a high-level descriptionand
for matchingfeatureshetweenatlasandpatientbrains.
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(a) Discretemeancunature.

(b) DiscreteGaussiarcunature.

(c) Segmentationof cortical surface
(color schemeaccordingto Tablel.)

Figure 13: Classifyingregionsbasedon discretecurvatue estimations.

8. Conclusionand Futur e Work

We have describeda methodto sggmentsurfacesbasedon
discretemeanand Gaussiancurvature estimatesThe sur
facesareextractedfrom three-dimensionamagingdataby
isosurficing. To obtainsmoothisosurficeswe apply three-
dimensionabmoothingn apreprocessingtepanda “clean-
up” surface-graving algorithmin apostprocessingtep.The
choice of isovalue can be validatedwith a tool that com-
paresvisually the original 2D slice datawith an extracted
isosurbce.We generatea hierarchicalrepresentationf the
isosurfice which allows usto sggmentthesurfaceatvarious
levelsof detail.

Figure 16 (right) shavs that segmentinga surfaceat low
resolution(8% of the original numberof vertices)leadsto
an extraction of the major surface features/characteristics,
whereasFigure 16 (left) shavs that the segmentational-
gorithm, when appliedto the surface at a high resolution
(100%), doesnot necessarilyproducemore relevant struc-
ture information but includessmall features which do not
contrikbute very muchto the overall shape Consideringthis
obseration, we can use low-resolution sgmentationsto
generatesimpletopologygraphsof the surface.

Our segmentatiorandgraphgeneratiorapproachs fully
automatedi. e., doesnot requireuserinteraction.By com-
bining geometry-with topology-basedechniquespur ap-
proachis insensitve to varying featuresizes(within oneob-
ject) andhigh inter-subjectvariation (whencomparingtwo
objects).For a bettervisualunderstandingwe provide visu-
alizationtoolson severallevelsof resolutionandabstraction.

Figure 16: Surfacesegmentatiorat differentresolutions.

Concernindfuture researchyve will usetopologygraphs
to nd an automaticmethodfor brain mapping.Once a
globalbrainmappingis derivedfor acoarsdevel of detail,it
is possibleto considerhigherresolutionsand determinelo-
calmappingof surfaceregions.Theinitial globalmapping,
andthe sggmentatiorit is generatedrom, may provide con-
straintsfor thelocal, ne-detail mapping.
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