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Abstract
A high-level approach to describethe characteristicsof a surfaceis to segmentit into regionsof uniform cur-
vature behaviorand constructan abstract representationgiven by a (topology) graph. We proposea surface
segmentationmethodbasedon discretemeanandGaussiancurvature estimates.Thesurfacesare obtainedfrom
three-dimensionalimaging data setsby isosurfaceextraction after data presmoothingand postprocessingthe
isosurfacesbya surface-growingalgorithm.We generatea hierarchical multiresolutionrepresentationof theiso-
surface. Segmentationandgraphgeneration algorithmscanbeperformedat variouslevelsof detail.At a coarse
level of detail, the algorithm detectsthe main featuresof thesurface. This low-resolutiondescriptionis usedto
determineconstraints for thesegmentationandgraphgeneration at thehigherresolutions.We haveappliedour
methodsto MRI data setsof humanbrains. The hierarchical segmentationframework can be usedfor brain-
mappingpurposes.

1. Intr oduction

Oneof the greatchallengesin neurosciencein the coming
decadeis to unify informationcollectedin differentbrains
of thesamespecies.For example,onewould like to collate
themany studiesfrom functionalmagneticresonanceimag-
ing (fMRI) acrosssubjectsinto a commonneuroanatomi-
cal atlas.Or it maybedesirableto combinestudiesof neu-
roanatomicalconnectivity obtainedfrom different animals
into a canonicalbrain in order to reveal the overall trends
in connectivity betweenareas.However, doingthis requires
solving a dif�cult correspondenceproblem- namely, map-
pingthedetailsof anindividualbrainontotheatlas(or vice-
versa).

The major structuralfeatureof the cerebralcortex is the
patternof folds - sulci andgyri - that constitutethesurface
of the cortex, seeFigure1. To mapthe cortex of onebrain
into another, oneshouldthusdetectthesulci andgyri of the
brain's boundary. From a geometricmodelingperspective,
this meansthatwe have to extract theboundarysurfacesof
three-dimensionalfeaturesor shapesfrom thereconstructed
three-dimensionalhigh-resolutiondatasetandsegmentthe
surfacesinto regionsof interest.Thesegmentedsurfacescan

Sulci

Gyri

Figure1: Boundaryof brain in 2D image slice.

beusedto mapannotationsfrom a brainatlasto thepatient
brain.

We describea pipelineof stepsleadingfrom volumedata
to segmentedboundarysurfacesof three-dimensionalfea-
tures.The motivation and driving force for this project is
brain mapping.Similar problemsoccur in many other ap-
plications.In fact,theindividual stepsaddressvariousprob-
lemsdealtwith in computergraphicsandscienti�c visual-
ization, and many of them can be regardedindependently
from theothersteps.
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For extracting the boundary surfaces of the three-
dimensionalregionsof interestfrom thegivenvolumedata,
we usestandardisosurfaceextractionalgorithms.However,
scanneddatacanbevery noisy, especiallywhenusingMRI
techniques.Thus,someeffort needsto bespentin construct-
ing a “smooth”and“clean” isosurface.

Sucha cleaned-upisosurfaceis thenusedfor furtherex-
amination.Weexploit curvatureestimatestocharacterizethe
behavior of the surface.Sinceon thehighestresolutionthe
behavior of thesurfacechangesa lot dueto muchspurious
details,we usea hierarchicalrepresentationof theextracted
surfaces.Whenchangingto a coarserresolution,�ne details
get lost andonly themainsurfacecharacteristicsaremain-
tained.For example,whenlookingata brain'sboundarythe
smallbumpson thegyri vanish,andon eachof thegyri the
surfaceshows a uniform curvaturebehavior.

The characterizationleadsto surfacesegmentationalgo-
rithms. Furthermore,the characterizationcan be usedfor
topologicalanalysisof thesurface,which we canthenstore
in a graph.If we comparetwo similar datasetsandextract
the samecleanisosurfacefrom both of them,their surface
segmentationsandtopologygraphscanbeusedto compare
their globalshapesand,ultimately, maponeof thesurfaces
to theother. A multiresolutionmappinggeneratescorrespon-
dencesbetweenthetopologygraphsonacoarsestresolution
and then goesstepby stepto the highestresolutionwhile
mappingthe added,more detailedinformation locally. In
sucha way, we canautomaticallymapannotationsfrom a
brainatlasto a patientbrain.

2. RelatedWork

Automatedfeaturerecognitionandbrainlabelinghave been
studiedfor over twentyyears,leadingto a largenumberof
approaches.An exhaustive survey of the �eld is beyondthe
scopeof this paper. We restrictourselvesto thedescription
anddiscussionof techniquescloselyrelatedto ourwork.For
moredetail,wereferto Thompsonet al.38.

First approachesusedrigid modelsand spatial distribu-
tions. Talairachand Tournoux36 de�ned a stereotacticat-
las,expressedin anorthogonalproportionalgrid systemthat
they rescaledto a patientbrain, assumingone-to-onecor-
respondenceswith speci�c landmarks.However, theuseof
proportionaltransformationsare not suf�cient to perfectly
describeinter-subject variabilities, i. e., variabilities from
onebrain to another. Evanset al.7 useda templatematch-
ing procedurewith the de�nition of regions of interests,
which aretransformedto matcha given MRI data.To deal
with inter-subjectvariability anduserinteraction,theserigid
modelsweretreatedwith moreelastictransformations2 � 5� 10.
Lancasteret al.19 describeda methodto hierarchicallysub-
divide theatlasinto �ner regions,i. e.,from thecortex to the
lobesto the gyri. Then,speci�c rules of segmentationare
applied,coupledwith the Talairachcoordinates.Insteadof

subdividing theatlas,local referentialframesareusedin the
methodof MacDonaldet al.24 to describethespatialdistri-
butionof thesmallfolds.Themaindrawbackof rigid models
is that thestaticstructuredoesnot adjustvery well to inter-
subjectvariations.

Deformablemodelswere introducedasa meansto deal
with the high complexity of the brain surfaceby providing
atlasesthat can be elasticallydeformedto matcha patient
brain.Extendingtheconceptof snakes18 from the2D case,
thesesurface-baseddeformationalgorithms4� 9 achieve fea-
turematchingby minimizingacostfunction.Thiscostfunc-
tion is anerrormeasurede�ned by a summeasuringdefor-
mationandsimilarity. Someapproachesrely onthesegmen-
tationof themainsulci,guidedby auser6� 37� 39, while others
automaticallygeneratea structural descriptionof the sur-
face.Automaticsegmentationcanbe achieved by different
methods,includingtransformationsof themedialaxisof the
sulci 35 or generationof theskeletonof thefeatures27. San-
dor et al.33 parametrizetheatlaswith B-splinesurfacesob-
tainedfrom mathematicalmorphologyandedgedetection.
Then,controlledby costminimization, the atlassurfaceis
deformedto matchthepatientbrain.

Eventhoughactive surfacemethodscanprovide goodre-
sults, the highly non-convex shapeof the cortical surface
canpreventacorrectsegmentation.Moreover, standardtech-
niquessupportneitherrobustsegmentationnorexplicit visu-
alization.For example,skeletontechniquessucceedin trac-
ing the folds but do not provide suf�cient graphicalinfor-
mation.Thus,morerecenttechniquesusedin brainmapping
integratehigh-level representations. Thishigh-level descrip-
tion of thehumancortex caninvolvegraphs,multiresolution
representation,or parametric/statisticalmodelsof thesulci.

Themethoddescribedby LeGoualheretal.20 mixesgraph
representationsanda parametricrepresentationusinganac-
tive ribbon method.The nodesof the graphare the sulci,
andthe edgesare the relationsbetweenthem.An operator
selectsthecorrectlabel to assigna nodefrom a spatialdis-
tributionof theribbons.Althoughthemethodprovidesauto-
maticfeaturedetection,theuserneedsto manuallyselectthe
matchingsulci. The approachdescribedby Rivière et al.30

usesa graphrepresentationguidedby the minimizationof
a global function that computesthe likelihoodof assigning
a nameto a fold. Likelihood is computedfrom a learning
database.However, for recognizing/analyzinga sulcus,the
sulcusneedsto beoversampled.Identi�cation of small sul-
cussplitsmay fail. Cachieret al.3 treatthegeometricprob-
lemsresultingfrom theconvexity of thesurfaceby integrat-
ing themethodof Rivièreetal.30 andfeature-pointmatching.
Their techniqueminimizesa registrationfunctionthat takes
into accountgeometricandintensityinformation.Registra-
tion of sulci is donedifferentlyfor upperandlowerbrainre-
gions.Lohmannetal.22 �rst segmentthefoldswith aregion-
growing algorithmandthenlabel theseregions,calledsul-
cal basins, usinga point-distribution modelof theatlasand

c
�

TheEurographicsAssociation2003.



Vivodtzev, Linsen.Bonneau,Hamann,Joy, andOlshausen/ Hierarchical IsosurfaceSegmentationBasedonDiscreteCurvature

H H

nn

H n

High 
Resolution

Low
Resolution

Triangular mesh

MultiresolutionSegmentationTopology graph

Smoothed dataMRI data Removal of isolated components

Curvature determination

Figure2: Processingpipelinefroma volumedatasetto a segmentedandtopologically analyzedisosurface.

a patientbrain.However, matchingpoint positionsof brain
datasetscanleadto a wrongidenti�cation whenhigh inter-
subjectvariationexists. Hellier et al.14 segmentfolds with
an active-ribbonmethodanda non-rigid registration.Geo-
metricdistancesbetweenfeaturesareminimized,but wrong
identi�cation is still possible.

Level setmethods,described,for example,by Malladi et
al.25, arewidely usedtechniquesfor highly convex shapes.
These approaches,basedon local energy minimization,
achieveshaperecognitionrequiringlittle known information
aboutthesurface.However, initializationmustbedoneclose
to thedesiredboundary, andit oftenrequiresuserinteraction
for seedplacement.Severalapproacheshave beenproposed
to automaticallytunetheseedingprocessandadapttheex-
ternalpropagationforce,seeBaillard et al.1, but small fea-
turescanstill be a problem.Using a multiresolutionrepre-
sentationof thecorticalmodels,Jaumeetal.17 progressively
matchpatientandatlasmeshes.Foldsareannotatedaccord-
ing to sizeatagivenresolution.Thechoiceof theresolution
is crucialthough.It is notguaranteedthatsamefeatureswill
show upat sameresolutionfor differentbrains.

Consideringall drawbacksfrom known approaches,we
decidedto usehigh-level representationsfor our approach
andintegrateseveral techniquesto addressall arisingprob-
lemsfor accuratesegmentation/labeling.Our segmentation
methodrunswithout any userinterventionor initialization,
sinceit is basedon constantshapepropertiesextractedby
local curvature estimates(automaticsegmentation). Many
othertechniquesfor meshsegmentationhavebeenproposed,
see,for example,26� 40. The segmentationcriteria often de-
pendon the application.Our geometricapproachensures

that thesegmentationis not dependenton featuresizesand
allows us to detectsmall and narrow sulci (insensitiveto
feature sizes). Our topologicaldescription,representedby a
graphof features(at differentresolutions),copeswith inter-
subjectvariability. Even thoughshapeandpositionof fea-
turesaredifferent for differenthumancortices,the general
layout is similar (inter-subjectstability). Featurecoloring,
detection/visualizationof sulci, and topology graphrepre-
sentationprovidedifferentgraphicaltoolsto understandand
exploit thecomplex corticalsurface(visualunderstanding).

3. GeneralFramework

The input of our processingpipeline is a sequenceof im-
ages(possiblyat high resolution),all perfectlyaligned.The
datageneratedby MRI techniquesful�ll this condition. If
the imagesarenot aligned,onehasto apply tools for regis-
teringthedata,seeShulgaandMeyer 34. Figure2 showsour
data-processingpipeline.

Dependingonthemethodusedfor scanningthebrain,the
volume datacan containvariousamountsof noise.In the
caseof noisy data,we apply a smoothing�lter to the vol-
umedata.Thesmoothing�lter is supposedto remove only
high-frequency noiseand shouldnot affect relevant major
geometricalfeatures.Therefore,wehaveusedlocalsmooth-
ing operators.

After data preprocessing,we extract a model from the
volumedataby usingstandardisosurface-extractionmeth-
ods.An isosurfacemight consistof many components.In
our experimentswith brain datasets,we usually obtained
onecomponentrepresentingtheboundaryof thebrain,and
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many small and isolated“island” componentsdue to still
existing noise.We usea surface-growing algorithmto con-
structa “clean” versionof the isosurfaceconsistingonly of
onecomponent.In Section4, we describethestepsusedfor
extractingcleanisosurfacesfrom volumedata.

Characterizingthe surface curvature behavior on this
high-resolutionisosurfaceleadsto smallregionsof different
type.Toreducethiseffort, wegenerateamultiresolutionrep-
resentationof our isosurfaces.Its generationis describedin
Section5.Onacoarselevel of representation,only themain,
globalfeaturesof anisosurfacearemaintained,whereasde-
tailsaresuppressed.

In Section6, we describea method,basedon operators
for Gaussianandmeancurvatureestimation,to characterize
andclassifythesurface.

This classi�cationcanbeusedto segmentthe isosurface
at a coarselevel of detail,seeSection7. The segmentation
alsodescribesthetopologicalbehavior of thesurface,which
is storedin agraph.

4. Extracting a Clean Isosurface

Let f be the discretetrivariatescalarfunction representing
a given volumetric dataset. For humanbrain datasets, f
describesthe volumetricreconstructionof the brain from a
stackof two-dimensionalcortical MRI images.When ex-
tracting isosurfaceswith a marchingcubes-like algorithm,
seeLorensenandCline 23, we observedsigni�cant noisein
the dataset.Especiallyin the directionof the z-axis some
blocky-looking artifactsappear. To dealwith this problem,
weapplyasmoothing�lter to thefunction f . Weuseathree-
dimensionaldiscreteGaussian�lter de�ned by a maskof
size3 � 3 � 3. Theweightof eachcoef�cient of the�lter is
chosenaccordingto thesizeof the features(gyri andsulci)
of thebraindata.Thesizeof the �lter determinesits local-
ity. For resolutionsobtainedwith standardMRI techniques,
a 3 � 3 � 3 �lter is capableof removing high-frequency
noisewithout affectingthecharacteristicsof thefunction f .
For higher-resolutiondatasets,a �lter with a largerdomain
shouldbe considered.Alternatively, one could also apply
othersmoothingmethodssuchasgeometricpartialdifferen-
tial equations32. Figure3 shows thesurfaceextractedfrom
the original data(left) andfrom the smootheddata(right).
Sinceoursegmentationis basedoncurvatureestimates,it is
desirableto work with a smoothsurfaceof thecortex.

It is crucial to pick the“right” isovaluefor isosurfaceex-
traction.To validatethesurfacesextractedfrom theMRI im-
ages,we designeda tool showing thelevel of agreementbe-
tweenoriginal 2D slice imagesandthe generatedsurfaces.
Weshow differentoriginal2D slicesof thebraindatasetand
visually superimposethemto an imageof anextractediso-
surface.For anoriginal gray-scaleMRI imageslice,a cross
section(red contour)of the extractedisosurfaceis shown.
Dependingon the isovalue,differentsurfacesaregenerated

Figure 3: Isosurfacewithout and with smoothingoriginal
data.

(i. e.,white matter, graymatter, etc.).This tool allows us to
moreaccuratelyextract a “good” boundarysurface.More-
over, it allows the neuroscientistto choosethe “best” iso-
valuerepresentingthecortex. Figure4 shows results.

Position

Iso-value

26.1 89.1 115.2

Figure4: Matchingof structuresasseenin original 2D MRI
slicesandextractedisosurfaces.

Having determineda good isovalue, the corresponding
isosurface extraction producesone large main component
andmany smallcomponents.Thesmallcomponentsarepro-
duceddueto still existingnoisethatcouldnotbeeliminated
by the low-pass�lter . Figure 5 (left) shows theseisolated
components.

Figure5: Removal of isolatedcomponentsdueto noise.
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Sincethe small isosurfacecomponentsareirrelevant for
segmentationof the cortex, we remove them by using a
surface-growing algorithm.The surface-growing generates
a half-edgedatastructure.The algorithmdistinguishesbe-
tweenthe different componentsand picks the largestone,
representingthe human cortex. The resulting surface is
shown in Figure5 (right).

5. Multir esolution

The surfaceof the humancortex is highly non-convex de-
spite the “smoothness”of the isosurface. Even within a
gyrusor a sulcusthereareseveral bumps,i. e., the surface
changesits curvaturebehavior. To isolatethemainfeatures,
our methodusesa multiresolutionrepresentationof thecor-
tical surface.It is importantto detectthemainfolds andnot
the small variationson a gyrus.If we segmentthe surface
at a high resolution,thegeneratedtopologygraphwould be
too complex to usefor mapping.For example,themapping
could �nd a correspondencebetweena fold on a gyrusand
a realsulcus.A way to preserve themainfolds while elimi-
natingdetailsis to createa low-resolutionrepresentationof
ourmodelof thecortex.

Startingfrom theoriginal modelthatrepresentsthehigh-
est resolution,we simplify the triangularmeshiteratively.
At eachstep,the surfaceis segmentedto extract the prin-
cipal sulci andgyri. This approachleadsto a hierarchyof
segmentations.Thesegmentationata low resolutionde�nes
constraintsfor morecomplex featuresdetectedat thehigher
resolutions.Figure6 illustratesthis process.

A
P Patient brain

Atlas brain

Higher resolution

Lower resolution

Mapping

A A A

P P P

Figure6: Multiresolutionmapping.

To obtaina multiresolutionrepresentation,we usea sim-
pli�cation algorithmbasedontheprogressive representation
introducedby Hoppe16. Alternatively, it is possibleto use
the algorithmof Hamann13 basedon triangleelimination.
Theonly operationof Hoppe's simpli�cation algorithmap-
plied to a triangularmeshis anedgecollapse.Althoughcol-
lapsingan edgeis a simple operation,it can modify both
topologyandgeometry. To ensureconsistency of our mesh,
we useconsistency checksfrom Hoppeet al.15, which are
basedon topologicalanalysesin the neighborhoodof the
collapse.

For eachedgeof the meshan errorcorrespondingto the
cost of its collapseis computedand stored.According to

this valueanorderedheapof edgesis created.During mesh
simpli�cation, the methodconsidersthe top edge,checks
for consistency, and, if possible,collapsesit. This process
is highly dependentontheerrormetricusedto decidewhich
edgeto collapse.Many metricshavebeenproposedfor edge
collapsealgorithmsover the pastdecade8 � 11� 16� 21� 31. Most
of thesemetricstry to preserve sharpedgesanddetails.We
insteadwant to remove detailseven in regionsof high cur-
vature.Thus,our errormetric is only basedon edgelength,
andour goal is to createaneven distribution of verticeson
thesurface.After avalid collapse,the1-ringneighborof the
edgemustbeupdated,seeFigure7.

Edge to collapse

Vertex resulting
2-ring neighboor

1-ring neighboor

Faces to remove

Figure 7: Modi�cation of meshin neighborhoodof col-
lapsededge.

Topology(i. e.,adjacency betweentriangles)andgeome-
try (i. e.,positionof theresulting“collapse”vertex) aremod-
i�ed by anedgecollapse.An edgecollapsesto its midpoint.
We decidednot to optimizethe position to keepcomputa-
tion costslow. Also, choosingmidpointskeepsthe risk of
self-intersectionslow. It is our experiencethat the surface
is still well preserved evenwhenapproachingrathercoarse
resolutions,seeFigure8.

100% of original data 10% of original data

Figure8: Multiresolutionsurfacerepresentation.

6. DiscreteCurvature and SurfaceCharacteristics

A surface's behavior canbe describedby dividing the sur-
face into disjunct regions of elliptic paraboloidbehavior
(in the following called elliptic behavior) and hyperbolic
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paraboloidbehavior (in the following calledhyperbolicbe-
havior). Let p beanarbitrarypoint on thesurface.Thesur-
face's behavior at p can be determinedby consideringthe
curveson thesurfacethatpassthroughp in thedirectionof
theprincipalcurvatures,seeFigure9. Theregionsof elliptic
behavior canfurther be classi�ed into convex andconcave
regionsby consideringthe direction of the surfacenormal
atp. Whenconsideringthecortex of ahumanbrain,thegyri
containconvex elliptic regions,andthesulcicontainconcave
elliptic regions,whereastheblendingareabetweengyri and
sulci is a hyperbolicregion.

Figure9: Elliptic andhyperbolicbehavior.

Whendealingwith trianglemeshes,the principal curva-
ture directionscannotbe uniquely determined.Therefore,
we useestimatesfor so-calleddiscretemeanandGaussian
curvature.Many approximationschemesfor curvaturees-
timatesmesheshave beendevelopedsuchas 12� 28. We use
someoperatorsthatwerederivedrecentlyby Meyer et al.29.
In our application,we do not usethelengthof theoperators
to determinethe valuesfor meanandGaussiancurvatures.
Weonly usedirectionandsignof theoperators.

6.1. Mean Curvature

We use meancurvature estimatesto distinguishbetween
concave andconvex regions.Meyer et al.29 derived a vec-
tor operatorK

�

xi �

whoselengthis a discreteversionof the
meancurvatureata vertex xi of a triangularmesh.Sincewe
areonly interestedin thedirectionof K

�

xi �

, we simplify its
de�nition anduseanoperatorKdir

�

xi �

. ThevectorKdir
�

xi �

for a vertex xi is computedby a weightedsumof difference
vectorsemanatingfrom xi andendingat theverticesof xi 's
1-ring.Theweightof thevectorassociatedwith edgeei j be-
tweenxi andits neighborx j dependsonthecotangentstaken
from theoppositeanglesof its adjacentfaces.Its de�nition
is

Kdir
�

xi ���

Ni

å
j � 1

�

cot a j �

cot b j �

�

x j �

xi ���

whereNi is thenumberof neighborsconstitutingthe1-ring
of xi , anda j , b j aretheoppositeanglesof ei j with respectto
its adjacentfaces,seeFigure10. We useKdir

�

xi �

to de�ne
theBooleanoperatormean

�

xi �

, whichdistinguishesbetween

x  j

x  ix  i

x  j�1

x  j

eij

x  j+1b a j
j

Figure 10: Parameters usedbymeancurvature operator.

convex andconcave regions.It is de�ned as

mean
�

xi �	�




convex if Kdir
�

xi ���

ni 

0
concave if Kdir

�

xi ���

ni �

0 �

whereni is a discreteapproximationof the normal vector
at xi . In concave areastheoperatorKdir

�

xi �

andthenormal
vector ni point in roughly oppositedirections,whereasin
convex areasthey point in roughly the samedirection,see
Figure 11. This operatorenablesus to usea �rst classi�-
cationof the surface.The blue regionsshown in Figure11
refer to gyri, the red regions refer to sulci. The samecol-
orsareusedin Figure13(a),wherewe show anexampleof
classifyinga corticalsurfacebasedonmeancurvature.

n n

nKK K

Figure 11: Exploiting the meancurvature operator to dis-
tinguishbetweenconvex andconcaveregions.

6.2. GaussianCurvature

To further distinguishbetweenelliptic and hyperbolic re-
gions, i. e., separatelocal extrema from blendingregions,
weconsiderGaussiancurvature.WeuseanoperatorkG

�

xi �

,
whoselength is a discreteapproximationof the Gaussian
curvature,see29. We usekG

�

xi �

to createanotherBoolean
operatorGauss

�

xi �

, which is true if the vertex xi is a local
extremum(i. e., minimum for a sulcusor maximumfor a
gyrus).Theoperatorcompares2p with thesumof inneran-
glesq j of all the adjacentfacesof a vertex xi , seeFigure
12. In theplanarcase,theanglessumup to 2p. Whenxi is
anextremum,a planethroughxi exists,whereall neighbor
verticesof xi lie on onesideof that plane,seeFigure12.
Thus,the anglessumto a valuesmallerthan2p. Whenxi
is not anextremumandwe computethebest�tting planein
the least-squaressensethroughxi , the neighborverticeslie
above andbelow thatplane.In thissituation,theanglessum
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up to a valuelarger than2p. Hence,we areonly interested
in thesignof theoperatorkG

�

xi �

andde�ne it as

kGsign
�

xi � �

2p
�

Ni

å
j � 1

q j �

whereq j is theanglebetweenthedifferencevectorsx j �

xi
andx j

�

1 �

xi from vertex xi to its neighborsx j andx j
�

1,
seeFigure12.

xi

q j

Figure12: Datastencilusedfor Gaussiancurvatureestima-
tion.

In summary, our Booleanoperatorusedto de�ne surface
typeis

Gauss
�

xi � �




elliptic if kGsign
�

xi �
�

0
hyperbolic if kGsign

�

xi � 

0
�

On Figure13(b)we show a corticalsurfaceclassi�edbased
onGaussiancurvature.Redregionsindicateelliptic, bluere-
gionshyperbolicbehavior.

7. Segmentation

By combiningthe operatorsmeanandGauss, we segment
a surface.Exploiting both Booleanoperatorsleadsto four
differentcases,seeTable1. By detectingthe extremawith
Gaussin an areaknown to be either a sulcusor a gyrus,
we can explicitly localize the minima of a sulcusand the
maximaof a gyrus.Thesepoints are of particularinterest
to us as they are the seedpoints for generatinga topology
graph.Following theseregionssimpli�es the segmentation
andmakesit moreaccurate.Figure13(c)illustratesthis idea
by encodingsurfacetypeswith colorsaccordingto Table1.

mean
�

xi �

convex convex concave concave

Gauss
�

xi �

hyperb. elliptic hyperb. elliptic

color green yellow blue red

Table 1: Possiblecombinationsof surfacetypesaccording
to curvature.

The segmentationindicateswhere we can place “criti-
cal” points, and it implies a topological representationof
thesurface.We storetopologicalinformationin a topology

graph.Thetopologygraphconstructionreliesonthesegmen-
tation for the constructionof its nodesandusesa contour-
growing algorithmto generatetherelationships(edges).

Our graphsdescribethe topological relations between
sulci. We have chosento use the sulci as nodes,as they
are typically usedto recognizediseases;also they aresur-
roundedby themajorgyri.

A nodeis constructedby collapsingall theadjacentver-
tices lying on the samesulcus(i. e., its triangulation)at a
�x ed resolution.For eachnode,we determineits position
and its size by averagingthe positionsof the verticesbe-
longing to thesulcusandby computingthesizeof thearea
coveredby the sulcus.A relation(edge)betweentwo sulci
indicatesthat they arecloseto eachother. This information
is obtainedby growing acontourstartingfrom theboundary
of a sulcusS0. Whenthegrowing contourintersectsanother
sulcusSi , a relationbetweenS0 andSi is created.

Thecreationof thegraphis constrainedby anappropriate
numberof contour-growing stepsanda minimally expected
sizefor sulci.Theseconstraintsprovide uswith morelevel-
of-detail control,but they areindependentfrom the model.
Figure14 shows a very detailedgraphcontainingall small
folds and many relations(left) and a graphshowing only
majorsulci (right).

Figure14: Topology graphsfor differentlevelsof detail.

Figure 15 shows the results of hierarchicalsegmenta-
tion andtopologygraphgenerationfor four differenthuman
braindatasets.The�rst row shows thesegmentationsof the
sulci,highlightedin red,andthesecondrow shows theauto-
maticallygeneratedtopologygraphs.All surfacesweregen-
eratedby extractingisosurfacesusinganisovalueof approx-
imately90andby reducingresolutionto approximately20%
of theoriginalnumberof vertices.All graphshavenearlythe
samenumberof nodesandsamenumberof edges.

Although the positionsof the nodesare not the same
for thedifferentmodels,their generallayout is similar. The
topologygraphscanbeusedfor ahigh-level descriptionand
for matchingfeaturesbetweenatlasandpatientbrains.
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(a) Discretemeancurvature. (b) DiscreteGaussiancurvature. (c) Segmentation of cortical surface
(colorschemeaccordingto Table1.)

Figure13: Classifyingregionsbasedon discretecurvature estimations.

8. Conclusionand Futur eWork

We have describeda methodto segmentsurfacesbasedon
discretemeanand Gaussiancurvatureestimates.The sur-
facesareextractedfrom three-dimensionalimagingdataby
isosurfacing.To obtainsmoothisosurfaces,we apply three-
dimensionalsmoothingin apreprocessingstepanda“clean-
up” surface-growing algorithmin apostprocessingstep.The
choiceof isovalue can be validatedwith a tool that com-
paresvisually the original 2D slice datawith an extracted
isosurface.We generatea hierarchicalrepresentationof the
isosurface,whichallowsusto segmentthesurfaceatvarious
levelsof detail.

Figure16 (right) shows thatsegmentinga surfaceat low
resolution(8% of the original numberof vertices)leadsto
an extraction of the major surface features/characteristics,
whereasFigure 16 (left) shows that the segmentational-
gorithm, when applied to the surfaceat a high resolution
(100%),doesnot necessarilyproducemore relevant struc-
ture informationbut includessmall features,which do not
contributevery muchto theoverall shape.Consideringthis
observation, we can use low-resolution segmentationsto
generatesimpletopologygraphsof thesurface.

Our segmentationandgraphgenerationapproachis fully
automated,i. e., doesnot requireuserinteraction.By com-
bining geometry-with topology-basedtechniques,our ap-
proachis insensitive to varyingfeaturesizes(within oneob-
ject) andhigh inter-subjectvariation(whencomparingtwo
objects).For a bettervisualunderstanding,weprovide visu-
alizationtoolsonseverallevelsof resolutionandabstraction.

Figure16: Surfacesegmentationat differentresolutions.

Concerningfutureresearch,we will usetopologygraphs
to �nd an automaticmethod for brain mapping.Once a
globalbrainmappingis derivedfor acoarselevel of detail,it
is possibleto considerhigherresolutionsanddeterminelo-
calmappingsof surfaceregions.Theinitial globalmapping,
andthesegmentationit is generatedfrom, mayprovidecon-
straintsfor thelocal, �ne-detail mapping.
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