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ABSTRACT

Wepresentamethodthatmapsacomplex surfacegeometryto anequallycomplicated,similarsurface.Onemainobjective
of our effort is to develop technologyfor automaticallytransferringsurfaceannotationsfrom an atlasbrain to a subject
brain.While macroscopicregionsof brainsurfacesoftencorrespond,thedetailedsurfacegeometryof correspondingareas
canvary greatly. We have developeda methodthat simpli�es a subjectbrain's surfaceforming an abstractyet spatially
descriptivepointcloudrepresentation,whichwecanmatchto theabstractpointcloudrepresentationof theatlasbrainusing
an approachthat iteratively improvesthe correspondenceof points. The generationof the point cloud from the original
surfaceis basedonsurfacesmoothing,surfacesimpli�cation, surfaceclassi�cationwith respectto curvatureestimates,and
clusteringof uniformly classi�edregions.Segmentmappingis basedonspatialpartitioning,principalcomponentanalysis,
rigid af�ne transformation,andwarpingbasedon the thin-platespline(TPS)method. The result is a mappingbetween
topologicalcomponentsof theinput surfacesallowing for transferof annotations.

Keywords: Surfacemapping,surfacesegmentation,discretecurvature,PCA,thin-platesplines.

1. INTRODUCTION

The mappingof onesurfaceto anotherhasbeenthe subjectof researchin computergraphicsfor a long time. Many
automated,semi-automated,andinteractiveapproachesexist. Dependingon thedriving application,differentapproaches
arefavorable.We approachtheproblemfrom a neuroscienti�cbackground.

Surfacesrepresentingtheboundaryof amammalianand,in particular, humanbraincortex exhibit acomplex geometry
with many deepmeanderingfolds representinga two-manifoldsurface.Neuroscientistsrefer to thedeepfolds in a brain
cortex assulci. Thebumpsbetweenthe folds arecalledgyri. Exceptfor thecerebellumregion, sulci andgyri determine
theglobalshapeof a brain. Sulcalandgyral regionsareof interestfor mappingpurposessincethey delineatefunctional
brainareas.

Whenmappingannotationsfrom an atlasbrain surfaceto a subjectbrain surface,thegoal is to detectthe individual
gyral andsulcalregions,aswell asthecerebellum,and�nd a one-to-onecorrespondencebetweenregionsof theatlasand
thoseof thesubject.Due to inter-subjectvariation,thedetectionof correspondingbrain regionsis not trivial. Thesame
brainregionsfor two individuals,asidenti�ed by aneuroscientist,mayvary in size,location,orientation,andshape.Thus,
areliabledetectionof functionalbrainregionsasa �rst processingstepis essentialfor thesuccessof any mappingprocess.
The subjectbecomesparticularlychallengingwhenconsideringdiseasedbrains,wheresomefunctional regionscanbe
heavily deformedor notpresentat all. We donotattemptto solve theproblemof automaticallymappingheavily distorted
diseasedbrainsurfaces.However, webelieveourmethodcanbesupplementedby userguidanceto correctlymapdiseased
brainsurfaces.

Moregenerally, weaddresstheproblemof surfacemappingfor surfaceswith similarglobalgeometry. Ouralgorithms
arenot applicableto mappingof any two surfaces.Thesurfacesneedto exhibit commongeometricstructures.We detect
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featuresof thesurfacesandbaseour mappingon correspondencesof matchingfeatures.We do not requireotherbrain-
speci�c propertiessuchassymmetryor beingof genuszero,aslongasall suchgeometricpropertiesare/arenotco-existent
in bothsurfaces.

Our approachconsistsof two steps,thedetectionof functionalbrainregionsandthemappingof theseregions. In the
context of surfacemapping,we referto thebrainregionsassegmentsor surfacesegments. Thetwo stepsof our approach
arereferredto assurfacesegmentationandsegmentmapping.

Thesurfacesegmentationpart,describedin Section3, consistsof severalprocessingsteps.For example,startingwith a
surfaceobtainedby isosurfaceextractionfrom 3D medicalimagingdata(usuallycomputedtomography(CT) or magnetic
resonanceimaging (MRI) data), the surfacerepresentationcan be heavily in�uenced by noiseand scanningartifacts,
whichwe treatby applyingaLaplacian�lter . Theresultingsurfacecontainsbothhigh-andlow-frequency features,which
we simplify to eliminatehigh-frequency detailssincewe areprimarily interestedin “true” shapefeaturesandnot high-
frequency perturbations.Thesimpli�ed surfaceis segmentedbaseduponcurvature.We choosea thresholdthatseparates
concavefrom convex surfaceregions,leadingto aseparationof sulci from gyri. Separatedregionsareclustered(or merged)
to form regionsrepresentingfunctionalareasof a brain,which we call segments(sulci). We usethesesegmentsto de�ne
a dataabstractionin the form of a point cloud positionedby decomposingthe segmentsinto several subsegmentsand
replacingthesesubsegmentsby a vertex in thepoint cloudat thecentroidof eachsubsegment. Verticesfor two abstract
brainpoint cloudsarematchedto determinethemappingbetweensegments.Figure1 illustratesthesesteps.

(a) (d)

(b) (e)

(c)

Figure1.Matchingprocess.(a)Originalhigh-resolutionsurfacesaresmoothedandsimpli�ed toproducealow-resolutionrepresentation
(b). (c) Curvatureinformationis usedto segmentthesurfaceinto sulci (blue)andgyri (red)regions.(d) Sulcalregionsareconvertedto
points(reddots)which areiteratively matched(e).

Thesegmentmappingpart,describedin Section4, is basedon spatialexaminationof thepoint cloudusingprincipal
componentanalysis(PCA),combinedwith anon-linearglobalwarpingbetweentwo pointsetsbaseduponthin-platespline
(TPS)warps.Basedon thepointcloudwarping,verticesarematchedto oneanother, de�ning a mappingof theassociated
segments.This stepincludesa votingsystemto obtaina robustanderror-tolerantsegmentmapping.Thesurfacemapping
is de�ned asthecombinationof all segmentmappings.

Wehavechosenahybridmesh/point-cloudapproach,sinceameshrepresentationis favorablefor surfacesegmentation,
wherewe can exploit connectivity information, whereasthe point cloud representationis favorablefor unconstrained
mapping.We intentionallydecouplethetwo stepsto obtainindependentresults.Thevoting systemcombinesthemagain
while providing thepossibility to handleandcompensateerrorsresultingin bothsteps,i. e., surface-segmentationerrors
dueto noiseandmisclassi�cationerrorsduringmatching.



2. RELATED WORK

Severaldifferentapproachesexist for mappingtwo surfacesto eachother, e.g.,.1,2 A survey of existing meshparame-
terizationalgorithmsto maponemeshto anotheris given in.3 Thesemethodsaregeneralandcanoperateon any two
surfaces.In ourcase,we aredealingwith surfaces,which tendto bestructuredsimilarly ata macroscopicallevel andonly
differ in �ne detail.Thus,we proposeto exploit our constrainedenvironmentby automatically�nding homologouspoints
thattheuserwouldnormallyhaveto specifymanually.

A generalmappingalgorithmwould not assurethat a speci�c anatomicregion of the atlasbrain is mappedto the
correspondinganatomicregionof thesubjectbrain.Sinceweknow thatthesurfacesto bemappedhavesimilargeometrical
features,we canusethis a priori knowledgefor a correctmappingof correspondingfeatures.Mappingis still not straight
forward,asshapeandpositionof thesefeaturemayvarysigni�cantly dueto inter-subjectvariation.However, thefeatures
will haveacertainrelativepositionto eachotherthatdoesnotvarytoomuch.Wecanexploit this factby extractingfeatures
andde�ning themappingbasedon featurematching.Kraevoy andSheffer4 proposetheconceptof cross-paramterization,
which allows to �nd constraintparamterizations.Theconstraintscouldimposethemappingof homologouspoints.They
do not proposeany automaticdetectionof homologouspoints. Also, their approachcannotcompensatefor errorsmade
duringtheassignmentof homologouspoints,which is necessarywhendealingwith automaticapproaches.

Themethoddescribedin5 outlinesa processthatdeformssubjector testbrainvolumes(obtainedvia MRI) usingB-
splinesinto thespaceof a volumetricatlaswhichhasannotationinformationfor eachvoxel. A votingsystemis employed
to determinethemostlikely annotationfor eachvoxel in the subjectbrainvolume. Thedrawbackof usingB-splinesin
this context is that the B-splinedeformationfunction is an approximationto the requiredwarp andresultsin inaccurate
warpingwhenusinga low-densitygrid to de�ne the B-splines. This methodrequiresthe speci�cationof featurepoints
within thetwo volumesto setup thedeformation,which maybeselectedmanually, semi-automatically, or automatically.
Theclassi�cationmethoddescribedin6 usesnearest-neighborinformationto distinguishthesulcalregionsasopposedto
attemptingto matchthetopologicalstructureof thebrainsurface.

We have extendedthemethoddescribedin7 andprovide an overview of thegeneralprocessin the following. Given
two surfaces,we �rst segmenteachbasedon curvature.This step�nds thesulci andgyri of thebrainsurfaceaswell as
connectingregionsin-between.Next, weconstructahierarchicalgraphrepresentationfor bothsurfaces,wheregraphnodes
correspondto sulciandgyri triangle-patches,andgraphedgesrepresenthow thesulciandgyri areconnectedto eachother
over thesurface.Beginningwith a coarserepresentationof eachhierarchicalgraph,we thenmatchgraphnodesbasedon
spatiallocality andpropagatethosecorrespondencesupwardsin thehierarchy(from coarseto �ne levels)to �nally obtain
a completemapping.

Our contribution is the improvementof themappingby increasingthe likelihoodof correctlymatchingnodesof the
graphby usingalignmentandwarpingtechniques.Onecanimaginea spectrumin termsof numberof pointsusedfor
matchingsurfacefeatures.Onecouldusehigh-resolutionmeshes(consistingof severalthousandvertices)of bothsurfaces
andtry to matchthem. Or, onecouldsimplify sucha high-resolutionmeshto a “low-resolutionmesh”andusethat. The
methodwe have proposedin7 convertsa decimatedlow-resolutionmeshto anabstractgraphby convertingeachsegment
to a singlepoint andforming connectingedgesby analyzingsegmentconnectivity. Ideally, analgorithmwould matchthe
high-resolutionmeshestogether. Thisgoal,however, turnedoutto benot feasibledueto complexity andperformance.Our
proposedmethodconvertseachsegmentinto severalverticesleadingto a result“in-between.” We alsoimprove someof
theotherstepsusedin this approach—primarily, �ltering input surfacesandre�ning curvatureestimates.We do not use
thegraphstructure;rather, we divide sulcalsegmentsinto severalpiecesin orderto obtainspatialinformationregarding
thesegment.

3. SURFACE SEGMENTATION

We performanumberof stepsto �nd thesulcalandgyral regions.Thesestepsaredescribedin thefollowing sections.

3.1.Laplacian Filter

An isosurfaceextractedfrom 3D medical imaging dataoften suffers from noisecausedby varioussourcesduring the
imagingandextractionprocess.Sincesurfacesof anatomicalobjectstendto besmooth,a low-pass�lter canbeemployed
to reducethehigh-frequency noise(while maintainingtheactualdata). Iterative applicationof a simpleLaplacian�lter



hasprovento beeffective in many applicationareas.For triangularsurfacesmoothing,a discreteversionof theLaplacian
�lter appliedto a vertex p is de�ned by

L(p) = p � l � (p � p) ;

wherep is thebarycenterof theedge-connectedneighborverticesof p (1-ring),andtheconstantl regulatesthestepsize.

Sincesimultaneousapplicationof the Laplacian�lter to all verticesof the surfaceleadsto shrinking,we alternate
�ltering stepswith positive andnegative l , asproposedin.8 This approachkeepsthe volumeenclosedby the surface
nearlyconstant.A few iterationstepssuf�ce to obtainpleasingresults.Othersmoothingoperatorshavebeendevelopedto
only smoothalongthedirectionof thesurfacenormal,9,10 but in our casea relaxationof thetrianglesis desired,asmore
uniformtrianglesleadto betterresultsduringfurtherprocessing.Figure2 illustratessmoothingusingtheLaplacian�lter .

Before After

Figure2. Laplacian�lter application.

3.2.Surfacesimpli�cation

To simplify a high-resolutiontriangularmeshwe usea simpli�cation algorithm basedon progressive meshes.11 We
iteratively applyedge-collapseoperations.Althoughcollapsinganedgeis a simpleoperation,it canmodify topologyand
geometry. To ensureconsistency of our mesh,we useconsistency checksasdescribedin,12 basedon topologicalanalysis
in theneighborhoodof a collapseregion.

For eachedgeof the mesh,an error correspondingto the costof its collapseis computedandstored. Accordingto
this valueanorderedheapof edgesis created.During meshsimpli�cation, themethodidenti�es thetop edge,checksfor
consistency, and,if possible,collapsesit. This processis highly dependenton theerrormetricusedto decidewhich edge
to collapse.Many metricshave beenproposedfor edgecollapsealgorithmsover thepastdecade.11,13–15 Most of these
metricsattemptto preserve sharpedgesanddetails. Our objective is to remove detaileven in regionsof high curvature.
Thus,our errormetric is only basedon edgelength,andour maingoal is to createanevendistribution of verticeson the
surface.After a valid collapse,theaffectedneighborhoodis updatedaccordingly.

Topology(i. e., adjacency informationof triangles)andgeometry(i. e., positionof the resulting“collapse” vertices)
aremodi�ed by an edgecollapse.An edgecollapsesto its midpoint. (We decidednot to optimizethe positionto keep
computationcostslow.) Usingmidpointsalsoreducestherisk of self-intersections.

3.3.Curvature-basedClassi�cation

Themethodwe have presentedin7 usesa discretecurvatureestimateto distinguishbetweengyri andsulci, but a method
that provides“smooth” boundariesbetweenthesedifferentregionsis clearly moredesirable.By applyinga continuous
curvatureapproximationfor eachvertex in the mesh,we can�nd smoothboundariesbetweengyral andsulcalregions.
Theresultingsmoothboundarieslie on thesurfacetriangulation,but donotnecessarilyfollow triangleedges,asthey doin
themethoddiscussedin.7



Several approximationschemeshave beenproposedto estimatethe curvatureover a piecewise linear domain.16–18

More recently, curvaturetensorsbasedonconceptsof differentialgeometryhavebeenusedto computea piecewiselinear
curvaturetensor�eld. As describedin,19 thecurvaturetensorhasa local minimumalonganedgeanda local maximum
acrosstheedgeandcanbeestimatedfor any pointonanedge.By integratingthecontributionsof all edgesinsideacertain
domaincenteredatavertex, weobtainthecurvaturetensorfor aspeci�c vertex. Thetwo highesteigenvaluesof this tensor
aretheprincipalcurvatureestimatesof thevertex.

3.4.Clustering

Basedon thecontinuouscurvatureestimateswe canidentify similar regionssubjectto a properlychosenthreshold.For
example,thecurvatureestimatemayprovidea positivevaluefor abumpanda negativevaluefor a fold. Thus,a threshold
of zerowould allow oneto �nd a meaningfulsmoothboundarybetweenthetwo typesof features.This stepdetectsand
separatessulci andgyri of thebrainsurface.Figure3 shows theresult,asegmentedbraincortex.

Figure 3. Segmentedbrain cortex usingcurvature-basedclassi�cationandclusteringafter surfacesmoothingandsimpli�cation. De-
tectedsulci areshown in red.

4. SEGMENT MAPPING

We convert thesegmentsrepresentingthesulci into anabstractpoint cloudthatrepresentsthesegmentsspatiallyfor each
brain surface. This stepis performedby converting the groupsof trianglesrepresentingeachsegmentinto a numberof
representative verticesin the point cloud. Oncethis point cloud is constructed,we usean iterative matchingschemeto
establishcorrespondencesfor theverticesof theatlaspoint cloudandthoseof thesubjectpoint cloud. Oncematched,we
employ a voting systemto determinethe correspondenceof atlasregionsto thosein the subjectbrain. Thesestepsare
describedin moredetail in thefollowing sections.

Onemayalsoconsidertheabstractpointsasdatapoints,sincethey capturemoreinformationthanmerelyposition.In
particular, they storereferencesto thesegmentsthatwereusedfor theirgeneration.Thisadditionalinformationis exploited
by thevotingsystemto evaluatethe“votes.”

4.1.SegmentPartitioning

Segmentsarebrokeninto manageablepiecesby partitioningthemusingabinaryspacepartition(BSP).Largemeandering
segmentsareconvertedto severalnodesto spatiallytrackthesegment.Smallersegmentsmaybeconvertedto onenode.

Caremustbetakenwhenconvertingsegmentsto verticesin thepoint cloud. Consider, for example,a segmentthat is
shapedlikea tuningfork, seeFigure4. Thespacepartitioningneedsto becarefullytunedto accuratelyrepresentcomplex



segmenttopologies.Althoughwe aredealingwith surfacesandnot volumes,we have foundthata BSPapproach(when
taking into accountthe problemshown in Figure4) works well for our brain datasets. For otherdatasets,it may be
bene�cial to replacetheBSPstepwith asurface-basedspacepartitioningmethod.

Figure4. The“tuning fork” problemthatoccurswhenconvertingsegmentsto nodesinapoint cloud.Left imageshows “tongs” thatare
not representedsuf�ciently by thepoint cloudvertices(reddots).Right imageshows asuf�cient representationof thefork.

It is crucialto capturesuf�cient spatialinformationfor eachsegment.However, onemustalsobeawareof thetradeoff
betweenhaving toomany verticesandnothavingenough.Toomany verticescancauseabottleneckdueto timecomplexity.
However, nothaving enoughverticesto representsegmentsspatiallycanresultin poorsegmentmatching.

4.2. Initial Homology

We useaniterativeprocessto align theverticesin theabstractpoint clouds.We takeadvantageof symmetryandautomat-
ically �nd severalhomologouspointsin thetwo brainsbeingmapped.We useasequenceof PCAsteps,appliedto subsets
of pointsto �nd homologouspointsin space.Theprocessis describedfor onebrain.First,we applyPCA to theentireset
of pointsto �nd thecentroid(homologouspoint h1) andprincipal componentsof thedata. Then,we partition thebrain
into two halvesusingthesagitalplane(i. e.,theverticalplaneseparatingleft andright halves)determinedby theprincipal
axes.Operatingoneachhalf separately, weapplyPCAto eachhalf, �nding thecentroidof thehalves(homologouspoints
h2 andh3 for theleft andright halves,respectively). Next, we partitioneachhalf into four subregions,basedon thePCA
axes,with orthogonalhorizontalandverticalplanespassingthrougheachhalves' centroid. Finding thecentroidof each
of thesubregionsyields homologouspointsh4;h5;h6, andh7 for the left half, andh8;h9;h10, andh11 for the right half.
Figure5 illustratesthis process.

4.3.Matching

After identifying a few key homologouspoints,we begin aniterativeprocessthatalignsandwarpsthesubjectbrainpoint
cloud into thespaceof theatlaspoint cloud. We assumethat,afterwarpinginto thespaceof theatlas,verticesnearthe
“correctly” matchedverticesmatchup,aswell. Weuseatight tolerancethatonly permitsthematchingof a few verticesat
eachiteration.Usingthesenew verticesto re-de�nethewarp,we iteratively improvethewarpingof spaceto betterline-up
theverticesin thepoint clouds.

We draw upontwo methodsthat areoften usedin the context of biological morphometrics.The �rst is Procrustes
method(calledHorn'smethodin computervision);andthesecondis theTPSwarp.We brie�y describebothmethods.

4.3.1.Horn'sMethod

Givenaretwo point setsP = f p0;p1; : : : ;png andQ = f q0;q1; : : : ;qng, wherepointswith thesameindicescorrespondto
eachother. Thereexistsanaf�ne transformationconsistingof a translation,scalingoperation,androtationthatminimizes
å n

i= 0 k pi � qi k. Detailsfor determiningthis transformationareprovidedin.20



Figure5.Findinghomologouspointsby partitioningeachbrainbasedonPCAaxes.Upper-left imageshowsinputbrainsurface.Upper-
right imageshows partitioninginto two halves. Lower-left imageshows right half of brain. Lower-right imageshows partitioningof
right half into four subregions.

This transformationallows for an initial alignmentof thepoint setsso that they areascloseto eachotheraspossible
usinganoptimalrigid af�ne transformation.However, thecorrespondingpointpairs(pi ;qi) arenotnecessarilynearenough
(spatially)to imply correspondencesbetweenneighboringvertices.Thus,we includetheadditionalstepof warpingone
pointsetinto thespaceof theotherto furtherimprovecorrespondence.

4.3.2.Thin-plate SplineMethod

The af�ne transformationonly providesan initial, roughalignment. If two surfacesaresubstantiallydifferent,in terms
of featuresandtheir distribution, it is impossibleto mapthemusingonly a rigid transformation.A warpingtechnique
commonlyusedin biological morphometicsfor quantitative measurementas well as warping andmorphingpurposes,
calledtheTPSmethod,is brie�y describedin thefollowing.

Givenaretwo point setsP = f p0;p1; : : : ;png andQ = f q0;q1; : : : ;qng, wherepointswith thesameindex correspond
to eachother. To constructa one-waywarpfrom P to Q, we �rst computethedifferencevectorsetbetweenthetwo point
sets,i. e., D = f q0 � p0;q1 � p1; : : : ;qn � png. For 3D differencevectors,we constructthreecomponentfunctions(or
“height �elds”) for thex;y, andz componentsof D sothatthevalueof thecomponentfunctionis the“height” positioned
at the locationsin P. Next, we constructinterpolatingfunctionsX;Y andZ througheachheight �eld, suchthat D i =
(X(pi);Y(pi);Z(pi)) .

Givena point p = f x;y;zg in thespaceof P thatwe wantto warpto a point in thespaceof Q, yielding p0, we sample
X;Y andZ at p to determinetheoffsetsneededto translate(or warp) thepoint, i. e., p0= (x+ X(p);y+ Y(p);z+ Z(p)) .
Figure6 showsa 2D exampleof thisprocess.

Thestandardmethodfor constructingthe interpolatingsurfacesfor X;Y andZ in biological morphometricsis based
on theTPSapproach.TheTPSminimizesthe“bendingenergy” de�ned by thesecondderivative, constrainsthesecond
derivativeto zeroat in�nity , andprovidesasmoothsurface.Othersurfaceapproximationor interpolationschemes,suchas
thosediscussedin21 and,22 couldbeused,but theTPSmethodis theonethatis generallyacceptedin biologicalsciences.
A moredetaileddescriptionof TPS-basedwarpingin biologicalsciencesis providedin.23,24

Theadvantageof computinginterpolating(or approximating)componentfunctions(height�elds) is thefactthat they
canbe sampledat any location,not just at thosein P. We take advantageof this fact sincewe want to useonly a few
pointsto de�ne thewarpfrom anunknown brainP to anatlasbrainQ. We cantransformall verticesin thesubjectbrain
into the spaceof the atlasbrain. Consequently, thesetransformedverticesshouldlie moreclosely to their counterpart
(or corresponding)verticesin theatlasbrain. Findinga few pointsthatarecloseto eachotherat this point, addingthem
to P andQ, re-computingthe warp from P to Q, andtransformingthe unknown pointsagain,iteratively improvestheir
positions.
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X,Y-offsetsfrom “red” �sh to “blue” �sh

X-offsetcomponentasfunctionof x andy

Y-offsetcomponentasfunctionof x andy

Offsetvectors

Figure 6. Warpingprocess.Top imageshows input surfaceswith homologouspointsmarked aswhite boxes. The next imagesshow
thedifferencevectorsthatareusedto computethecomponentfunctions(X andY). Bottomimageshows thedifferencevectorsthatare
obtainedwhensamplingthecomponentfunctions.

4.3.3.Iteration

Figure7 shows the initial alignmentof two brainpoint cloudsafter beingalignedandwarpedusingHorn's methodand
TPSwarping,respectively. Blue dotsindicatetheatlaspoint cloud,andreddotsindicatethesubjectpoint cloud. At each
iteration,we mustchoosea small numberof pointsto matchin preparationfor the next iteration. This is donein three
steps.First,for eachunmatchedpointai in theatlaspointcloud,we�nd theclosestunmatchedpointsj in thesubjectpoint
cloud.Second,to computeaselection“weight” wi; j , weweigheachpairbasedonhow farawaythetwo pointsarefrom the
nearestmatchedpointm (m representingonepoint from theatlasandonefrom thesubject,beingexactly thesame).Thus,
theweight wi; j is computedaswi; j = di; jdid j , wheredi; j is thedistancebetweenai andsj , di is thedistancebetweenai



Figure 7. Initial warp basedon automaticallychosenhomologouspoints. Blue dots indicatethe atlaspoint cloud and the red dots
indicatethesubjectpoint cloud.

andm, andd j is thedistancebetweensj andm. Finally, wechooseM pairshaving thesmallestvaluesfor their respective
weightswi; j . Typically, weselectM to bebetween4 and6 sothatwehave to matchonly a smallnumberof pointsat each
iteration,ensuringthatthewarpedspacedoesnot changedramaticallybetweeniterations.

Theiterationprocessis terminatedby exhaustingall possiblepointpairs,eitherby matchingall pointsor by nothaving
apointpair thatis within aspeci�edtolerance.A maximumdistancerequirementfor pointpairsis neededtowardstheend
of the iterative processwhennearlyall pointsarematched.Without themaximum-distancerequirement,pointsthat are
quitedistantfrom oneanotherarematchedcausingproblemswith thedeformedspaceandincorrectlymatchedsegments.

4.4.Voting System

Oncetheiterativeprocessterminates,we classifythesubjectsegmentsby examiningtheratiosof atlassegmentsthathave
beenmatchedto eachsubjectsegment. Keepingin mind that eachsulcal region may be representedby several points
in eachpoint cloud, we introducea voting systemto evaluatesegmentmatching. Eachatlassegmentis mappedto the
subjectsegment,with whosepointsthemajority of theatlassegment'spointshave beenmatched.Usinga voting system,
we canaccountfor somemismatchesandwe cangive andassurereliability measuresfor our mapping.Moreover, large
meanderingatlassegmentsmaymapto severalsegmentsin thesubjectbrain.Ouralgorithmallowsfor suchaone-to-many
correspondence.However, severalsmallatlassegmentscanalsobemappedto largemeanderingsegmentsin thesubject
brain (many-to-onecorrespondence).The correctapproachwould be to split the subjectsegmentand map eachatlas
segmentto a correspondingsubdivided subjectsegment. Our currentimplementationsimply choosesthe atlassegment
that matchesmorepointsandwe leave this splitting techniqueaswell asmany-to-many correspondencesasa topic of
futurework.

5. RESULTS AND DISCUSSION

Our �rst exampledemonstratesthesegmentmatchingfor a simplesurfaceobtainedusinga laserrangescanof clay brain
models. Figure 8 shows the transferenceof coloredsulcal segmentsonto the subjectbrain. This visualizationnicely
demonstratesthat our methodis capableof matchingcorrespondingfeatures,even if their locationvariessigni�cantly
from onebrainto theother.

Figure8 alsoindicatesthat it is importantto includemany-to-oneandmany-to-many correspondences.Thesegment
coloredin magentaon the left is matchedwith a “Y-shaped”segmenton the right. The Y-shapedsulcusis represented
by onesegmentfor the subjectbrain but by morethanonesegmentfor the atlasbrain. In our currentimplementation,
only oneof thesegmentsof theatlasbrain is matched.Theatlasbrainsegmentrepresentingthesecond“branch” of the
Y-shapedsulcushasnotbeenmatchedand,thus,is notdisplayed.A many-to-oneor many-to-many correspondencecould
beestablishedby applyingthemappingin bothdirectionsandcombiningthetwo results.

Our secondexampledemonstratesour methodwhenappliedto a humanbraincortex. Figure9 shows a top view and
Figure10 shows an imageviewing the right sideof thebrain. This examplerequiredabout45 minutesto completethe



Figure8. Mappingof coloredsulcalsegmentsfrom claymodelsfrom atlasbrain(left) to subjectbrain(right).

matchingprocessonaPCwith a1GHzPentiumIII processorand512MBRAM. Therewereapproximately2100vertices
in thepointclouds,andwematchedonly six verticesperiteration.

Figure 9. Top view of braincortex. Left imageshows theatlasbrainandright imageshows themappingof atlassulci ontothesubject
brain.

Performanceconsiderationsaresimple.Thereis atradeoff betweenmatchingreliability andtimecomplexity. For brain
surfaces,wehavefoundthatbetween1000and2000pointsprovidesuf�cient spatialinformationfor thesulcalregions,and
onecanobtainreasonablemappings.Themorepointsoneuses,themorethevoting systembecomesstatisticallyreliable.
However, thereare two bottlenecks:Finding which verticesto matchat eachiteration, and computingthe TPS warp.
Finding pointscanbe optimizedby spacepartitioning, thoughthe TPScomputationwill alwayshave time complexity
O(N2), whereN is thenumberof matchedverticesusedto setup theTPStransformation.In our implementation,for the
imagescomputedin Figures9 and10, we have found thateachiterationrequiresabouteightsecondsfor approximately
320iterationsonastandardPentiumworkstation.Memoryrequirementswereminimal.

The applicability of our approachis limited to surfaceswith similar (global) geometricstructures.Our algorithmis
basedon detectingsuchstructures(or features)andmatchingthemto derive a surfacemapping. We believe that many
surfacemappingor surfacemorphingapplicationsdealwith surfaceswith similargeometricproperties.Thus,thereshould
bemany otherapplicationsfor ourapproach.Ouralgorithmshouldalsobeableto handlesurfacesof high genusandeven
surfaceswith non-connectedparts,but wehavenot tried it onsuchdatasetsyet.



Figure10.Rightview of braincortex. Left imageshowstheatlasbrainandright imageshowsthemappingof atlassulciontothesubject
brain.

6. CONCLUSIONS AND FUTURE WORK

Wehavepresentedamethodfor automaticfeature-basedsurfacemapping.Ourapproachis applicableto any surfaceswith
similar geometricstructure.By detectingfeaturesandusingthemto establishcorrespondencesbetweenthesurface,our
methodis capableof matchingcomplex surfacegeometriessuchasbraincortices.

Ourapproachconsistsof two steps,a surfacesegmentationanda segmentmatching.Thesurfacesegmentationmakes
useof discretecurvatureestimatesto classify the surfaceinto regionsof well-de�ned geometricregions. The segment
matchingis basedon spacewarpingappliedto a point cloud that hasbeenderived from the segmentation.Thesetwo
decoupledstepsarebroughttogetherby avotingsystemthatdeterminesthebestmatches.Thevotingsystemis tolerantto
errorsmadein bothprecedingstepsandcanassurereliability measures.

Oneenhancementwe plan to devise is a stepthat improvesthe matchingprocessby arbitrarily removing someof
the matchedverticesso that they canbe rematchedin a future iteration. The ideais that, if therewasan error early in
thematchingprocess,themismatchcanbe�x edby removing thematchedpair andallowing themto re-matchto possibly
anothersegment.To determinewhichmatchedpairsto repeatthisprocessfor couldalsobedrivenby thesegmentmatching
percentageswheresegmentsthathavealow matchingratioareun-matchedandcouldbeconsideredfor are-matchingstep.
If they matchbackto theoriginal segment,thenit mostlikely wasa correctmatch.

In orderto adaptthis methodto highly distorted(e.g., diseased)brains,it is necessaryto manuallyspecifythehomol-
ogouspointsusedto begin the�rst iteration.Oncethishomologyis de�ned, theiterativeprocesscanautomaticallymatch
segments.
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