Automatic Feature-based Surface Mapping for Brain Cortices
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ABSTRACT

We presentimethodthatmapsa complec surfacegeometryto anequallycomplicatedsimilar surface.Onemainobjective

of our effort is to develop technologyfor automaticallytransferringsurfaceannotationdrom an atlasbrain to a subject
brain. While macroscopicegionsof brainsurfacesoftencorrespondthe detailedsurfacegeometryof correspondingreas
canvary greatly We have developeda methodthatsimpli es a subjectbrain's surfaceforming an abstractyet spatially
descriptive pointcloudrepresentationyhichwe canmatchto theabstracpoint cloudrepresentationf theatlasbrainusing

an approachhatiteratively improvesthe correspondencef points. The generatiorof the point cloud from the original

surfaceis basedn surfacesmoothing surfacesimpli cation, surfaceclassi cationwith respecto curvatureestimatesand

clusteringof uniformly classi edregions. Segmentmappings basecdn spatialpartitioning,principalcomponenanalysis,
rigid af ne transformationandwarpingbasedon the thin-platespline (TPS) method. The resultis a mappingbetween
topologicalcomponentsf theinput surfacesallowing for transferof annotations.

Keywords: Surfacemapping surfacesegmentationdiscretecurvature PCA, thin-platesplines.

1.INTRODUCTION

The mappingof one surfaceto anotherhasbeenthe subjectof researchin computergraphicsfor a long time. Many
automatedsemi-automatedindinteractize approachesxist. Dependingon the driving application differentapproaches
arefavorable.We approachhe problemfrom a neuroscienti cbackground.

Surfacegepresentingheboundaryof amammaliarand,in particulay humanbraincortex exhibit acomplex geometry
with mary deepmeanderindolds representing two-manifoldsurface. Neuroscientistsefer to the deepfolds in a brain
cortex assulci. The bumpsbetweerthe folds arecalledgyri. Exceptfor the cerebellunregion, sulci andgyri determine
the global shapeof a brain. Sulcalandgyral regionsare of interestfor mappingpurposesincethey delineatefunctional
brainareas.

Whenmappingannotationdrom an atlasbrain surfaceto a subjectbrain surface,the goalis to detectthe individual
gyralandsulcalregions,aswell asthecerebellumand nd aone-to-oneorrespondenceetweerregionsof theatlasand
thoseof the subject. Dueto inter-subjectvariation, the detectionof correspondindprainregionsis not trivial. The same
brainregionsfor two individuals,asidenti ed by a neuroscientistmayvaryin size,location,orientation andshape Thus,
areliabledetectiorof functionalbrainregionsasa rst processingtepis essentiafor thesuccessf arny mappingprocess.
The subjectbecomegarticularly challengingwhen consideringdiseasedrains,where somefunctional regions can be
heavily deformedor not presenttall. We do not attemptto solve the problemof automaticallymappingheavily distorted
diseasedbrainsurfaces However, we believe our methodcanbe supplementetly userguidanceo correctlymapdiseased
brainsurfaces.

More generallywe addresshe problemof surfacemappingfor surfaceswith similar globalgeometry Our algorithms
arenot applicableto mappingof any two surfaces.The surfacesneedto exhibit commongeometricstructures We detect
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featuresof the surfacesandbaseour mappingon correspondencesf matchingfeatures.We do not requireotherbrain-
speci c propertiesuchassymmetryor beingof genuszero,aslongasall suchgeometrigpropertiesare/arenot co-existent
in bothsurfaces.

Our approactronsistof two stepsthe detectionof functionalbrainregionsandthe mappingof theseregions. In the
context of surfacemappingwe referto the brainregionsassegmentsor surfaceseggments Thetwo stepsof our approach
arereferredto assurfacesegmentatiorandsegmentmapping.

Thesurfacesggmentatiorpart,describedn Section3, consistof severalprocessingteps. For example startingwith a
surfaceobtainedby isosurficeextractionfrom 3D medicalimagingdata(usuallycomputedomography(CT) or magnetic
resonancemaging (MRI) data), the surfacerepresentatiortan be heavily in uenced by noise and scanningartifacts,
whichwe treatby applyinga Laplacian Iter . Theresultingsurfacecontainsbothhigh- andlow-frequeng featureswhich
we simplify to eliminatehigh-frequenyg detailssincewe are primarily interestedn “true” shapefeaturesandnot high-
frequeng perturbationsThe simpli ed surfaceis sggmentedaseduponcurvature. We choosea thresholdthatseparates
concaefrom corvex surfaceregions,leadingto aseparatiomf sulcifrom gyri. Separatedegionsareclusteredor memged)
to form regionsrepresentingunctionalareasof a brain, which we call sggments(sulci). We usethesesggmentsto de ne
a dataabstractionin the form of a point cloud positionedby decomposinghe segmentsinto several subsgmentsand
replacingthesesubsgmentsby a vertex in the point cloud at the centroidof eachsubsgment. Verticesfor two abstract
brainpoint cloudsarematchedo determinehe mappingbetweersegments.Figurel illustratesthesesteps.
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Figure 1. Matchingprocess(a) Originalhigh-resolutiorsurfacesaresmoothedindsimpli ed to producealow-resolutionrepresentation
(b). (c) Curvatureinformationis usedto segmentthe surfaceinto sulci (blue)andgyri (red)regions. (d) Sulcalregionsareconvertedto
points(reddots)which areiteratively matchede).

The sggmentmappingpart, describedn Section4, is basedon spatialexaminationof the point cloud usingprincipal
componenanalysifPCA),combinedwith anon-linearglobalwarpingbetweerntwo pointsetsbasediponthin-platespline
(TPS)warps.Basedon the point cloudwarping,verticesarematchedo oneanotheyde ning a mappingof theassociated
segments.This stepincludesa voting systemto obtaina robustanderrortolerantsggmentmapping.The surfacemapping
is de ned asthe combinationof all sgmentmappings.

We have choserahybridmesh/point-clouépproachsinceameshrepresentatiois favorablefor surfacesegmentation,
wherewe can exploit connectvity information, whereasthe point cloud representatioris favorable for unconstrained
mapping.We intentionallydecouplehetwo stepsto obtainindependentesults.The voting systemcombineghemagain
while providing the possibility to handleand compensaterrorsresultingin both steps,i. e., surface-sgmentatiorerrors
dueto noiseandmisclassi cationerrorsduringmatching.



2. RELATED WORK

Several differentapproachesxist for mappingtwo surfacesto eachother e.g.,1'? A sunwey of existing meshparame-
terizationalgorithmsto map one meshto anotheris givenin.®  Thesemethodsare generaland canoperateon ary two

surfaces.In our casewe aredealingwith surfaceswhich tendto bestructuredsimilarly ata macroscopicakevel andonly

differin ne detail. Thus,we proposeo exploit our constraineenvironmentby automaticallynding homologousoints
thatthe userwould normally have to specifymanually

A generalmappingalgorithmwould not assurethat a speci ¢ anatomicregion of the atlasbrain is mappedto the
correspondingnatomiaegion of thesubjectbrain. Sincewe know thatthesurfacego bemappechave similargeometrical
featureswe canusethis a priori knowledgefor a correctmappingof correspondindeatures Mappingis still not straight
forward,asshapeandpositionof thesefeaturemayvary signi cantly dueto inter-subjectvariation. However, thefeatures
will haveacertainrelative positionto eachotherthatdoesnotvarytoo much.We canexploit thisfactby extractingfeatures
andde ning themappingbasecn featurematching.Kraevoy andShefer* proposethe concepif cross-paramterization,
whichallowsto nd constraintparamterizationsThe constraintscouldimposethe mappingof homologougpoints. They
do not proposeary automaticdetectionof homologousoints. Also, their approachcannotcompensatéor errorsmade
duringtheassignmenof homologougoints,whichis necessarywhendealingwith automaticapproaches.

The methoddescribedn® outlinesa procesghat deformssubjector testbrain volumes(obtainedvia MRI) usingB-
splinesinto the spaceof a volumetricatlaswhich hasannotatiorinformationfor eachvoxel. A voting systemis employed
to determinethe mostlikely annotationfor eachvoxel in the subjectbrain volume. The drawbackof using B-splinesin
this contet is that the B-spline deformationfunction is an approximationto the requiredwarp andresultsin inaccurate
warpingwhenusinga low-densitygrid to de ne the B-splines. This methodrequiresthe speci cation of featurepoints
within thetwo volumesto setup the deformationwhich may be selectednanually semi-automaticallyor automatically
The classi cationmethoddescribedn® usesnearest-neighbdnformationto distinguishthe sulcalregionsasopposedo
attemptingto matchthetopologicalstructureof the brainsurface.

We have extendedthe methoddescribedn’ and provide an overview of the generalprocessn the following. Given
two surfaceswe rst segmenteachbasedon curvature. This step nds the sulci andgyri of the brain surfaceaswell as
connectingegionsin-betweenNext, we construct hierarchicabraphrepresentatiofor bothsurfaceswheregraphnodes
correspondo sulciandgyri triangle-patchesandgraphedgesepresenhow the sulciandgyri areconnectedo eachother
overthesurface.Beginningwith a coarserepresentationf eachhierarchicalgraph,we thenmatchgraphnodesbasedn
spatiallocality andpropagateéhosecorrespondencagwardsin the hierarchy(from coarseo ne levels)to nally obtain
acompletemapping.

Our contrikbution is the improvementof the mappingby increasingthe likelihood of correctlymatchingnodesof the
graphby using alignmentandwarpingtechnigques.One canimaginea spectrumin termsof numberof pointsusedfor
matchingsurfacefeatures Onecouldusehigh-resolutiormeshegconsistingof severalthousandrertices)of bothsurfaces
andtry to matchthem. Or, onecould simplify sucha high-resolutiormeshto a “low-resolutionmesh”andusethat. The
methodwe have proposedn’ corvertsa decimatedow-resolutionmeshto an abstracgraphby corvertingeachsegment
to a singlepointandforming connectingedgesby analyzingseggmentconnectvity. Ideally, analgorithmwould matchthe
high-resolutiormeshegogether This goal,however, turnedoutto be notfeasibledueto compleity andperformanceOur
proposedmethodcorvertseachsggmentinto several verticesleadingto a result“in-between’ We alsoimprove someof
the otherstepsusedin this approach—primarily Itering input surfacesandre ning curvatureestimatesWe do not use
the graphstructure;rather we divide sulcalsegmentsinto several piecesin orderto obtainspatialinformationregarding
theseggment.

3. SURFACE SEGMENTATION

We performanumberof stepsto nd thesulcalandgyral regions. Thesestepsaredescribedn thefollowing sections.

3.1.Laplacian Filter

An isosurficeextractedfrom 3D medicalimaging dataoften suffers from noise causedby varioussourcesduring the
imagingandextractionprocessSincesurfacesof anatomicabbjectstendto be smooth,alow-passiter canbeemployed
to reducethe high-frequeng noise (while maintainingthe actualdata). lterative applicationof a simple Laplacian Iter



hasprovento beeffective in mary applicationareas For triangularsurfacesmoothinga discreteversionof the Laplacian
Iter appliedto avertex p is de ned by

Le)=p I (P P
wherep is thebarycentenf the edge-connectedeighborverticesof p (1-ring),andtheconstant regulateshe stepsize.

Sincesimultaneousapplicationof the Laplacian lter to all verticesof the surfaceleadsto shrinking, we alternate
ltering stepswith positive andnegative | , asproposedn.® This approactkeepsthe volume enclosedby the surface
nearlyconstantA few iterationstepssufce to obtainpleasingresults.Othersmoothingoperatorsave beendevelopedto
only smoothalongthedirectionof the surfacenormal?1° but in our casea relaxationof the trianglesis desired asmore
uniformtrianglesleadto betterresultsduringfurtherprocessingFigure?2 illustratessmoothingusingthe Laplacian Iter .
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Figure 2. Laplacian lter application.

3.2. Surfacesimpli cation

To simplify a high-resolutiontriangularmeshwe usea simpli cation algorithm basedon progressie meshes:! We
iteratively apply edge-collapseperations Although collapsinganedgeis a simpleoperation,t canmodify topologyand
geometry To ensureconsisteng of our meshwe useconsisteng checksasdescribedn,? basecdon topologicalanalysis
in the neighborhoof a collapseregion.

For eachedgeof the mesh,an error correspondindo the costof its collapseis computedand stored. Accordingto
this valuean orderedheapof edgesds created.During meshsimpli cation, the methodidenti es thetop edge,checksfor
consisteng, and,if possiblecollapsest. This processs highly dependentn the errormetric usedto decidewhich edge
to collapse.Many metricshave beenproposedor edgecollapsealgorithmsover the pastdecadet13-15 Most of these
metricsattemptto presere sharpedgesanddetails. Our objectie is to remove detail evenin regionsof high curvature.
Thus,our errormetricis only basedon edgelength,andour maingoalis to createan evendistribution of verticeson the
surface.After avalid collapsetheaffectedneighborhoods updatedaccordingly

Topology (i. e., adjaceng information of triangles)and geometry(i. e., position of the resulting“collapse” vertices)
aremodi ed by anedgecollapse. An edgecollapsego its midpoint. (We decidednot to optimizethe positionto keep
computatiorcostslow.) Usingmidpointsalsoreducedherisk of self-intersections.

3.3. Curvature-basedClassi cation

The methodwe have presentedn’ usesa discretecurvatureestimateto distinguishbetweergyri andsulci, but a method
that provides“smooth” boundariedetweenthesedifferentregionsis clearly more desirable.By applyinga continuous
curvatureapproximationfor eachvertex in the mesh,we can nd smoothboundariedbetweengyral and sulcalregions.
Theresultingsmoothboundariedie onthesurfacetriangulation but do not necessarilyollow triangleedgesasthey doin
themethoddiscussedh.”



Several approximationschemeshave beenproposedo estimatethe curvatureover a piecavise linear domain16-18
More recently curvaturetensorsbasedn conceptf differentialgeometryhave beenusedto computea piecaviselinear
curvaturetensor eld. As describedn,'® the curvaturetensorhasa local minimumalongan edgeanda local maximum
acrosgheedgeandcanbeestimatedor arny pointon anedge.By integratingthe contributionsof all edgesnsideacertain
domaincenterechtavertex, we obtainthe curvaturetensorfor aspeci ¢ vertex. Thetwo highesteigervaluesof thistensor
arethe principal curvatureestimateof thevertex.

3.4.Clustering

Basedon the continuouscurvatureestimatesve canidentify similar regionssubjectto a properlychoserthreshold. For
example the curvatureestimatemay provide a positive valuefor abumpanda negative valuefor afold. Thus,athreshold
of zerowould allow oneto nd ameaningfulsmoothboundarybetweerthetwo typesof features.This stepdetectsand
separatesulciandgyri of thebrainsurface.Figure3 shavs theresult,a segmentecbrain cortex.

Figure 3. Segmentedbrain cortex usingcunature-basedlassi cation andclusteringafter surfacesmoothingand simpli cation. De-
tectedsulciareshavn in red.

4. SEGMENT MAPPING

We corvertthe sggmentsrepresentinghe sulciinto anabstracipoint cloudthatrepresentshe sggmentsspatiallyfor each
brainsurface. This stepis performedby corverting the groupsof trianglesrepresentinggachsegmentinto a numberof
representatie verticesin the point cloud. Oncethis point cloudis constructedwe usean iteratve matchingschemeto
establishcorrespondencdsr the verticesof the atlaspoint cloud andthoseof the subjectpoint cloud. Oncematchedwe
employ a voting systemto determinethe correspondencef atlasregionsto thosein the subjectbrain. Thesestepsare
describedn moredetailin thefollowing sections.

Onemayalsoconsiderthe abstracpointsasdatapoints,sincethey capturemoreinformationthanmerelyposition.In
particular they storereferenceso thesegmentshatwereusedfor theirgenerationThis additionalinformationis exploited
by thevoting systemto evaluatethe“votes’

4.1. SegmentPartitioning

Segmentsarebrokeninto manageablpieceshy partitioningthemusinga binary spacepartition (BSP).Largemeandering
segmentsarecorvertedto severalnodesto spatiallytrackthe segment.Smallersegmentsmay be corvertedto onenode.

Caremustbetakenwhencorvertingsegmentsto verticesin the point cloud. Consideffor example,a sggmentthatis
shapedik e atuningfork, seeFigure4. The spaceartitioningneeddo be carefullytunedto accuratelyrepresentomplec



segmenttopologies.Althoughwe aredealingwith surfacesandnot volumes,we have foundthata BSPapproachwhen
taking into accountthe problemshavn in Figure 4) works well for our brain datasets. For other datasets,it may be
bene cialto replacethe BSPstepwith a surface-basedpaceartitioningmethod.

Figure 4. The“tuning fork” problemthatoccurswhenconverting sggmentsto nodesina point cloud. Left imageshaws “tongs” thatare
notrepresentedufciently by the pointcloudvertices(reddots).Rightimageshavs a sufcient representationf thefork.

It is crucialto capturesufcient spatialinformationfor eachseggment.However, onemustalsobe awareof thetradeof
betweerhaving toomary verticesandnothaving enough.Toomary verticescancauseabottleneckdueto time compleity.
However, not having enoughverticesto represensggmentsspatiallycanresultin poorsegmentmatching.

4.2.Initial Homology

We useaniterative procesgo aligntheverticesin the abstracpoint clouds.We take advantageof symmetryandautomat-
ically nd severalhomologougpointsin thetwo brainsbeingmapped We usea sequencef PCA stepsappliedto subsets
of pointsto nd homologougointsin space.Theprocesss describedor onebrain. First, we apply PCA to theentireset
of pointsto nd the centroid(homologousoint h;) andprincipal component®f the data. Then,we partitionthe brain
into two halvesusingthe sagitalplane(i. e.,thevertical planeseparatindeft andright halves)determinedy the principal
axes.Operatingon eachhalf separatelywe applyPCAto eachhalf, nding the centroidof the halves(homologouspoints
h, andhs for theleft andright halves,respectiely). Next, we partition eachhalf into four subregions,basedon the PCA
axes,with orthogonalhorizontalandvertical planespassinghrougheachhalves' centroid. Finding the centroidof each
of the subrgyionsyields homologougpointshg; hs; hg, andhy for the left half, andhg; hg; h1o, andh1; for theright half.
Figure5 illustratesthis process.

4.3.Matching

After identifying afew key homologougoints,we begin aniterative procesghatalignsandwarpsthe subjectbrain point
cloudinto the spaceof the atlaspoint cloud. We assumehat, after warpinginto the spaceof the atlas,verticesnearthe
“correctly” matchedverticesmatchup, aswell. We useatight tolerancehatonly permitsthe matchingof afew verticesat
eachiteration.Usingthesenew verticesto re-de nethewarp,we iteratively improvethewarpingof spaceto betterline-up
theverticesin the point clouds.

We draw upontwo methodsthat are often usedin the context of biological morphometrics.The rst is Procrustes
method(calledHorn's methodin computewvision); andthe seconds the TPSwarp. We brie y describeboth methods.

4.3.1.Horn'sMethod

eachother Thereexistsanaf ne transformatiorconsistingof a translationscalingoperation androtationthatminimizes
allokp; @ k. Detailsfor determininghis transformatiorareprovidedin.2°



Figure5. Findinghomologougointsby partitioningeachbrainbasedn PCA axes. Upperleftimageshavs inputbrainsurface.Upper
right imageshaws partitioninginto two halves. Lower-left imageshaws right half of brain. Lower-right imageshaws partitioning of
right half into four subrejions.

This transformatiorallows for aninitial alignmentof the point setssothatthey areascloseto eachotheraspossible
usinganoptimalrigid af ne transformationHowever, thecorrespondingointpairs(p;; g;) arenotnecessarilyjearenough
(spatially)to imply correspondencdsetweemeighboringvertices. Thus,we includethe additionalstepof warpingone
pointsetinto the spaceof the otherto furtherimprove correspondence.

4.3.2.Thin-plate Spline Method

The af ne transformatioronly providesaninitial, roughalignment. If two surfacesare substantiallydifferent,in terms
of featuresandtheir distribution, it is impossibleto mapthemusingonly arigid transformation.A warpingtechnique
commonlyusedin biological morphometicsfor quantitatve measuremenas well aswarpingand morphing purposes,
calledthe TPSmethod,is brie y describedn thefollowing.

to eachother To construcia one-way warpfrom P to Q, we rst computethe differencevectorsetbetweerthe two point
sets,i.e., D=0y Pg;a; P1;::5:0, PRO.- For 3D differencevectors,we constructthree componentunctions(or
“height elds”) for thex;y, andz component®f D sothatthevalueof the componenfunctionis the “height” positioned

at the locationsin P. Next, we constructinterpolatingfunctionsX;Y andZ througheachheight eld, suchthatD; =
(X(Pi);Y(pi); Z(Pi)) -

Givenapointp = fx;y, zg in the spaceof P thatwe wantto warpto a pointin the spaceof Q, yielding p® we sample
X;Y andZ at p to determinethe offsetsneededo translate(or warp) the point, i. e., p°= (x+ X(p);y+ Y(p);z+ Z(p)).
Figure6 shavs a 2D exampleof this process.

The standardmethodfor constructingthe interpolatingsurfacesfor X;Y andZ in biological morphometricss based
onthe TPSapproach.The TPSminimizesthe “bendingenegy” de ned by the secondderivative, constrainghe second
derivativeto zeroatin nity , andprovidesa smoothsurface.Othersurfaceapproximatioror interpolationschemessuchas
thosediscussedn?! and?? couldbeused but the TPSmethodis the onethatis generallyacceptedn biologicalsciences.
A moredetaileddescriptionof TPS-basedavarpingin biologicalsciencess providedin.?3:24

Theadwantageof computinginterpolating(or approximatinglcomponenfunctions(height elds) is thefactthatthey
canbe sampledat ary location, not just at thosein P. We take advantageof this fact sincewe wantto useonly a few
pointsto de ne thewarpfrom anunknawvn brain P to anatlasbrain Q. We cantransformall verticesin the subjectbrain
into the spaceof the atlasbrain. Consequentlythesetransformedverticesshouldlie more closelyto their counterpart
(or correspondingyerticesin the atlasbrain. Finding a few pointsthatare closeto eachotherat this point, addingthem
to P andQ, re-computingthe warp from P to Q, andtransformingthe unknavn pointsagain,iteratively improvestheir
positions.



Inputsurfaces

X,Y-offsetsfrom “red” sh to “blue” sh

X-offsetcomponentsfunctionof x andy

Y -offsetcomponentsfunctionof x andy

Offsetvectors

Figure 6. Warpingprocess.Top imageshavs input surfaceswith homologouspoints marked aswhite boxes. The next imagesshov
thedifferencevectorsthatareusedto computethe componenfunctions(X andY). Bottomimageshaws the differencevectorsthatare
obtainedwvhensamplingthe componenfunctions.

4.3.3.lteration

Figure7 shaws theinitial alignmentof two brain point cloudsafter beingalignedandwarpedusingHorn's methodand
TPSwarping,respectiely. Blue dotsindicatethe atlaspoint cloud,andred dotsindicatethe subjectpoint cloud. At each
iteration, we mustchoosea small numberof pointsto matchin preparatiorfor the next iteration. This is donein three
steps First, for eachunmatchegointa; in theatlaspointcloud,we nd theclosesuinmatchegboints; in thesubjectpoint
cloud. Secondfo computeaselectiorfweight” w;;j, we weigheachpair basedn how far away thetwo pointsarefrom the
nearestnatchedpointm (m representingnepointfrom the atlasandonefrom the subject beingexactly the same).Thus,
the weightw;;j is computedasw;:; = d;;jdidj, whered;;;j is the distancebetweens; ands;, d; is the distancebetweerg;



Figure 7. Initial warp basedon automaticallychosenhomologouspoints. Blue dotsindicatethe atlaspoint cloud andthe red dots
indicatethe subjectpoint cloud.

andm, andd; is thedistancebetweers; andm. Finally, we chooseM pairshaving the smallestvaluesfor their respectie
weightsw;;j. Typically, we selectM to be betweert and6 sothatwe have to matchonly a smallnumberof pointsat each
iteration,ensuringthatthe warpedspacedoesnot changedramaticallybetweeriterations.

Theiterationprocesss terminatedoy exhaustingall possiblepoint pairs,eitherby matchingall pointsor by nothaving
apointpair thatis within aspeci edtolerance A maximumdistancerequiremenfor point pairsis neededowardstheend
of theiterative processvhennearlyall pointsare matched. Without the maximum-distanceequirementpointsthat are
quite distantfrom oneanotherarematchedcausingproblemswith the deformedspaceandincorrectlymatchedsggments.

4.4.Voting System

Oncetheiterative processerminatesye classifythe subjectsegmentsby examiningtheratiosof atlasseggmentshathave

beenmatchedto eachsubjectsegment. Keepingin mind that eachsulcalregion may be representedby several points
in eachpoint cloud, we introducea voting systemto evaluatesegmentmatching. Eachatlassegmentis mappedto the
subjectsegment,with whosepointsthe majority of the atlassegments pointshave beenmatched.Using a voting system,
we canaccountfor somemismatchesandwe cangive andassurereliability measure$or our mapping. Moreover, large
meanderin@tlassegmentamaymapto severalsegmentdn thesubjectbrain. Our algorithmallows for suchaone-to-mag

correspondence-However, several small atlassegmentscanalsobe mappedo large meanderingsggmentsin the subject
brain (mary-to-onecorrespondence)The correctapproachwould be to split the subjectsegmentand map eachatlas
segmentto a correspondingubdvided subjectseggment. Our currentimplementationsimply chooseghe atlassegment
that matchesmore pointsand we leave this splitting techniqueaswell as mary-to-mary correspondencess a topic of

futurework.

5. RESULTS AND DISCUSSION

Our rst exampledemonstratethe segmentmatchingfor a simplesurfaceobtainedusinga laserrangescanof clay brain
models. Figure 8 shaws the transferencef colored sulcal segmentsonto the subjectbrain. This visualizationnicely
demonstrateshat our methodis capableof matchingcorrespondindeatures,evenif their location variessigni cantly
from onebrainto the othet

Figure8 alsoindicatesthatit is importantto includemary-to-oneand mary-to-mary correspondenced he sgment
coloredin magentaon the left is matchedwith a “Y-shaped’segmenton the right. The Y-shapedsulcusis represented
by one sggmentfor the subjectbrain but by more thanone seggmentfor the atlasbrain. In our currentimplementation,
only oneof the sggmentsof the atlasbrainis matched.The atlasbrain sggmentrepresentindghe second‘branch” of the
Y-shapedsulcushasnot beenmatchedand,thus,is not displayed A mary-to-oneor mary-to-mary correspondenceould
be establishedby applyingthe mappingin bothdirectionsandcombiningthe two results.

Our secondexampledemonstratesur methodwhenappliedto a humanbrain cortex. Figure9 showvs atop view and
Figure 10 shavs animageviewing the right side of the brain. This examplerequiredabout45 minutesto completethe



Figure 8. Mappingof coloredsulcalsegmentsfrom clay modelsfrom atlasbrain (left) to subjectbrain (right).

matchingproceson aPCwith a1GHzPentiumlll processoand512MB RAM. Therewereapproximatel\2100vertices
in the point clouds,andwe matchednly six verticesperiteration.

Figure 9. Top view of braincortex. Left imageshaws the atlasbrainandright imageshavs the mappingof atlassulci ontothe subject
brain.

Performanceonsiderationaresimple. Thereis atradeof betweermatchingreliability andtime compleity. For brain
surfaceswe have foundthatbetweerl 000and2000pointsprovide sufcient spatialinformationfor thesulcalregions,and
onecanobtainreasonablenappings.The morepointsoneusesthe morethe voting systembecomestatisticallyreliable.
However, thereare two bottlenecks:Finding which verticesto matchat eachiteration, and computingthe TPS warp.
Finding points can be optimizedby spacepartitioning, thoughthe TPS computationwill always have time complexity
O(N?), whereN is the numberof matchedverticesusedto setup the TPStransformation.n ourimplementationfor the
imagescomputedn Figures9 and 10, we have found that eachiterationrequiresabouteight seconddor approximately
320iterationson a standard?entiumworkstation.Memoryrequirementsvereminimal.

The applicability of our approachs limited to surfaceswith similar (global) geometricstructures.Our algorithmis
basedon detectingsuchstructureqor featuresland matchingthemto derive a surfacemapping. We believe that mary
surfacemappingor surfacemorphingapplicationgdealwith surfaceswith similargeometrigproperties Thus,thereshould
be mary otherapplicationgor our approachOur algorithmshouldalsobe ableto handlesurfacesof high genusandeven
surfaceswith non-connectegarts,but we have nottried it on suchdatasetsyet.



Figure10.Rightview of braincortex. Left imageshavstheatlasbrainandrightimageshawvs themappingof atlassulciontothesubject
brain.

6. CONCLUSIONS AND FUTURE WORK

We have presented methodfor automatideature-basedurfacemapping.Our approachs applicableto any surfaceswith
similar geometricstructure.By detectingfeaturesandusingthemto establishcorrespondencdsetweerthe surface,our
methodis capableof matchingcomplex surfacegeometriesuchasbraincortices.

Our approactronsistof two stepsa surfaceseggmentatioranda sggmentmatching.The surfacesggmentatiormakes
useof discretecurvatureestimatedo classifythe surfaceinto regions of well-de ned geometricregions. The segment
matchingis basedon spacewarping appliedto a point cloud that hasbeenderived from the segmentation. Thesetwo
decoupledstepsarebroughttogethelby a voting systenthatdetermineshe bestmatchesThevoting systemis tolerantto
errorsmadein both precedingstepsandcanassureeliability measures.

Oneenhancementve planto devise is a stepthat improvesthe matchingprocessby arbitrarily removing someof
the matchedverticesso thatthey canbe rematchedn a future iteration. Theideais that, if therewasan error early in
thematchingprocessthe mismatchcanbe x edby removing the matchedpair andallowing themto re-matchto possibly
anothersegment.To determinavhich matchedairsto repeathis procesgor couldalsobedrivenby thesegmentmatching
percentagewheresegmentghathave alow matchingratio areun-matchedndcouldbeconsideredor are-matchingstep.
If they matchbackto the original segment,thenit mostlik ely wasa correctmatch.

In orderto adaptthis methodto highly distorted(e.qg., diseasedprains,it is necessaryo manuallyspecifythe homol-
ogouspointsusedto begin the rst iteration. Oncethis homologyis de ned, theiterative processanautomaticallymatch
sggments.
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