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ABSTRACT

In previous work, the authorspresentedh multi-stageprocedurefor the semi-automatiaeconstructiorof the cerebral
cortex from magneticresonancémages.This methodsufferedfrom severaldisadwantagesFirst, the tissueclassification
algorithm usedcan be sensitve to noisewithin the image. Second,manualinteractionwas requiredfor maskingout
undesiredregions of the brain image, suchasthe ventriclesand putamen. Third, iteratedmedianfilters were usedto
performatopologycorrectionon theinitial cortical surface,resultingin anoverly smoothednitial surface. Finally, the
deformablesurfaceusedto corvergeto thecortex haddifficulty capturingnarraw gyri. In thiswork, all four disadantages
of theproceduréhave beenaddressedA morerobusttissueclassificatioralgorithmis employedandthe manualmasking
stepis replacedby an automaticmethodinvolving level setdeformablemodels. Insteadof iteratedmedianfilters, an
algorithmdevelopedspecificallyfor topology correctionis used. The last disadwantages addressedsingan algorithm
thatartificially separatesdjacentsulcalbanks. The new procedurds more automatedut alsomore accuratehanthe
previousone.lts utility is demonstratetly performingapreliminarystudyondatafrom the BaltimoreLongitudinalStudy
of Aging.
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1. INTRODUCTION

With the adwent of diagnosticimaging modalitiessuch as magneticresonancgMR) imaging, detailedin-vivo neu-

roanatomicaktudieshave becomdeasible.In particular therehasrecentlybeenconsiderablénterestin obtainingrecon-
structionsof the cerebralcortex.'~7  Suchreconstructiongreimportantnot only for studyingthe geometryof the brain,

but alsoin characterizinghe relationshipbetweerits structureandfunction. Developingmethodgo performtherecon-
struction,however, is a dauntingtaskbecausé¢he comple structureof the cortex requiresseggmentatiorparadigmso be

both flexible and exceptionallyrobustto imagingartifacts. Anotherimportantpropertythat mustbe considereds that

the methodshouldguarantee topologicallycorrectrepresentationTopologycontrol not only providesa moreaccurate
representatioof theunderlyinganatomyit is a critical componentn obtaininga standardizedorticalcoordinatesystem
andin performingcorticalunfolding® In addition,areconstructiomethodshouldrequirea minimumamountof manual
interactionsothatlarge populationstudiesarefeasible.

In previouswork,! we presentech multi-stageproceduregfor the semi-automaticeconstructiorof the cerebralcor-
tex from magneticresonancémages. This methodsuffered from several disadantages.First, the tissueclassification
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Figure 1. Sampleslicesfrom acquiredMR imagedataandpreprocessedata: (a)-(b) two slicesfrom original MR acquisition,(c)-(d)
sameslicesafterpreprocessingp extractcerebrum.

algorithmused althoughrobustto intensityinhomogeneityartifacts,canbe sensitve to noisewithin theimage. Second,
manualinteractionwasrequiredfor maskingout undesiredregionsof the brainimage,suchasthe ventricles,putamen,
andothersubcorticalgray matterstructures. Third, iteratedmedianfilters were usedto performa topology correction
on theinitial cortical surface. This approachtendedto overly smooththe initial surface,resultingin reducedaccurag.
Finally, the deformablesurfaceusedto cornvergeto the cortex haddifficulty capturingnarrav gyri.

In this work, all four disadvantagef the previous procedure have beenaddressedA morerobusttissueclassifi-
cationalgorithmis employedthatincorporatess smoothnessonstrainton the resultingfuzzy membershigunctions. In
addition, the manualmaskingstepis replacedby an automaticmethodinvolving level setdeformablemodels. Instead
of iteratedmedianfilters, an algorithm developedspecificallyfor topology correctionis used. This algorithmanalyzes
the connectvity within the brain volume and obtainsthe appropriatetopology while effecting minimal changego the
initial surface.Thelastdisadwantages addressedsinganalgorithmthatartificially separateadjacensulcalbanks.This
allows thedeformablesurfaceto moreaccuratelyrepresenthe underlyinggeometryof the cortex. We show thatthis new
procedurexhibitsimprovedaccurag overthepreviousoneanddemonstratés utility by performingapreliminaryaging
studyontensubjectdakenfrom the BaltimoreLongitudinal Studyof Aging.

2. METHODS

In this section,eachstepof the cortical reconstructiorprocedurds describedfocusingon the differencesetweenour
new procedureandthe previousone. Theprocedurebeginswith an MR imagedatasetthatundegoesa preprocessing
stepto removeundesirableegionsof theimagedata,suchasextracranialtissue.Thisis followedby atissueclassification
stepthatsggmentsheremainingimageregionsinto graymatter(GM), white matter(WM), andcerebrospinaluid (CSF).
Basedon thetissueclassificatiorand someadditionalprocessingo remove connectiongo extraneousstructureswithin
the brain, aninitial surfacerepresentinghe GM/WM interfaceis computed. Next, this surfaceis processedo ensure
thatit is topologicallyequialentto a sphere Finally, a deformablesurfaceis usedto refinethe correctedestimateof the
GM/WM interfaceto thegeometriccenterof thecerebrakortex. To allow thedeformablesurfaceto capturenarrow sulcal
regionsin this laststep,anautomaticeditingalgorithmis usedthatseparatethe banksof theseregions.

2.1. Data Acquisition and Preprocessing

Our procedurausesT 1-weightedvolumetricMR imagedatawith avoxel sizeon theorderof 1 mm . This dataprovides
adequateontrastbetweenGM, WM, andCSFin a singleintensityparameterandhasfine enoughresolutionto resohe
the complex structureof the cortex. It hasbeentestedon both axially acquiredimagedatawith in-planeresolutionof
0.9375 0.9375mm andout-of-planeresolutionof 1.5 mm andon coronaldatawith comparableesolutionfigures. The
algorithmis easilymodifiedto usemulti-channeldata,but the resolutionmustbe the sameor better
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Figure 2. Tissueclassification:(a) MR imagecorruptedby noiseandintensityinhomogeneitiegb) FCM GM membership(c) AFCM
GM membership(d) FANTASM GM membership(e) FANTASM WM membership(f) FANTASM CSFmembership.

After theimagedatahasbeenacquiredit is preprocessetb remove skin,bone fat,andothernon-cerebralissueusing
a semi-automatedoftware packagedevelopedby ChristosDavatzikos andJerryMiller at JohnsHopkins University?!
This packagdeaturesa combinationof region growing algorithmsand mathematicamorphologyoperatorgdo easethe
processingf cerebraltissueextraction. Next, the cerebellumandbrain stemareremoved sincewe areonly interested
in the cerebralcortex. Currently this is performedmanuallybut we notethat further automationin thesestepsmay be
possibleusingotherpublishedmethods” ! 1 Fig. 1 shavs thetwo slicesfrom a typical MR imagevolumebeforeand
afterthis procedurevasapplied.Theincreaseaontrasapparenin theseémagess simply theresultof animageintensity
rescaling.Thefinal stepin the preprocessings to trilinearly interpolatethe sgmentedvolumeto cubicvoxelshaving the
in-planeresolutionin all threedirections.This reduceghedirectionaldependengin subsequernprocessing.

2.2.Tissueclassification

Oncethe MR imageshave beenpreprocessed tissueclassificatioralgorithmis employedto identify theimageregions
correspondingo GM, WM, andCSF In our previouswork,! the Adaptive Fuzzy -Meansalgorithm(AFCM) wasused
to performthetissueclassification. The advantageof this algorithmis thatit generates fuzzy segmentatiorwhile com-
pensatindor intensityinhomogeneityartifactsthatmay occurwithin the MR images.The fuzzy segmentatiorallows for
bettermodelingof partialvolumeeffectswithin theimage.A disadwantageof thealgorithmis thatit canexhibit sensitvity
to excessie noisein theimage. In this work, anextensionof AFCM thatis morerobustto noisethanAFCM, calledthe
FuzzyandNoise TolerantAdaptive SegmentationMethod (FANTASM),! is used. A brief overview of FANTASM is
providedin this section.
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Figure 3. AutomaticWM filling: (a) The original WM slice and (b) the editedresult. The dark curves shaw the detectedventricle
boundaryandthe dashedectangulabox shavs the boundaryof the putamermask.

AFCM is derived by minimizing the following objective function with respectto the membershigfunctions, the
centroidsandthegainfield® :

1 @)

1 1 1 1

Here, isthesetof voxel locationsin theimagedomain, is auserselectecharametethatis constrainedo be greater
than one, is the membershipvalue at voxel location for class , is the obsened (vector)imageintensity at
location , is the centroidof class , and is the scalargainfield . The total numberof classes is assumedo
be three,correspondingo GM, WM, and CSFE The parameter determineshe amountof “fuzziness”of the resulting
classification, andis setto 2 in this work. The lasttwo termsarefirst andsecondorderregularizationtermsusedto
constrain to be spatiallysmoothandslowly varying. The parameters; and controlthe amountof regularization
andaredeterminecempirically.

The AFCM objectie function is minimizedwhenhigh membershipraluesare assignedvherepixel intensitiesare
closeto the centroidfor its particularclass,andlow membershipvaluesareassignedvherethe pixel datais far from the
centroid. The gainfield adaptgo inhomogeneitieby allowing the centroidsto vary spatiallythroughtheimagewith the
obseneddata.Optimizationof the objective functionis accomplishedisinganiterative algorithm!

Notethatthe objective function(1) doesnotassumery spatialsmoothneswith respecto themembershigunctions.
This deficieny causesAFCM to be sensitve to noise. To addresghis problem,FANTASM usesa modified objective
function:

- )

1

Inthisequation, isthesetof first orderneighborsf pixel . Theadditionalpenaltytermforcesthemembershiwalues
at eachpixel to be dependenbn its neighbors.It is smallwhenthe membershipraluefor a particularclassis large and
themembershivaluesfor the otherclassest neighboringpixelsis small (andvice versa). Thetermresembleshe prior
probability modelsusedin Markov randomfield methods.  The majordifferencesarethat  arecontinuously-alued
variablesandthattheparameter is usedwithin thetermto maintainthefuzzy characteristicef themembershigunction.
The parameter determinegshe amountof smoothnesshatis placeduponthe membershigunctionsandis determined
empirically.

Figure2 shaws the resultsof applyingstandarduzzy -meang(FCM), AFCM, andFANTASM to a simulatedMR
imagel” The FCM resultshows sensitvity to bothinhomogeneityand noiseartifacts. The AFCM resultis improved
becausét adaptgo theinhomogeneitiedyut the noisewithin theimagedegradests performanceThe FANTASM result
is robustto bothartifactsandprovidesa moreaccurateoverall segmentation.
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Figure 4: Topologycorrectionof WM volume: (a) beforecorrection,(b) aftercorrection.The arravs point to handleson the surface.

2.3. Automatic editing of the WM membershipfunction

Using the resultsof the tissueclassification,an estimateof the GM/WM interface can be obtainedby computingan
isosuraiceonthe WM membershigunctionatavalueof 0.5. Beforethisis performedhowever, themembershigunction
requiressomeeditingsothatextraneoustructuresrenotincluded.Sincetheboundarie®f theventriclesandsubcortical
GM suchasthe putamenandthe caudatenucleusare generallyconnectedo the cortical GM/WM interfacein the WM
membershigunction,theisosuricecomputedrom theWM membershigunctionis acompositeof thecortical GM/WM
interfaceandtheseextraneousonnectedurfaces.To resolethis problem theoriginal procedure requiresamanualstep
tofill theventriclesandsubcorticalGM regionsin the segmented/VM volumebeforeapplyingtheisosuricealgorithm.
This manualstepis laboriousand time-consuming. Here, it is automatedo allow for large populationstudies. An
overview is providedin this section.A moredetaileddescriptionof the automatednethodis available.

The main obsenation that senesasthe basisof the methodis thatthe subcorticalGM togetherwith the ventricles
form concaities insidethe WM that opentowardsthe bottomof the brain, aroundthe brain stemarea. The automated
algorithmin this stepseeksto fill theseconcaities, thusseparatinghe subcorticalGM andventriclesfrom the cortex.
The concaities that mustbe filled canbe identified by the presencef the ventricles. To make useof this anatomical
information,theventriclesarefirst extractedusingathree-dimensiond3-D) geometricdeformablesurfacemodel. Then,
usingthe detectedventriclesas seedsand the sgmentedWM andone or more automaticallydeterminedsealinglines
asboundariesthe concaities in the WM volume arefilled by a two-dimensional2-D) region-gronving performedon
coronalslices.Thesealinglinesareidentifiedat the baseof the brainwithin eachcoronalsliceandroughlycorrespondo
thebottomof thediencephalon.

A difficulty mayarisewhena thin strandof WM that exists betweerthe putamerandthe cortical GM is brokendue
to an errorin the tissueclassification. This causeghe region-graving procedureo fail. This problemis addressedby
applyinga maskto identify the putamerregion andconstraininghe region growing to take placewithin this mask. The
maskis drawn a priori in Talairachcoordinates andis mappedautomaticallyto eachindividual brain after the brain
is registeredto the standardizedgpace. To initialize the registration,two landmarkpointsare required: the anterior
commissuréAC) andthe posteriorcommissurgPC).

Figure 3 shavs an exampleof how concaities in the WM membershidunction arefilled using our automatical-
gorithm. Theisosurkiceof the editedWM volumeis no longerconnectedo the boundariesf the ventriclesandthe
subcorticalGM. In addition, the editedWM volume resultsin fewer topologicalinconsistencieshat would otherwise
have beenpresenfrom inclusionof the putamerarea.
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Figure5: Effectsof ACE onthe GM membershigunction: (a) beforeACE, (b) after ACE.

2.4. Topologycorrection

Oncethewhite mattermembershigunctionhasbeenedited,anisosurficealgorithm ! is usedto constructanestimateof
the GM/WM interface. This isosurtice,however, will not possesshe correcttopologyandrequiresfurther processing.
Figured(a)shavshow handlesanbeformedontheisosurbicecomputedrom theWM membershigunction. To perform
thetopologycorrection,our Graph-basedopologyCorrectionAlgorithm (GTCA) is used.

GTCA removesall handlesfrom a binary object, which in our caseis the largestconnecteccomponentof a WM
membershigfunction (filled to remove concaities). It relieson a connectiongraphto detecthandles. The graphis
constructedy usinga morphologicalopeningoperationappliedto eitherthe foregroundor the backgroundproducing
bothbodyandresiduepartsof the original object. A conditionaltopologicalexpansionproceduresimilar to the region-
growing procedureof Manginetal., is usedto replaceresiduepartsthat do not involve handles. A graphis then
constructedby analyzingthe connectvity of the body andresiduepieces,andone or moreresiduepiecesareremoved
to breakthe cyclesin the graph,thusremoving handlesin the volume. Sincesmall correctionsare desirable we apply
this procedureon boththe objectandits backgroundstartingwith a small structuringelemento cut “thin” handlesand
fill “narrow” tunnels.We thenincreasehe scaleof thefilter by usinglarger structuringelementswhich guaranteethat
topologicaldefectsarealwayscorrectedat the smallestpossiblescale.

Figure 4(b) shows the isosuriicecorrespondingo the GM/WM interfaceafter topologicalcorrection. The handles
thatwerepresenin Figure4(a)have beencompletelyremoved. ThecorrectedsurfacehasanEulercharacteristi@equalto
2, andis thereforetopologicallyequivalentto a sphere.

2.5. Anatomically consistentediting

Becausef partial volumeeffects,opposingsulcalbanksaresometimesompletelyblurredtogethemwithin the acquired
imagesandconsequentlythe GM membershigunctionaswell. Affectedareaswill thereforebe poorly reconstructedby
our procedure.In orderto solve this problem,our Anatomically ConsistenE&diting (ACE) approachs appliedprior to
thesurfacerefinement. ACE automaticallymodifiesthe GM membershigunctionin narrav sulcalregionsto produce
evidenceof CSFwhereit is otherwiseobscuredy partialvolumeeffects.

The first stepin ACE is to detectthe medial axis of the sulci. A 3-D signeddistancefunction, denoted , IS
computeconthe GM/WM interfacebeforetopologycorrection.This distancefunction hasthe propertyof beingnegative
insidethe GM/WM interface,zeroon the interface,and positive outsidethe interface. Note that the mostaccuraterep-
resentatiorof the interfaceis desiredfor this stepandtopologicalcorrectnesss not critical. The externalmedialaxisis
identifiedby computingthediscretel aplacianof thedistancdunction,andsettingall valuesto zerowhereverthedistance
functionis negative. The externalmedialaxis,denotecby , isthennormalizedto therange

Thefunction is usedto modify the original GM membershigunction. Oneissuethat mustfirst be addressed,
however, is thepresencef medialaxesthatcanapproactall thewaythroughthe GM to the GM/WM interface.Although
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Figure 6. Finalreconstructedurface:(a)top view, (b) bottomview, (c) lateralview.

decreaseasit approachegheinterface,we do not wantto risk actuallymodifying the GM membershigunction
very nearits interior surface. Accordingly, modificationsto the GM membershigunction are only madeat a distance
greaterthan1 mm from the GM/WM interface— an arbitrary distancechosenbecauset represents lower boundon
corticalthickness Following this rationale we producean ACE GM membershigunctionasfollows

otherwise ©)

TheACEr esultis illustratedin Fig. 5, wherea 2-D cross-sectionaliew is shavn. Clearly, thereis amarkedimprove-
mentin the appearancef sulcalgapsin the ACE resultascomparedo the original GM membershigunction. We note
that ACE only hasaneffectwithin sulci,andeventhenonly whenthereis actualGM on the externalmedialaxis.

2.6. Refinementusing a deformable surface

After obtaininganinitial estimateof the cortical surfacethatis topologically correct,the surfacerequiresrefinemento
the geometriccenterof the cortex. Using a deformablesurfacemodel, it is possibleto have this initial surfacemove
towardthe centrallayerof the GM. The ACE algorithmensureghateventightly pacledsulciwill bereconstructedThe
deformablesurfacemodelusedhereis the sameasdescribedn our previouswork! andthe detailsareomittedhere.

Figure6 showvsthefinal reconstructedortical surfacefrom differentview angles.The corticalfolds arecapturedwith
ahighlevel of detail. Notethatthe surfacelooks moreopenthanwhatonenormally seesvhenlooking atthecortex. This
is becauseur surfaceis the geometriccenterof the cortex, asopposedo the outersurface. The bottomview shovs how
theautomatidVM editingsuccessfullcappedff theventriclesandotherstructuredrom therestof thesurface.Figure7
shawvscross-sectionaliews of boththereconstructedurface(thewhite contour)andthetopologicallycorrectedGM/WM
interface(the black contour).1t is apparenthatthereconstructedurfacecloselyfollows the underlyinganatomy

3. RESULTS

Theentirecortical surfacereconstructiorproceduravasimplementedn C ona250MHz R10000SGI Onyx workstation.
The only manualinteractionrequiredin the procedurds in the preprocessingndthe selectionof the AC andPC. Total
processingime for asingledatavolumeis lessthanfour hours.

To comparethe differencein performancebetweenthe new procedureand the previous procedurée, a validation
experimentusing landmarkswas performed. Landmarkswere selectedon the fundusof the centralsulcus(CS), the
crown of the post-centralgyrus (PCG), the mostanteriorpoint of the temporallobe (TLG), midway alongthe fundus
of the calcarinesulcus(CALC), and on the medial frontal gyrus (MFG). The landmarkerror was then computedas
the minimum distancebetweenthe given landmarkand the reconstructedgurface. Table 1 shavs the landmarkerrors
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Figure 7. Cross-sectionaliews of thereconstructegurface:(a) axial view, (b) coronalview, (c) sagittalview. Topologicallycorrected
GM/WM interfaceis in black, final surfaceis in white.

Table 1. Old Landmarkerrors(in mm)

Subject
Landmark| 1 2 3 4 5 6 Mean | Std
Cs 1.21]| 2.40| 1.48| 0.22| 0.63| 0.47| 1.10 | 0.80
Cs 1.67| 184|086 1.17| 1.27| 2.02| 1.50 | 0.44
PCG 0.77| 0.66| 0.34| 0.64| 1.27| 0.67| 0.73 | 0.30
PCG 0.84| 0.96| 0.93| 0.67| 0.40| 0.35| 0.69 | 0.27
TLG 0.34| 0.60| 290| 0.93| 2.80| 0.47| 1.30 | 1.20
TLG 3.50|212| 098] 1.25| 5.73| 1.29| 2.50 | 1.80

CALC 0.82| 0.68| 1.31| 0.25| 0.38| 0.68| 0.69 | 0.37
CALC 1.25(5.73] 292| 0.63| 224 | 0.39| 2.20 | 2.00

MFG 0.32] 0.75| 0.66| 1.38 | 0.34| 0.45| 0.65 | 0.40
MFG 1.37(135] 0.64| 0.23| 1.01| 1.06| 0.94 | 0.44
Mean 1.20(1.70| 1.30| 0.74| 1.60 | 0.78 - -
Std 091]160| 091|043 1.70| 0.53 - -

computedusingthe previous procedureand Table 2 shavs the errorsfrom the new procedure.The subscriptson each
landmarklabel referto theleft andright hemispheresThe new proceduresxhibits both improved overall accurag and
substantiallyincreasedstability, asindicatedby the lower standarddeviation values.Errorsaretypically on the orderof
1mm,whichis approximatehthe resolutionof theacquiredmages.

To demonstrat¢he utility of theprocedurea preliminarystudyontensubjectsakenfrom the BaltimoreLongitudinal
Studyof Aging wasperformed.The sampleconsistedf five malesandfive femalesover 60 yearsold. Using cortical
surfacesreconstructedrom MR scansacquiredfour yearsapart,threedifferentmeasuresvere computed:total surface
areaof the cortex, three-dimensionajyrificationindex, andsulcalvolume. The lattertwo measuresequirethe compu-
tationof a “shrinkwrapsurface”thattightly surroundghe corticalsurfacewithout enteringinto sulci.  Thegyrification
index is thereforedefinedto betheratio of the cortical surfaceareato shrinkwrapsurfacearea. This measures anindi-
cationof theamountof folding thatis occurringin the cortex. Sulcalvolumeis definedto be the differencebetweerthe
total volumecontainedwithin the shrinkwrapandthe volumecontainedwithin the cortical surface.

The resultsof thesemeasurementare shavn in Table 3. Analysesof longitudinalchangesn all three measures
revealedstatisticallysignificantchange®verthefour yearinterval (paired -test, ). Surfaceareaandgyrification
index werefoundto decreaseandsulcalvolumewasfoundto increaseThesechangesmply thatsomelevel of atrophyis
occuringin the brainsof theseolder subjects Correlationdbetweerthe pairedmeasurementserealsovery high (0.992,



Table 2: New Landmarkerrors(in mm)

Subject

Landmark| 1 2 3 4 5 6 Mean | Std
CS 1.03| 2.25| 0.74| 0.60| 0.32| 0.37| 0.88 | 0.65
Cs 1.47) 153| 0.59| 0.33| 0.86| 0.59 | 0.89 | 0.46
PCG 0.82| 0.74| 0.47| 0.52| 2.09| 0.62| 0.88 | 0.56
PCG 1.00| 0.46| 0.65| 0.64| 0.35| 0.55| 0.60 | 0.20
TLG, 0.29| 0.83| 0.75| 1.06| 1.21| 0.21| 0.73 | 0.37
TLG 1.00| 251|091| 0.90| 0.53| 0.51| 1.06 | 0.68
CALC, 0.83| 0.47| 0.89| 0.52| 0.33| 0.45| 0.58 | 0.21
CALC 0.96| 2.85| 1.07| 0.81| 0.66| 1.01| 1.23 | 0.74
MFG; 064 | 1.24| 0.45|1.73| 1.88| 1.42| 1.23 | 0.53
MFG 1.09| 1.33| 0.59| 0.82| 0.41| 0.99 || 0.87 | 0.31
Mean 0.91|1.42|0.71| 0.79| 0.86 | 0.67 - -

Std 0.30| 0.86| 0.20| 0.39| 0.66 | 0.36 - -

Table 3: LongitudinalMeasurementsn thereconstructedortical surface

Surf. Area(mm ) Gyr. Index SulcalVol. (mm )

Subject| Timel | Time2 | Timel | Time2 | Timel | Time2

1 213591| 213297| 2.553 | 2.525 | 320252 327972
2 155840| 155793| 2.276 | 2.256 | 231498| 236367
3 191968| 188774| 2.580 | 2.513 | 269774| 279565
4 186379| 187039| 2.480 | 2.462 | 277685| 279309
5 173651| 170561| 2.410 | 2.368 | 257186| 262860
6 193389| 186985| 2.457 | 2.415 | 304710| 312815
7 143797| 140273| 2.266 | 2.185 | 209659| 212572
8 168402| 168402| 2.414 | 2.369 | 249971| 248296
9 157443| 158312| 2.445 | 2.468 | 218201| 216918
10 168728| 170377| 2.372 | 2.394 | 279882| 277417

0.951,and0.994for surfaceareagyrificationindex, andsulcalvolume,respectiely), indicatinga high degreeof stability.

work.

ACKNOWLEDGMENTS

The authorswould like to thank XiaodongTao and Dr. ChristosDavatzikos for their valuablediscussiongiuring this

tion,” Neurolmage 9, pp.179-194,1999.

3. X. Zeng, L. H. Staib,R. T. Schultz,andJ. S. Duncan,“Segmentationand measurementf the cortex from 3d mr
imagesusingcoupledsurfacespropogatiori, IEEE Trans. Med. Imaging 18, pp.100-111,1999.
4. D. MacDonald,N. Kabani,D. Avis, andA. C. Evans,“Automated3-D extraction of inner and outer surfacesof

REFERENCES

1. C.Xu, D. L. Pham M. E. RettmannD. N. Yu, andJ. L. Prince,"Reconstructiorof the humancerebralkortex from
magnetiacesonancémages), |EEE Trans. Med. Imaging 18(6), pp. 467—-480,1999.
2. A. M. Dale,B. Fischl,andM. I. Sereno,'Cortical surface-base@nalysisl: Segmentationandsurfacereconstruc-

cerebrakortex from MRI,” Neurolmage 12, pp. 340-3562000.




10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

D. C.vanEsserandH. A. Drury, “Structuralandfunctionalanalyse®f humancerebraktortex usinga surface-based
atlas; Journal of Neuroscience 17(18), pp. 7079—-71021997.

. M. Joshi,J.Cui, K. Doolittle, S.Joshi,andD. V. Essen;Brain sggmentatiorandthegeneratiorof corticalsurfaces,

Neurolmage 8(4), pp.272—284,1999.

. D. ShattuckandR. Leahy “Brainsuite: An automatedorticalsurfaceidentificationtool,” in Proceedings of Medical

Image Computting and Computter Assisted Intervention (MICCAI), pp.51-61,SpringerVerlag,2000.

. D. TosunandJ. Prince,"A hemisphericamapfor the humanbraincortex,” in SPIE Medical Imaging 2001: Image

Processing Conference, (SanDiego, CA), Feh 17-222001.

. S.Resnick,A. Goldszal,C. Davatzikos, S. Golski, M. Kraut, E. Metter, R. Bryan,andA. Zonderman;One-year

agechangesn MRI brainvolumesin olderadults; Cerebral Cortex 10, pp.464—72 May 2000.

A. F. GoldszalC. Davatzikos,D. L. PhamM. X. H. Yan,R.N. Bryan,andS. M. Resnick,'An imageprocessingys-
temfor qualitatve andquantitative volumetricanalysisof brainimages), Journal of Computer Assisted Tomography
22(5), pp.827-837,1998.

T. Kapur, E. Grimson,W. Wells, andR. Kikinis, “Segmentationof braintissuefrom magneticresonancémages)
Medical Image Analysis 1(2), pp.109-127,1996.

F. KruggelandG. Lohmann,*Automaticaladaptionof the stereotacticatoordinatesystemin brain MRI datasets,
in the XVth Int. Conf. Inf. Proc. Med. Imag. (IPMI), pp.471-476 SpringefrVerlag,1997.

D. Pham,"Robustfuzzy segmentatiorof magneticesonancémages), in Proceedings of the Fourteenth IEEE Sym+
posium on Computer-Based Medical Systems (CBMS2001), pp.127—-131JEEE Press2001.

D. PhamandJ. Prince, “Adaptive fuzzy segmentationof magneticresonancemages’, |[EEE Trans. Med. Imag.
18(9), pp. 737—-752,1999.

J.C.BezdekL. O.Hall, andL. P. Clarke, “Review of MR imagesegmentatiortechniquesisingpatternrecognitiorr,
Med. Phys. 20, pp.1033-10481993.

J.Zhang,“The meanfield theoryin EM proceduregor Markov randomfields; |IEEE Trans. on Sgnal Processing
40(10), pp.2570-25831992.

D. Collins, A. ZijdenbosV. Kollokian, J. Sled,N. Kabani,et al., “Designandconstructiorof arealisticdigital brain
phantoni, IEEE Trans. Med. Imag. 17, pp.463-468,1998. http://www.bic.mni.mcgill.ca/brainweb

X. Han,C. Xu, M. RettmannandJ. Prince,"Automaticsegmentatioreditingfor corticalsurfacereconstructiori,in
Proc. of SPIE Medical Imaging, 4322 Feb2001.

J.TalairachandP. Tournoux,Co-Planar Sereotaxic Atlas of the Human Brain. 3-Dimensional Proportional System:
An Approach to Cerebral Imaging, ThiemeMedical PublisheyInc., Stuttgart,New York, 1988.

D. Lemoine,C.Barillot, B. Gibaud,andE. Pasqualini,"”An anatomical-base8d registrationsystenof multimodality
andatlasdatain neurosugery;” in Lecture Notes in Computer Science, 511, (SpringerVerlag,Berlin), 1991.

B. K. Natarajan;On generatindgopologicallyconsistenisosurbicefrom uniformsamples, Visual Computer 11(1),
pp.52-62,1994.

X. Han,C. Xu, U. Braga-NetoandJ. Prince,“Topologycorrectionin braincortex sggmentatiorusinga multiscale,
graph-basedlgorithm? IEEE Trans. Med. Imag. , to appear

J.-E Mangin, V. Frouin,l. Bloch, J. Regis, andJ. Lopez-Krahe,From 3D magneticresonancémagesto structural
representationsf thecortex topographyusingtopologypreservingleformations, Jour nal of Mathematical Imaging
and Vision 5, pp.297-318,1995.

X. Han,C. Xu, andJ. L. Prince,“Cortical surfacereconstructiorusingatopologypreservinggeometricdeformable
model; in Proceedings of the 5th IEEE Workshop on Mathematical Methods in Biomedical Image Analysis (MM-
BIA2001), DecembeR001.

M. E. RettmannX. Han,C. Xu, andJ. L. Prince,"Automatedsulcalsggmentatiorusingwatersheden the cortical
surface; Neurolmage 15, pp. 329-344 February2002.



