Water sheds on the Cortical Surface for Automated Sulcal Segmentation
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Abstract

The humancortical surfaceis a highly comple, folded
structue. Cortical sulci, the spacedetweerthefolds, de-
fine location on the cortex and provide a parcellationinto
functionally distinct areas. A topic that has recentlyre-
ceivedincreasedttentionis the sggmentatiorof thesesulci
frommagneticresonanc€MR) images,with mostwork fo-
cussingon the extraction of the sulcal spacesbetweerthe
folds. Unlike thesemethodswe proposea techniquethat
extractsactualregionsof the cortical surfacethat surround
sulciwhich we call “sulcal regions”. Themethodis based
on a wateishedalgorithm applied to a geodesicdistance
transformon the cortical surface A well known prob-
lem with the wateishedalgorithm is a tendencytowards
oversggmentation. To addressthis problem, we propose
a post-pocessingalgorithm that meges appropriate sey-
mentsfromthewateishedalgorithm.

1. Introduction

Quantitatve anatomicstudiesof the humancortex are
challengingdueto its highly comple, corvolutedfolding
pattern.Ridgesof thefolds, calledgyri, andthe spacede-
tweenthefolds, calledsulci, definelocationon the cortical
surfaceand provide a parcellationof the cortex into func-
tionally distinct areas.With the advancemenbf magnetic
resonancéMR) imagingtechniqueshigh-resolutionhigh
contrasthree-dimensiondmagesof the brain cannow be
routinely acquiredin vivo. As aresult,methodsfor mod-
elling the cortical surfacefrom theseémageshave emeged,
providing a meandor furtheringthe understandingf mor-
phometricvariability in humanpopulations. A topic that
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has recently receved increasedattentionis the study of
sulci, in particular their sggmentationfrom MR images
[14, 15, 4, 9, 6, 7, 19]. Sulci sggmentedfrom the cortex
canbeusedin avariety of applicationssuchasdeformable
atlasregistrationalgorithmsandlocalizing activation sites
in functionalimaging. In addition,the geometricanalysis
of sulciwill leadto abetterunderstandingf normalversus
diseaseaortical geometryandthe morphologicalchanges
thatoccurwith disease.

Previouswork in the sggmentatiorof sulcihasfocussed
on eitherfitting a surface[14, 15, 4, 19], finding a setof
points[9] or extractingthe volumetricregions[6, 7] within
thesulcalspacesUnlikethesemethodswe proposeatech-
niguethatsegmentsthe actualcorticalregionssurrounding
sulci. The advantageof segmentingactualcortical regions
is thatit allows for a directgeometricstudy of the cortical
surfaceand providesa meansfor mappingfunctionalacti-
vation sites. For easeof terminology we referto our sey-
mentedregionsas “sulcal regions”, meaningpreciselythe
buriedregionsof cortex surroundinghe sulcalspacesAn-
otheradwvantageof the proposedmethodis thatit sgments
sulcalregions on the medial surfaceas well asthe lateral
and inferior surfaces. Also, this segmentationmethodis
completelyautomatedexcept for picking a seedpoint on
thecorticalsurface.

In this paper we describeour methodologyfor auto-
matically segmentingsulcalregions using a watershedl-
gorithm appliedto a geodesidistancetransform. A well
known problemwith thewatershedhlgorithmis atendeng
towards overs@mentation. To addresshis problem, we
proposea post-processinglgorithmthat memgesappropri-
ate sggmentsfrom the watershedalgorithm. The idea of
sulcal sggmentationusing watershedsvasfirst introduced
by Lohmannand von Cramonin [6] and extendedin [7].
Although our methodis similar in basic conceptto that
describedby Lohmann, there are several important dis-
tinctions. First, our methodoperateson a cortical surface
meshextractedfrom MR imagesasopposedo Lohmanns



methodthat operatedirectly on the imagedata. Second,
theresultof our sgmentations a pieceof the cortical sur
face,definedon the continuumwhile volumescorrespond-
ing to the gray matterandsulcalspacesreextractedin the
work of Lohmann. The relationshipbetweenthe two re-
sultsis thatour surfacesegmentspassthroughthe volumes
extractedby Lohmann.Finally, our methodsegmentssulci
from the lateral, medial andinferior surfacesof the brain
while the work in [6, 7] focuseson sulci from the lateral
surfaceonly.

This paperis an extensionof our previouswork on sul-
cal sgmentation11] offering several importantimprove-
ments. First, the geodesicdistancetransformis usedas
opposedo the Euclideandistancetransform. Secondthe
previous methodrequiredan initial depththresholdvalue
to begin the segmentation. In this method,the sgmenta-
tion begins at the deepestortical regions eliminating the
needfor auserdefinedinitial value.Finally, in this method,
thewatershedlgorithmproduceseggmentshatcompletely
parcellatehe sulcalregions.

2. Problem description

The goal of this sgmentationwork is to extract the
buried cortical regions surrounding each of the sulcal
spacesTheseregions,which we term“sulcal regions”, are
depictedin Fig. 1 on a simplifiedillustration of the cortex.
Asillustratedin thefigure,sulcalregionsareseparatetty a
ridge.
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Figure 1. A simplified illustration of a cross-
section of the cortical surface.

For illustration purposesa three-dimensionadliagram
representingwo sulcalregionsis shavn in Fig. 2(a). The
idealsegmentationaccordingo our definitionof sulcalre-
gions,is shavn in Fig. 2(b) whereoneof thesulcalregions
is outlinedin light grayline andtheotherin darkgray. This

diagramdemonstratethatthe ideal segmentatioris identi-
calto theresultthatwould be obtainedby applyingathree-
dimensionalvatershealgorithmto the surfacedepictedn

Fig. 2(a).
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Figure 2. A simplified illustration of (a) two
sulcal regions, (b) their ideal segmentation
and (c) agyral region.

Traditionally, the watershedalgorithmhasbeenusedin
imageprocessindor sgmentingmagesnto variouscatch-
mentbasinsor extractingwatershedines. We employ the
sameconceptf this algorithmto seggmentsulcalregions
from a corticalsurfacemesh.While acompletedescription
of the watershedalgorithm can be found in [16], the key
ideasareillustratedin Fig. 3. As depictedon the left, the
watershedhlgorithmcanbe viewed as puncturingholesat
the local minima of a function and beginning to fill these
regionswith water Eachregionfilling with wateris called
a catchmentasin. When the water from two catchment
basinsbeginsto merge,a damis constructedo preventwa-
ter from one catchmentasinfrom spilling into the other
Thesedamsaretermedwatershedines.

watershed line
formshere

catchment basins begin
filling with water

Figure 3. lllustration of watershed algorithm.

Fromtheaborveillustrations,it is clearthatthewatershed
computedn afunctionthatdescribeshe cortical convolu-
tions would provide an appropriatesggmentationof sulcal
regions. The challengen employing the watershedies in
definingthis function. We have choserto modelthecortical
convolutionsby computinga functionbasedn thedepthof



eachpoint in the sulcal regions with respectto the gyral

regions. This depthfunctionis generatedn the following

manner First, the cortical surfaceis parcellatednto gy-

ral andsulcalregions. In the simplified example,the gyral

region correspondsgo the dark coloredridge in Fig. 2(c).

Next, the geodesiadistancetransformfrom the sulcal re-

gionsto the gyral regionsis computed.Geodesidistance
is definedasthelengthof the shortesipathalongthe corti-

cal surfacebetweertwo points. Thus,thetransformassigns
to eachpointin a sulcalregion, the length of the shortest
pathto a gyral region. This resultsin points at the bot-

tom of a sulcalregion having large valuesandpointsclose
to gyri having small values. A simple remappingof the

depthvaluessuchthatlargedepthscorrespondo smallval-

uesandviceversaresultsn atwo-dimensionafunctionthat

describeshe corticalcorvolutions.

A typical problemencounteredvith the watershedal-
gorithmis its tendeng towardsoversgmentation16]. A
singleregionwill besggmentedassereralcatchmenbasins
dueto noiseor smallvariationsin thefunction. In ourappli-
cation, this correspondso sereral catchmentbasinsform-
ing asa resultof smallridgesin the sulcalregions. To ad-
dressthis issue we proposea post-processinglgorithmto
merge catchmentbasinsbasedon the height of the ridge
separatinghem.

3. Initial data and model

Although our methodis generallyapplicableto ary re-
constructedtorticalsurface[1, 8, 3,2, 12, 17], in thiswork,
we usesurfacesreconstructedrom MR imagesusingthe
techniqueadescribedn [18]. Thistechniqguecombinesuzzy
segmentationisosurbcesanddeformablesurfacemodelsto
reconstructhe layer of cortex lying in the geometriccen-
ter, which is approximatelycytoarchitectonidayer4. The
reconstructiormethodis composedof three major steps.
First, a three-clasfuzzy seggmentationof the MR datais
computedcorrespondingo gray matter white matterand
cerebrospinafluid. Second,an initialization for the de-
formablesurfacemodelis createdy generatingasmoothed
isosuricefrom the white mattermembershigunction ob-
tainedfrom the sggmentation.The resultof theisosurace
algorithmis a meshthatis a discreterepresentationf the
continuoussosurfce.Finally, a deformablesurfacemodel
is usedto refinethe initial surfaceto the centrallayer of
thegray matter The cortex reconstructioomethodrequires
a minimal amountof manualinteractionandis capableof
fully resolvingdeepcorvolutedfolds. Theresultingsurface
is representedby a triangularmeshconsistingof approxi-
mately300,000vertices.

To allow visualizationof buriedcorticalregions,aspher
ical representatiomf the reconstructedortical surfaceis
generatedhat maintainsa one-to-onemappingwith the

original reconstructedurface. The sphericalmap genera-
tion is describedn [11] andis usedto aid in visualization
of both functionson the cortical surfaceandthefinal seg-

mentedsulcalregions.

4. Segmentation method

In this section,we presentthe stepsrequiredto gener
atea functionthatdescribeghe cortical corvolutions. The
resultsof thewatershedppliedto this functionaredemon-
strated,followed by a descriptionof the catchmentbasin
meirging algorithm.

4.1. Parcellation into gyral and sulcal regions

First, the cortical surfaceis parcellatedinto the outer,
gyral regionsandthe buried, sulcalregions. Gyral regions
are distinguishabldrom sulcalregionsin that they lie on
the outersurfaceof the cortex. This outercortical surface
canbe representedy a “shrink-wrap” surfacethattightly
surroundsthe cortical surface but doesnot enterinto the
cortical folds. In orderto parcellatesulcalregionson the
medialsurfacesaswell asthe lateralandinferior surfaces,
a shrink-wrapsurface must be generatedor eachhemi-
sphereseparately Let B; be the setof all verticeson the
shrink-wrapsurface correspondingdo the jth hemisphere
wherej € {1,2}. Fig. 4 is acoronalcross-sectioshaving
a contourof a shrink-wrapsurfacein gray andthe recon-
structedcortical surfacein white. A detaileddescriptionof
theshrink-wrapgeneratiorcanbefoundin [11].

Figure 4. Cross section of a shrink-wrap sur-
face superimposed on the original cortical
surface.

Eachvertex on the cortical surfacemeshcanthenbela-
beledaseithergyral or sulcalbasedon its distanceto the
appropriateshrink-wrap. This requireseachvertex to be
labeledaccordingto hemisphere.Let A be the setof all
verticeson the cortical surfacemesh. Eachvertex a; € A



is assigneda labelindicatingwhich cortical hemispheret
belongsto. Letl(a;) be the hemispherdabel of vertex a;
suchthat

) ={

Thelabelsaredeterminedy makinga cutthroughthe cor-
puscallosum separatinghecorticalsurfaceinto two hemi-
spheres.This steprequiresthe userto pick a pointin the
centerof the corpuscallosum,the only manualinteraction
requiredin the sgmentatiorprocedure.

Next, the Euclideandistanceransformfrom the cortical
surfaceto theshrinkwrapsurfacess computedLet

if vertex a; is onhemispherd
if vertex a; is onhemispher@

1)

D.(a;, B) = min{d.(a b;)} @

denotethe distancerom vertex a; to thenearesvertex b €
B. Thefunctiond,(a;, b;) denoteshe standardEuclidean
distancdrom vertex a; to vertex b;. Then,e(a;) definedas

_ De( iaBl)
e(ai) a { De((alhBZ)

if l(az) =1
if 1(a;) = 2 3)

is the Euclideandistancefrom a; to the nearestvertex
on its correspondingshrink-wrapsurface. The function e
is shawvn on the sphericalmapin Fig. 5(b) where small
distancesare shavn as light gray and large distancesin
darkgray. A renderingof the cortical surfaceis shavn in
Fig. 5(a)atthe sameview asthe sphericaimap. The spher
ical mapis renderedwith flat shadingto avoid confusion
with thegrayscaledistancevalues.

Finally, the cortical surfacecanbe parcellatednto gyral
andsulcalregionsby assignindabels,m(a;) to eachvertex
where
1 ife(a;)) <é
0 otherwise

m(e) = { @
A vertex a wherem(a) = 1 is a gyral vertex, otherwise
it is a sulcalvertex. § waschosento be two millimeters,
meaningthatcorticalregionswithin two millimetersof the
shrink-wrapareconsideredyyral. Thefunctionm is shavn

in Fig. 5(c) superimposedn the sphericaimapwheregray
areascorrespondo sulcalregions.

4.2. Geodesic calculation

Next the geodesialistancetransformof verticesin the
sulcalregionsto the gyral regionsis computed. Let C be
the setof all verticeslying on a gyral region of the cortex,
whichincludesall verticesa; suchthatm(a;) = 1. Let

Dy(a;; C) = min{dy(ai, ¢j)} (5)

c; €
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Figure 5. The Euclidean distance function su-
perimposed on (b) the spherical map which is
displayed at the same lateral view as the cor-
tical surface in (a). A thresholding operation
applied to the distance function results in (c)
a parcellation into gyral and sulcal regions.

definethe geodesidistancefrom vertex  to the nearest

vertex . Thefunction denotegeodesidlis-
tancefromvertex tovertex . Then, definedas

if =0

i -1 (6)

isthegeodesidistancdrom tothenearesvertex located
onagyralregion andverticeslying in gyral regionsareal-
waysassigned distanceof zero. Thefunction is shavn
in Fig. 6 superimposean the sphericalmapwheresmall
distancesreshavnin light grayandlargedistancesn dark
gray

A geodesidaistancetransformis also employedin [7]
wherethe computatioris accomplishedisinga constrained
Euclideandistancemeasureon theimagedata. We require
a geodesidistancemeasuremendn the surfacemeshand
have implementedthe methodproposedby Kimmel and
Sethiann [5] for this purposeln this method thegeodesic
distances computedusinga fastmarchingalgorithmfor a
triangulatedmesh. An initial contouris specifiedat time
zeroandpropagate@n the meshwith unit speedn thenor-
mal direction. For our application theinitial contouris de-
finedasall verticeslying on the borderbetweengyral and



Figure 6. Geodesic distance transform from
vertices in sulcal regions to gyral regions.

sulcalregions. The geodesidlistanceto all otherpointson
themeshis assigneasthearrival time of theevolving con-
tour.

4.3. Water shed algorithm

The geodesiddistancefunction is remappedo gen-
eratea function on the cortical surfacethat describeghe
cortical corvolutionsin the framewnork consistentith the
watershedlgorithm.Define

d (,h)=m_ {h(d)} ™
whichis the maximumof k, a functionof vertices,overall
verticesin thevertex set . Then

(ai)=d (A, ) (a) (8)

resultsin the desiredremapping.

Next, the watershedof is computed,resultingin
catchmenbasinswhere ; isthe th catchmenbasincom-
prising a setof vertices. The index indicateswhenthe
catchmentbasin was formed during the watershedalgo-
rithm. Thefirst basinto form is labeledwith one,the sec-
ond with two and so forth. This givesa naturalordering
of the deepesto mostshallov catchmenbasins. Vincent
describes fastmethodfor computingthe watershedn an
imagein [16] thatgenerategccuratevatershedineswhile
avoiding thick watershedegions. We usedthis algorithm
for computingthe watershedvith a few minor adaptations
for themesh.

The resultof the watershedappliedto the transformed
distancamapis shavnin Fig. 7(a)wherethewatersheder-
ticesarecoloredblack. This resultcanbe usedto generate
either the watershedines or the catchmentbasinsof the
sulcal regions by applying different post-processingules
onthewatershedertices.For watershedine extraction,all

verticesborderingtwo catchmentasinscan be relabeled
aswatershedertices.For completeparcellationof the sul-

cal regionsinto catchmenbasins gachwatershedrertex is

addedto its neighboringcatchmenbasinwith the smallest
numericalabel. In thisapplicationthelatterruleis applied,
with thefinal watershedesultshavn in Fig. 7(b). Fromthe

figureit is clearthatthe sulcalregionshave beenoversey-

mented meaningthatseveral catchmenbasinsrepresent

singlesulcalregion.

(@) (b)

Figure 7. Result of (a) the watershed algo-
rithm, and (b) the reassignment of watershed
vertices to catchment basins.

4.4. Merging of catchment basins

In thisstep,weaddressheoversgmentatiorthathasoc-
curredduring the watershedransformation.As described
previously, smallridgesin the sulcalregionswill resultin
the formation of separatecatchmentasins. The criterion
for joining two catchmenbasinsis basedon the heightof
the watershedine separatinghem. The catchmenbasins
arecomparedgairwiseandbasinsformedearlierin the wa-
tershedalgorithmarechecledfirst.

To assistin thejoining algorithm,anadjacenyg graphof
the catchmentasinsis generatedvhere is the set
of catchmenbasinsadjacento . Thejoining algorithm
follows:

/ geneamte a list of all catthmentbasins (CBs) in the
orderthey were formedduring thewateishedalgorithm /
CBlist list of
numMeges O
while endof list hasnot beenreated

next CBonlist

CBin set with smallesinumericallabel
setof verticeson borderbetween and
if ( ) AND
( )

mege to



remose  fromCBlist
inherits () exceptduplicates
numMeges numMeges+1
endif
endwhile
if (numMepes= 0)
quit

else
numMeges O
repeatwhile loop startingat beginning of list

Thememing criterionis depictedn Fig. 8 andis similarin
concepto thatproposedn [7]. If therelative heightof the
watershedine separatingwo catchmentbasinsis small,
thesebasinsarememged.

relative heights of
catchment basins

Figure 8. lllustration of merging criterion.

An exampleof themeigingalgorithmappliedto thesey-
mentatiorfrom Fig. 7(b)is shovnin Fig. 9. In thisexample,
& wasassigned valueof onecentimeteandthealgorithm
convergedafterthefifth iteration.

Two featuresf the algorithmareimportantfor prevent-
ing theerroneousneming of catchmenbasins.The basins
formed earliestin the watershedalgorithm correspondo
the deepestind an attemptto merge them occursfirst. In
addition, during the merging processthe nev catchment
basininheritsthe maximumdepthof the original catchment
basins. As seenin Fig. 9(a), regions correspondingo the
Sylvian fissureand precentralsulcushave adjacentcatch-
mentbasins.Thesesulcalregionsshouldbesegmentedsep-
arately thereforeit is importantthat their adjacentbasins
arenot meiged. The algorithm preventsthis asillustrated
in Figs. 9(b)-(d) by meming the deepesbasinsfirst. An
attemptto mergetheadjacenbasingn the Sylvianandpre-
centralsulcalregionsdoesnotoccuruntil eachhasinherited
themaximumdepthassociateavith its respectie sulcalre-
gion.

Thecentralsulcusocatedin the uppercenterof theim-
agesin Fig. 9 is sggmentedasa singlecatchmenbasinaf-
ter the memging algorithm. However, somesulcalregions
arestill sggmentedassereralcatchmenbasins.Theserep-

resentinterruptedandpseudo-interruptedulci[10]. These
typesof sulciarebrokeninto morethanonepieceby agyral
ridge andarethussegmentedn multiple piecesaccording
to our definitionof sulcalregions.

Precentral
Adjacent Basins

(@) (b)
Central
(c) (d)

Figure 9. Merging algorithm after (a) iteration
1, (b)iteration 2, (c) iteration 3and (d) iteration
5.

5. Results

A sizefilter appliedafter the meming algorithmto re-
move small catchmenbasinsgivesthe final segmentation
resultshavn in Fig. 10. Several sulcalregionshave been
labeledillustrating that regions correspondingo different
sulci aresggmentedseparately The superiortemporalsul-
cusis an example of an interruptedsulcuswhich is seg-
mentedasmorethanonecatchmenbasin.In Fig. 11, cross
sectionsof the sulcalseggmentsareshavn superimposedn
the original MR images.In theseimagesall sulcalregions
have beenoutlinedin white illustrating that the segmented
sulcalregionsfollow the deepfolds of the cortical surface.
Thesemagesdo notillustratethatseparateegionsareseg-
mentedfor eachsulcus,but this hasbeenshavn in Fig 10.
The sggmentatiorhasbeenappliedto fifteen subjectdrom
the Baltimore Longitudinal Studyon Aging [13], with ac-
curateandrobustresultsacrossthe variousdatasets. Sul-
cal sggmentationgrom four othersubjectsaredisplayedon
their correspondingphericamapsin Fig 12.
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Figure 11. Cross-sections of sulcal regions superimposed on the original (a) axial, (b) coronal and

(c) sagittal MR images.
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Figure 10. Final sulcal segmentation dis-
played on the lateral view of the spherical
map.

6. Discussion

The currentsegmentationmethodoffers several impor-
tantimprovementsover our previous method. In our pre-
vious method,the segmentationvasbasedsolely on a Eu-
clideandistancetransformfrom the cortical surfaceto the
outer shrink-wrapsurface. The Euclideandistancetrans-
form cangive aroughestimateof corticaldepth,but in or-
derto getatruedepthmeasurementhe measurementust
bemadealongthecorticalsurface.Thisbecomegspecially
importantin highly convolutedregionsof thecortex suchas
the Sylvianfissure.In this region, the cortical surfacemay
curvein away suchthattheclosespointto theshrink-wrap

Figure 12. Final segmentation results dis-
played on the lateral view of spherical maps
from four subjects.

measuredh Euclideardistancecouldbequitecloseandthe
depthmeasurementill beunderestimated.

In our previousmethod,aninitial depthwasrequiredto
begin thesggmentatioralgorithm. Thisinitial depthneeded
to be large enoughso that distinct sulcal regionswere not
erroneoushjoined yet smallenoughto avoid oversgmen-
tation. The choiceof theinitial depththresholdgreatlyaf-
fectedthe resultsof the final sggmentation. In our new
method,the sggmentationbegins at the deepestegion of



the cortex remaoving the needfor aninitial thresholdvalue.
Overs@mentatiordoesoccur, but is remediedisinga post-
processingatchmenbasinjoining algorithm.

Finally, our previousmethoddid not provide acomplete
parcellatiorof thesulcalregions.Bridgeregions,similarin
concepto watershedines,wereusedto keepdistinctsulcal
regionsseparateln certaincasesthe bridgeregionscould
becomethick, resultingin areaswithin the sulcalregions
beinglabeledasbridgeregions. The currentmethodelimi-
natesthese‘separators”providing a completeparcellation
of thesulcalregions.

7. Conclusions and future work

In this paper we introduceda nen method for sul-
cal sggmentatiorthat appliesthe watershedalgorithmto a
geodesidistancdransformonacorticalsurfacemesh.The
watersheareateanoversgmentatiorof thesulcalregions
whichwasaddressedith a methodfor memging catchment
basins. The meming algorithm presenteds one of mary
reasonablesolutions,we are currently investigatingother
techniques.The next phaseof this work is the automated
labelingof thesulcalregionsaccordingo their correspond-
ing sulcus. We are currently working towardsautomated
labelingbasedon geometricfeaturesof the sgmentedsul-
calregions.
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