
Watersheds on the Cortical Surface for Automated Sulcal Segmentation

MaryamE. Rettmann
�
, Xiao Han

�
, andJerryL. Prince

� ��
Departmentof BiomedicalEngineering�

Departmentof ElectricalandComputerEngineering
Centerfor ImagingScience

TheJohnsHopkinsUniversity, Baltimore,MD 21218
prince@jhu.edu

Abstract

Thehumancortical surfaceis a highly complex, folded
structure. Cortical sulci, thespacesbetweenthe folds,de-
fine location on the cortex and provide a parcellation into
functionally distinct areas. A topic that has recentlyre-
ceivedincreasedattentionis thesegmentationof thesesulci
frommagneticresonance(MR) images,with mostwork fo-
cussingon the extraction of the sulcal spacesbetweenthe
folds. Unlike thesemethods,we proposea techniquethat
extractsactualregionsof thecortical surfacethatsurround
sulci which wecall “sulcal regions”. Themethodis based
on a watershedalgorithm applied to a geodesicdistance
transformon the cortical surface. A well known prob-
lem with the watershedalgorithm is a tendencytowards
oversegmentation. To addressthis problem, we propose
a post-processingalgorithm that merges appropriate seg-
mentsfromthewatershedalgorithm.

1. Introduction

Quantitative anatomicstudiesof the humancortex are
challengingdueto its highly complex, convolutedfolding
pattern.Ridgesof thefolds,calledgyri, andthespacesbe-
tweenthefolds,calledsulci, definelocationon thecortical
surfaceandprovide a parcellationof the cortex into func-
tionally distinct areas.With the advancementof magnetic
resonance(MR) imagingtechniques,high-resolution,high
contrastthree-dimensionalimagesof thebraincannow be
routinely acquiredin vivo. As a result,methodsfor mod-
elling thecorticalsurfacefrom theseimageshaveemerged,
providing a meansfor furtheringtheunderstandingof mor-
phometricvariability in humanpopulations. A topic that
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has recently received increasedattentionis the study of
sulci, in particular, their segmentationfrom MR images
[14, 15, 4, 9, 6, 7, 19]. Sulci segmentedfrom the cortex
canbeusedin a varietyof applicationssuchasdeformable
atlasregistrationalgorithmsandlocalizing activation sites
in functionalimaging. In addition,the geometricanalysis
of sulciwill leadto abetterunderstandingof normalversus
diseasedcorticalgeometryandthemorphologicalchanges
thatoccurwith disease.

Previouswork in thesegmentationof sulci hasfocussed
on eitherfitting a surface[14, 15, 4, 19], finding a setof
points[9] or extractingthevolumetricregions[6, 7] within
thesulcalspaces.Unlikethesemethods,weproposeatech-
niquethatsegmentstheactualcorticalregionssurrounding
sulci. Theadvantageof segmentingactualcortical regions
is that it allows for a directgeometricstudyof thecortical
surfaceandprovidesa meansfor mappingfunctionalacti-
vationsites. For easeof terminology, we refer to our seg-
mentedregionsas“sulcal regions”, meaningpreciselythe
buriedregionsof cortex surroundingthesulcalspaces.An-
otheradvantageof theproposedmethodis that it segments
sulcal regionson the medialsurfaceaswell as the lateral
and inferior surfaces. Also, this segmentationmethodis
completelyautomatedexcept for picking a seedpoint on
thecorticalsurface.

In this paper, we describeour methodologyfor auto-
matically segmentingsulcal regionsusinga watershedal-
gorithm appliedto a geodesicdistancetransform. A well
known problemwith thewatershedalgorithmis a tendency
towardsoversegmentation. To addressthis problem, we
proposea post-processingalgorithmthatmergesappropri-
ate segmentsfrom the watershedalgorithm. The idea of
sulcalsegmentationusingwatershedswasfirst introduced
by Lohmannandvon Cramonin [6] andextendedin [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 imagesasopposedto Lohmann's



methodthat operatesdirectly on the imagedata. Second,
theresultof our segmentationis a pieceof thecorticalsur-
face,definedonthecontinuum,while volumescorrespond-
ing to thegraymatterandsulcalspacesareextractedin the
work of Lohmann. The relationshipbetweenthe two re-
sultsis thatour surfacesegmentspassthroughthevolumes
extractedby Lohmann.Finally, our methodsegmentssulci
from the lateral,medialand inferior surfacesof the brain
while the work in [6, 7] focuseson sulci from the lateral
surfaceonly.

This paperis anextensionof our previouswork on sul-
cal segmentation[11] offering several importantimprove-
ments. First, the geodesicdistancetransformis usedas
opposedto the Euclideandistancetransform. Second,the
previous methodrequiredan initial depththresholdvalue
to begin the segmentation. In this method,the segmenta-
tion begins at the deepestcortical regionseliminating the
needfor auserdefinedinitial value.Finally, in thismethod,
thewatershedalgorithmproducessegmentsthatcompletely
parcellatethesulcalregions.

2. Problem description

The goal of this segmentationwork is to extract the
buried cortical regions surroundingeach of the sulcal
spaces.Theseregions,which we term“sulcal regions”,are
depictedin Fig. 1 on a simplifiedillustrationof thecortex.
As illustratedin thefigure,sulcalregionsareseparatedby a
ridge.

GyriSulci
Sulcal Regions

Figure 1. A simplified illustration of a cross-
section of the cortical surface.

For illustration purposes,a three-dimensionaldiagram
representingtwo sulcalregionsis shown in Fig. 2(a). The
idealsegmentation,accordingto ourdefinitionof sulcalre-
gions,is shown in Fig. 2(b)whereoneof thesulcalregions
is outlinedin light grayline andtheotherin darkgray. This

diagramdemonstratesthattheidealsegmentationis identi-
cal to theresultthatwouldbeobtainedby applyinga three-
dimensionalwatershedalgorithmto thesurfacedepictedin
Fig. 2(a).

(a) (b) (c)

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

Traditionally, thewatershedalgorithmhasbeenusedin
imageprocessingfor segmentingimagesinto variouscatch-
mentbasinsor extractingwatershedlines. We employ the
sameconceptsof this algorithmto segmentsulcalregions
from a corticalsurfacemesh.While a completedescription
of the watershedalgorithmcan be found in [16], the key
ideasareillustratedin Fig. 3. As depictedon the left, the
watershedalgorithmcanbe viewed aspuncturingholesat
the local minima of a function andbeginning to fill these
regionswith water. Eachregion filling with wateris called
a catchmentbasin. When the water from two catchment
basinsbeginsto merge,adamis constructedto preventwa-
ter from onecatchmentbasinfrom spilling into the other.
Thesedamsaretermedwatershedlines.

watershed line 
   forms here

catchment basins begin 
      filling with water

Figure 3. Illustration of watershed algorithm.

Fromtheaboveillustrations,it is clearthatthewatershed
computedona functionthatdescribesthecorticalconvolu-
tions would provide an appropriatesegmentationof sulcal
regions. Thechallengein employing thewatershedlies in
definingthisfunction.Wehavechosento modelthecortical
convolutionsby computingafunctionbasedonthedepthof



eachpoint in the sulcal regions with respectto the gyral
regions. This depthfunction is generatedin the following
manner. First, the cortical surfaceis parcellatedinto gy-
ral andsulcalregions. In thesimplifiedexample,thegyral
region correspondsto the dark coloredridge in Fig. 2(c).
Next, the geodesicdistancetransformfrom the sulcal re-
gionsto the gyral regionsis computed.Geodesicdistance
is definedasthelengthof theshortestpathalongthecorti-
calsurfacebetweentwo points.Thus,thetransformassigns
to eachpoint in a sulcal region, the lengthof the shortest
path to a gyral region. This resultsin points at the bot-
tom of a sulcalregion having largevaluesandpointsclose
to gyri having small values. A simple remappingof the
depthvaluessuchthatlargedepthscorrespondto smallval-
uesandviceversaresultsin atwo-dimensionalfunctionthat
describesthecorticalconvolutions.

A typical problemencounteredwith the watershedal-
gorithm is its tendency towardsoversegmentation[16]. A
singleregionwill besegmentedasseveralcatchmentbasins
dueto noiseor smallvariationsin thefunction.In ourappli-
cation,this correspondsto several catchmentbasinsform-
ing asa resultof small ridgesin thesulcalregions. To ad-
dressthis issue,we proposea post-processingalgorithmto
merge catchmentbasinsbasedon the height of the ridge
separatingthem.

3. Initial data and model

Although our methodis generallyapplicableto any re-
constructedcorticalsurface[1, 8, 3, 2, 12, 17], in thiswork,
we usesurfacesreconstructedfrom MR imagesusingthe
techniquedescribedin [18]. Thistechniquecombinesfuzzy
segmentation,isosurfacesanddeformablesurfacemodelsto
reconstructthe layer of cortex lying in the geometriccen-
ter, which is approximatelycytoarchitectoniclayer4. The
reconstructionmethodis composedof threemajor steps.
First, a three-classfuzzy segmentationof the MR datais
computedcorrespondingto gray matter, white matterand
cerebrospinalfluid. Second,an initialization for the de-
formablesurfacemodelis createdby generatingasmoothed
isosurfacefrom thewhite mattermembershipfunctionob-
tainedfrom the segmentation.The resultof the isosurface
algorithmis a meshthat is a discreterepresentationof the
continuousisosurface.Finally, a deformablesurfacemodel
is usedto refine the initial surfaceto the central layer of
thegraymatter. Thecortex reconstructionmethodrequires
a minimal amountof manualinteractionandis capableof
fully resolvingdeepconvolutedfolds. Theresultingsurface
is representedby a triangularmeshconsistingof approxi-
mately300,000vertices.

To allow visualizationof buriedcorticalregions,aspher-
ical representationof the reconstructedcortical surfaceis
generatedthat maintainsa one-to-onemappingwith the

original reconstructedsurface. The sphericalmapgenera-
tion is describedin [11] andis usedto aid in visualization
of both functionson thecortical surfaceandthefinal seg-
mentedsulcalregions.

4. Segmentation method

In this section,we presentthe stepsrequiredto gener-
atea functionthatdescribesthecorticalconvolutions. The
resultsof thewatershedappliedto this functionaredemon-
strated,followed by a descriptionof the catchmentbasin
mergingalgorithm.

4.1. Parcellation into gyral and sulcal regions

First, the cortical surfaceis parcellatedinto the outer,
gyral regionsandtheburied,sulcalregions. Gyral regions
aredistinguishablefrom sulcal regions in that they lie on
the outersurfaceof the cortex. This outercortical surface
canbe representedby a “shrink-wrap” surfacethat tightly
surroundsthe cortical surfacebut doesnot enter into the
cortical folds. In order to parcellatesulcal regionson the
medialsurfacesaswell asthe lateralandinferior surfaces,
a shrink-wrapsurfacemust be generatedfor eachhemi-
sphereseparately. Let ��� be the setof all verticeson the
shrink-wrapsurfacecorrespondingto the ���	� hemisphere
where��

��������� . Fig. 4 is a coronalcross-sectionshowing
a contourof a shrink-wrapsurfacein gray andthe recon-
structedcorticalsurfacein white. A detaileddescriptionof
theshrink-wrapgenerationcanbefoundin [11].

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

Eachvertex on thecorticalsurfacemeshcanthenbela-
beledaseithergyral or sulcalbasedon its distanceto the
appropriateshrink-wrap. This requireseachvertex to be
labeledaccordingto hemisphere.Let � be the set of all
verticeson thecorticalsurfacemesh.Eachvertex ����
��



is assigneda label indicatingwhich cortical hemisphereit
belongsto. Let �	������� be the hemispherelabel of vertex ���
suchthat

�	������� � ! � if vertex � � is onhemisphere1� if vertex � � is onhemisphere2
(1)

Thelabelsaredeterminedby makingacut throughthecor-
puscallosum,separatingthecorticalsurfaceinto two hemi-
spheres.This steprequiresthe userto pick a point in the
centerof thecorpuscallosum,theonly manualinteraction
requiredin thesegmentationprocedure.

Next, theEuclideandistancetransformfrom thecortical
surfaceto theshrinkwrapsurfacesis computed.Let"�# �$� � �	�%�&�('*),+-$.0/21 �43 # �$� � �657�8�6� (2)

denotethedistancefrom vertex � � to thenearestvertex 5�
� . The function 3 # �$� � �657�9� denotesthestandardEuclidean
distancefrom vertex � � to vertex 5�� . Then, :���� � � definedas

:������$� � ! " # �$���	�7�<;=� if �7�����$� = 1" # �$���	�7� >9� if �7�����$� = 2
(3)

is the Euclideandistancefrom ��� to the nearestvertex
on its correspondingshrink-wrapsurface. The function :
is shown on the sphericalmap in Fig. 5(b) wheresmall
distancesare shown as light gray and large distancesin
dark gray. A renderingof the cortical surfaceis shown in
Fig. 5(a)at thesameview asthesphericalmap.Thespher-
ical map is renderedwith flat shadingto avoid confusion
with thegrayscaledistancevalues.

Finally, thecorticalsurfacecanbeparcellatedinto gyral
andsulcalregionsby assigninglabels,?
�$� � � to eachvertex
where ?
�$���$�@� ! � if :A�$�����CBEDF

otherwise
(4)

A vertex � where ?G���H�I�J� is a gyral vertex, otherwise
it is a sulcal vertex. D waschosento be two millimeters,
meaningthatcorticalregionswithin two millimetersof the
shrink-wrapareconsideredgyral. Thefunction ? is shown
in Fig. 5(c) superimposedon thesphericalmapwheregray
areascorrespondto sulcalregions.

4.2. Geodesic calculation

Next the geodesicdistancetransformof verticesin the
sulcal regionsto the gyral regionsis computed.Let K be
thesetof all verticeslying on a gyral region of thecortex,
which includesall vertices��� suchthat ?G�����$�<�L� . Let"*M �����	�	KN� �O'*),+P .0/RQ �83 M �����	��S � �6� (5)

(a)

(b) (c)

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 geodesicdistancefrom vertex T�U to the nearest
vertex VXWZY . Thefunction [2\H]$TAU7^7V6_8` denotesgeodesicdis-
tancefrom vertex TAU to vertex V�_ . Then, ab]�T�U$` definedas

ab]�T�U$`@cedgf \�]�T�U7^hYN` if iG]�T�U�` = 0j
if iG]�T�U�` = 1

(6)

is thegeodesicdistancefrom T U to thenearestvertex located
on a gyral region andverticeslying in gyral regionsareal-
waysassigneda distanceof zero. Thefunction a is shown
in Fig. 6 superimposedon the sphericalmapwheresmall
distancesareshown in light grayandlargedistancesin dark
gray.

A geodesicdistancetransformis also employed in [7]
wherethecomputationis accomplishedusingaconstrained
Euclideandistancemeasureon theimagedata.We require
a geodesicdistancemeasurementon the surfacemeshand
have implementedthe methodproposedby Kimmel and
Sethianin [5] for thispurpose.In thismethod,thegeodesic
distanceis computedusinga fastmarchingalgorithmfor a
triangulatedmesh. An initial contouris specifiedat time
zeroandpropagatedonthemeshwith unit speedin thenor-
mal direction.For ourapplication,theinitial contouris de-
finedasall verticeslying on theborderbetweengyral and



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

sulcalregions.Thegeodesicdistanceto all otherpointson
themeshis assignedasthearrival timeof theevolving con-
tour.

4.3. Watershed algorithm

The geodesicdistancefunction k is remappedto gen-
eratea function on the cortical surfacethat describesthe
cortical convolutionsin the framework consistentwith the
watershedalgorithm.Define3Al%m0no�qpr���s�@�O'�tvuw6xy/Rz �v�N�$3 � �6� (7)

which is themaximumof � , a functionof vertices,overall
verticesin thevertex set p . Then{ �����$� �|3 l}m=n ���~�hk�����kb������� (8)

resultsin thedesiredremapping.
Next, the watershedof

{
is computed,resultingin �

catchmentbasinswhere � � is the � th catchmentbasincom-
prising a set of vertices. The index � indicateswhen the
catchmentbasin was formed during the watershedalgo-
rithm. Thefirst basinto form is labeledwith one,thesec-
ond with two andso forth. This givesa naturalordering
of the deepestto mostshallow catchmentbasins.Vincent
describesa fastmethodfor computingthewatershedon an
imagein [16] thatgeneratesaccuratewatershedlineswhile
avoiding thick watershedregions. We usedthis algorithm
for computingthewatershedwith a few minor adaptations
for themesh.

The resultof the watershedappliedto the transformed
distancemapis shown in Fig.7(a)wherethewatershedver-
ticesarecoloredblack. This resultcanbeusedto generate
either the watershedlines or the catchmentbasinsof the
sulcal regions by applying different post-processingrules
onthewatershedvertices.For watershedline extraction,all

verticesborderingtwo catchmentbasinscan be relabeled
aswatershedvertices.For completeparcellationof thesul-
cal regionsinto catchmentbasins,eachwatershedvertex is
addedto its neighboringcatchmentbasinwith thesmallest
numericallabel.In thisapplication,thelatterruleisapplied,
with thefinal watershedresultshown in Fig. 7(b). Fromthe
figure it is clearthat thesulcalregionshave beenoverseg-
mented,meaningthatseveralcatchmentbasinsrepresenta
singlesulcalregion.

(a) (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,weaddresstheoversegmentationthathasoc-
curredduring the watershedtransformation.As described
previously, small ridgesin the sulcalregionswill result in
the formationof separatecatchmentbasins. The criterion
for joining two catchmentbasinsis basedon theheightof
the watershedline separatingthem. Thecatchmentbasins
arecomparedpairwiseandbasinsformedearlierin thewa-
tershedalgorithmarecheckedfirst.

To assistin thejoining algorithm,anadjacency graphof
the catchmentbasinsis generatedwhere � ]$�&Uy` is the set
of catchmentbasinsadjacentto �&U . The joining algorithm
follows:

/� generate a list of all catchment basins (CBs) in the
order they were formedduring thewatershedalgorithm � /
CBlist � list of �@�R���,���&�
numMerges � 0
whileendof list hasnotbeenreached� � next CBon list� � CBin set� ]$��` with smallestnumericallabel� � setof verticesonborderbetween� and

�
if ( [A�}�=��]$��^ha�`��
[A�%�0�o] � ^ha�`C�E� ) AND

( [ �%�0� ] � ^	aH`&�
[ �%�0� ] � ^ha�`}��� )
merge

�
to �



remove � fromCBlist� inherits ���q��� exceptduplicates
numMerges � numMerges+1

endif
endwhile
if (numMerges= 0)

quit
else

numMerges � 0
repeatwhile loopstartingat beginningof list

Themergingcriterionis depictedin Fig. 8 andis similar in
conceptto thatproposedin [7]. If therelative heightof the
watershedline separatingtwo catchmentbasinsis small,
thesebasinsaremerged.

relative heights of 
catchment basins

Figure 8. Illustration of merging criterion.

An exampleof themergingalgorithmappliedto theseg-
mentationfromFig.7(b)is shown in Fig.9. In thisexample,D wasassigneda valueof onecentimeterandthealgorithm
convergedafterthefifth iteration.

Two featuresof thealgorithmareimportantfor prevent-
ing theerroneousmergingof catchmentbasins.Thebasins
formed earliestin the watershedalgorithm correspondto
the deepestandan attemptto merge themoccursfirst. In
addition, during the merging process,the new catchment
basininheritsthemaximumdepthof theoriginalcatchment
basins.As seenin Fig. 9(a), regionscorrespondingto the
Sylvian fissureandprecentralsulcushave adjacentcatch-
mentbasins.Thesesulcalregionsshouldbesegmentedsep-
arately, thereforeit is importantthat their adjacentbasins
arenot merged. The algorithmpreventsthis as illustrated
in Figs. 9(b)-(d) by merging the deepestbasinsfirst. An
attemptto mergetheadjacentbasinsin theSylvianandpre-
centralsulcalregionsdoesnotoccuruntil eachhasinherited
themaximumdepthassociatedwith its respectivesulcalre-
gion.

Thecentralsulcus,locatedin theuppercenterof theim-
agesin Fig. 9 is segmentedasa singlecatchmentbasinaf-
ter the merging algorithm. However, somesulcal regions
arestill segmentedasseveralcatchmentbasins.Theserep-

resentinterruptedandpseudo-interruptedsulci [10]. These
typesof sulciarebrokeninto morethanonepieceby agyral
ridge andarethussegmentedin multiple piecesaccording
to ourdefinitionof sulcalregions.

Precentral 

Sylvian 

Adjacent Basins 

(a) (b)

(c)

Central

(d)

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

5. Results

A size filter appliedafter the merging algorithmto re-
move small catchmentbasinsgivesthe final segmentation
resultshown in Fig. 10. Several sulcal regionshave been
labeledillustrating that regionscorrespondingto different
sulci aresegmentedseparately. Thesuperiortemporalsul-
cus is an exampleof an interruptedsulcuswhich is seg-
mentedasmorethanonecatchmentbasin.In Fig. 11,cross
sectionsof thesulcalsegmentsareshown superimposedon
theoriginalMR images.In theseimages,all sulcalregions
have beenoutlinedin white illustratingthat thesegmented
sulcalregionsfollow thedeepfolds of thecorticalsurface.
Theseimagesdonot illustratethatseparateregionsareseg-
mentedfor eachsulcus,but this hasbeenshown in Fig 10.
Thesegmentationhasbeenappliedto fifteensubjectsfrom
the BaltimoreLongitudinalStudyon Aging [13], with ac-
curateandrobust resultsacrossthevariousdatasets.Sul-
calsegmentationsfrom four othersubjectsaredisplayedon
their correspondingsphericalmapsin Fig 12.



(a)

(b) (c)

Figure 11. Cross-sections of sulcal regions superimposed on the original (a) axial, (b) coronal and
(c) sagittal MR images.

Cen
tra

l

Sylvian

Superior
Temporal

Superior
Frontal

Cingulate

Inferior
Temporal

Figure 10. Final sulcal segmentation dis-
played on the lateral view of the spherical
map.

6. Discussion

The currentsegmentationmethodoffers several impor-
tant improvementsover our previous method. In our pre-
viousmethod,thesegmentationwasbasedsolelyon a Eu-
clideandistancetransformfrom the cortical surfaceto the
outer shrink-wrapsurface. The Euclideandistancetrans-
form cangive a roughestimateof corticaldepth,but in or-
derto geta truedepthmeasurement,themeasurementmust
bemadealongthecorticalsurface.Thisbecomesespecially
importantin highly convolutedregionsof thecortex suchas
theSylvianfissure.In this region, thecorticalsurfacemay
curvein awaysuchthattheclosestpoint to theshrink-wrap

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

measuredin Euclideandistancecouldbequitecloseandthe
depthmeasurementwill beunderestimated.

In our previousmethod,an initial depthwasrequiredto
begin thesegmentationalgorithm.This initial depthneeded
to be largeenoughso that distinct sulcalregionswerenot
erroneouslyjoinedyet smallenoughto avoid oversegmen-
tation. Thechoiceof the initial depththresholdgreatlyaf-
fected the resultsof the final segmentation. In our new
method,the segmentationbegins at the deepestregion of



thecortex removing theneedfor an initial thresholdvalue.
Oversegmentationdoesoccur, but is remediedusingapost-
processingcatchmentbasinjoining algorithm.

Finally, ourpreviousmethoddid notprovidea complete
parcellationof thesulcalregions.Bridgeregions,similar in
conceptto watershedlines,wereusedto keepdistinctsulcal
regionsseparate.In certaincases,thebridgeregionscould
becomethick, resultingin areaswithin the sulcal regions
beinglabeledasbridgeregions.Thecurrentmethodelimi-
natesthese“separators”,providing a completeparcellation
of thesulcalregions.

7. Conclusions and future work

In this paper, we introduceda new method for sul-
cal segmentationthat appliesthe watershedalgorithmto a
geodesicdistancetransformonacorticalsurfacemesh.The
watershedcreatesanoversegmentationof thesulcalregions
whichwasaddressedwith a methodfor mergingcatchment
basins. The merging algorithmpresentedis one of many
reasonablesolutions,we are currently investigatingother
techniques.The next phaseof this work is the automated
labelingof thesulcalregionsaccordingto theircorrespond-
ing sulcus. We are currentlyworking towardsautomated
labelingbasedon geometricfeaturesof thesegmentedsul-
cal regions.
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