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Abstract

While level setshave demonstrateda greatpotentialfor 3D medicalimagesegmentation,
their usefulnesshasbeenlimited by two problems.First, 3D level setsarerelatively slow
to compute.Second,their formulationusuallyentailsseveralfreeparameterswhichcanbe
verydif�cult tocorrectlytunefor speci�c applications.Thesecondproblemis compounded
by the�rst. Thispaperdescribesanew tool for 3D segmentationthataddressestheseprob-
lems by computinglevel-setsurfacemodelsat interactive rates.This tool employs two
important,novel technologies.First is the mappingof a 3D level-setsolver onto a com-
moditygraphicscard(GPU).Thismappingreliesonanovel mechanismfor GPUmemory
management.Theinteractive rateslevel-setPDEsolver give theuserimmediatefeedback
on theparametersettings,andthususerscantunefreeparametersandcontroltheshapeof
themodelin real time. Thesecondtechnologyis theuseof region-basedspeedfunctions,
whichallow auserto quickly andintuitivelyspecifythebehavior of thedeformablemodel.
We have found that the combinationof theseinteractive tools enablesusersto produce
good,reliablesegmentations.To supportthis observation, this paperpresentsqualitative
resultsfrom severaldifferentdatasetsaswell asa quantitative evaluationfrom a studyof
braintumorsegmentations.
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Abstract. This paperevaluatesthe effectivenessof an interactive, three-dimensionalimagesegmenta-
tion techniquethat relieson watersheds.This paperpresentstwo user-basedcasestudies,which include
two differentgroupsof domainexperts.Subjectsmanipulatea graphics-basedfront endto a hierarchy
of segmentedregionsgeneratedfrom a watershedsegmentationalgorithm,which is implementedin the
InsightToolkit. In the®rst study, medicalstudentssegmentseveraldifferentanatomicalstructuresfrom
the Visible HumanFemaleheadandneckcolor cryosectiondata.In the secondstudy, radiologistsuse
theinteractive tool to producemodelsof braintumorsfrom MRI data.This paperpresentsa quantitative
andqualitative comparisonagainsthandcontouringandanothersemi-automatictechniquebasedon de-
formablemodels.To quantify accuracy, we estimategroundtruth from the hand-contouringdatausing
theSimultaneousTruthandPerformanceEstimationalgorithm.Wealsoapplymetricsfrom theliterature
to estimateprecisionandef®ciency.
The watershedsegmentationtechniqueshowed improved subjectinteractiontimesandincreasedinter-
subjectprecisionover handcontouring,with quality that is visually andstatisticallycomparable.The
watershedresultsalsocomparefavorablyto resultsusingthedeformablemodels.Theanalysisalsoiden-
ti®es somefailuresin thewatershedtechnique,whereedgeswerepoorly de®nedin thedata,andnoted
a trendin thehand-contouringresultstowardsystematicallylargersegmentations,whichraisesquestions
aboutthewisdomof usingexpertsegmentationsto de®negroundtruth.

1 Intr oduction

Imagesegmentationis arguablythemostubiquitousanddif�cult technicalproblemin med-
ical imageprocessing.The problemof partitioning an image into meaningfulpiecesor,
alternatively, delineatingregionsof anatomicalinteresthasproven to be asdif�cult asa
hostof othercomputationalproblemsthatattemptto mimic thecapabilitiesof humanintel-
ligenceor perception.Theongoingdif�cultly of imagesegmentationis not from a lack of
attention;thousandsof papersandtheseson imagesegmentationdescribeawidevarietyof
approachesrangingfrom statistics,differentialgeometry, andpartialdifferentialequations
to gametheory, discretegeometry, andcomputationalmechanics.
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As a result,engineersdesigningclinical systemsthatrequireanimagesegmentationcapa-
bility areleft with wide rangeof possibleapproaches—virtuallyall of which claim to be
effective to somedegree. To helpwith this,severalresearchershaveproposedmechanisms
for evaluatingor validatingtheeffectivenessof varioussegmentationalgorithms.However,
quantifyingthevalidity of a segmentationhasprovento bealmostasdif�cult astheseg-
mentationitself. Thechallengestemsfrom thefactthatquantifyingdifferencesin shapesis
alsoanimportant,openproblemin computervision andimageprocessing.In themidstof
thesedif�cult challengesandproposedsolutionsonemightask,“How well arewedoing?”

Thispaperis acasestudythatlooksat theeffectivenessof a relatively simple,well-known
segmentationparadigm,hierarchicalwatershedswith userinteraction.In our experience,
this methodis moderatelyeffective on a wide rangeof segmentationproblems.We sys-
tematicallystudyits effectivenesson two differenttypesof datausingseveralcommonly
cited validationmetrics.Our studyis designedto addressthe questionof whetheror not
oneshouldusea user-assistedwatershedsegmentationin lieu of handcontouring.There-
sults,however, alsoprovide someinsightinto thewatershedalgorithmitself aswell asthe
methodologyof validatingsegmentationalgorithmsagainstauser-de�ne groundtruth.

Theremainderof thepaperis organizedasfollows.Section 2 givessometechnicalback-
groundandrelatedwork on watershedsegmentation,describesourparticularimplementa-
tion,andpresentsourvalidationmethodology. Section3 describestheuserstudieswehave
conductedandthemethodby which we collectedour data.Section4 presentsthe results
of our studyandgivesqualitative observationsabouttheseresults.Section5 summarizes
whatwehave learnedanddiscussesin abroaderway theimplicationsof this study.

2 TechnicalBackground and RelatedWork

2.1 Mor phological Watersheds

Thesubjectof imagesegmentationis toobroadfor anextensivereview, but wegiveabrief
overview of watershedsegmentationandhow it relatesto segmentationmethodsin general.
Mostsegmentationalgorithmsfall in oneor moreof threeclasses:edge-basedapproaches,
classi�cation-basedapproaches,andregion-basedapproaches.Edge-basedapproachesseg-
mentimagesby �nding theboundariesbetweenregions,oftencallededges.Classi�cation-
basedapproachesassignpixels to classesbasedon a setof measuresor featuresat each
pixel.Region-basedapproachesdelineatesegmentsbasedonthesimilarity of pixelswithin
the segment.Of course,mostapproachesusesomecombinationthesestrategies.For in-
stance,Markov-random�elds [1] canbeusedin sucha way that they classifypixels in a
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statisticalmanner, while respectinghomogeneousneighborhoodsandincorporatinganex-
plicit edgemodel.Likewiseregion-basedapproachesoftenrely onatheconceptof anedge.
Suchis thecasewith thewatershedsegmentationalgorithm,whichgrew outof mathemat-
ical morphologysome20yearsago[2, 3], andtakesits inspirationfrom hydrologyandthe
studyof watersheds.The following paragraphsdistill the ratherlargebodyof researchin
morphologicalwatershedsto its essentialideas.

Hydrologicalwatershedspartitiongeographicallandscapesbasedon ridges,or watershed
lines, andthevalleys betweenthem.Waterprecipitatingonto the landscapenaturallycol-
lects to form pools in low-lying catchmentbasins, whereits �o w is blocked by damsor
ridges.If we treatthevaluesof an imageasa relief mapdescribingheightin a geograph-
ical terrainthenan imagecanbe segmentedby partitioningit into areasthat correspond
to catchmentbasinsin the geographicalwatershed.The watershedtransformationof an
imageis a mappingfrom the original imageto a labeledimagesuchthat all points in a
givencatchmentbasinhavethesameuniquelabel.Usuallythewatershedtransformationis
appliedto a boundarymap, which is a grayscalefunction,derivedfrom the input image,
thathaslow valueswithin regionsandhigh valuesalongregion boundaries.Thegradient
magnitudeof anintensity-basedimage,for example,is oftenusedastheboundarymap,as
well ashigherorderfeaturessuchasisophotecurvature.

Therearemany differentalgorithmsfor computingthe watershedtransform,but mostof
themfall into two basicclassi�cations.The �rst classof algorithmsassociatepixelswith
catchmentbasinsaccordingto theirshortesttopological distancefrom localminima.Thus,
a basinin the watershedtransformis a setof all pointswhosepathsof steepestdescent
terminateat thesamelocal minimum[4]. Thesecondapproach�oods the imagefrom the
bottomup, asif the metaphoricallandscapewerepuncturedat its local minima andthen
immersedin water. This is the strategy of the immersion algorithm [5]. The immersion
algorithmimposesa discretesetof graylevel valueson the imageandthenexpandseach
catchmentbasinfrom its minimumgraylevel by iteratively addingtheclosestconnected-
componentregionsof thenext highestgraylevel. Any pixelsthatareequidistantfrom two
catchmentbasinarelabeledaswatershedlines.

The watershedtransformationpartitionsimagesinto patchesthat coincidewith low val-
uesof theboundarymeasure,but it tendsto oversegmenttheimagebecauseit createsone
catchmentbasinfor every local minimum.Oversegmentationis especiallypronouncedin
noisyor highly detailedimages.Severalstrategiesexist to dealwith theoversegmentation
problem.Onecommonapproachis to grow catchmentbasinsusingthe immersionalgo-
rithm only from speci�c markers(seedpointsor seedregions),insteadof from all image
minima.Theresultingsegmentationis constrainedso that it containsonly oneregion per
marker [6, 7]. A secondstrategy, hierarchical watersheds[8], producesa multiscalesetof
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watershedtransforms.Catchmentbasinregionsin theinitial, oversegmentedtransformare
progressively mergedaccordingto somemeasuresuchastheir depth,size,or shape.The
resultis a hierarchyof increasinglycoarsersegmentationsacrossa rangeof saliency lev-
els.Oversegmentationcanalsobecontrolledby carefulsmoothingandthresholdingof the
backgroundvaluesin the original image,which �attens out shallow catchmentbasinsin
uninterestingregions.A goodreview of themany classesandvariationsof thewatershed
transform,aswell ascommonsolutionsto the oversegmentationproblemis given in [3]
and[9]. Thelatterincludesrecentwork on parallelizationof transforms.

2.2 Algorithm Validation

Theroleof segmentationvalidationis to understandthestrengths,limitations,andpotential
applicationsof aparticularsegmentationalgorithm.Therearetwo strategiesfor validation.
Onestrategy is to studysegmentationperformancein the context of a particularclinical
or scienti�c question[10,11]. For instance,the effectivenessof the algorithm within a
study that monitorsthe volumesor sizesof tumors.The secondapproachis to study to
validatesegmentationin the absenceof a speci�c clinical applicationby quantifyingthe
generalbehavior of thealgorithmrelative to anideal solution.Thispapertakesthesecond
approach,andusesgeneralshapemetricsto comparewatershedsegmentationresultswith
thedefactogold standardfor clinical applications,which is handcontouringonesliceat a
time (which we will alsocall manualsegmentation)by expertobservers.Thus,this study,
narrowly de�ned, examinesthe questionof whetheror not watershedsegmentationis an
appropriatereplacementfor handcontouring.

Segmentationvalidationis dif�cult becauseof the lack of standardmetricsandthe dif�-
culty of establishinggroundtruth in clinical data.Our validationmethodologyis derived
from ideasdevelopedby [12], andothers[13–15],whoemphasizetheimportanceof quan-
titativeevaluationandstatisticalmetrics.Thisstudyconcernsauser-assistedsegmentation
technique,which requiresa user-basedvalidation to capturevariationsin the individual
decision-makingprocess.Experimentaltrials acrossa numberof usersandimages[16,17]
cangeneratedataappropriatefor statisticalanalysisthataccountfor uservariability.

A combinationof a varietyof factorsdeterminestheeffectivenessof a segmentation.For
instanceUdupaet.al[13] proposea quanti�cationof performancebasedon validity of the
results(accuracy), reproducibilityof theresults(precision),andef�ciency of thesegmen-
tationmethod(time).Otherresearchershavestudiedthesensitivity of thetechniqueto var-
iousdisruptive factorssuchasdataartifacts,pathology, or individual anatomicalvariation
(robustness)[18].
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Accuracy metricstypically rely on a groundtruth segmentation—segmentationsthat are
somehow closeto this groundtruth areconsideredbetterthanthosethat arenot. Studies
with digital or physicalphantomsprovide a readyde�nition of groundtruth.However, for
biologicalor clinical datasets,groundtruth is usuallyunknown. In this case,researchers
typically rely on expertsto delineatethegroundtruth by hand[18,19]. Expertsseldomall
agree,but astatisticalcombination(averaging)of severalexpertsegmentationscanaccount
for expertvariability. Averagingof multiplenonparametricshapes,however, is itself a dif-
�cult problem.Onetechniquefor combiningmultiplesegmentationsis SimultaneousTruth
andPerformanceLevelEstimation(STAPLE), [20]. Thistreatssegmentationasapixelwise
classi�cation,whichleadsto anaveragingschemethataccountsfor systematicbiasesin the
behavior of expertsin orderto generatea fuzzygroundtruth (W) andanaccuracy estimate
for eachexpert.Thegroundtruth segmentationcharacterizationsW arevolumesof values
betweenzeroandonethatindicatetheprobabilityof eachpixel beingin theobjecttargeted
by thesegmentation.

The accuracy of an individual experimentalsegmentationis usuallygiven throughsome
measureof a region's overlapand its distancefrom the groundtruth. Commondistance
metricsincludethe Hausdorff distance[21] andthe root meansquareddistancebetween
selectedboundarypoints[14,15]. Often overlapis characterizedby a similarity measure
betweenexperimentalandgroundtruth volumes.Onecommonsimilarity measures is the
cardinalityof theintersection(in pixelsor voxels)of positiveclassi�cationsin two volumes
volumesovertheunionof thepositiveclassi�cations[16,22].Anotheroverlapmetricis the
total correct fractionc, which is simply thepercentageof correctlyclassi�edpixelsin the
imagevolume(negativeandpositive) [23].

Anotherstrategy for evaluatinga single-objectsegmentationis to view eachpixel asan
instanceof adetectiontask,whichgivesriseto metricsfor sensitivity andspeci�city. Sen-
sitivity, or p, is the true positive fraction of the segmentation,the percentageof pixels in
an imagecorrectlyclassi�ed aslying insidethe objectboundary. Speci�city, or q, is the
truenegative fraction,thepercentageof pixelsin a segmentationcorrectlyclassi�edasly-
ing outsidethe objectboundary. Becausethereis an explicit tradeoff betweensensitivity
andspeci�city, researchershaveproposedusingreceiveroperatorcharacterizations(ROC),
whichmonitorthebehavior of thistradeoff for differentsegmentationalgorithmsor param-
etersettings[24,13].

The precisionof a segmentationmethodis an indicatorof how repeatablethe resultsare
usingthat technique.Thoughtof anotherway, it is an indicatoror thedegreeof random-
nessinherentto themethod.Precisiondoesnot rely on knowing groundtruth andcanbe
estimatedby applyingthesimilarity measures within a setof experimentalsegmentations
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[13]. Themeans valuefrom thesecomparisonsgivesacharacterizationof theprecisionof
themethod.

Theef�ciency of a segmentationtechniqueis a measureof thetime involvedin achieving
asegmentation.Thiscanincludeuserinteractionandcomputetimes.Thesetwo character-
isticsareusuallyconsideredindividually, becauseeachhasa separatecostandwill affect
thepracticabilityof themethodin away thatdependson thespeci�c application.

3 Methodology

Wepresentresultsfrom two separateuserstudiesof theuser-assistedwatershed(WS) seg-
mentationtechnique.Both studiesareconductedon 3D datasets(volumes).Our �rst user
studyappliestheWSsegmentationtechniqueto threedifferentanatomicalstructuresfrom
thetheheadandnecksectionof theNationalLibrary of Medicine'sVisibleHumanFemale
(VHF) color cryosectiondata[25]— theright eyeball, theright lateralrectusmuscle,and
theopticnerves(includingthechiasm).

In the secondvalidationstudy, we apply the WS methodto the problemof brain tumor
segmentation.This includesfour brain tumors(chosenat random)from theBrighamand
Women's Hospital(HBW) Brain TumorSegmentationDatabase: two meningioma(cases
2-3) andtwo low gradeglioma(cases6 and8)[23,26]. TheHBW databaseis a setof ten
3D 1.5TMRI imagesof braintumorpatientssampledfrom a largerclinical database.The
remainderof thissectiondescribesthemethodsfor processingdataandconductingtheuser
studies.

3.1 ImagePreprocessingand WatershedSegmentation

BeforeWS segmentationall datasetsareprocessedto reducenoiseandsmoothhomoge-
neousregions.The smoothingpreprocessingstepreducesthe time necessaryto compute
the WS transform/hierarchyand decreasesthe sensitivity to small-scalefeatures,noise,
andtexture.The�ltering consistsof anedge-preserving,PDE-basedsmoothingtechnique
known asanisotropicdiffusion [27,24,28], which preservesgradientedgefeaturesin the
imagewhile smoothingmorehomogeneousregions.For the color data,we usedan ex-
tensionof anisotropicdiffusionto multiple channelimagesthatdiffusesRGB components
separately, but computesedgestrengthasa functionof all components[29], usingtheL2
normof theJacobianasdescribedin [30]. Table1 shows thevaluesfor theparametersas-
sociatedwith thispreprocessing.TheparameterDt is thetime steptakenfor eachiteration
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andtheconductanceis measuredasafractionof theRMSedgevaluein eachimageateach
iteration.

Dataset Dt iterationsconductance

Tumor 0.120 8 0.60
Cryosection0.120 10 1.0

Table 1. Parametersfor theanisotropicdiffusion®ltering.

A boundaryestimatoris appliedto thesmootheddatato producetheinputboundarymapto
theWStransform.For thetumordata(grayscale)thisboundarymapis thegradientmagni-
tude,andfor thecolordatatheboundarymapis theL2 normof theJacobian,asusedin the
conductancefor theanisotropicdiffusion.Theboundarymapsarethenlower-thresholded
to eliminatepotential,uninterestingshallow catchmentbasinsin relatively homogeneous
regionswithoutany signi�cant edges.For eachdataset,a valuel waschosenandall inten-
sity valuesin theimagef (x) < l weresetto l . Thevalueusedfor l is typically verysmall,
on theorderof 0:1%of themaximumedgevalue.

TheWS segmentationis computedon thethresholdedboundarymapsusingthetop-down
approach.As implementedin the Insight Toolkit, this algorithmgroupspixelswith topo-
logically closestminimausinga gradientdescentstrategy [31,32], andhastheadvantage
that,unlike the immersionalgorithm,it doesnot limit theprecisionof a segmentationby
imposinga setof discretegraylevelson the image.Consideragainanimage f asa height
function,wherethegraphof f (x); x 2 U describesasurfaceandmis thesetof all minima
in f . The ITK watershedtransformconsistsof a setof catchmentbasinsB, with eachBi
containingexactly onepoint mi andall otherpointsin U whosepathsof steepestdescent
terminateatmi .

Figure1 illustratesa typical sequenceof segmentationusingtheITK watershedtransform.
The boundarymap producedfrom the original imageis usedas the input to the water-
shedtransform.Coloredregionsin thetransformedimagecorrespondto uniquelylabeled
catchmentbasins.

The gradientdescentlabelingalgorithmcanbe implementedef�ciently in a singlepass
throughtheimage,usingneighborhoodconnectivity in thecardinaldirections(6 neighbors
in 3D). A secondpassresolvesany �at connected-componentregionsof uniform intensity
values,or plateaus. Plateausarelabeledaccordingto the closesttopologicallyconnected
basinto their steepestedge.Thedownhill, or gradientdirection,of a pixel is usuallycom-
putedby examiningtheconnectedneighbors,andthedegreeof connectivity (e.g.4 versus
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Fig.1. A typical sequence of segmentation, applied to color cryosection data from the Visible Human Female. An edge

map (center) is produced from an image (left) and transformed into a set of segmented regions (right) using gradient

descent to local minima.

8 in 2D) is a parameterthat dependson the needsof the application.The ITK algorithm
usesneighborhoodswith connectionsalongcardinaldirections(6 neighborsin 3D).

Theoversegmentationproblemisalleviatedusingahierarchicalwatershedsapproachthrough
asequenceof regionmerges.Mergesaredeterminedaccordingto asaliencymeasureS(Bi)
for eachregion or basinBi . This saliency measuremust satisfy two properties.First, it
mustdecreaseasregionsaremerged;that is S(Bi) � S(Bi [ B j ). Second,it mustindicate
aparticularneighboringregionwith which eachregion will merge.A successionof merge
operationsappliedin orderof increasingsaliency producesahierarchyof watershedtrans-
formsin whicheachtransformconsistsof entirelyof regionswith salienciesthataregreater
thansomethreshold.Alternatively, any choiceof saliency threshold(below themaximum
saliency of theimage)resultsin a particularsegmentation.

Thesaliency measurefor theITK algorithmis thewatersheddepthof eachregion,which
is de�ned asthedifferencein valuesbetweentheminimumof that region andthe lowest
saddlepoint thatbordersanotherregion.Regionsformedby amergeoperationhaveanew
depthdeterminedby theminimumof thetwo mergedregionsandlowestbordervaluewith
someotherregion. Theregion merging algorithmmakesuseof a min-heapdatastructure
to storeregions accordingto saliency. The sequenceof merges is generatediteratively,
by removing the minimum from this heapandcreatinga new region that combinesthe
minimum region with its neighbor, as indicatedby the saliency metric. As the saliency
thresholdis raisedfrom0 to themaximumheightin theimage,regionmergescanbeviewed
asnodesin a binary tree,asshown in Fig. 2. A horizontalslice throughthis treeyields
a transformat the associatedminimum saliency. To save computationtime, the process
stopswhenthenumberof regionsonthelist fallsbelow somepresetminimum(e.g.several
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hundred)thatclearlysurpassestheneedsof theapplication.For thisstudyweprovideusers
with auserinterfaceinto thishierarchy[33], asdescribedin Sect.3.2.

!" #$#%&'( %$)*+, ) - '
. *%" +/0*1 ''''''

(
%$

)*
+,

)-
'2

)3
$,

'.
,*

)+
,0

&-

400&)%" '5 3)*%$#0" +
5 " '6789$*) )+
:) ;<;'7+)*'#" $)*%=$#0" >

5
?)

*+
)<

1
)"

$)
-

@
"-

)*
+)

<1
)"

$)
-

A'8%+#" '

Fig.2. Enforcing successively higher saliency measures on an initial watershed transform produces a binary tree of region

merges and an associated hierarchy of increasingly coarse segmentations.

3.2 User Interface

Using the initial watershedtransformandthewatershedhierarchy, we cande�ne a semi-
automaticapproachto segmentation.The watershed-assistedmethodologyallows a user
to selectany combinationof nodesfrom thewatershedhierarchytreein orderto assemble
whatis similarto amarker-based,region-growingsegmentationwheremarkersareselected
after the watershedtransformhasbeencomputed[33]. Combiningnodesfrom multiple
levelsof thetreeallowstheuserto incorporatecorrespondingmultiple levelsof detailfrom
thehierarchy. Oncethehierarchyis computed,theWSsegmentationprocessis interactive.
Effectiveuseof this technique,however, relieson aproperlydesigneduserinterface.

The interactive graphicaluserinterface(GUI) allows a userto navigatetheWS hierarchy
from Fig. 2 andselectandcombinenodesfrom the treeto producea segmentation.The
segmentationresultis storedasa3D binarymask,with all pixelsinsidethetargetedobject
boundariessetto 1 andall pixelsoutsidetheobjectboundariessetto 0.
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Figure3 is a screensnapshotof the GUI. Theuseris presentedwith slice-by-sliceviews
of theoriginal data(middlewindow) andanoverlayof thesegmentationin progress.The
segmentationis also shown by itself in a third window, andas a scalable,rotatable3D
isosurfacerendering.Theleft-handwindow showsavisualizationof thecurrentlyselected
thresholdlevel in the WS hierarchy, wherecatchmentbasins(nodesin the hierarchy)are
visualizedin contrastingcolors.A userselectsacatchmentbasinby clicking onaregion in
thewindow andcanthenaddor subtractthatregion from thecurrentbinarymask.A user
views differentthresholdlevelsin thehierarchyby moving a slider. Whentheuserselects
anew depththreshold,theupperright window showsindividualsegments(usingarandom
coloringscheme)in real-time.Usersmayalsomanuallycorrect,select,or deselectvoxels
in eachsliceusinga two dimensional,circularpaintbrush.
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Fig.3. Screensnapshotof thewatershed-assistedGUI. Shown is aninteractive segmentationof a braintumorfrom MRI
dataof thehead.TheGUI hasseveralwindows thatshow, from left to right, theWS transform,theoriginaldata,andthe
segmentationmask.A fourthwindow displaysa 3D renderingof themask.

In a typical sessionwith the WS GUI, a userselectsthe coarsestlevel in the hierarchy
that doesnot appearto erodethe boundariesof the target object and selectsthe appro-
priatecatchmentbasin(s)to begin the segmentation.The userthenselectsprogressively
�ner scalesin thehierarchyto �ll any remainingdetails.Regionsthataretoo largecanbe
reducedby selectingabasinandsubtractingit from thesegmentationmask.Onceareason-
ablesegmentationhasbeengenerated,theusermight touchupareasof themaskmanually
in severalslices.

TheWS GUI applicationis built usingtheVisualizationToolkit [34] for renderingimages
andsurfacesandtheInsightToolkit for imageprocessing.Filtersfrom thesetoolkits were
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wrappedfor theinterpretedlanguage,Tcl, to allow theprogramto bescriptedandto inter-
facewith Tk for creatingwidgetsanddisplaywindows. All componentsof this software
areopensourceandfreely available,includingtheGUI itself, whichcanbeobtainedfrom
[35].

3.3 UserStudies

CryosectionStudy For establishingthegroundtruth,weusemanualsegmentationsof the
targetanatomyfrom theSurgicalPlanningLab(SPL)attheHarvardBrighamandWomen's
Hospital.TheSPLmanualsegmentationsweredoneby third-yearmedicalstudentsunder
the supervisionof a residentphysician.Thesesubjectsusedthe 3D Slicer softwarefrom
theSPLandtheMassachusettsInstituteof Technology[36], whichprovidesaslice-by-slice
hand-contouringcapability. In additionto theSPLsegmentations,we gatheredadditional
manualsegmentationsof eyeball andoptic nerve data—conductedby third yearmedical
studentsat theUniversityof Utahusingthesame3D Slicer tool. Theseadditionalstudies
includesubjectinteractiontimes,which arepart of the evaluationof ef�ciency. In all, a
total of 8 medicalstudentscontributedhandsegmentationdatato this study. Eachstudent
segmentedoneor morestructuresyielding a total of 4 handsegmentedeye volumes,8
lateralrectusvolumes,and3 opticnervevolumes.

For the WS segmentation,the subjectswereseven medicalstudentsfrom the University
of Utah. All subjectshadrelevant coursework in the targetedanatomy. The protocol for
thesegmentationtrials wasasfollows. Eachsubjectwasgivena brief introductionto the
WS GUI andtime to practiceon datathatwassimilar to thatusedin thestudy. They were
asked to practiceat their own paceuntil reasonablycomfortablewith the tool, with an
averagepracticetime of about10 minutes.Following the practicesession,subjectswere
asked to delineatethe full, 3D boundariesof the threedifferentanatomicalstructuresin
the cryosectiondata.All experimentaltrials weretimed,but subjectsweregivenno time
limit or suggestionof how long to take. Subjectshadaccessto technicalhelp on using
the software during the trials. Following the segmentations,subjectswere given a brief
questionnairethataskedthemto rankthedif�culty of segmentingeachstructureandtheir
con�dencein theaccuracy of their result.

3.4 Tumor Study

Groundtruth for theMRI braintumorstudyrelieson experthandsegmentationsavailable
in the Brain Tumor SegmentationDatabase[26]. Theseconsistof four independent2D
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segmentationsof a randomlyselectedslicesfor eachclinical case.TheWS segmentation
subjectswere threeradiologistsfrom the Departmentof Radiologyat the University of
Utah Hospital.Eachsubjectwas trainedto usethe softwareand allowed to practiceon
several casesfrom the HBW databasethat werenot includedin the study. Total training
andpracticetimecombinedaveragedlessthanhalf anhour. Following thepracticesession,
subjectswereasked to delineatethe full 3D boundariesof thebrain tumor in eachof the
four cases.As with thecryosectionstudy, no time limit wasgivenor suggestedandeach
trial wastimed.

3.5 Metrics

This sectiondescribesthespeci�c validationmetricsandmethodologyusedin this study.
We establishgroundtruth from expert manualsegmentationsof eachdatasetusing the
STAPLE algorithm[26]. The STAPLE methodcombinesmultiple usersegmentationsto
produceamembershipprobabilityfunctionandasensitivity/speci�city for eachsubject.It
employsaniterativeEM algorithmthatupdatespixel-membershipprobabilitiesandexpert
sensitivity/speci�city functionsasynchronously.

We denotea singlesubjectwithin a populationwith thesubscriptj andthepixelswithin
the image/volumeas i. A segmentationfor a particularsubjectconsistsof an imageof
binaryvaluesDi j . Givensensitivities p j andspeci�citiesq j for eachsubject,thedegreeof
con�dencethataparticularpixel is in thetargetobjectis

Wi =
gia i

gia i + (1� gi)bi
; (1)

wheregi is theprior probabilitythatany pixel wouldbeclassi�edasinsidethetargetobject
(usuallytakento bethe fractionof the imagethat is �lled by theobject).Thevaluesof a
andb are

a =
�
P j p jDi j

� �
P j(1� p j )(1� Di j)

�
and b =

�
P jqj(1� Dij )

� �
P j(1� qj)Dij

�
: (2)

Givena probabilityimageWi , thesensitivity/speci�city for eachsubjectcanbeupdatedas

p j =
å i WiDi j

å i Wi
and qj =

å i(1� Wi)(1� Dij )

å i(1� Wi)
: (3)

Thefull STAPLE algorithmentailsiteratingontheseupdates,backandforthbetween(p;q)
andW, until theprocessconverges.
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For evaluatingaccuracy weusetheSTAPLE algorithmto form, for eachsegmentedobject,
anaggregatevolumethatconsistsof a gradedmembershipfunction(zeroto one).We an-
alyzetheaccuracy of WS resultsby evaluatingthesensitivity andspeci�city of eachWS
subject,usingequations3, relative to theseaggregatevolumes.Wecanthenmakecompar-
isonsby computingaveragesensitivity andspeci�city for thetwo groups—subjectsusing
handcontouringandsubjectsusingtheWS GUI. Additionally, we cancombinevaluesof
p j andq j to computea total correctfractionfor asubject:

c j =
å i WiDi j + å i(1� Wi)(1� Di j)

å i 1
: (4)

Ideallywewouldanalyzetheaccuracy of manualsegmentationsusingaggregatedatafrom
anindependentgroupof manualsegmenters.A characterizationof theaccuracy of a small
groupof manualsegmentationsusinggroundtruth generatedasa completeaggregateof
thosesamesegmentationscontainsanobviousbias.To helpunderstandthis biasandpro-
ducea morecompleteestimateof manualsegmentationaccuracy, we make a second,less
conservativemeasurementfor comparisonusingaround-robinleave-one-outstrategy [37],
wherep, q, andc valuesfor eachDi j arecomputedusingWk generatedby all segmentations
k 6= j.

We have foundthatsomecaremustbetakenwheninterpretingaccuracy metrics.Wherea
segmentationtechniqueshowshighsensitivity, thereis ahighcon�dencelevel in theresults
it producesfor negativelyclassi�edpixels.Whereatechniqueshowshighspeci�city, there
is a high con�dencelevel for positivelyclassi�ed pixels.It is alsoworthwhile to notethat
the magnitudesof p andq areincommensuratebecausethey arepercentagesof different
populationsof pixels.Totalcorrectfractionis particularlydif�cult to interpretbecauseit is
biasedby theratio of thesizeof the imagevolumeto thesizeof thetargetobject.Where
this ratio is high, c approachesq. Wherethe ratio is low, c approachesp. We usetotal
correctfractionhereonly asa way to compareour resultswith otherpublishedresultson
the samedata.Whenever possible—i.e.whennot comparingour resultswith third-party
studiesof thesamedata—wecrop experimentalandgroundtruth volumesto a region of
interestaroundthetargetobjectbeforecomputingaccuracy metrics.

For quantifyingprecisionweusethesimilarity sjk of resultsfrom subjectsj andk,

sjk =
2å i Di jDik

å i Di j + Dik
; (5)

andaveragethis acrossall pairsof subjectsj 6= k. Our accuracy, precision,andef�ciency
metricswereappliedacrosssubjects.Given the limited resourcesfor this studyand the
scarcityof manuallysegmenteddata,wewerenotableto make intra-subjectcomparisons,
which requiremultiplesegmentationsfrom thesamesubject.
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4 Resultsand Discussion

4.1 CryosectionStudy

The performanceof the subjectsin our �rst studyvariedcaseby case,but visual inspec-
tion of theexperimentalVHF segmentationsreveal themto be generallyof goodquality.
Figure4 is acomparisonof a typicalWSsegmentationwith atypicalmanualsegmentation
for eachanatomicalstructure.Columna consistsof slicesof theoriginalcolordatawith an
overlayof theexperimentalsegmentationmask.Thesurfaceof therespectiveexperimental
andmanualmasksarerenderedin b andc.

(a) Original (b) WS assisted (c) Manual
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Fig.4. Visual comparisonof typical watershed(b) andmanual(c) segmentationsof the Visible HumanFemalecolor
cryosectionanatomy. Thetargetedanatomicalstructureis highlightedin column(a),whichshows thesegmentationfrom
(b) superimposedover a transverseslicethroughtheoriginal colordata.
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Figure5 showsaveragequestionnaireresponsesandsegmentationtimes.Interactiontimes
arenormalizedrelative to thehighestreportedtime andnormalizedon a scaleof 0 to 10
(low to high) for comparisonwith questionnaireresponses.Subjectsreportedhigh con�-
dencelevelsin their segmentationsacrossall datasets,with anaverageratingof 7:4=10:0.
Lower con�denceratingscorrelatewith higherdif�culty ratings,which rangedfrom low
to moderatedif�culty of segmentationin the lateralrectusandoptic nerve, to high dif�-
culty in theeyeball.Subjectsreportedthatour softwarewaseasyto use,with theaverage
ease-of-usescoreof 7:5=10:0.

Fig.5. Summaryof questionnaireresponsesfor Visible HumanFemalesegmentations.Valuesshown arethe meanre-
sponseandnormalizedto a scaleof 0 to 10, low to high.Timesarerelative to themaximumsegmentationtime.

The questionnaireresultsindicate that subjectshad the most dif�cultly segmentingthe
eyeball.TheWStransformfailedin severalareasof theeyeballwheretherewasnotenough
colorcontrastwith surroundingtissuefor thealgorithmtodetectanedge.Theseweakedges
werealsodif�cult for manualsegmentersto �nd visually. Figure6 shedssomelight on the
problem.Theimagesontheleft show slicesof theoriginaldata.Thecenterandleft images
show STAPLE aggregatevolumescomputedfor boththemanual(Wh) andtheWSsubjects
(Wu) respectively. Theseimagesgiveusanindicationof agreement(valuescloseto1:0) and
disagreement(valueslessthan1:0) amongthesubjectsin eachcase.Thecenterandright
imagesshow the degreeof agreement(red wheresubjectsgenerallyagreedand purple
wherethey did not). While WS resultswere generallyin agreementwith most manual
segmentations,they occasionallyleak into the areasof disagreement,which correspond
to weakedgesin the color data.Furthermore,the manualresultsexhibit smooth,round
segmentationswithin eachslice,which tendto vary sliceto slice.This suggeststhathand-
contouringallowedusersto injectsomea-prioriknowledgeabouttheshapeof eyeball.The
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WShierarchyfor thisparticularobject,which includesnoa-priori shapeknowledge,made
it dif�cult for WS usersto achievea roundshapefor theeyeball.
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Fig.6. Pixelwiseprecisionanalysisfor manualandWS subjectsegmentations.

Figure7 shows graphsof averagep, q, andc for thesubjectsin our studyversustheman-
ual segmenters.Sensitivity valuesfor WS segmentationareconsistentlylower, generally
falling below the standarddeviation of the manualsegmenters.Speci�city valuesfor the
WS methodareconsistentlyhigher thanfor manualsegmentation.Total correctfraction
valuesfor theWS segmentationaregenerallylower but within thevarianceof themanual
segmentations.WS resultscomparemorefavorablywith thelessbiasedround-robin(RR)
valuesin all cases.
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Fig.7. For thecryosectionstudies,accuracy measuresof sensitivity, speci®city, andcorrectfractionfor WSaregenerally
within the rangeof resultsobtainedby handcontouring,andcomparemorefavorably to lessbiased,round-robin(RR)
manualvalues.

To understandwhy the WS sensitivity valuesareconsistentlylower, considerthe images
in Fig. 8, which shows slicesfrom thedifferencevolumesWu � Wh in eachdatasetsuper-
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imposedover theoriginaldata.Overlayimagesaretransparentwheredifferencevaluesare
0, redwherepositive (indicatingfalsepositive resultsin theWS segmentations),andblue
wherenegative (indicatingfalsenegative resultsin theWS segmentations).Theseimages
are typical of slicesthroughoutthe volumesandshow a systematictrend in the manual
segmentationstoward producinglarger segmentations.The manualsegmentationsin this
studywereonaverageabout12%largerthanWSsegmentations,basedon total numberof
positively classi�edvoxels.In many casesthemanualsegmentationsextendbeyondobject
boundariesindicatedby sharpchangesin color or contrast. This trendexplainsmuchof
thediscrepancy betweenthemanualandWS,but it alsobringsinto questiontheusefulness
of thesemanualsegmentationsasgroundtruth.

(a) (b) (c)

Fig.8. DifferencesbetweenmanualandWS segmentationswith readindicatedfalse-positive WS resultsandblue indi-
catedfalse-negative WS results:(a) eyeball,(b) lateralrectus,(c) optic nerves.

The WS segmentationsin our studyshow a higherdegreeof inter-subjectprecisionthan
thehandsegmentations.Meanprecisionacrossall WSsubjects(andall cases)is 92:67%�
3:75%while themeanprecisionacrossmanualsegmentationsis 80:95%� 12:07%.This
result indicatesthat independentusersare able to producesigni�cantly more consistent
segmentationsusingour tool thanwhendelineatingboundariesby hand.For someapplica-
tions,suchasestimatingtumorsize[19], theconsistency of theWS segmentationswould
beanimportantadvantage.

Averagesegmentationtimesof all datasetsandsubjectsusingtheWSGUI werearound30
minutes,a signi�cant increasein ef�ciency over theaverage2 hoursessionswe observed
for manualsegmentations.Typicalpreprocessingtimes,includingdiffusionandcalculation
of theWStransformandhierarchy, for VHF colordatawere10to 15minutesonaPentium
III 1200Mhz singleprocessorPC.
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4.2 Brain Tumor Segmentations

Qualitative analysisof the WS segmentationsof the HBW brain tumor volumesshow a
good correspondencewith the visual boundariesof the tumor massin eachcase.Slice
comparisonswith theHBW expertsegmentationsarealsofavorable.In general,WS seg-
mentationscapturethebasicboundariesandsizeof eachtumor. UsingtheSTAPLE tech-
nique,we computefuzzy likelihoodvolumesWh andWu for the expert manualandWS
slices,respectively. Figure9 superimposesWh andWu on top of the original data.These
overlaysarecoloredred in regionsof high subjectagreementandpurple in areaswhere
subjectsdisagreed.ThedifferenceimagesWu � Wh areshown in thelastrow.

A few distinctmisclassi�cationsin theWS resultsareevident in this �gure. We caniden-
tify, for example,someleakageat thesuperiorendof thetumorin case6 andanunderseg-
mentedregion at the inferior endof thetumor in case2. Theblue,falsenegative,contour
line aroundeachtumorin thedifferenceimageagainsuggests,asin thecryosectionstudy,
thatmanualsegmentationstendto produceslightly largervolumesthanthesemi-automated
method.Theseimagesalsogive usan indicationof therelative precisionof the two tech-
niques;Wh slicesclearlyshow moredisagreementthanWu slicesoverboundarypixels.

Figure 10 shows graphsof averagep, q, andc for the usersandmanualsegmentersin
this study. Sensitivity, speci�city, and total correctvolume fraction are typically within
standarddeviation of manualsegmentations.ROC valuesalsocomparefavorably to those
of Lefohn, et al.[17], who usea supersetof the samedatausedin our studyand apply
a user-assistedlevel-setbasedsegmentationtechnique,alsowith an interactive GUI. WS
accuracy valuescomparemore favorably to the RR manualsegmentationresults,again
re�ecting theinherentbiasin complete-aggregategroundtruthvolumes.Theoverallmean
precisionacrossusersanddatasetsusingour methodwas97:73%� 2:57%,signi�cantly
higherthanthat of both the level-setuserswith 92:78%� 3:98 andthe handsegmenters
with 84:77%� 5:67%.

The accuracy andprecisionof usersin our studyalsocompareswell with the automated
braintumorsegmentationresultsof Kaus,etal. [23], who,again,useasupersetof thesame
datausedin our study. They reportanaveragecorrectvolumefractionof 99:68� 0:29%,
while theaveragetotal correctvolumefractionof ouruserswas99:76� 0:14.

TheWS methodrequiredanaverageinteractiontime of 5-10minutes,which is similar to
timesreportedby [17] and[23]. TheWSmethodrequiredanadditionaldatapreprocessing
time of between5 - 10 minutes,the methodin [23] reportsprocessingtimesof approxi-
mately75 minutes,while thatof [17] requiresno preprocessing.
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Fig.9. Comparisonof watershed-assistedsegmentationswith manualsegmentationsof the HBW brain tumor datasets.
Thedifferenceimages(with redbeingWS falsepositivesandbluebeingWSfalsenegatives)show thattheWS segmen-
tationswereconsistentlysmaller.
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Fig.10. For the MRI brain tumor study, the accuracy of the WS resultsare generallywithin rangeof segmentations
generatedby expertsusing handcontouring,comparingmore favorably to the lessbiasedround-robin(RR) manual
results.
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Thesequantitativecomparisonswith expertspertainto only asingletwo dimensionalslice
thatis extractedfrom the3D segmentations.Thisis alimitation dueto thescarcityof expert
data.Ourexperiencehasbeenthatacquiringgoodqualityexpertsegmentationsis oftenone
of themoredif�cult andlimiting aspectsof conductingauserstudy.

5 Summary and Conclusions

An implementationof a hierarchicalmorphologicalWS algorithmoffers a powerful tool
for interactive3D segmentation.Userscanselectandcombinecatchmentbasinregionsat
variouslevelsof detail in the WS hierarchyto producea modelof a targetedobject.The
quantitativeresultsof usingthis tool for bothcolor cryosectionsegmentationandbraintu-
mor segmentationsuggestthat it compareswell with handcontouringandstate-of-the-art
automatedmethods.The tool asbuilt andtestedis quite generalandthuscanbe usedto
segmentotheranatomy. However, we observedthatcolor cryosectiondatawasmoredif�-
cult for usersto segmentthantheMRI data,suggestingthatour tool maybe lesssuitable
for delineatingcomplex structureswith poorlyde�ned boundaries.

The currentlimitations aremostly in the preprocessingspeedand the interface.Parallel
versionsof anisotropicdiffusion [32] arehighly effective in reducing�ltering times,and
theresomepromisingwork on parallelizationof WS transforms[9]. An expanded3D in-
terfacethatincorporatescuttingplanesandreal-timevolumerenderingvisualizationcould
potentiallyimproveuserinteractiontimesandaccuracy.

Ourexperienceestimatinggroundtruth from manualsegmentationssuggeststhatthey may
producea biastowardlargermodels.Otherresearchershave reportedsimilar results[16].
Suchbiasesshouldbe taken into considerationwhencomparingquantitative resultsfrom
userstudiesof automatedmethods.
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