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Abstract

While level setshave demonstrated greatpotentialfor 3D medicalimagesegmentation,
their usefulnesfasbeenlimited by two problems First, 3D level setsarerelatively slow
to compute Secondtheir formulationusuallyentailsseveralfree parametersvhich canbe
verydif cult to correctlytunefor speci c applicationsThesecongroblemis compounded
by the rst. This paperdescribes new tool for 3D segmentatiorthataddressetheseprob-
lems by computinglevel-setsurface modelsat interactve rates.This tool emplgys two
important,novel technologiesFirst is the mappingof a 3D level-setsolver onto a com-
modity graphicscard(GPU). This mappingrelieson a novel mechanisnior GPUmemory
managemeniThe interactve rateslevel-setPDE solver give the userimmediatefeedback
ontheparametesettings andthususerscantunefree parameterandcontrolthe shapeof
themodelin realtime. The secondechnologyis the useof region-basedspeedunctions,
whichallow a userto quickly andintuitively specifythebehaior of thedeformablemodel.
We have found that the combinationof theseinteractve tools enablesusersto produce
good, reliable segmentationsTo supportthis obsenation, this paperpresentgjualitatve
resultsfrom several differentdatasetaswell asa quantitatve evaluationfrom a study of
braintumorsegmentations.
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Abstract. This paperevaluatesthe effectivenessof aninteractie, three-dimensionamagesegmenta-
tion techniquethatrelieson watershedsThis paperpresentswo userbasedcasestudieswhich include
two differentgroupsof domainexperts.Subjectsmanipulatea graphics-baseétront endto a hierarchy
of sggmentedregionsgeneratedrom a watershedsegmentationalgorithm,which is implementedn the
Insight Toolkit. In the ®rst study medicalstudentsegmentseveral differentanatomicaktructuredrom
the Visible HumanFemaleheadand neck color cryosectiondata.In the secondstudy radiologistsuse
theinteractve tool to producemodelsof braintumorsfrom MRI data.This paperpresenta quantitatve
andqualitatve comparisoragainsthandcontouringandanothersemi-automati¢echniquebasedon de-
formablemodels.To quantify accurag, we estimategroundtruth from the hand-contouringlatausing
the Simultaneoudruth andPerformancéstimationalgorithm.We alsoapply metricsfrom theliterature
to estimateprecisionandef®ciengy.

The watershedsegmentationtechniqgueshaved improved subjectinteractiontimesandincreasednter-
subjectprecisionover handcontouring,with quality thatis visually and statisticallycomparableThe
watershedesultsalsocompareavorablyto resultsusingthe deformablemodels.Theanalysisalsoiden-
ti®es somefailuresin the watershedechniquewhereedgeswerepoorly de®nedin the data,andnoted
atrendin thehand-contouringesultstoward systematicallyarger segmentationswhich raisesquestions
aboutthewisdomof usingexpertsegmentationso de®negroundtruth.

1 Intr oduction

Imagesegmentatioris arguablythemostubiquitousanddif cult technicalproblemin med-
ical imageprocessingThe problemof partitioning an image into meaningfulpiecesor,
alternatvely, delineatingregions of anatomicalinteresthasprovento be asdif cult asa
hostof othercomputationaproblemghatattempto mimic thecapabilitiesof humanintel-
ligenceor perceptionThe ongoingdif cultly of imagesegmentationis notfrom alack of
attentionthousandsf papersaandtheseonimagesegymentatiordescribeawide variety of
approachesangingfrom statistics differentialgeometryandpartial differentialequations
to gametheory discretegeometryandcomputationamechanics.
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As aresult,engineerslesigningclinical systemghatrequireanimagesegmentatiorcapa-
bility areleft with wide rangeof possibleapproaches—virtuallgll of which claim to be
effective to somedegree To helpwith this, severalresearcherbave proposednechanisms
for evaluatingor validatingthe effectivenes®f varioussegmentatioralgorithms However,
guantifyingthe validity of a segmentatiorhasprovento be almostasdif cult asthe sey-
mentationtself. Thechallengestemdrom thefactthatquantifyingdifferencesn shapess
alsoanimportant,openproblemin computervision andimageprocessingln the midst of
thesedif cult challengesandproposedolutionsonemightask,“How well arewe doing?”

This paperis a casestudythatlooksatthe effectivenesof arelatively simple,well-known

segmentationparadigm hierarchicalwatershedsvith userinteraction.ln our experience,
this methodis moderatelyeffective on a wide rangeof segmentationproblems.We sys-
tematicallystudyits effectivenesson two differenttypesof datausingseveralcommonly
cited validationmetrics.Our studyis designedo addresghe questionof whetheror not

oneshouldusea userassistedvatershegegmentationn lieu of handcontouring.There-

sults,however, alsoprovide someinsightinto the watershedalgorithmitself aswell asthe

methodologyof validatingsegmentatioralgorithmsagainsta userde ne groundtruth.

Theremainderof the paperis organizedasfollows. Section 2 givessometechnicalback-
groundandrelatedwork on watershedegmentationdescribe®our particularimplementa-
tion, andpresent®urvalidationmethodologySection3 describesheuserstudiesve have
conductedandthe methodby which we collectedour data.Section4 presentghe results
of our studyandgivesqualitatve obsenationsabouttheseresults.Section5 summarizes
whatwe have learnedanddiscusse# a broademway theimplicationsof this study

2 TechnicalBackground and RelatedWork

2.1 Morphological Watersheds

Thesubjectof imagesegmentationis too broadfor anextensve review, but we give a brief
overview of watershedegmentatiorandhow it relateso segmentatiormethodsn general.
Most segmentatioralgorithmsfall in oneor moreof threeclassesedge-basedpproaches,
classi cation-basedpproachegndregion-base@pproache€dge-basedpproacheseay-
mentimagesby nding theboundariebetweerregions,oftencallededgesClassi cation-
basedapproachesssignpixelsto classedasedon a setof measure®r featuresat each
pixel. Region-base@pproachedelineatesggmentshasedn the similarity of pixelswithin
the sggment.Of course,mostapproachesisesomecombinationthesestrataies. For in-
stanceMarkov-random elds [1] canbe usedin sucha way thatthey classifypixelsin a
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statisticalmanneywhile respectinghomogeneouseighborhoodsandincorporatingan ex-
plicit edgemodel.Lik ewiseregion-base@pproachesftenrely onatheconcepbf anedge.
Suchis the casewith the watershedegmentatioralgorithm,which grew out of mathemat-
ical morphologysome20yearsago[2, 3], andtakesits inspirationfrom hydrologyandthe
studyof watershedsThe following paragraphslistill the ratherlarge body of researchn
morphologicawatershedso its essentialdeas.

Hydrologicalwatershedgartition geographicalandscapebasedon ridges,or wateished
lines andthe valleys betweerthem.Waterprecipitatingonto the landscapenaturally col-

lectsto form poolsin low-lying catthmentbasins whereits o w is blocked by damsor

ridges.If we treatthe valuesof animageasa relief mapdescribingheightin a geograph-
ical terrainthenanimage canbe sggmentedby partitioningit into areasthat correspond
to catchmenbasinsin the geographicalvatershedThe wateishedtransformationof an

imageis a mappingfrom the original imageto a labeledimagesuchthatall pointsin a

givencatchmenbasinhave the sameuniquelabel. Usuallythewatershedransformations

appliedto a boundarymap which is a gray scalefunction, derived from the inputimage,
thathaslow valueswithin regionsandhigh valuesalongregion boundariesThe gradient
magnitudeof anintensity-basedmage for example,is oftenusedastheboundarymap,as

well ashigherorderfeaturessuchasisophotecunature.

Thereare mary differentalgorithmsfor computingthe watershedransform,but most of
themfall into two basicclassi cations.The rst classof algorithmsassociatgixels with
catchmenbasinsaccordingo their shortestopolagical distancefrom local minima. Thus,
a basinin the watershedransformis a setof all pointswhosepathsof steepestiescent
terminateat the samelocal minimum [4]. The secondapproachoods theimagefrom the
bottomup, asif the metaphoricalandscapeavere puncturedat its local minimaandthen
immersedin water This is the stratgy of the immession algorithm [5]. The immersion
algorithmimposesa discretesetof graylevel valueson theimageandthenexpandseach
catchmenbasinfrom its minimum graylevel by iteratively addingthe closestconnected-
componentegionsof the next highestgraylevel. Any pixelsthatareequidistanfrom two
catchmenbasinarelabeledaswatershedines.

The watershedransformatiorpartitionsimagesinto patcheshat coincidewith low val-
uesof theboundarymeasurebut it tendsto oversgmenttheimagebecausét createone
catchmenbasinfor every local minimum. Overs@mentations especiallypronouncedn
noisy or highly detailedimages.Several stratgiesexist to dealwith the oversgmentation
problem.One commonapproachs to grow catchmenbasinsusingthe immersionalgo-
rithm only from speci ¢ markers(seedpointsor seedregions),insteadof from all image
minima. The resultingsegmentationis constrainedso thatit containsonly oneregion per
marker [6, 7]. A secondstratey, hierarchical wateishedq8], producesa multiscalesetof



4 JoshuéE. CatesRossT. Whitaker, Greg M. Jones

watershedransformsCatchmenbasinregionsin theinitial, oversgmentedransformare
progressiely memgedaccordingto somemeasuresuchastheir depth,size,or shape.The
resultis a hierarchyof increasinglycoarsersggmentationscrossa rangeof salieng lev-
els.Overs@mentatiorcanalsobe controlledby carefulsmoothingandthresholdingof the
backgroundvaluesin the original image,which attens out shallov catchmenbasinsin
uninterestingegions.A goodreview of the mary classesandvariationsof the watershed
transform,aswell ascommonsolutionsto the oversgmentationproblemis givenin [3]
and[9]. Thelatterincludesrecentwork on parallelizationof transforms.

2.2 Algorithm Validation

Therole of sgmentatiorvalidationis to understandhestrengthslimitations,andpotential
applicationsof a particularsegmentatioralgorithm.Therearetwo stratgiesfor validation.
Onestratay is to study segmentationperformancen the context of a particularclinical
or scienti ¢ question[10,11]. For instance the effectivenessof the algorithm within a
study that monitorsthe volumesor sizesof tumors.The secondapproachis to studyto
validatesegmentationin the absenceof a speci c clinical applicationby quantifyingthe
generabehaior of thealgorithmrelative to anideal solution.This papertakesthe second
approachandusesgenerakhapemetricsto comparenatershedgegmentatiorresultswith
thedefactogold standardor clinical applicationswhich is handcontouringonesliceat a
time (whichwe will alsocall manualsegmentation)y expertobsenrers.Thus,this study
narrovly de ned, examinesthe questionof whetheror not watershedgsegmentationis an
appropriateeplacementor handcontouring.

Segmentationvalidationis dif cult becausef the lack of standardmetricsandthe dif -
culty of establishinggroundtruth in clinical data.Our validationmethodologyis derived
from ideasdevelopedby [12], andotherg[13—-15],who emphasiz¢heimportanceof quan-
titative evaluationandstatisticalmetrics.This studyconcernsa userassistegsegmentation
technique which requiresa userbasedvalidationto capturevariationsin the individual
decision-makingrocessExperimentatrials acrossa numberof usersandimages[1617]
cangeneratalataappropriatdor statisticalanalysisthataccountor uservariability.

A combinationof a variety of factorsdetermineghe effectivenesf a segmentation For
instanceUdupaet. al[13] proposea quanti cation of performancéasedon validity of the
results(accurag), reproducibilityof the results(precision),andef ciency of the segmen-
tationmethod(time). Otherresearcherbave studiedthe sensitvity of thetechniqueo var

iousdisruptive factorssuchasdataartifacts,pathology or individual anatomicaklariation
(robustness)18].
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Accuray metricstypically rely on a groundtruth sggmentation—sgmentationghat are
somehav closeto this groundtruth are consideredetterthanthosethat are not. Studies
with digital or physicalphantomgrovide areadyde nition of groundtruth. However, for
biological or clinical datasets,groundtruth is usuallyunknown. In this case researchers
typically rely on expertsto delineatethe groundtruth by hand[18,19]. Expertsseldomall
agreeput astatisticalcombinationaveraging)of severalexpertsegmentationganaccount
for expertvariability. Averagingof multiple nonparametricshapeshowever, is itself a dif-
cult problem.Onetechniqueor combiningmultiple segmentationss Simultaneou3ruth
andPerformancd._evel Estimation(STAPLE), [20]. Thistreatssegmentatiorasapixelwise
classi cation,whichleadsto anaveragingschemehataccountgor systematidbiasesn the
behaior of expertsin orderto generatea fuzzy groundtruth (W) andanaccurag estimate
for eachexpert. The groundtruth segmentatiorcharacterizationg/ arevolumesof values
betweerzeroandonethatindicatethe probability of eachpixel beingin the objecttargeted
by the segmentation.

The accurayg of anindividual experimentalsegmentationis usually given throughsome
measureof a region's overlapandits distancefrom the groundtruth. Commondistance
metricsincludethe Hausdorf distanceg21] andthe root meansquaredistancebetween
selectedboundarypoints[14,15]. Often overlapis characterizedby a similarity measure
betweerexperimentalandgroundtruth volumes.Onecommonsimilarity measures is the

cardinalityof theintersectior(in pixelsor voxels)of positive classi cationsin two volumes
volumesovertheunionof thepositive classi cationg[16, 22]. Anotheroverlapmetricis the

total correctfractionc, whichis simply the percentag®f correctlyclassi ed pixelsin the

imagevolume(negative andpositive) [23].

Another stratgy for evaluatinga single-objectsegmentationis to view eachpixel asan
instanceof a detectiontask,which givesriseto metricsfor sensitvity andspeci city. Sen-
sitivity, or p, is the true positive fraction of the sggmentationthe percentagef pixelsin

animagecorrectlyclassi ed aslying insidethe objectboundary Speci city, or q, is the
true negative fraction, the percentagef pixelsin a segmentatiorcorrectlyclassi ed asly-

ing outsidethe objectboundary Becausdhereis an explicit tradeof betweensensitvity

andspeci city, researcherBave proposedisingrecever operatorcharacterization@ROC),
whichmonitorthebehaior of thistradeof for differentsegmentatioralgorithmsor param-
etersettingg24,13].

The precisionof a sggmentationrmethodis anindicatorof how repeatabléhe resultsare
usingthattechnique Thoughtof anotherway, it is anindicatoror the degreeof random-
nessinherentto the method.Precisiondoesnot rely on knowing groundtruth andcanbe
estimatedy applyingthe similarity measures within a setof experimentalsegmentations
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[13]. Themeans valuefrom thesecomparisongivesa characterizatiowf the precisionof
themethod.

Theefciency of a segmentatiortechniques a measuref thetime involvedin achieving
asgymentationThis canincludeuserinteractionandcomputetimes.Thesetwo character
isticsareusuallyconsideredndividually, becauseachhasa separateostandwill affect
the practicabilityof the methodin a way thatdepend®nthe speci c application.

3 Methodology

We presentesultsfrom two separateiserstudiesof the userassistedvatersheqWs) seg-

mentationtechnique Both studiesare conductecn 3D datasetgvolumes).Our rst user
studyappliesthe WS segmentatiortechniqueo threedifferentanatomicaktructuresrom

thetheheadandnecksectionof theNationalLibrary of Medicine's Visible HumanFemale
(VHF) color cryosectiordata[25]— the right eyeball, the right lateralrectusmuscle,and
theoptic nenes(includingthechiasm).

In the secondvalidation study we apply the WS methodto the problemof brain tumor

segmentation.This includesfour brain tumors(chosenat random)from the Brighamand

Womens Hospital (HBW) Brain Tumor S@gmentationDatabase two meningioma(cases
2-3) andtwo low gradeglioma(cases and8)[23,26]. The HBW databasés a setof ten

3D 1.5T MRI imagesof braintumor patientssampledrom a larger clinical databaseThe

remaindeof this sectiondescribeshemethoddor processinglataandconductingheuser

studies.

3.1 Image Preprocessingand WatershedSegmentation

Before WS segmentationall datasetsre processedo reducenoiseand smoothhomoge-
neousregions. The smoothingpreprocessingtepreduceghe time necessaryo compute
the WS transform/hierarchyand decreaseshe sensitvity to small-scalefeatures,noise,
andtexture.The ltering consistof anedge-preserving? DE-basedmoothingtechnique
known asanisotropicdiffusion[27,24,28], which preseresgradientedgefeaturesn the
imagewhile smoothingmore homogeneousegions. For the color data,we usedan ex-
tensionof anisotropiadiffusionto multiple channeimageshatdiffusesRGB components
separatelybut computesdgestrengthasa function of all component$29], usingthelL,
normof the Jacobiarasdescribedn [30]. Table1 shows the valuesfor the parametersis-
sociatedwith this preprocessingl he parametebt is thetime steptakenfor eachiteration
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andtheconductancés measure@sa fractionof theRMS edgevaluein eachimageateach
iteration.

| Dataset | Dt [iterationgconductance

Tumor |0.12Q 8 0.60
Cryosection0.12Q 10 1.0

Table 1. Parameter$or theanisotropiadiffusion®Itering.

A boundaryestimatoiis appliedto thesmoothedlatato producetheinputboundarymapto
theWS transformFor thetumordata(grayscale}his boundarymapis the gradientmagni-
tude,andfor the color datathe boundarymapis theL, normof the Jacobianasusedin the
conductancéor the anisotropicdiffusion. The boundarymapsarethenlower-thresholded
to eliminatepotential,uninterestingshallov catchmenbasinsin relatvely homogeneous
regionswithoutary signi cant edgesFor eachdataseta valuel waschoserandall inten-
sity valuesin theimagef(x) < | weresetto |. Thevalueusedfor | is typically very small,
ontheorderof 0:1% of the maximumedgevalue.

The WS sggmentations computedon the thresholdedoundarymapsusingthe top-dovn
approachAs implementedn the Insight Toolkit, this algorithmgroupspixels with topo-
logically closestminimausinga gradientdescenstratey [31, 32], andhasthe adwvantage
that, unlike the immersionalgorithm, it doesnot limit the precisionof a segmentatiorby
imposinga setof discretegraylevelson theimage.Consideragainanimage f asa height
function,wherethegraphof f(x); x2 U describesa surfaceandmis thesetof all minima
in f. The ITK watershedransformconsistsof a setof catchmenbasinsB, with eachB;
containingexactly onepoint m; andall otherpointsin U whosepathsof steepestiescent
terminateat my.

Figurel illustratesatypical sequencef segmentatiorusingthe ITK watershedransform.
The boundarymap producedfrom the original imageis usedasthe input to the water

shedtransform.Coloredregionsin the transformedmagecorrespondo uniquelylabeled
catchmenbasins.

The gradientdescentabeling algorithm can be implementedef ciently in a single pass
throughtheimage,usingneighborhooaonnectity in the cardinaldirections(6 neighbors
in 3D). A secondpassresolhesary at connected-componerggionsof uniformintensity
values,or plateaus Plateausare labeledaccordingto the closesttopologically connected
basinto their steepeseédge.The downhill, or gradientdirection,of a pixel is usuallycom-
putedby examiningthe connectedeighborsandthe degreeof connecwity (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 parametethat dependsn the needsof the application.The ITK algorithm
usesneighborhoodsvith connectionslongcardinaldirections(6 neighborsn 3D).

Theoversgmentatiorproblemis alleviatedusingahierarchicalvatershedapproachhrough
asequencef regionmelges.Mergesaredeterminedaccordingo asaliencymeasue S B;)
for eachregion or basinB;. This salieny measuremust satisfy two properties.First, it
mustdecreasasregionsaremeiged;thatis §(Bj) §B;j[ Bj). Secondjt mustindicate
aparticularneighboringregion with which eachregion will meige.A successionf meige
operationsappliedin orderof increasingsalieny produces hierarchyof watershedrans-
formsin which eachtransformconsistof entirelyof regionswith saliencieshataregreater
thansomethreshold Alternatively, any choiceof salieng threshold(belov the maximum
salieny of theimage)resultsin a particularsegmentation.

The salieny measurdor the ITK algorithmis the wateisheddepthof eachregion, which
is de ned asthe differencein valuesbetweernthe minimum of thatregion andthe lowest
saddlepointthatbordersanothemregion. Regionsformedby a meige operatiorhave a new
depthdeterminedy the minimumof thetwo memgedregionsandlowestbordervaluewith
someotherregion. The region meging algorithmmalkesuseof a min-heapdatastructure
to storeregions accordingto saliengy. The sequenceof memlgesis generatedteratively,
by removing the minimum from this heapand creatinga new region that combinesthe
minimum region with its neighbor asindicatedby the salieny metric. As the salieny
thresholds raisedfrom 0 to themaximumheightin theimage regionmergescanbeviewed
asnodesin a binary tree,asshown in Fig. 2. A horizontalslice throughthis treeyields
a transformat the associatedninimum salieng. To saze computationtime, the process
stopswhenthenumberof regionsonthelist falls belovy somepreseminimum(e.g.several
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hundred}hatclearlysurpassetheneedsf theapplication For this studywe provide users
with a userinterfaceinto this hierarchy[33], asdescribedn Sect.3.2.
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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 UserlInterface

Usingthe initial watershedransformandthe watershedierarchy we cande ne a semi-
automaticapproachto segmentation.The watershed-assistedhethodologyallows a user
to selectary combinationof nodesfrom the watershedierarchytreein orderto assemble
whatis similarto amarker-basedregion-graving segmentatiorwheremarkersareselected
after the watershedransformhasbeencomputed33]. Combiningnodesfrom multiple
levelsof thetreeallowstheuserto incorporatecorrespondingnultiple levelsof detailfrom
thehierarchy Oncethehierarchyis computedthe WS segmentatiorprocesss interactve.
Effective useof thistechniquehowever, relieson a properlydesignediserinterface.

The interactive graphicaluserinterface(GUI) allows a userto navigatethe WS hierarchy
from Fig. 2 and selectand combinenodesfrom the treeto producea segmentation.The
sgmentatiorresultis storedasa 3D binary mask,with all pixelsinsidethetargetedobject
boundariesetto 1 andall pixelsoutsidethe objectboundariesetto 0.
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Figure 3 is a screensnapshotbf the GUI. The useris presentedvith slice-by-sliceviews
of the original data(middle window) andan overlay of the segmentationn progressThe
segmentationis also shavn by itself in a third window, and as a scalable rotatable3D
isosurbicerendering.Theleft-handwindow shows a visualizationof the currentlyselected
thresholdlevel in the WS hierarchy wherecatchmenbasins(nodesin the hierarchy)are
visualizedin contrastingcolors.A userselectsacatchmenbasinby clicking onaregionin
thewindow andcanthenaddor subtracthatregion from the currentbinary mask.A user
views differentthresholdevelsin the hierarchyby moving a slider Whenthe userselects
anew depththresholdtheupperright window shavs individual segmentgusingarandom
coloringscheme)n real-time.Usersmay alsomanuallycorrect,select,or deselecvoxels
in eachsliceusingatwo dimensionalgcircularpaintbrush.

Watershed Data with

Segmentation
transform =

|- inprogress

Sliders manipulate
watershed depth
and position in the
hierarchy.

b

3D isosurface
rendering

‘Watershed Depth Threshold

Fig. 3. Screersnapshobf the watershed-assistg@UIl. Shavn is aninteractve segmentatiorof a braintumorfrom MRI
dataof thehead.The GUI hasseveralwindows thatshaw, from left to right, the WS transform the original data,andthe
segmentatiomrmask.A fourthwindow displaysa 3D renderingof the mask.

In a typical sessiorwith the WS GUI, a userselectsthe coarsestevel in the hierarchy
that doesnot appearto erodethe boundariesof the target object and selectsthe appro-
priate catchmentbasin(s)to begin the segmentation.The userthen selectsprogressiely

ner scalesn thehierarchyto Il any remainingdetails.Regionsthataretoo large canbe

reducedvy selectingabasinandsubtractingt from thesegmentatiormask.Onceareason-
ablesggmentatiorhasbeengeneratedthe usermighttouchup areasof the maskmanually
in severalslices.

The WS GUI applicationis built usingthe VisualizationToolkit [34] for renderingmages
andsurfacesandthe Insight Toolkit for imageprocessingFilters from thesetoolkits were
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wrappedor theinterpretedanguagecl, to allow the programto be scriptedandto inter-
facewith Tk for creatingwidgetsanddisplaywindows. All component®f this software
areopensourceandfreely available,includingthe GUI itself, which canbe obtainedrom
[35].

3.3 UserStudies

CryosectionStudy For establishinghe groundtruth, we usemanualsegmentation®f the
tagetanatomyfrom the Suigical PlanningLab (SPL)attheHarvardBrighamandWomens

Hospital. The SPL manualsegmentationsveredoneby third-yearmedicalstudentsunder
the supervisionof a residentphysician.Thesesubjectsusedthe 3D Slicer softwarefrom

theSPLandtheMassachusettsistituteof Technology[36], which providesaslice-by-slice
hand-contouringapability In additionto the SPL segmentationsye gatheredadditional
manualsegmentationf eyeball and optic nerne data—conductetdy third year medical
studentsat the University of Utahusingthe same3D Slicertool. Theseadditionalstudies
include subjectinteractiontimes, which are part of the evaluationof efciency. In all, a
total of 8 medicalstudentscontributedhandsegmentationdatato this study Eachstudent
seggmentedone or more structuresyielding a total of 4 handsegmentedeye volumes,8

lateralrectusvolumes,and3 optic nene volumes.

For the WS seggmentationthe subjectswere seven medicalstudentsrom the University
of Utah. All subjectshadrelevant coursevork in the tagetedanatomy The protocol for
the segmentatiortrials wasasfollows. Eachsubjectwasgivena brief introductionto the
WS GUI andtime to practiceon datathatwassimilar to thatusedin the study They were
asled to practiceat their own paceuntil reasonablycomfortablewith the tool, with an
averagepracticetime of about10 minutes.Following the practicesessionsubjectswere
asledto delineatethe full, 3D boundariesf the threedifferentanatomicalstructuresn
the cryosectiondata.All experimentaltrials weretimed, but subjectswere givenno time
limit or suggestiorof how long to take. Subjectshad accesgo technicalhelp on using
the software during the trials. Following the segmentationssubjectswere given a brief
guestionnair¢hataskedthemto rankthe dif culty of segmentingeachstructureandtheir
con dencein theaccurag of theirresult.

3.4 Tumor Study

Groundtruth for the MRI braintumor studyrelieson experthandsegmentationsvailable
in the Brain Tumor S@gmentationDatabase[26]. Theseconsistof four independen2D
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sgmentationof a randomlyselectedslicesfor eachclinical case.The WS segmentation
subjectswere threeradiologistsfrom the Departmentof Radiologyat the University of

Utah Hospital. Eachsubjectwas trainedto usethe software and allowed to practiceon

several casedrom the HBW databasehat were not includedin the study Total training

andpracticetime combinedaveragedessthanhalf anhour. Following the practicesession,
subjectswereasked to delineatethe full 3D boundarieof the braintumorin eachof the

four casesAs with the cryosectionstudy no time limit wasgiven or suggeste@ndeach
trial wastimed.

3.5 Metrics

This sectiondescribeghe speci ¢ validationmetricsandmethodologyusedin this study
We establishgroundtruth from expert manualsegmentationsof eachdatasetusingthe
STAPLE algorithm[26]. The STAPLE methodcombinesmultiple usersegmentationdo
producea membershigrobabilityfunctionanda sensitvity/speci city for eachsubject.It
employs aniterative EM algorithmthatupdategixel-membershiprobabilitiesandexpert
sensitvity/speci city functionsasynchronously

We denotea single subjectwithin a populationwith the subscriptj andthe pixelswithin
the image/olumeasi. A segmentationfor a particularsubjectconsistsof an image of
binaryvaluesD;;. Givensensitvities p; andspeci cities q; for eachsubjectthe degreeof
con dencethata particularpixel is in thetargetobjectis

gia;j

" gait (L g)by .

W

whereg; is theprior probabilitythatany pixel wouldbeclassi edasinsidethetargetobject
(usuallytakento bethe fraction of theimagethatis lled by the object).Thevaluesof a
andb are

a= PjpjDij Pj(1 pj)(1 Djj) andb= ij]'(l Dij) Pj(l q]')DijZ (2)

Givena probabilityimageW, the sensitvity/speci city for eachsubjectcanbeupdatedas

_ &;WD;j;j and q = ai(1 Wj(1 Dy),

PIT Taw YT T W) ©

Thefull STAPLE algorithmentailsiteratingontheseupdatesbackandforth between( p; q)
andW, until the processonvemes.
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For evaluatingaccurag we usethe STAPLE algorithmto form, for eachsegmentedbject,
anaggreatevolumethat consistof a gradedmembershigunction (zeroto one).We an-
alyzethe accurag of WS resultsby evaluatingthe sensitvity andspeci city of eachWS
subject,usingequations3, relative to theseaggreyatevolumes We canthenmake compar
isonshby computingaveragesensitvity andspeci city for the two groups—subjectasing
handcontouringandsubjectsusingthe WS GUI. Additionally, we cancombinevaluesof
pj andg;j to computeatotal correctfractionfor asubject:

aWDij+ ai(1 W)(1 Dij),
] a;l '

(4)

Ideally we would analyzetheaccurag of manualsegmentationsisingaggreatedatafrom
anindependengroupof manualsegmentersA characterizationf theaccurag of asmall
group of manualsegmentationausing groundtruth generatedsa completeaggreate of
thosesamesggmentationcontainsan obvious bias. To help understandhis biasandpro-
ducea morecompleteestimateof manualsegmentatioraccurag, we make a secondJess
conserative measuremerfor comparisorusingaround-robinleave-one-oustratay [37],
wherep, g, andc valuesfor eachDjj arecomputedisingW generatedy all ssgmentations
k6 j.

We have foundthatsomecaremustbetakenwheninterpretingaccurag metrics.Wherea
sgmentatiortechniqueshavshigh sensitvity, thereis ahighcon dencelevelin theresults
it producesor nggativelyclassi edpixels.Whereatechniqueshavs high speci city, there
is a high con dencelevel for positivelyclassi ed pixels. It is alsoworthwhile to notethat
the magnitudeof p andq areincommensuratbecauseahey are percentagesf different
populationsof pixels. Total correctfractionis particularlydif cult to interpretbecausdt is
biasedby the ratio of the sizeof theimagevolumeto the size of the target object. Where
this ratio is high, c approaches). Wherethe ratio is low, ¢ approache$. We usetotal
correctfraction hereonly asa way to compareour resultswith otherpublishedresultson
the samedata.Wheneer possible—i.ewhennot comparingour resultswith third-party
studiesof the samedata—wecrop experimentalandgroundtruth volumesto a region of
interestaroundthetargetobjectbeforecomputingaccurag metrics.

For quantifyingprecisionwe usethe similarity sji of resultsfrom subjectsj andk,
_ 2aDijDi .

4;Djj+ Dy’
andaveragethis acrossall pairsof subjectsj 6 k. Our accuray, precision,andef ciency
metricswere appliedacrosssubjects.Given the limited resourcedor this study andthe

scarcityof manuallysegmentediata,we werenot ableto make intra-subjectcomparisons,
which requiremultiple sgmentationgrom the samesubiject.

(5)

Sjk
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4 Resultsand Discussion

4.1 CryosectionStudy

The performanceof the subjectsin our rst studyvariedcaseby case but visualinspec-
tion of the experimentalVHF segmentationgevealthemto be generallyof good quality.
Figure4 is acomparisorof atypical WS segmentatiorwith atypical manualsegmentation
for eachanatomicabtructure Columna consistof slicesof theoriginal color datawith an
overlayof theexperimentabggmentatiormask.The surfaceof therespectre experimental
andmanualmasksarerenderedn b andc.

(a) Original (b) WS assisted (c) Manual

Eyeball

Lateral
Rectus

Optic
Nerves

Fig. 4. Visual comparisonof typical watershedb) and manual(c) segmentationsof the Visible HumanFemalecolor
cryosectioranatomyThetargetedanatomicaktructures highlightedin column(a), which shawvs the segmentatiorfrom
(b) superimposedver atrans\erseslice throughthe original color data.
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Figure5 shavs averagequestionnaireesponseandsegmentatiortimes.Interactiontimes
arenormalizedrelative to the highestreportedtime andnormalizedon a scaleof 0 to 10
(low to high) for comparisorwith questionnairgesponsesSubjectsreportedhigh con -
dencelevelsin their sggmentationsacrossall datasetswith anaveragerating of 7:4=10:0.
Lower con denceratingscorrelatewith higherdif culty ratings,which rangedfrom low
to moderatedif culty of sggmentationin the lateralrectusandoptic nene, to high dif -
culty in the eyeball. Subjectseportedthat our softwarewaseasyto use,with the average
ease-of-usscoreof 7:5=10.0.

10

Confidence
Difficulty 4

Fig.5. Summaryof questionnairegesponsesor Visible HumanFemalesegmentationsValuesshavn are the meanre-
sponseandnormalizedo a scaleof 0 to 10, low to high. Timesarerelative to the maximumsegmentatiortime.

The questionnairagesultsindicate that subjectshad the most dif cultly segmentingthe
eyeball. TheWStransformfailedin severalareaof theeyeballwheretherewasnotenough
colorcontrastvith surroundingissuefor thealgorithmto detectanedge Thesenveakedges
werealsodif cult for manualsegmentergo nd visually. Figure6 shedssomelight onthe
problem.Theimagesontheleft shawv slicesof theoriginal data.Thecenterandleft images
shav STAPLE aggre@atevolumescomputedor boththemanual(\W,) andthe WS subjects
(W) respectrely. Theseémageggive usanindicationof agreemengvaluescloseto 1:0) and
disagreemenfvalueslessthan1:0) amongthe subjectsn eachcase.The centerandright
imagesshav the degree of agreemen(red where subjectsgenerallyagreedand purple
wherethey did not). While WS resultswere generallyin agreementvith most manual
seggmentationsthey occasionallyleak into the areasof disagreementwhich correspond
to weak edgesin the color data. Furthermorethe manualresultsexhibit smooth,round
sgmentationsvithin eachslice,which tendto vary sliceto slice. This suggestshathand-
contouringallowedusergo inject somea-prioriknowledgeaboutthe shapeof eyeball. The
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WS hierarchyfor this particularobject,whichincludesno a-priori shapeknowledge ,made
it dif cult for WS usergto achieve aroundshapdor the eyeball.

W vse O o)), [lYT0T O ) ).
T "

79 +68 ++" 4 + 546 1 +)*28)32

Fig. 6. Pixelwise precisionanalysisfor manualandWs subjectsggmentations.

Figure7 showns graphsof averagep, g, andc for the subjectan our studyversusthe man-
ual segmentersSensitvity valuesfor WS segmentationare consistentlylower, generally
falling below the standarddeviation of the manualsegmentersSpeci city valuesfor the
WS methodare consistentlyhigherthanfor manualsegmentation.Total correctfraction
valuesfor the WS segmentatioraregenerallylower but within the varianceof the manual
sggmentationsWS resultscomparemorefavorably with the lessbiasedround-robin(RR)
valuesin all cases.
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Fig. 7. For thecryosectiorstudiesaccurag measuresf sensitvity, speci®city andcorrectfractionfor WS aregenerally
within the rangeof resultsobtainedby handcontouring,and comparemorefavorably to lessbiased round-robin(RR)
manualvalues.

To understandvhy the WS sensitvity valuesare consistentlyilower, considerthe images
in Fig. 8, which shaws slicesfrom the differencevolumesW, W, in eachdatasetsuper
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imposedover theoriginal data.Overlayimagesaretransparenivheredifferencevaluesare
0, redwherepositive (indicatingfalsepositive resultsin the WS sggmentations)andblue
wherenegatie (indicatingfalsenegative resultsin the WS segmentations)Theseimages
aretypical of slicesthroughoutthe volumesand shov a systematidrendin the manual
seggmentationgoward producinglarger segmentationsThe manualsegmentationsn this
studywereon averageaboutl2%largerthanWsS segmentationshbasedn total numberof
positively classi edvoxels.In mary casegshe manualsegmentationgxtendbeyondobject
boundariesndicatedby sharpchangesin color or contrast This trendexplainsmuch of
thediscrepang betweerthe manualandWs, but it alsobringsinto questiortheusefulness
of thesemanualsegmentationasgroundtruth.

(a) (b) (c)

Fig. 8. Differencedetweenmanualand WS segmentationswith readindicatedfalse-positre WS resultsandblue indi-
catedfalse-ngative WS results:(a) eyeball, (b) lateralrectus,(c) optic nenes.

The WS sggmentationsn our studyshav a higherdegreeof inter-subjectprecisionthan
thehandseggmentationsMeanprecisionacrossall WS subjectgandall cases)s 92:67%
3:75% while the meanprecisionacrossmanualsegmentationss 80:95% 12:07%. This
resultindicatesthat independentisersare able to producesigni cantly more consistent
seggmentationsisingour tool thanwhendelineatingooundariedy hand.For someapplica-
tions, suchasestimatingtumor size[19], the consisteng of the WS segmentationsvould
beanimportantadvantage.

Averageseggmentatiortimesof all datasetandsubjectaisingthe WS GUI werearound30
minutes,a signi cant increasdn ef ciency over the average2 hour sessionsve obsered
for manualsegmentationsTypical preprocessingmes,includingdiffusionandcalculation
of theWStransformandhierarchyfor VHF colordatawerel0to 15 minutesonaPentium
[l 1200Mhz singleprocessoPC.
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4.2 Brain Tumor Segmentations

Qualitatve analysisof the WS segmentationsof the HBW brain tumor volumesshowv a

good correspondencwith the visual boundariesof the tumor massin eachcase.Slice

comparisonsvith the HBW expertsegmentationsarealsofavorable.In general WS say-

mentationsapturethe basicboundariesandsize of eachtumor. Usingthe STAPLE tech-
nique,we computefuzzy likelihood volumeswW, andW for the expert manualand WS

slices,respectrely. Figure 9 superimposes\, andW, on top of the original data.These
overlaysare coloredred in regionsof high subjectagreemenaindpurplein areaswhere
subjectdisagreedThedifferenceamagesh, W, areshown in thelastrow.

A few distinctmisclassi cationsin the WS resultsareevidentin this gure. We caniden-
tify, for example,someleakageat the superiorendof thetumorin case6 andanundersg-
mentedregion at theinferior endof thetumorin case2. The blue,falsenegative, contour
line aroundeachtumorin the differenceimageagainsuggestsasin the cryosectiorstudy
thatmanuakegmentationsendto produceslightly largervolumesthanthe semi-automated
method.Theseimagesalsogive us anindicationof the relative precisionof the two tech-
niquesW, slicesclearlyshov moredisagreemerthanWj, slicesover boundarypixels.

Figure 10 shows graphsof averagep, g, andc for the usersand manualsegmentersn
this study Sensitvity, speci city, and total correctvolume fraction are typically within
standarddeviation of manualsegmentationsROC valuesalsocomparefavorably to those
of Lefohn, et al.[17], who usea supersebf the samedatausedin our study and apply
a userassistedevel-setbasedseggmentationtechnique alsowith aninteractve GUI. WS
accurayg valuescomparemore favorably to the RR manualsegmentationresults,again
re ecting theinherentbiasin complete-aggmgategroundtruth volumes.Theoverallmean
precisionacrossusersanddatasetsisingour methodwas97:73% 2:57%, signi cantly
higherthanthat of both the level-setuserswith 92:78% 3:98 andthe handsegmenters
with 84:77% 5:67%.

The accurag andprecisionof usersin our studyalsocomparesvell with the automated
braintumorsegmentatiorresultsof Kaus,etal.[23], who,again,useasupersebf thesame
datausedin our study They reportan averagecorrectvolumefraction of 99:68 0:29%,

while the averagetotal correctvolumefractionof ouruserswas99:76 0:14.

The WS methodrequiredan averageinteractiontime of 5-10 minutes,whichis similar to
timesreportedby [17] and[23]. The WS methodrequiredanadditionaldatapreprocessing
time of betweenbs - 10 minutes,the methodin [23] reportsprocessingimes of approxi-
mately 75 minuteswhile thatof [17] requiresno preprocessing.
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Fig. 9. Comparisorof watershed-assistesigmentationsvith manualsegmentationf the HBW braintumor datasets.
Thedifferenceéimagegwith red beingWs falsepositivesandblue beingWS falsenegatives)showv thatthe WS segmen-
tationswereconsistentlysmaller
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Fig. 10. For the MRI brain tumor study the accurag of the WS resultsare generallywithin rangeof segmentations
generatediy expertsusing hand contouring,comparingmore favorably to the less biasedround-robin(RR) manual

results.
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Thesequantitatve comparisonsvith expertspertainto only a singletwo dimensionaklice
thatis extractedfrom the3D segmentationsThisis alimitation dueto thescarcityof expert
data.Ourexperienceénasbeenthatacquiringgoodquality expertsegmentationss oftenone
of themoredif cult andlimiting aspect®f conductinga userstudy

5 Summary and Conclusions

An implementatiorof a hierarchicalmorphologicalWs algorithmoffers a powerful tool
for interactve 3D sggmentationUserscanselectandcombinecatchmenbasinregionsat
variouslevels of detailin the WS hierarchyto producea modelof a targetedobject. The
guantitatve resultsof usingthistool for bothcolor cryosectiorsggmentatiorandbraintu-
mor seggmentatiorsuggesthatit comparesvell with handcontouringandstate-of-the-art
automatedmethods.The tool asbuilt andtestedis quite generalandthus canbe usedto
seggmentotheranatomyHowever, we obseredthatcolor cryosectiordatawasmoredif -
cult for usersto sggmentthanthe MRI data,suggestinghat our tool may be lesssuitable
for delineatingcomple structureswith poorly de ned boundaries.

The currentlimitations are mostly in the preprocessingpeedand the interface.Parallel
versionsof anisotropicdiffusion[32] are highly effective in reducing ltering times,and
theresomepromisingwork on parallelizationof WS transformg9]. An expanded3D in-
terfacethatincorporatesutting planesandreal-timevolumerenderingvisualizationcould
potentiallyimprove userinteractiontimesandaccurag.

Our experienceestimatinggroundtruth from manualsegmentationsuggestshatthey may
producea biastoward larger models.Otherresearcherbave reportedsimilar results[16].
Suchbiasesshouldbe takeninto consideratiorwhencomparingquantitatve resultsfrom
userstudiesof automatednethods.
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