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Abstract

While level setshave demonstrated greatpotentialfor 3D medicalimagesegmentation,
their usefulnesdasbeenlimited by two problemsFirst, 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
braintumorseggmentations.
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Abstract. While level setshave demonstratea greatpotentialfor 3D medicalimage segmentation,
their usefulnes$asbeenlimited by two problems.First, 3D level setsarerelatively slow to compute.
Secondtheir formulationusuallyentailsseveral free parametersvhich canbe very dif cult to correctly
tunefor speci ¢ applications.The secondproblemis compoundedy the rst. This paperdescribesa

new tool for 3D segmentationthat addressetheseproblemsby computinglevel-setsuriace modelsat

interactive rates.This tool emplo/s two important,novel technologiesFirstis themappingof a 3D level-

setsolver onto a commoditygraphicscard (GPU). This mappingrelieson a novel mechanisnfor GPU

memorymanagemen(The interactve rateslevel-setPDE solver give the userimmediatefeedbackon

the parametesettings andthususerscantunefree parameterandcontrol the shapeof themodelin real

time. Thesecondechnologyis theuseof region-basedpeedunctions which allow auserto quickly and
intuitively specifythe behaior of the deformablemodel. We have found thatthe combinationof these
interactive tools enableausersto producegood,reliable segmentationsTo supportthis obseration, this

papemresentgjualitative resultsfrom several differentdataset@aswell asa quantitatve evaluationfrom

astudyof braintumorsegmentations.

1 Intr oduction

Imagesegmentations arguablythe mostwidely studiedproblemin imageprocessingand
the literature shavs a plethoraof image segmentationalgorithmsthat rely on a diverse
rangeof stratgies suchas statistics,differential geometry heuristics,graphtheory and
algebraNo onesegmentationtechniquehasemegedasbeingsuperiorto all othersin all

circumstancesandthusit seemshatthe eld of medicalimage processingwill evolve
to a statewhereresearcherandclinicianshave accesgo a setof segmentatiortools,i.e. a
toolbox,from whichthey canchooseheparticulartool thatis bestsuitedfor their particular
application.

A completesggmentationtoolbox will include a setof generl purposetools aswell as
variousspecializedsagmentatiortools. Generapurposeoolsarethosethatcanbe quickly
launchedand usedasthe needarisesin a wide rangeof applications.Specializedtools
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rely on strongerassumptionsbouta speci ¢ modality, anatomy or application.When
properlytrained,tuned,andappliedwe would expectspecializedools to performbetter
than generalpurposetools—whenall otherfactors,suchas operatortime and compute
time, areequal. Amonggeneratools,the mostpopularexample,andthe goal standardor

mary applicationsjs handcontouringwhich entailsa knowledgeablaiser(e.g.a medical
doctor)creatinga 2D curve, dravn by manipulatinga mouse,on a sequencef slicesto

delineateheobjectof interest.

This paperdescribesa new, general-purposseeggmentationtool that relies on interactve
deformablemodelsimplementedaslevel sets.While level setshare demonstrated great
potentialfor 3D medicalimage segmentationtheir usefulneshasbeenlimited by two
problems.First, 3D level setsarerelatively slow to compute.Second their formulation
usually entails several free parametersyhich can be very dif cult to correctly tune for
speci ¢ applications.The secondproblemis compoundedy the rst. Thatis, usersnd
it impracticalto explore the spaceof possibleparametesettingswhenan exampleresult
from a pointin thatspacerequiresminutesor hoursto generate.

The software applicationdescribedn this paperis called GIST (GPU-basednteractve
SegmentationTool). GIST updatesa level-setsurfacemodel at interactve rateson com-
modity graphicscards(GPUs),suchasthosethatare commonlyfound on consumetevel
personalcomputerslt canbe appliedto a generalset of medicaland biological appli-
cationsby tuning several free parametersDespiteits generalnature,we demonstratehe
effectivenes®f GIST by a quantitatve comparisorto aspecializedool andtheassociated
gold standardor a speci ¢ problem:braintumorsegmentatior1, 2]. This papemake the
following contributions:

— A 3D sggmentatiortool thatusesa new level-setdeformationsolverto achiee interac-
tive rates(approximatelyl0-15timesfasterthanprevioussolutions).

— A interactve mechanisnfor de ning a level-setspeedfunction that works on both
scalarandmultivalued(i.e. spectral)data.

— Quantitatve andqualitative evidencethatthis interactve level-setapproachs effective
for braintumor seggmentation.

Theremainderof the paper which is an extendedversionof [3], is organizedasfollows.
The next sectiongivessometechnicalbackgroundandrelatedwork on level sets,GPUs,
andseggmentationevaluationmethods Section3 describeghe formulationof the level-set
equationsand the solution on the GPU. Section5.2 presentgjualitative resultson vari-
ousdataset@nda quantitatve analysisof the performanceof the methodfor braintumor
sgmentationSection6 summarizeshis work.
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2 Background and RelatedWork

2.1 Level Sets

This paperrelies on animplicit representatiorof deformablesurface modelscalled the
methodof level sets proposedoy Osherand Sethian[4]. The level-setmethod(Seealso
Sect.3) computeshemotionof amoving interfaceby solvingapartialdifferentialequation
(PDE) on a volume. The useof level setshasbeenwidely documentedn the medical
imagingliterature,andseveralworks give morecomprehensie reviews of the methodand
theassociatetiumericatechniquegs, 6].

For certainclasse®f applicationdevel setshave severaladvantage®ver parametrianod-
els. Becausehey areimplicit, level setscan changetopology This meansthat during a
deformationa userneednot worry aboutsurfacescolliding or pinching off. Also, level
setsdo notrequirereparameterizatioasthey deformfarfrom theirinitial conditions—e.g.
deformablemeshegypically requirethe insertionor deletionof trianglesundersuchcir-
cumstanceg§’]. Finally, level setsallow for geometricsurfacedeformationsywhich means
that the resultsof a deformationprocessdependon the shapeof the surfaceandthe in-
put dataand not on someunderlyingparameterizationThe level-setmethodis a general
framavork thatmustbetunedto speci ¢ applications.

As with theoriginalwork onimagesegmentatiorby parametriaddeformablanodeld8], the
level-setapproachio segmentatiortypically combinesadata- tting termwith asmoothing
term. However, thereare alternatves. For instance Whitaker [9] proposesa formulation
that mimics parametricdeformablemodels,in which level surfacesmove toward edges
(highgradientmagnitude)n volumesln thatformulationthemodelmustbewithin asome-
whatnarrav bandof attraction(de ned by thesecondlerivative)in orderto lock ontosuch
edges,andthereforethe authorproposesa multiscalecomputationaimethodto improve
corvergence Malladi et al. [10] describea formulationin which level curves/suracesex-
pand(or contract)with a motion that slows at image edges.Becauseof the monotonic
expansion/contractiom;orvergenceto local minima s lessof a problem,but the results
tendto be biasedeitherinward or outward. Casellest al. [11] proposean alternatve that
minimizesanedge-weightedreametric.In thatcasethedatatermis weightedmorehea-
ily asthe modelapproacheds target. Thesemethods(and mary others)focuson image
edgeshut thetheliteraturedocumentsereralotherstratgiesfor tting level setsto image
data.For instancesereralauthorshave proposeausingthe statisticsof thegreyscaleinterior
of the modelto controlthe motion[12,13]. Alternatively, the motion of the level setcan
dependnavariationalformulationthatpositionstheinterfaceto creatediscontinuitieghat
bestmodelthediscontinuitiesn theinputdata[14—16].In this paperwe usea supervised,
statisticalclassi er to drive the motion of thelevel-setmodel.
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Virtually all of thesemethodsncludeaform of meancurvatureto keepthelevel-setsmooth
asit corvergesonasolution.Whitaker[9] proposes weightedsumof principlecurvatures
to presere cylindrical structuresLorigio etal. [17] proposeghe minimum curvature,in
the context of segmentingbloodvesselsthis is equivalentto a space-curatureshortening
for very thin objects.Recently Tasdizeret al. proposehe diffusionof normalsin orderto
approximatenigherordergeometrico ws[18,19].

Solvinglevel-setPDEson a volumerequirespropernumericalscheme$20] andentailsa
signi cant computationaburden.Stability requiresthatthe surfacecanprogressat mosta
distanceof onevoxel at eachiteration,andthusalarge numberof iterationsarerequiredto
computesigni cant deformationsThereis aspecialcaseof thelevel-setPDEsin whichthe
surfacemotionis strictly inward or outward. Suchequationsanbe solved someavhatef -
ciently usingthe fastmarching method[5] andvariationsthereof[21]. However, this case
coversonly avery smallsubsebf interestingspeedunctions,andsuchspeedunctionsare
inconsistentvith interactve parametetuning.In generalWwe areconcernedvith problems
thatincludea surfacecunaturetermandsimultaneouslyequirethe modelto expandand
contractto matchthedata.

Ef cient algorithmsfor solvingthe moregeneralevel-setproblemrely onthe obsenation
thatatarny onetime steptheonly partsof the solutionthatareimportantarethoseadjacent
to themoving surface.ln light of this severalauthorshave proposediumericalschemeshat
computesolutionsfor only thosevoxelsthatlie in a smallnumberof layersadjacento the
surfaceasshavnin Fig. 1b. AdalsteinssomndSethian22] have proposedhenarrowband
method which updateshe embeddingon a bandof 10-20 pixels aroundthe model,and
reinitializesthat bandwheneer the modelapproacheshe edge.Whitaker [23] proposed
thesparse- eld methodwhichintroducesaschemen which updatesrecalculatecbnly on
thewavefront,andseverallayersaroundthatwavefrontareupdatedvia adistancdransform
ateachiteration.Pengetal. [24] presentsimilarlocal method Evenwith thisvery narrov
bandof computationupdateratesusing corventionalprocessor®n typical medicaldata
sets(e.g.256° voxels) are not interactive. This is the motivation behindthe GPU-based
solverin GIST.

2.2 Graphics ProcessingUnits for Scienti c Computation

Graphicgrocessinginitshave beendevelopedorimarily for thecomputelgamingindustry
but over the last several yearsresearcherbave cometo recognizeéhemaslow cost,high
performanceomputingplatforms.Two importanttrendsin GPU development,ncreased
programmabilityand higher precisionarithmetic processinghave helpedto foster new
non-gamingapplications.
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Graphicsprocessorsutperformcentralprocessingunits (CPUs)—oftenby morethanan
orderof magnitude—becauss their streamingarchitecture[25anddedicatedigh-speed
memory In the streamingnodelof computationarraysof input dataare processedden-
tically by the samecomputationkernel to produceoutputdatastreams.The GPU takes
adwantageof the data-leel parallelisminherentin this modelby having mary identical
processorgxecutethe computationn parallel. This computatiormodelhasbeenusedby
a numberof researcherto mapa wide variety of computationallydemandingproblems
to GPUs.Examplesncludematrix multiplication, nite elementmethodsandmulti-grid
solvers[26—28].All of theseexamplesdemonstratea homogeneousequencef operations
overadenselypopulatedyrid structure.

Strzodkeetal.[29] werethe rst to shav thatthelevel-setequationgouldbesolvedusinga
graphicsprocessarTheir solverimplementghe two-dimensionalevel-setmethodusinga
time-invariantspeedunctionfor ood- ll-lik eimagesegmentationwithouttheassociated
curvature.Their solver doesnot take advantageof the sparsenatureof the level-setPDEs
andthereforeperformsonly maginally betterthana highly-optimizedsparse- eldCPU
implementation.The work in this paperrelies on a three-dimensionafjeneralizationof
[29], which includesa second-ordecurvaturecomputationanda signi cantly improved
GPUsolverthatimplementsa narrav-bandstratey. Also relatedis thework of Sherbondy
etal. [30], in whichthey identify regionsof interesto solve adiffusionequatiorfor volume
segmentation.

This paperdescribesa GPU computationaimodel that supportstime-dependentsparse
grid problemsTheseproblemsaredif cult to solve ef ciently with GPUsfor two reasons.
The rst is thatin orderto take advantageof the GPU's parallelism,the streamsbeing
processednustbe large, contiguousblocks of data,andthusgrid points nearthe level-
setsurfacemodelmustbe padked into a small numberof textures.The seconddif culty
is thatthe level setmoveswith eachtime step,andthusthe pacled representatiomust
readily adaptto the changingposition of the model. This requirements in contrastto
therecentsparsamatrix solvers[31,32] andpreviouswork on renderingwith compressed
data[33, 34]. In thetwo sparse-matrisolvers[3132], a packedtexture schemes usedto
efciently computesparsamatrix-vectormultiplicationsaswell ascomputevaluesof the
sparsematrix elementson the GPU. The schemas static,however, in the sensethatthe
nonzeramatrix elementsnustbeidenti ed beforethe computatiorbegins.

2.3 SegmentationEvaluation

This paperincludesa systematiavaluationof the performanceof GIST. Therole of seg-
mentationevaluationis to understandhe strengthslimitations,and potentialapplications
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of a particularsegmentationalgorithm. There are two stratgiesfor evaluatingsegmen-
tation algorithms.One strat@y is to study segmentationperformancen the context of a

particularclinical or scienti ¢ question35, 36]. For instancethe effectivenes®f thealgo-

rithm within a studythatmonitorsthe volumesor sizesof tumors.The secondapproachs

to studyto evaluatesggmentationn the absencef a speci c clinical applicationby quan-
tifying the generabehaior of thealgorithmrelative to anideal solution.This papertakes
the secondapproachandusesgeneralshapemetricsto comparewatershedsegmentation
resultswith the defactogold standardor clinical applicationswhich is hand contouring
onesliceatatime (whichwe will alsocall manualsegmentation}oy expertobserers.

Segmentationevaluationis dif cult becausef the lack of standardmetricsandthe dif -
culty of establishinggroundtruth in clinical data.Our evaluationmethodologyis derved
from ideasdevelopedby [37], andotherg[38—40],who emphasiz¢heimportanceof quan-
titative evaluationandstatisticalmetrics.The studyin this paperconcernsa userassisted
seggmentationtechnique which requiresa userbasedevaluationto capturevariationsin
theindividual decision-makingrocessExperimentaltrials acrossa numberof usersand
images[4142] cangeneratedataappropriatefor statisticalanalysisthat accountfor user
variability.

A combinationof differentfactorsdetermineghe effectivenesof a segmentationFor in-

stanceUdupaet. al[38] proposea quanti cation of performancebasedon validity of the
results(accurag), reproducibilityof the results(precision),andef ciency of the segmen-
tationmethod(time). Otherresearcherkave studiedthe sensitvity of thetechniqueo var-

ious disruptive factorssuchasdataartifacts,pathology or individual anatomicalariation
(robustness)43].

Accuray metricstypically rely on a groundtruth sggmentation—sgmentationghat are
somehav closeto this groundtruth are consideredetterthanthosethat are not. Studies
with digital or physicalphantomsgrovide areadyde nition of groundtruth. However, for
biologicalor clinical datasets groundtruthis usuallyunknownn. In sucha caseresearchers
typically rely on expertsto delineatethe groundtruth by hand[43,44]. Expertsseldom
all agree put a statisticalcombination(averaging)of severalexpertsegmentationganac-
countfor expertvariability. Averagingof multiple nonparametrishapeshowever, is itself
adif cult problem.Onetechniquefor combiningmultiple segmentationss Simultaneous
Truth and PerformancelLevel Estimation(STAPLE), [45]. This treatssegmentationas a
pixelwise classi cation,which leadsto an averagingschemehat accountgor systematic
biasedn thebehaior of experts

The accurayg of anindividual experimentalsegmentationis usually given throughsome
measureof a region's overlapandits distancefrom the groundtruth. Commondistance
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metricsincludethe Hausdorf distanceg46] andthe root meansquaredistancebetween
selectedboundarypoints[39,40]. Often overlapis characterizedby a similarity measure
betweenexperimentaland groundtruth volumes.One commonsimilarity measurds the
cardinalityof theintersectior(in pixelsor voxels)of positive classi cationsin two volumes
volumesover the union of the positive classi cations[41,47], denoteds. Anotheroverlap
metricis thetotal correctfraction c, whichis simply the percentagef correctlyclassi ed
pixelsin theimagevolume(negative andpositive) [1].

Another stratgy for evaluatinga single-objectsegmentationis to view eachpixel asan

instanceof a detectiontask,which givesriseto metricsfor sensitvity andspeci city. Sen-
sitivity, p, is the true positive fraction of the segmentationthe percentag®f pixelsin an

imagecorrectlyclassi edaslying insidethe objectboundarySpeci city, g, is thetrueneg-

ativefraction,thepercentagef pixelsin asegmentatiorcorrectlyclassi edaslying outside
theobjectboundaryBecausé¢hereis anexplicit tradeof betweersensitvity andspeci city,

researcherbave proposedisingrecever operatorcharacterization@ROC), which monitor
the behaior of this tradeof for differentsegmentationalgorithmsor parametersettings
[48,38].

The precisionof a sggmentationmethodis anindicatorof how repeatabléhe resultsare
usingthattechnique Alternatively, precisionis anindicatoror the degreeof randomness
inherentto the method.Precisiondoesnot rely on knowing groundtruth and canbe es-
timatedby applyingthe similarity measures within a setof experimentalsggmentations
[38]. Themeans valuefrom thesecomparisongivesa characterizatiowf the precisionof
themethod.

Theefciency of a sggmentationtechniques a measuref thetime involvedin achieving
asegmentationThis canincludeuserinteractionandcomputetimes.Thesetwo character
isticsareusuallyconsideredndividually, becauseachhasa separateostandwill affect
the practicabilityof the methodin away thatdepend®n the speci ¢ application.

3 Level-SetFormulation and Algorithms

We begin this sectionwith a brief review of thenotationandmathematicef level-setmeth-
odsanddescribethe particularformulationthatis relevantto this paper Comprehense
reviews of level-setmethodsaregiventheliterature[5, 6].

An implicit modelis asurfacerepresentatiom whichthesurfaceconsistof all pointsS=
fxjf (X) = Og, wheref : A3 7! A. Level-setmethodselatethe motion of thatsurfaceto a
PDEonthevolume,i.e.ff=ft= Nf v(t), wheredescribeshemotionv(t) of thesurface.
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Within this framewvork one canimplementa wide rangeof deformationsby de ning an
appropriatey. For segmentationthe velocity often consistsof a combinationof two terms
[9,10]

qf

ﬂ: iNfj aD(X)+ (1 a)N -

(1)

whereD is adatatermthatforcesthe modeltowarddesirabldeaturesn theinputdata,the
termN (Nf 5Nfj) is the meancurvatureof the surface,which forcesthe surfaceto have
lessarea(andremainsmooth).anda 2 [0; 1] is afree parametethatcontrolsthe degreeof
smoothness thesolution.Thereareseveralvariationson this frameawork in theliterature,
e.g.[11].

Thebehaior of themodelis mostlycharacterizethy thedatatermandhow it relateso the
image.Invariably, the datatermintroducedree parametersandthe propertuning of those
parametersalongwith a, is critical to makingthe modelbehae in a desirablemanner

3.1 An Intensity-BasedSpeedFunction

Our stratey is to constructa speedfunction D that causeghe modelto grow in regions
wherethedatais consistentvith the desiredseggmentatiorandto contractin regionswhere
it is not. We canachiere this by letting D have positive or negative valuesdependingon

whetheror not the modelis within a speci ed rangeof datavalues.In this casethe speed
functionat ary onepointis basedsolelyoninputvaluevaluel atthepointxin theimage,

i.eD(x) = D(I(x).

Sucha simplescalarspeedunctionis givenby
D()=e jlI Tj (2)

whereT controlsthe dominantintensity of the region to be sgmentedande controlsthe
rangeof greyscalevaluesaroundT thatcould be considerednsidethe object. Thuswhen
themodelliesonavoxel with agreyscalelevel betweenl eandT + e, themodelexpands
andotherwisdt contractsThespeedermis gradual andthustheeffectsof the D diminish
asthemodelapproachetheboundarie®f regionswhosegreyscaldevelslie within the T

e range.Evenwith this simpleschemea userwould have to specifythreefree parameters,
T, e, anda, aswell asaninitialization. Figurel shavsagraphof D de nedin thismanner
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Fig. 1. (a) A speedunctionbasednimageintensitycauseshemodelto expandoverregionswith greyscalevalueswithin

the speci edrangeandcontractotherwise (b) Ef cient implementation®f level setsentailcomputingthe solutiononly
nearthe moving wavefront.

3.2 A Statistical Classi er

Thespeedermin (2) representasimpleone-dimensionatwo-classstatisticaklassi er. If
welet P(Ajl) betheprobabilitythatapixel liesin theobjectconditionalon the pixel/voxel
valuel andP(Bjl) bethe probability thatthe pixel is notin the object,thenthe Bayesian
decisionvariableis ) )
P(Al) _ PUJA)P(A)
= — = . ; 3
P(Bjl)  P(1jB)P(B)
which shouldbe comparedo unity in orderto decideon either A or B. If all intensities
in the backgroundB, are equallylikely (the goal hereis simplicity), the denominatoris
constantandthelog of D is

logD = logP(ljA) + logP(A) logP(1jB) logP(B): 4)

If we let the statisticsof theinsideof theobjectbe GaussiaP(Ajl) = exp[ (I W?2=2s?],
we have thefollowing decisionrule for a pixel x with intensityl :

_. Ajl Tj e

X2 B otherwise’ )
1

wheree=  2s2(logP(A) logP(1jB) logP(B)) 2, andT = p. Thus,we seethatthis

simplethreeparametemodelallows a userto explore the possibilitiesof this simple sta-

tistical classi er andcombineit with the geometrianformationembodiedn the cunature

of thelevel set.

This analysisshedssomelight on the properinterfacefor theseparametersk-or instance,
we canhelpthe userchooseheseparameterdy providing a interactve tool thatallows a
userto selecta setof points(e.g.by holdingdown a mousebutton andmoving the cursor
overtheareaof interest)thatgenerat@meanandavariance andusethesevaluesnitialize

T ande.
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3.3 A SpeedFunction for Spectral Volumes

This statisticalclassi er alsoextendsto image/\olumeswith multiple values,i.e. spectal
images with valuesdenoted (X) 2 A™. In this casethein-objectconditionprobabilityis

PAN = e ST DTS X0 1) ; 6)

wheresS is the covariance We canexpressthe classi er in termsof Mahalanobigistance.

Thatis:
_ A D e

X2 B otherwise’

(7)
andD= (I DTS X @ 2.

Thegraphof thespeedunctiongivenin (7) is anellipsoidalhyperconeghatcrosseshezero
axisof theindependentariableto form anellipsoid,centeredat p, with ashapeandorien-
tationgivenby the covariance Figure2 depictsthisfor m= 2. Thefreeparametee de nes
the width of the resultingellipsoidal classi er in units of standarddeviation. The model
expandswhenit lies on a pixel whosevalueis within the classi er rangeand contracts
elsavhere.This Mahalanobislassi er is a naturalextensionof the scalarspeedfunction
thataccountdor the correlationbetweendifferentfeaturesof | andallows for curved de-
cisionboundariesln the casewhereall featuresareuncorrelatedvlahalanobiglistanceis

eguvalentto Euclideandistance.
xg//\\,/J%ww%“$
s

| A ()

1958 g PRI,
Fig. 2. (a)A Mahalanobidlistanceclassi er describea meanandstandardieviation of featurevaluesthatis normalized

with respecto the covarianceof thefeatures(b) Imagevalueswithin theclassi er rangearemappedo a positive speed.
Valuesoutsidetheclassi er rangearemappedo a negative speed.

For three-channellatasuchascolor RGB images the covariancematrix andmeanvector
entail a total of twelve free parametersThus, it is not feasibleto provide a userinterface
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to interactvely controlall of the parameterassociatedavith the multivariateform of this

speedunction. Insteadwe allow the userto extractthe meanandvariancefrom a region

of interestandprovide the userwith a singlefree parametee, which controlsthe size of

theellipsoidalregionin thefeaturespaceandcorrespondso therelative prior probabilities
betweerthe objectandbackground.

3.4 The Role of SurfaceCurvature

If auserweretoinitialize amodelin avolumeandusethespeedermsin Egs.(2—7)without
ary cunaturetheresultswould be virtually the sameasa simple ood Il overtheregion
boundedby the upperand lower thresholdgor the ellipsoid in the mD case).However,
theinclusionof the curvaturetermalleviatesthe critical leakingproblemthatariseswhen
using ood lling asasegmentationtechniqueThe leakingeffectis particularlyacutein
3D sggmentationandis easilydemonstratedn a braintumordataset,asshavn in Fig. 3.
Furthermoren casesvherethe noisein the datacorruptsthe shape®f objectboundaries,

Fig. 3. Shaving oneslice of a MRI volume: (a) The sphericalinitialization. (b) A modelexpandsto Il the tumor but
leaksthroughgapsandexpandsinto otheranatomy(c) The samescenariavith a degreeof cunaturepreventsunwanted
leaking.Thelevel setisosurficeis shavn in yellow.

the curvatureterm canprovide smootherresults.However, oversmoothingwith cunature
cansigni cantly distortthe shape®f segmentedbjectsandif theweightof thecunature
is too largethemodelwill pull avay from the dataandcollapseto a point.

3.5 Rescalingthe DistanceFunction

When solving the PDE associatedvith Eq. (1), the differentlevel setsof the function
f will tendto spreadout in someregions of the volume (due to the cunatureterm and
numericaldiffusion)andaggreatein otherareagdueto thespeederm).Thesgphenomena
are characterizedy a decreasingr increasingof jNfj over time, respectrely. Both of
thesetendenciesvill undermindgheeffectivenes®of narrov-bandalgorithmsandtherefore
the literaturedescribesmechanismgor maintainingf with a relatvely constantgradient
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magnitudeFor instancejn [22], theauthorsstopthe evolution of f atregularintervalsand
establisha new f that correspondso the signeddistancetransformof the zerolevel set.
In [23], the authorupdateghe valuesof grid pointsaroundthe zero-sebf f in layersthat
maintainanapproximatiorto the signeddistance.

For the GPU-basedolwer, neitherof this stratejiesis appropriatepecausehey entail dy-
namicdatastructureghat cannotbe easilyimplementedn the streamingarchitectureln-
steadwe maintainjNf j, by the additionof anextratermto the updateequation(PDE)that
governsthe evolution of f . Thistermwill forcethelevel setsof f to spreadbutif thegra-
dientis too largeandto move togethelif thegradientis toolow. Thisrescalingterm,Gy, is
of theform

G =f g jNfj; (8)

wheregs , thetargetmagnitudefor the gradient.

Thisrescalingermhassereralpropertieghatareimportantto theimplementatiorof GIST.
First, the distancetransformof the level set,scaledby g;, is formally (i.e. ignore points
whereNf is unde ned)a x edpointof (8). Secondbecausé&s, is proportionalto f , it does
not affect the valuesof f nearthe zeroset,andthereforeshouldnot impactthe evolution
of the surfacemodel. Finally, when G; is implementedwith the upwind schemejt will
maintainmonotonicity andthereforethe x edpointof thistermappliedto updatesf grid
representind will beaclampeddistancetransformwith extremevalueslimited by those
in theinitial conditions.Thus,G; will maintainthe narrav-bandproperty whichis to say
thatf will havejNfj g within anarrav bandaroundthezerosetandjNfj 0 elsavhere.

4 Software Application Design

Thissectiondescribe$&IST, aninteractve level-setsegmentatiortool, andthe GPUimple-
mentationthatmakesit possiblelt beginswith a brief review of the GPU-basedevel-set
solver (for amorecompletedescriptiorsee[49]), describeshevisualizationof thevolume
dataandsurfacemodels,andthendescribeshe userinterfaceto GIST.

4.1 GPU Level-SetSolver

The ef cient solutionof the level-setPDEsrelieson only updatingvoxels that are on or
nearthe isosurfice. The sparseGPU level-setsolver achieves this by decomposinghe
volumeinto asetof small2D tiles (e.g.16 x 16 pixelseach).Only thosetileswith non-zero
dervativesarestoredon the GPU (Fig. 4b). Theseactivetiles arepacled,in anarbitrary
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order into a large 2D texture on the GPU. The 3D level-setPDE is computeddirectly
on this compressediormat. Becauseactie tiles areidenti ed by non-zerogradientsijt is
crucialthatthevolumein which thelevel-setsurfaceis embeddedf , resemblea clamped
distancetransform.In this way regionson or nearthe modelwill have nite derivatives,
while tiles outsidethis narrav bandwill be at, with derivative valuesof zero.Thus,the
rescalingermgivenin Eg. (8) is particularlyimportant.
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Fig. 4. (a) The moderngraphicsprocessocomputatiorpipeline.(b) The proposednethodrelieson packingactive tiles
into 2D texture—acompressefbrmat.
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For eachPDE time stepupdate the 3D neighborhoodsf all pixelsin the active tiles must
be sampledfrom the compresse@D compressedormat. For eachactwe tile, the CPU

senddexturecoordinatesi.e. memoryaddressedp the GPUfor eachof thetilesthatshare
asideor anedgein the3D volume.Theseexturecoordinatesregenerate@ndmaintained
onthe CPU.Usingthesetexture coordinatesthe GPU canperformneighborhoodookups
to producethe completesetof partial derivatives( nite differencesusedfor the gradient
andcurvaturecalculationswhich arein turn usedto updatevaluesof f .

After the level-setembeddingis updated,the GPU usesbuilt-in, hardware accelerated,
mipmappingcapabilitiesto createa bit vectorimagethat summarizeghe statusof each
tile. Eachpixelin this coarsaexturecontainsabit codethatidenti es if thattile, aswell as
ary of its six cardinalneighborsneedto be actie for the next time step.This smallimage
(<= 64KB) is readbackby the CPU andusedto updatethe datastructureghattrack the
active volumeregions. The texture coordinatesare updatedbasedon thesestructuresand
the next time stepis computed.

This GPU-basedevel-setsolver achievesa speedumf tento fteen timesover a highly-

optimized,sparse- eld,CPU-basedolver. All benchmarksvererun on anintel Xeonl1.7

GHz processowith 1 GB of RAM and an ATl Radeon9700 Pro GPU. For the tumor
seggmentationgperformedin the userstudy the GPU-basedolver ran at 60-70time steps
persecondvhile theCPUversionranat 7-8 stepgpersecondThe nal stepsof thecerebral
cortex sggmentatiorshovn in Fig. 10 ranat4 stepspersecondonthe GPUand0.25steps
persecondnthe CPU.
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4.2 Interactive Visualization

An importantaspecbf GISTis theinteractve visualizationof thelevel-setsurface thevol-
umedata,andthespeedunction.Thisinteractvity includes2D slice-by-slicevisualization
of data,model,and speedaswell as3D volume/sur&cerenderingwith usercontrolled
clipping planesto visualizeandquerythevolumedata.

GIST provides a simultaneous/olume visualizationof the input datawith the evolving
level-setmodel. The volumerendererassociateavith GIST performsa full 3D (transfer
functionbased)olumerenderingof the greyscaledata.For renderingtheoriginal volume,
theinputdataandits gradientvectorsarekeptonthe GPUas3D textures.This GPU-based
volumerenderingncorporatesnultidimensionatransferfunctionsasdescribedn Knisset
al. [50]. Thecurrentimplementatiorof GIST rendersonly scalarvolumedata,andthusfor
spectraldatait rendersonly a derived scalarquantity (e.g.onecomponenbr magnitude).
Futurework will includethe useof multidimensionatransferfunctionsto directly render
spectradata.

For renderingthe evolving level-setmodel,we usea modi cation of the corventional2D

slicedapproacho texture-based/olumerendering[51]. The modi cation to the corven-

tional approachis the renderingof the level-setsolution directly from the pacled tiles,

which are storedas a single 2D texture. The level-setdataandtile con guration is dy-

namic,andthereforedoesnotrequireseparat@recomputedersionsof thedata(e.g.sliced
alongcardinalviews) asis typically donewith 2D textureapproachednsteadtherenderer
reconstructsheseviews, asneededgachtime the volumeis renderedFor ef ciency, the

renderereuseslatawherever possible For instancelighting for the level-setsurfaceuses
gradientvectorscomputedduring the level-setupdatestage.The renderingof the source
datarelieson precomputedjradientdata—thegradientmagnitudes usedby the transfer
functionandthegradientdirectionis usedn thelighting model.More detailsonthisdesign
aregivenin [49].

4.3 Interface and Usage

GISTcombinesagraphicaluserinterface(GUI), which controlstheunderlyingGPU-based
level-setsolver, with avolumerendererThe GUI presentsheuserwith two volumeslices,
a 3D renderingwindow, and a control panel.The rst slice window displaysthe current
seggmentatiorasa yellow line overlaid on top of the target data.The secondslice viewing
window displaysa visualizationof the speedfunction that usecolor to clearly delineate
the positive andnegative regions.The GUI hascontrolsfor scrollingthroughimageslices,
startingandstoppingthe solver, andsaving the 3D sggmentatiorto le. Theusercanalso
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guerydatavaluesin the slice viewer andcreatesphericalsuracemodelsto useasinitial-
izationsto the level-setsolver. A screencaptureof the slice-basednterfaceis shavn in
Fig. 5.
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Fig. 5. Themainuserinterfaceof softwareapplication,calledGIST. Thecenterwindow shavs a sliceof anMRI volume
overlaidby abraintumorsegmentatiorin progressTheright window displaysthe signof the speedunction.

To setthefree parametersf the speedunction,the usersamplesmagevaluesby clicking

anddraggingthe mousein regionsof interestthroughthe 2D slice view window (center
window of 5). As the usergathersstatisticalsamplesGIST simultaneouslyupdateghe
meanvalueandthe varianceor covariancethat de nes the shapeof the classi er. A user
will typically probethe objectacrossarangeof slicesfor a betterrepresentatie sampling
than canbe obtainedin just oneimageslice. The remainingspeedfunction parametee

is setmanuallyin the GUI. The speedfunction is updatedand displayedin real time as
parameteraremodi ed to guidethe process.

The volume rendererwindow displaysa 3D renderingof the sourcedataand a surface
renderingof the evolving level-setmodel. The opacityof eachrenderingcanbe controlled
by theuser A clipping planewith the original datacanalsobe appliedto the renderingin
ary orientationandposition.All of theinteractionsavailablein the 2D slice view arealso
availableontheclippingplane e.g.theusercanprobedatato setthespeedermparameters
anddraw spheredor initializing the modeldirectly into the 3D view. The intersectionof
the level-setsolutionwith the clipping planeis shovn asa yellow band.Figure 6 shavs
two views from the volumerenderingwindow.

For a typical segmentationGIST, a userscrollsthroughslicesuntil they nd thelocation
of the target objectandthenqueriesvalueswith the mouseto setthe speedfunction pa-
rametersNext, the usercreatesan initial modelby draving one or more sphereswithin
the objectandthenstartsthe solver. The userscrollsthroughslicesasthe modelbeginsto
deform,observingts behaior andmodifying cunvature(modelsmoothnessandclassi er
width asneededThe usermay alsostopthe solver andresamplehe datato eitherre ne
or replacethe currentstatisticalspeedunction parameterdJsing theimmediatefeedback
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CY (b)
Fig. 6. Two views of thevolumerenderingvindow from GIST. A braincortex sggmentatioris shavn atleft with acutting
planeappliedto the renderingon the right. The intersectiorof the level-setsurfacewith the cutting planeis shavn asa
yellow band.

they getonthebehaior of themodel,they continuemodifying parametersintil the model
boundariesappearto align with thoseof the tumor. In a typical 5 minute sessiona user
may modify the modelparameterbetweerl0and30times.

5 Results

This sectionpresentsesultsfrom theapplicationof our GPU-basedkevel-setsegmentation
tool to arangeof scalarandspectrabdata.Theevaluationsn this sectionincludequalitatve
andquantitatve comparisonsvith handcontouringaswell astwo otheruserassistedaneth-
ods.We choosehandcontouringasthe mainfocusof the comparisorfor severalreasons.
First,it is (like the proposednethod)a generalpurposeseggmentatiormethod.Secondthe
eld atlargeconsidersiandcontouring(by experts)to bethedefactogold standardThird,
handcontouringis, in mary casesthe stateof the art. Thatis, a large numberof clinical
applicationghatrequireimagesegmentatiorstill rely on handcontouringastheir primary
segmentatiortechnique.

Section5.1 givesa qualitative analysisof severalanatomicasegmentationgrom MRI and
color cryosectiondata.A morerigorous,quantitatve evaluationis presentedn Sect.5.2,
which describes userstudyof our softwareandcomparesesultsof braintumorsegmen-
tationswith groundtruth obtainedirom experts.
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5.1 Qualitati ve Evaluation

As a preliminaryevaluationof our sggmentatiortool, we sggmenta variety of anatomical
structuresn several imaging modalities:scalarand spectralMRI, and color cryosection
datafrom the Visible HumanFemaleg(VHF) [52]. This sectionpresentsesultsanddiscus-
sionof thosesegmentations.

Figure7(a)is arenderingof a cortical brain surlacesegmentatiorfrom a 256 x 256x 175
MRI volume.The completesegmentationrequiredno preprocessinge.g.no ltering) of
thedataandrequired ve minutesusingthe one-dimensionatlassi er speedunctionwith
a small, sphericalsurface(placedby the user)asthe initial model. This type of segmen-
tationis impracticalto computeon ordinary CPU-basedolversbecausef the sizeand
compleity of the solution.In our experiencewith state-of-theart CPU-basedolvers(e.g.
seethe Insight Toolkit, www.itk.org) the samecortical segmentatiortypically takesmore
thananhour.

(@) (b)
Fig. 7. Rendering®f (a) braincorticalsurfacefrom scalaiMRI and(b) white matterfrom spectraMRI shav qualitatively
goodresultson large,comple structuresomputedatinteractve rates.

For MRI spectraddata,we usevolumesconsistingof co-registeredT1, T2, andprotonden-
sity data.This combinationof imagemodalitiesrequiresthe three-dimensionatlassi er,

givenin Eq. (7), to take full advantageof the wider spectrumof information.Figure 7(b)

shaws a renderingof a segmentationof the white matterof the brain. As with the corti-

cle segmentationthe resultsare encouragindecausehey canbe obtainedin only a few

minutes(no preprocessingyith a simplesphericalseedpointinitialization. We have seen
similarly promisingresultswith our tool segmentingskin and skull tissuefrom spectral
MRI data.

For the VHF color cryosectiondata,we usea region of interest(croppedvolume)from
the headthat containstwo interestingstructuresthe right lateralrectusmusclesandan-
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terior portionsof the right andleft optic neres. The texture informationin this dataset
poseda signi cant challenge andthereforewe preprocessethe databy smoothingwith
10iterationsof modi ed-curvaturediffusion[53]. Thisdiffusionstepblursthemorehomo-
geneousegionsof thedatawhile preservingbjectboundariesThis nonlineardiffusionis
relatively computationallyexpensve, especiallyon spectraldata,andit requiredapproxi-
mately20 minutesof computatioron a two-processoPentiumlV desktopmachine.

Figure8 presentsheresultsof our VHF anatomicasegmentationgndcompareshemwith
resultsobtainedusing othergeneral-purposeggmentationrmethods Column(a) shavs a
singleslice of the original datawith the target objectfor segmentationhighlighted.Col-
umn (b) is a surfacerenderingof the resultsusingour level-settool. The resultsfrom (b)
areoverlaid on the slice in column (a). Expertseggmentationsof the samestructuresare
shawvn in 8(b). The expert segmentationsvere obtainedfrom multiple operatorsat Har-
vard BrighamandWomens Hospitaland at the University of Utah usingthe Slicer Tool
[54]. Therenderingshawn in (b) areof compositeground-truthvolumescreatedwith the
STAPLE methoddescribedn Sect.5.2. Column(c) shows resultsobtainedusinganother
generaljnteractve sggmentatiormethodbasednmorphologicalvatershedsegmentation
method(for detailssee[55]).

(b) GPULS (c) Manual (d)WSassisted

Lateral
Rectus

Optic
Nerves

Fig. 8. Visualcomparisorof surfacerenderingof GPU level-set(b) andmanual(c) segmentation®f the Visible Human
Femalecolor cryosectionanatomy The tamgetedanatomicalstructureis highlightedin column (a), which shavs the
segmentatiorfrom (b) superimposedver a trans\erseslice throughthe original color data.Column(d) is a comparison
with the userassistedvatershedechnique.

Visual inspectionof the GPU level-setresultsshav themto be of similar quality asthe
hand-contourand watershedesults. Anterior and posteriorsectionsoptic neresin the
areaof the optic chiasmare sggmentedseparatelyin this example and combinedprior
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to rendering.The currentspeedfunction implementationin GIST is limited to a single
statisticalfeaturepro le, andthereforedistinctstructuresn color spacesuchasthe optic
chiasmmustbe sggmentedseparately

Becauseof the curvaturetermin (1), sgmentationsreatedusing our tool are naturally
anti-aliasedThelevel-settechniquealsotendsto producea smootheboundaryin theaxial
directionthanthe hand-contouand watershednethods which tendto moreresemblea
stackof 2D sliceswith poorcontinuity of the boundaryin the axial direction. The greatest
adwantagdo the GPUlevel-setsegmentationis its relative ef ciency. Thetime takenfor the
VHF sggmentationareup to 20 timesfasterthanhand-contouringseveralminutesversus
up to severalhours)andwereup to 6 timesfasterthanusingthe watershedsnethod(full
processingime). As thefollowing sectionwill demonstratehelevel-setsegmentatiortool
cangenerallyproduceacceptableesultson theraw imagedata,whichis not possiblewith
mary otheralgorithms,suchwatershedegmentationthereforethe level-setsggmentation
tool is particularlyusefulfor fast,impromptusegmentation®f 3D datasets.

5.2 UserStudy

Motivation Thepurposeof this studyis to determingf ourlevel-settool canproducevol-

umetricdelineationsf braintumorboundariecomparabldo thosedoneby experts(e.g.
radiologistsor neurosugeons)usingtraditionalhand-contouringWe apply our methodto

the problemof brain tumor segmentationusing datafrom the Brain Tumor Sgmentation
Database which is madeavailable by the Harvard Medical Schoolat the Brigham and
Womens Hospital (HBW) [1, 2]. The HBW database&onsistsof ten 3D 1.5T MRI brain

tumor patientdatasetselectedy a neurosugeonasa representatie samplingof a larger
clinical databaseFor eachof the ten casesthereare also four independenexpert hand
seggmentation®f onerandomlyselecte®D slicein theregion of thetumor.

We usenine casedor our study:threemeningioma(casesl-3) and6 low gradeglioma (4-

6, 8-10).Onecasenumber7, is omittedbecausea quick inspectiorshavs thatits intensity
structurds toocomplicatedo besegmentedyy theproposedool—suchaproblemremains
asfuture work, aswe will discussn Sect.6. For this study thereis no preprocessingon

thedataandthereareno hiddenparameters this study—allparameterg our systemare
setby theuserdn realtime, asthey interactwith the dataandthe models.

The subjectsconsistof ve peoplefrom amongthe staf and studentsn our groupwho
have eachbeengivena brief introductionon how to usethe application.During the study
eachuseris aslked to delineatethe full, 3D boundariesf the tumor in eachof the nine
selectedcasesWe setno time limit on the usersandrecordtheir time to completeeach
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tumor. Noneof our usersareexpertsin readingradiologicaldata.lt is not our intentionto
testfor tumorrecognition(tissueclassi cation), but ratherto testwhetherparametergan
be selectedor our algorithmto producea segmentationwvhich mimicsthosedoneby the
experts.To controlfor tumorrecognitionwe allow eachuserto referto asingleslicefrom
an expertseggmentationUsersaretold to treatthis handsegmentatiorslice asa guidefor
understandinghe differencebetweertumor andnon-tumortissue.Our assumptions that
anexpertwould not needsuchanexample.

Aggregation of Expert SegmentationData The expertdatasenestwo purposesn the
this study First, it providesa mechanisnfor establishinga groundtruth, againstwhich we
cancomparethe level-setsggmentation Secondthe setof expertsegmentationestablish
aperformancéenchmarkor theaccuray, precisionandef ciency of handcontouring.

Groundtruth is establishedrom manualsegmentationy the expertsusingthe STAPLE
algorithm[2], aniteratve EM algorithmthataccountgor systematidiasesn thebehaior
of experts.The STAPLE algorithmgeneratea fuzzy groundtruth aswell assensitvity and
speci city parameter$or eachexpertandeachcase.

We denotea singlesubjectwithin apopulationwith thesubscriptj andthe pixelswithin the

image/\olumeasi. An imageof binaryvaluesDj;j representaseggmentatiorfor aparticular

subjectGivensensitvities pj andspeci cities g for eachsubjectthedegreeof con dence

thata particularpixel is in thetargetobjectis

_ giai .
giai+ (1 g)bi’

(9)

whereg; is theprior probabilitythatany pixel would beclassi edasinsidethetargetobject
(usuallytakento bethe fractionof theimagethatis lled by the object).Thevaluesof a
andb are

a= Pjp;Dij Pj(l pj)(l Dij) and b= PjC]j(l Dij) Pj(l CIj)Dij: (20)

W

Givena probabilityimageW, the sensitvity/speci city for eachsubjectcanbe updatedas
& WD ai(1 Wj)(1 Dy)
= — and qg; = > :
PIT Taw AT TR W)
Thefull STAPLE algorithmentailsiteratingontheseupdatesbackandforth between( p; q)
andW, until the processorverges.

(11)

Accurag is evaluatedagainstaggreate volumescreatedfor eachsegmentedobject by
applyingthe STAPLE algorithmto the experthand-contoursTheseaggregate(STAPLE)
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volumesconsistof a gradedmembershigunction (zeroto one).We analyzethe accurag

of the experimental,level-setresultsby evaluatingthe sensitvity andspeci city of each
experimentalsubject,using Eg. (11), relative to theseaggra@ate volumes.We canthen
make comparisondy computingaveragesensitvity andspeci city for the two groups—
subjectausinghandcontouringandsubjectausingthe level-setGUI. Additionally, we can
combinevaluesof p; andq; to computeatotal correctfractionfor a subject:

o = &iWDij+ai(1 W)(1 Dij),
i ail '

(12)

Ideally we would computeaccurag of hand-contousegmentationsisingaggreatedata
from anindependengroupof expertsegmentersA characterizatiof the accurag of a
smallgroupof manualkegmentationsisinggroundtruth generateéisacompleteaggreate
of thosesamesegmentationsontainsan clearbiasthatover estimateghe accurag of the
expertsggmentationsA second|essconserative measuremerthatproduces moreunbi-

asedestimateof themanualsegmentatioraccurag is around-robinleave-one-oustrateyy,

[56], wherep, g, andc valuesfor eachD;; arecomputedisingW generatedby all segmen-
tationsk 6 |.

Accuray metricsmustbeinterpretedccarefully Note thatwherea segmentatiortechnique
shaws high sensitvity, thereis a high con dencelevel in the resultsit producedor nega-
tively classi ed pixels,andwhereatechnigueshaws high speci city, thereis a high con -
dencdevel for positivelyclassi ed pixels. Themagnitude®f p andq areincommensurate
becausehey are percentagesf differentpopulationsof pixels. Total correctfraction is
particularlydif cult to interpretbecausat is biasedby the ratio of the size of theimage
volumeto the sizeof thetargetobject. Wherethis ratiois high, c approaches. Wherethe
ratio is low, c approache®. Total correctfractionis usedin this studyonly asa way to
compareour resultswith otherpublishedresultson the samedata.

We quantify precisionin this studyusingthe similarity s of resultsfrom subjectsj andk,
Zéi DijDik ]
4;Djj+ Dy’
andaveragesimilarity acrossall pairsof subjectsj 6 k. Accuragy, precisionandef ciency
metricswerealsoappliedacrosssubjectsGiventhelimited resourcesor this studyandthe

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

Sjk = (13)

Discussionand Analysis Figure9 shaws graphsof averagep, g, and ¢ valuesfor the
expertsandthe usersn our study Error barsrepresenthe standardieviationsof the asso-
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ciatedvalues.This gure shavsthe averageaccurayg acrossall expertsusinground-robin
groundtruth.
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Fig.9. A comparisorof userstudyresults(GPU LS) with expertandexpertround-robin(RR) resultsreveal an overall
comparableerformanceavith atendenyg to underestimatéheregion of tumor

The performanceof the expertsandour usersvariescaseby case but in almostall cases
the performancef our userswaswithin the rangeof performancesf the experts.A com-
parisonwith expert-biasedjroundtruth shavs similar results.The averagecorrectfraction
of ouruserswasbetterthanthe expertsin 6 outof 9 casesA generatrendis thatourusers
tendedo underestimatéhetumorrelative to the experts,asindicatedby lower valuesof p
andhighervaluesof q, especiallywhencomparedo theround-robinexpertaveragesThis
is consistenwith our experiencesvith handsegmentationsand level setmodels—with
hand contouringuserstend to overestimatestructuresand with level setsthe curvature
termtendsto reducethe sizeof corvex structures.

The sggmentationsn our study shav a much higherdegreeof precisionthanthe expert
handsegmentationsMeanprecision[38] acrossall usersandcasesvas94:04% 0:04%
while themeanprecisionacrossall expertsandcaseswas82:65% 0:07%.Regardingef -
cieng, theaveragetime to completea segmentatior(all usersall casesyas6 3minutes.
Only5% 10%of thistimeis spentprocessindghelevel-setsurface.This comparegavor-
ably with the 3-5 hoursrequiredfor atypical 3D segmentatiordoneby hand.

@) (b)
Fig. 10. (a) An experthandsegmentatiorof a tumorfrom the HBW databasahavs signi cant intersliceartifacts.(b) A
3D segmentatiorof the sametumorfrom oneof the subjectdn our study
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The accurag and precisionof subjectsusing our tool alsocompareswell with the auto-
matedbraintumorsegmentatiorresultsof Kaus,etal. [1], who usea supersebf the same
datausedin our study They reportanaveragecorrectvolumefractionof 99:68% 0:29%
(usingthe expert-biasedgroundtruth), while the averagecorrectvolume fraction of our
userswas99:78% 0:13%. Their methodrequiredsimilar averageoperatortimes (5-10
minutes) but unlike the proposednethodtheir classi cationapproachrequiredsubsequent
processindimesof approximately75 minutes.Thatmethod ik e mary othersegmentation
methodsdiscussedn the literature,includesa numberof hiddenparametersywhich were
not partof their analysisof timing or performance.

Thesequantitatve comparisonsvith expertspertainto a only single 2D slice thatwasex-
tractedfrom the 3D segmentationsThis is a limitation dueto the scarcityof expertdata.
Our experiences thatcomputeraidedsegmentatiortools performrelatively betterfor 3D
seggmentationdecausehe handcontourstypically shov signsof intersliceinconsisten-
ciesandfatigue.Figuresl10a—bshov a segmentationby an expert with handcontouring
comparedvith a seggmentatiordoneby oneof our subjects.

6 Summary and Conclusions

A carefulimplementatiorof real-timevisualizationanda sparsdevel-setsolveron a GPU
providesa new tool, called GIST, for interactve 3D segmentationUserscanmanipulate
several parametersimultaneouslyn orderto nd a setof valuesthatareappropriatefor
a particularseggmentationtask. The quantitatve resultsof usingthis tool for brain tumor
seggmentationsuggesthat it is comparesvell with hand contouringand state-of-the-art
automatedmethods However, the tool asbuilt andtestedis quite general,andit hasno
hiddenparametersThus,thesameool canbeusedto segmentavarietyof anatomyaswas
shawv in Sect.5.1.

Thecurrentlimitationsaremostlyin the speedunctionandtheinterface.The speedunc-
tion usedin this paperis quite simpleandeasilyextendedwithin the currentframework, to
includeimageedgesandmorecomplicatedstatisticalclassi ers. Futurework will include
developmenbf amoreintuitive 3D interfacethatcouldpotentiallyimprove userinteraction
timesandaccurag.
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