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Abstract

While level setshave demonstrateda greatpotentialfor 3D medicalimagesegmentation,
their usefulnesshasbeenlimited by two problems.First, 3D level setsarerelatively slow
to compute.Second,their formulationusuallyentailsseveralfreeparameterswhichcanbe
verydif�cult tocorrectlytunefor speci�c applications.Thesecondproblemis compounded
by the�rst. Thispaperdescribesanew tool for 3D segmentationthataddressestheseprob-
lems by computinglevel-setsurfacemodelsat interactive rates.This tool employs two
important,novel technologies.First is the mappingof a 3D level-setsolver onto a com-
moditygraphicscard(GPU).Thismappingreliesonanovel mechanismfor GPUmemory
management.Theinteractive rateslevel-setPDEsolver give theuserimmediatefeedback
on theparametersettings,andthususerscantunefreeparametersandcontroltheshapeof
themodelin real time. Thesecondtechnologyis theuseof region-basedspeedfunctions,
whichallow auserto quickly andintuitivelyspecifythebehavior of thedeformablemodel.
We have found that the combinationof theseinteractive tools enablesusersto produce
good,reliablesegmentations.To supportthis observation, this paperpresentsqualitative
resultsfrom severaldifferentdatasetsaswell asa quantitative evaluationfrom a studyof
braintumorsegmentations.
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Abstract. While level setshave demonstrateda greatpotential for 3D medical imagesegmentation,
their usefulnesshasbeenlimited by two problems.First, 3D level setsarerelatively slow to compute.
Second,their formulationusuallyentailsseveral freeparameterswhich canbevery dif�cult to correctly
tunefor speci�c applications.The secondproblemis compoundedby the �rst. This paperdescribesa
new tool for 3D segmentationthat addressestheseproblemsby computinglevel-setsurfacemodelsat
interactive rates.This tool employs two important,novel technologies.First is themappingof a3D level-
setsolver ontoa commoditygraphicscard(GPU).This mappingrelieson a novel mechanismfor GPU
memorymanagement.The interactive rateslevel-setPDE solver give the userimmediatefeedbackon
theparametersettings,andthususerscantunefreeparametersandcontroltheshapeof themodelin real
time.Thesecondtechnologyis theuseof region-basedspeedfunctions,whichallow auserto quickly and
intuitively specifythe behavior of the deformablemodel.We have found that the combinationof these
interactive toolsenablesusersto producegood,reliablesegmentations.To supportthis observation, this
paperpresentsqualitative resultsfrom severaldifferentdatasetsaswell asa quantitative evaluationfrom
a studyof braintumorsegmentations.

1 Intr oduction

Imagesegmentationis arguablythemostwidely studiedproblemin imageprocessing,and
the literatureshows a plethoraof imagesegmentationalgorithmsthat rely on a diverse
rangeof strategies suchasstatistics,differential geometry, heuristics,graphtheory, and
algebra.No onesegmentationtechniquehasemergedasbeingsuperiorto all othersin all
circumstances,and thus it seemsthat the �eld of medicalimageprocessingwill evolve
to a statewhereresearchersandclinicianshaveaccessto a setof segmentationtools,i.e. a
toolbox,fromwhichthey canchoosetheparticulartool thatis bestsuitedfor theirparticular
application.

A completesegmentationtoolbox will includea setof general purposetools aswell as
variousspecializedsegmentationtools.Generalpurposetoolsarethosethatcanbequickly
launchedand usedas the needarisesin a wide rangeof applications.Specializedtools
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rely on strongerassumptionsabouta speci�c modality, anatomy, or application.When
properlytrained,tuned,andappliedwe would expectspecializedtools to performbetter
than generalpurposetools—whenall other factors,suchas operatortime and compute
time,areequal.Amonggeneraltools,themostpopularexample,andthegoalstandardfor
many applications,is handcontouring,which entailsa knowledgeableuser(e.g.a medical
doctor)creatinga 2D curve, drawn by manipulatinga mouse,on a sequenceof slicesto
delineatetheobjectof interest.

This paperdescribesa new, general-purposesegmentationtool that relieson interactive
deformablemodelsimplementedaslevel sets.While level setshave demonstrateda great
potentialfor 3D medical imagesegmentation,their usefulnesshasbeenlimited by two
problems.First, 3D level setsare relatively slow to compute.Second,their formulation
usuallyentailsseveral free parameters,which can be very dif�cult to correctly tune for
speci�c applications.The secondproblemis compoundedby the �rst. That is, users�nd
it impracticalto explore the spaceof possibleparametersettingswhenan exampleresult
from apoint in thatspacerequiresminutesor hoursto generate.

The softwareapplicationdescribedin this paperis calledGIST (GPU-basedInteractive
SegmentationTool). GIST updatesa level-setsurfacemodelat interactive rateson com-
modity graphicscards(GPUs),suchasthosethatarecommonlyfoundon consumer-level
personalcomputers.It can be appliedto a generalset of medicaland biological appli-
cationsby tuning several free parameters.Despiteits generalnature,we demonstratethe
effectivenessof GISTby aquantitativecomparisonto aspecializedtool andtheassociated
goldstandardfor aspeci�c problem:braintumorsegmentation[1,2]. Thispapermake the
following contributions:

– A 3D segmentationtool thatusesanew level-setdeformationsolver to achieve interac-
tiverates(approximately10-15timesfasterthanprevioussolutions).

– A interactive mechanismfor de�ning a level-setspeedfunction that works on both
scalarandmultivalued(i.e. spectral)data.

– Quantitativeandqualitativeevidencethatthis interactive level-setapproachis effective
for braintumorsegmentation.

The remainderof thepaper, which is anextendedversionof [3], is organizedasfollows.
The next sectiongivessometechnicalbackgroundandrelatedwork on level sets,GPUs,
andsegmentationevaluationmethods.Section3 describestheformulationof thelevel-set
equationsand the solutionon the GPU. Section5.2 presentsqualitative resultson vari-
ousdatasetsanda quantitative analysisof theperformanceof themethodfor brain tumor
segmentation.Section6 summarizesthiswork.



Underreview atMedicalImageAnalysis,2004 3

2 Background and RelatedWork

2.1 Level Sets

This paperrelies on an implicit representationof deformablesurfacemodelscalled the
methodof level sets, proposedby OsherandSethian[4]. The level-setmethod(Seealso
Sect.3) computesthemotionof amoving interfaceby solvingapartialdifferentialequation
(PDE) on a volume.The useof level setshasbeenwidely documentedin the medical
imagingliterature,andseveralworksgivemorecomprehensivereviewsof themethodand
theassociatednumericaltechniques[5, 6].

For certainclassesof applicationslevel setshaveseveraladvantagesoverparametricmod-
els. Becausethey are implicit, level setscanchangetopology. This meansthat during a
deformationa userneednot worry aboutsurfacescolliding or pinchingoff. Also, level
setsdonot requirereparameterizationasthey deformfar from their initial conditions—e.g.
deformablemeshestypically requirethe insertionor deletionof trianglesundersuchcir-
cumstances[7]. Finally, level setsallow for geometricsurfacedeformations,which means
that the resultsof a deformationprocessdependon the shapeof the surfaceandthe in-
put dataandnot on someunderlyingparameterization.The level-setmethodis a general
framework thatmustbetunedto speci�c applications.

As with theoriginalwork onimagesegmentationby parametricdeformablemodels[8], the
level-setapproachto segmentationtypically combinesadata-�tting termwith asmoothing
term.However, therearealternatives.For instance,Whitaker [9] proposesa formulation
that mimics parametricdeformablemodels,in which level surfacesmove toward edges
(highgradientmagnitude)in volumes.In thatformulationthemodelmustbewithin asome-
whatnarrow bandof attraction(de�nedby thesecondderivative)in orderto lock ontosuch
edges,and thereforethe authorproposesa multiscalecomputationalmethodto improve
convergence.Malladi et al. [10] describea formulationin which level curves/surfacesex-
pand(or contract)with a motion that slows at imageedges.Becauseof the monotonic
expansion/contraction,convergenceto local minima is lessof a problem,but the results
tendto bebiasedeitherinwardor outward.Caselleset al. [11] proposeanalternative that
minimizesanedge-weightedareametric.In thatcasethedatatermis weightedmoreheav-
ily asthe modelapproachesits target.Thesemethods(andmany others)focuson image
edges,but thetheliteraturedocumentsseveralotherstrategiesfor �tting level setsto image
data.For instance,severalauthorshaveproposeusingthestatisticsof thegreyscaleinterior
of themodelto control themotion [12,13]. Alternatively, the motionof the level setcan
dependonavariationalformulationthatpositionstheinterfaceto creatediscontinuitiesthat
bestmodelthediscontinuitiesin theinputdata[14–16].In this paperwe usea supervised,
statisticalclassi�er to drive themotionof thelevel-setmodel.
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Virtually all of thesemethodsincludeaform of meancurvaturetokeepthelevel-setsmooth
asit convergesonasolution.Whitaker[9] proposesaweightedsumof principlecurvatures
to preserve cylindrical structures.Lorigio et al. [17] proposesthe minimum curvature,in
thecontext of segmentingbloodvessels;this is equivalentto a space-curvatureshortening
for very thin objects.Recently, Tasdizenet al. proposethediffusionof normalsin orderto
approximatehigher-ordergeometric�o ws [18,19].

Solving level-setPDEson a volumerequirespropernumericalschemes[20] andentailsa
signi�cant computationalburden.Stability requiresthatthesurfacecanprogressat mosta
distanceof onevoxel ateachiteration,andthusa largenumberof iterationsarerequiredto
computesigni�cant deformations.Thereis aspecialcaseof thelevel-setPDEsin whichthe
surfacemotionis strictly inwardor outward.Suchequationscanbesolvedsomewhatef�-
ciently usingthefastmarching method[5] andvariationsthereof[21]. However, this case
coversonly averysmallsubsetof interestingspeedfunctions,andsuchspeedfunctionsare
inconsistentwith interactiveparametertuning.In generalweareconcernedwith problems
that includea surfacecurvaturetermandsimultaneouslyrequirethemodelto expandand
contractto matchthedata.

Ef�cient algorithmsfor solvingthemoregenerallevel-setproblemrely on theobservation
thatatany onetimesteptheonly partsof thesolutionthatareimportantarethoseadjacent
to themoving surface.In light of thisseveralauthorshaveproposednumericalschemesthat
computesolutionsfor only thosevoxelsthatlie in asmallnumberof layersadjacentto the
surfaceasshown in Fig.1b. AdalsteinssonandSethian[22] haveproposedthenarrowband
method, which updatesthe embeddingon a bandof 10-20pixels aroundthe model,and
reinitializesthat bandwhenever the modelapproachesthe edge.Whitaker [23] proposed
thesparse-�eldmethod,whichintroducesaschemein whichupdatesarecalculatedonly on
thewavefront,andseverallayersaroundthatwavefrontareupdatedviaadistancetransform
ateachiteration.Pengetal. [24] presentasimilar localmethod.Evenwith thisverynarrow
bandof computation,updateratesusingconventionalprocessorson typical medicaldata
sets(e.g.2563 voxels) arenot interactive. This is the motivation behindthe GPU-based
solver in GIST.

2.2 Graphics ProcessingUnits for Scienti�c Computation

Graphicsprocessingunitshavebeendevelopedprimarily for thecomputergamingindustry,
but over the lastseveralyearsresearchershave cometo recognizethemaslow cost,high
performancecomputingplatforms.Two importanttrendsin GPUdevelopment,increased
programmabilityand higher precisionarithmeticprocessing,have helpedto foster new
non-gamingapplications.
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Graphicsprocessorsoutperformcentralprocessingunits (CPUs)—oftenby morethanan
orderof magnitude—becauseof theirstreamingarchitecture[25]anddedicatedhigh-speed
memory. In thestreamingmodelof computation,arraysof input dataareprocessediden-
tically by the samecomputationkernel to produceoutputdatastreams.The GPU takes
advantageof the data-level parallelisminherentin this modelby having many identical
processorsexecutethecomputationin parallel.This computationmodelhasbeenusedby
a numberof researchersto mapa wide variety of computationallydemandingproblems
to GPUs.Examplesincludematrix multiplication, �nite elementmethods,andmulti-grid
solvers[26–28].All of theseexamplesdemonstrateahomogeneoussequenceof operations
overadenselypopulatedgrid structure.

Strzodkaetal. [29] werethe�rst toshow thatthelevel-setequationscouldbesolvedusinga
graphicsprocessor. Their solver implementsthetwo-dimensionallevel-setmethodusinga
time-invariantspeedfunctionfor �ood-�ll-lik e imagesegmentation,without theassociated
curvature.Their solver doesnot take advantageof thesparsenatureof the level-setPDEs
and thereforeperformsonly marginally betterthana highly-optimizedsparse-�eldCPU
implementation.The work in this paperrelies on a three-dimensionalgeneralizationof
[29], which includesa second-ordercurvaturecomputation,anda signi�cantly improved
GPUsolverthatimplementsanarrow-bandstrategy. Also relatedis thework of Sherbondy
etal. [30], in whichthey identify regionsof interestto solveadiffusionequationfor volume
segmentation.

This paperdescribesa GPU computationalmodel that supportstime-dependent,sparse
grid problems.Theseproblemsaredif�cult to solveef�ciently with GPUsfor two reasons.
The �rst is that in order to take advantageof the GPU's parallelism,the streamsbeing
processedmustbe large, contiguousblocksof data,and thusgrid pointsnearthe level-
setsurfacemodelmustbe packed into a small numberof textures.The seconddif�culty
is that the level setmoveswith eachtime step,andthus the packed representationmust
readily adaptto the changingposition of the model.This requirementis in contrastto
therecentsparsematrix solvers[31,32] andpreviouswork on renderingwith compressed
data[33,34]. In thetwo sparse-matrixsolvers[31,32], a packedtextureschemeis usedto
ef�ciently computesparsematrix-vectormultiplicationsaswell ascomputevaluesof the
sparsematrix elementson the GPU.The schemeis static,however, in the sensethat the
nonzeromatrixelementsmustbeidenti�ed beforethecomputationbegins.

2.3 SegmentationEvaluation

This paperincludesa systematicevaluationof theperformanceof GIST. Therole of seg-
mentationevaluationis to understandthestrengths,limitations,andpotentialapplications
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of a particularsegmentationalgorithm.Thereare two strategies for evaluatingsegmen-
tation algorithms.Onestrategy is to studysegmentationperformancein the context of a
particularclinical or scienti�c question[35,36]. For instance,theeffectivenessof thealgo-
rithm within a studythatmonitorsthevolumesor sizesof tumors.Thesecondapproachis
to studyto evaluatesegmentationin theabsenceof a speci�c clinical applicationby quan-
tifying thegeneralbehavior of thealgorithmrelative to anideal solution.This papertakes
thesecondapproach,andusesgeneralshapemetricsto comparewatershedsegmentation
resultswith the defactogold standardfor clinical applications,which is handcontouring
onesliceata time (whichwewill alsocall manualsegmentation)by expertobservers.

Segmentationevaluationis dif�cult becauseof the lack of standardmetricsandthedif�-
culty of establishinggroundtruth in clinical data.Our evaluationmethodologyis derived
from ideasdevelopedby [37], andothers[38–40],whoemphasizetheimportanceof quan-
titative evaluationandstatisticalmetrics.Thestudyin this paperconcernsa user-assisted
segmentationtechnique,which requiresa user-basedevaluationto capturevariationsin
the individual decision-makingprocess.Experimentaltrials acrossa numberof usersand
images[41,42] cangeneratedataappropriatefor statisticalanalysisthat accountfor user
variability.

A combinationof differentfactorsdeterminestheeffectivenessof a segmentation.For in-
stanceUdupaet. al[38] proposea quanti�cation of performancebasedon validity of the
results(accuracy), reproducibilityof theresults(precision),andef�ciency of thesegmen-
tationmethod(time).Otherresearchershavestudiedthesensitivity of thetechniqueto var-
iousdisruptive factorssuchasdataartifacts,pathology, or individual anatomicalvariation
(robustness)[43].

Accuracy metricstypically rely on a groundtruth segmentation—segmentationsthat are
somehow closeto this groundtruth areconsideredbetterthanthosethat arenot. Studies
with digital or physicalphantomsprovide a readyde�nition of groundtruth.However, for
biologicalor clinical datasets,groundtruth is usuallyunknown. In suchacase,researchers
typically rely on expertsto delineatethe groundtruth by hand[43,44]. Expertsseldom
all agree,but a statisticalcombination(averaging)of severalexpertsegmentationscanac-
countfor expertvariability. Averagingof multiplenonparametricshapes,however, is itself
a dif�cult problem.Onetechniquefor combiningmultiple segmentationsis Simultaneous
Truth and PerformanceLevel Estimation(STAPLE), [45]. This treatssegmentationasa
pixelwiseclassi�cation,which leadsto anaveragingschemethataccountsfor systematic
biasesin thebehavior of experts

The accuracy of an individual experimentalsegmentationis usuallygiven throughsome
measureof a region's overlapand its distancefrom the groundtruth. Commondistance
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metricsincludethe Hausdorff distance[46] andthe root meansquareddistancebetween
selectedboundarypoints[39,40]. Often overlapis characterizedby a similarity measure
betweenexperimentalandgroundtruth volumes.Onecommonsimilarity measureis the
cardinalityof theintersection(in pixelsor voxels)of positiveclassi�cationsin two volumes
volumesover theunionof thepositiveclassi�cations[41,47], denoteds. Anotheroverlap
metricis thetotal correctfraction, c, which is simply thepercentageof correctlyclassi�ed
pixelsin theimagevolume(negativeandpositive) [1].

Anotherstrategy for evaluatinga single-objectsegmentationis to view eachpixel asan
instanceof adetectiontask,whichgivesriseto metricsfor sensitivity andspeci�city. Sen-
sitivity, p, is the truepositive fraction of thesegmentation,the percentageof pixels in an
imagecorrectlyclassi�edaslying insidetheobjectboundary. Speci�city, q, is thetrueneg-
ativefraction,thepercentageof pixelsin asegmentationcorrectlyclassi�edaslying outside
theobjectboundary. Becausethereisanexplicit tradeoff betweensensitivity andspeci�city,
researchershaveproposedusingreceiveroperatorcharacterizations(ROC),whichmonitor
the behavior of this tradeoff for differentsegmentationalgorithmsor parametersettings
[48,38].

The precisionof a segmentationmethodis an indicatorof how repeatablethe resultsare
usingthat technique.Alternatively, precisionis an indicatoror the degreeof randomness
inherentto the method.Precisiondoesnot rely on knowing groundtruth andcanbe es-
timatedby applyingthe similarity measures within a setof experimentalsegmentations
[38]. Themeans valuefrom thesecomparisonsgivesacharacterizationof theprecisionof
themethod.

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

3 Level-SetFormulation and Algorithms

Webegin thissectionwith abrief review of thenotationandmathematicsof level-setmeth-
odsanddescribethe particularformulationthat is relevant to this paper. Comprehensive
reviewsof level-setmethodsaregiventheliterature[5,6].

An implicit modelis asurfacerepresentationin whichthesurfaceconsistsof all pointsS=
f x̄jf (x̄) = 0g, wheref : Â 3 7! Â . Level-setmethodsrelatethemotionof thatsurfaceto a
PDEonthevolume,i.e.¶f =¶t = � Ñf � v̄(t), wheredescribesthemotionv̄(t) of thesurface.
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Within this framework onecan implementa wide rangeof deformationsby de�ning an
appropriatēv. For segmentation,thevelocity oftenconsistsof a combinationof two terms
[9,10]

¶f
¶t

= jÑf j
�
aD(x̄) + (1� a)Ñ �

Ñf
jÑf j

�
; (1)

whereD is adatatermthatforcesthemodeltowarddesirablefeaturesin theinputdata,the
termÑ � (Ñf =jÑf j) is themeancurvatureof thesurface,which forcesthesurfaceto have
lessarea(andremainsmooth),anda 2 [0;1] is a freeparameterthatcontrolsthedegreeof
smoothnessin thesolution.Thereareseveralvariationsonthis framework in theliterature,
e.g.[11].

Thebehavior of themodelis mostlycharacterizedby thedatatermandhow it relatesto the
image.Invariably, thedatatermintroducesfreeparameters,andthepropertuningof those
parameters,alongwith a, is critical to makingthemodelbehave in adesirablemanner.

3.1 An Intensity-BasedSpeedFunction

Our strategy is to constructa speedfunction D that causesthe model to grow in regions
wherethedatais consistentwith thedesiredsegmentationandto contractin regionswhere
it is not. We canachieve this by letting D have positive or negative valuesdependingon
whetheror not themodelis within a speci�ed rangeof datavalues.In this casethespeed
functionat any onepoint is basedsolelyon input valuevalueI at thepoint x̄ in theimage,
i.e D(x̄) = D(I (x̄)) .

Suchasimplescalarspeedfunctionis givenby

D(I ) = e� jI � Tj; (2)

whereT controlsthedominantintensityof theregion to besegmentedande controlsthe
rangeof greyscalevaluesaroundT thatcouldbeconsideredinsidetheobject.Thuswhen
themodelliesonavoxelwith agreyscalelevelbetweenT � eandT + e, themodelexpands
andotherwiseit contracts.Thespeedtermis gradual,andthustheeffectsof theD diminish
asthemodelapproachestheboundariesof regionswhosegreyscalelevelslie within theT �
e range.Evenwith this simpleschemea userwould have to specifythreefreeparameters,
T, e, anda, aswell asaninitialization.Figure1 showsagraphof D de�ned in thismanner.
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Fig.1. (a)A speedfunctionbasedonimageintensitycausesthemodelto expandoverregionswith greyscalevalueswithin
thespeci�edrangeandcontractotherwise.(b) Ef�cient implementationsof level setsentailcomputingthesolutiononly
nearthemoving wavefront.

3.2 A Statistical Classi�er

Thespeedtermin (2) representsasimpleone-dimensional,two-classstatisticalclassi�er. If
we let P(AjI ) betheprobabilitythatapixel lies in theobjectconditionalon thepixel/voxel
valueI andP(BjI ) be theprobability that thepixel is not in theobject,thentheBayesian
decisionvariableis

D =
P(AjI )
P(BjI )

=
P(I jA)P(A)
P(I jB)P(B)

; (3)

which shouldbe comparedto unity in orderto decideon eitherA or B. If all intensities
in the background,B, areequally likely (the goal hereis simplicity), the denominatoris
constant,andthelog of D is

logD = logP(I jA) + logP(A) � logP(I jB) � logP(B): (4)

If we let thestatisticsof theinsideof theobjectbeGaussianP(AjI ) = exp[� (I � µ)2=2s2],
wehave thefollowing decisionrule for apixel x̄ with intensityI :

x̄ 2
�

A jI � Tj � e
B otherwise

; (5)

wheree =
� ��2s2(logP(A) � logP(I jB) � logP(B))

�
��

1
2 , andT = µ. Thus,we seethat this

simplethreeparametermodelallows a userto explore thepossibilitiesof this simplesta-
tistical classi�er andcombineit with thegeometricinformationembodiedin thecurvature
of thelevel set.

This analysisshedssomelight on theproperinterfacefor theseparameters.For instance,
we canhelptheuserchoosetheseparametersby providing a interactive tool thatallows a
userto selecta setof points(e.g.by holdingdown a mousebuttonandmoving thecursor
overtheareaof interest)thatgenerateameanandavariance,andusethesevaluesinitialize
T ande.
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3.3 A SpeedFunction for SpectralVolumes

This statisticalclassi�er alsoextendsto image/volumeswith multiple values,i.e. spectral
images, with valuesdenotedĪ (x̄) 2 Â m. In this casethein-objectconditionprobabilityis

P(AjĪ ) = exp
�
�

1
2

(Ī � µ̄)TS� 1(Ī � µ̄)
�

; (6)

whereS is thecovariance.We canexpresstheclassi�er in termsof Mahalanobisdistance.
Thatis:

x̄ 2
�

A D � e
B otherwise

; (7)

andD =
�
(Ī � µ̄)TS� 1(Ī � µ̄)

� 1
2 .

Thegraphof thespeedfunctiongivenin (7) is anellipsoidalhyperconethatcrossesthezero
axisof theindependentvariableto form anellipsoid,centeredat µ̄, with ashapeandorien-
tationgivenby thecovariance.Figure2 depictsthis for m= 2.Thefreeparameterede�nes
the width of the resultingellipsoidalclassi�er in units of standarddeviation. The model
expandswhen it lies on a pixel whosevalue is within the classi�er rangeandcontracts
elsewhere.This Mahalanobisclassi�er is a naturalextensionof thescalarspeedfunction
thataccountsfor thecorrelationbetweendifferentfeaturesof Ī andallows for curvedde-
cisionboundaries.In thecasewhereall featuresareuncorrelatedMahalanobisdistanceis
equivalentto Euclideandistance.

! "#$ !

#

! " #$%&$' ( )*#+

! " #$&, " * -.) , -+
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Fig.2. (a)A Mahalanobisdistanceclassi�er describesa meanandstandarddeviation of featurevaluesthat is normalized
with respectto thecovarianceof thefeatures.(b) Imagevalueswithin theclassi�er rangearemappedto apositivespeed.
Valuesoutsidetheclassi�er rangearemappedto a negative speed.

For three-channeldatasuchascolor RGB images,thecovariancematrix andmeanvector
entail a total of twelve freeparameters.Thus,it is not feasibleto provide a userinterface
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to interactively control all of theparametersassociatedwith the multivariateform of this
speedfunction.Instead,we allow theuserto extract themeanandvariancefrom a region
of interestandprovide theuserwith a singlefreeparametere, which controlsthesizeof
theellipsoidalregion in thefeaturespaceandcorrespondsto therelativeprior probabilities
betweentheobjectandbackground.

3.4 The Role of SurfaceCurvature

If auserwereto initializeamodelin avolumeandusethespeedtermsin Eqs.(2–7)without
any curvaturetheresultswould bevirtually thesameasa simple�ood �ll over theregion
boundedby the upperand lower thresholds(or the ellipsoid in the mD case).However,
the inclusionof thecurvaturetermalleviatesthecritical leakingproblemthatariseswhen
using�ood �lling asa segmentationtechnique.The leakingeffect is particularlyacutein
3D segmentationsandis easilydemonstratedonabraintumordataset,asshown in Fig. 3.
Furthermorein caseswherethenoisein thedatacorruptstheshapesof objectboundaries,

(a) (b) (c)

Fig.3. Showing oneslice of a MRI volume:(a) The sphericalinitialization. (b) A modelexpandsto �ll the tumor but
leaksthroughgapsandexpandsinto otheranatomy. (c) Thesamescenariowith a degreeof curvaturepreventsunwanted
leaking.Thelevel setisosurfaceis shown in yellow.

thecurvaturetermcanprovide smootherresults.However, oversmoothingwith curvature
cansigni�cantly distorttheshapesof segmentedobjects,andif theweightof thecurvature
is too largethemodelwill pull away from thedataandcollapseto apoint.

3.5 Rescalingthe DistanceFunction

When solving the PDE associatedwith Eq. (1), the different level setsof the function
f will tend to spreadout in someregionsof the volume(due to the curvatureterm and
numericaldiffusion)andaggregatein otherareas(dueto thespeedterm).Thesephenomena
are characterizedby a decreasingor increasingof jÑf j over time, respectively. Both of
thesetendencieswill underminetheeffectivenessof narrow-bandalgorithms,andtherefore
the literaturedescribesmechanismsfor maintainingf with a relatively constantgradient
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magnitude.For instance,in [22], theauthorsstoptheevolutionof f at regularintervalsand
establisha new f that correspondsto the signeddistancetransformof the zerolevel set.
In [23], theauthorupdatesthevaluesof grid pointsaroundthezero-setof f in layersthat
maintainanapproximationto thesigneddistance.

For theGPU-basedsolver, neitherof this strategiesis appropriate,becausethey entaildy-
namicdatastructuresthatcannotbeeasilyimplementedin thestreamingarchitecture.In-
steadwe maintainjÑf j, by theadditionof anextra termto theupdateequation(PDE)that
governstheevolution of f . This termwill forcethelevel setsof f to spreadout if thegra-
dientis too largeandto movetogetherif thegradientis too low. This rescalingterm,Gr , is
of theform

Gr = f
�
gf � jÑf j

�
; (8)

wheregf , thetargetmagnitudefor thegradient.

Thisrescalingtermhasseveralpropertiesthatareimportantto theimplementationof GIST.
First, the distancetransformof the level set,scaledby gf , is formally (i.e. ignorepoints
whereÑf is unde�ned)a�x edpointof (8).Second,becauseGr is proportionalto f , it does
not affect thevaluesof f nearthezeroset,andthereforeshouldnot impacttheevolution
of the surfacemodel.Finally, whenGr is implementedwith the upwind scheme,it will
maintainmonotonicity, andthereforethe�x edpointof this termappliedto updatesof grid
representingf will bea clampeddistancetransformwith extremevalueslimited by those
in the initial conditions.Thus,Gr will maintainthenarrow-bandproperty, which is to say
thatf will havejÑf j � gf within anarrow bandaroundthezerosetandjÑf j � 0 elsewhere.

4 SoftwareApplication Design

ThissectiondescribesGIST, aninteractivelevel-setsegmentationtool,andtheGPUimple-
mentationthatmakesit possible.It beginswith a brief review of theGPU-basedlevel-set
solver(for amorecompletedescriptionsee[49]), describesthevisualizationof thevolume
dataandsurfacemodels,andthendescribestheuserinterfaceto GIST.

4.1 GPU Level-SetSolver

The ef�cient solutionof the level-setPDEsrelieson only updatingvoxels that areon or
nearthe isosurface.The sparseGPU level-setsolver achieves this by decomposingthe
volumeinto asetof small2D tiles(e.g.16x 16pixelseach).Only thosetileswith non-zero
derivativesarestoredon theGPU(Fig. 4b). Theseactivetiles arepacked,in anarbitrary
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order, into a large 2D texture on the GPU. The 3D level-setPDE is computeddirectly
on this compressedformat.Becauseactive tiles areidenti�ed by non-zerogradients,it is
crucial that thevolumein which thelevel-setsurfaceis embedded,f , resemblea clamped
distancetransform.In this way regionson or nearthe modelwill have �nite derivatives,
while tiles outsidethis narrow bandwill be �at, with derivative valuesof zero.Thus,the
rescalingtermgivenin Eq.(8) is particularlyimportant.
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Fig.4. (a) Themoderngraphicsprocessorcomputationpipeline.(b) Theproposedmethodrelieson packingactive tiles
into 2D texture—acompressedformat.

For eachPDEtime stepupdate,the3D neighborhoodsof all pixelsin theactive tiles must
be sampledfrom the compressed2D compressedformat. For eachactive tile, the CPU
sendstexturecoordinates,i.e.memoryaddresses,to theGPUfor eachof thetilesthatshare
asideor anedgein the3D volume.Thesetexturecoordinatesaregeneratedandmaintained
on theCPU.Usingthesetexturecoordinates,theGPUcanperformneighborhoodlookups
to producethecompletesetof partialderivatives(�nite differences)usedfor thegradient
andcurvaturecalculations,whicharein turn usedto updatevaluesof f .

After the level-setembeddingis updated,the GPU usesbuilt-in, hardware accelerated,
mipmappingcapabilitiesto createa bit vector imagethat summarizesthe statusof each
tile. Eachpixel in thiscoarsetexturecontainsabit codethatidenti�es if thattile, aswell as
any of its six cardinalneighbors,needto beactive for thenext timestep.Thissmall image
(< = 64KB) is readbackby theCPUandusedto updatethedatastructuresthat track the
active volumeregions.The texturecoordinatesareupdatedbasedon thesestructuresand
thenext timestepis computed.

This GPU-basedlevel-setsolver achievesa speedupof ten to �fteen timesover a highly-
optimized,sparse-�eld,CPU-basedsolver. All benchmarkswererun on anIntel Xeon1.7
GHz processorwith 1 GB of RAM and an ATI Radeon9700 Pro GPU. For the tumor
segmentationsperformedin theuserstudy, theGPU-basedsolver ranat 60-70time steps
persecondwhile theCPUversionranat7-8stepspersecond.The�nal stepsof thecerebral
cortex segmentationshown in Fig. 10 ranat 4 stepspersecondon theGPUand0.25steps
persecondon theCPU.



14 JoshuaE. Cates,AaronE. Lefohn, RossT. Whitaker

4.2 Interacti ve Visualization

An importantaspectof GISTis theinteractivevisualizationof thelevel-setsurface,thevol-
umedata,andthespeedfunction.Thisinteractivity includes2D slice-by-slicevisualization
of data,model,andspeed,aswell as3D volume/surfacerenderingwith user-controlled
clippingplanesto visualizeandquerythevolumedata.

GIST provides a simultaneousvolume visualizationof the input datawith the evolving
level-setmodel.Thevolumerendererassociatedwith GIST performsa full 3D (transfer-
functionbased)volumerenderingof thegreyscaledata.For renderingtheoriginalvolume,
theinputdataandits gradientvectorsarekepton theGPUas3D textures.ThisGPU-based
volumerenderingincorporatesmultidimensionaltransferfunctionsasdescribedin Knisset
al. [50]. Thecurrentimplementationof GISTrendersonly scalarvolumedata,andthusfor
spectraldatait rendersonly a derivedscalarquantity(e.g.onecomponentor magnitude).
Futurework will includetheuseof multidimensionaltransferfunctionsto directly render
spectraldata.

For renderingtheevolving level-setmodel,we usea modi�cation of theconventional2D
slicedapproachto texture-basedvolumerendering[51]. The modi�cation to the conven-
tional approachis the renderingof the level-setsolution directly from the packed tiles,
which are storedas a single2D texture. The level-setdataand tile con�guration is dy-
namic,andthereforedoesnotrequireseparateprecomputedversionsof thedata(e.g.sliced
alongcardinalviews)asis typically donewith 2D textureapproaches.Insteadtherenderer
reconstructstheseviews, asneeded,eachtime thevolumeis rendered.For ef�ciency, the
rendererreusesdatawhereverpossible.For instance,lighting for thelevel-setsurfaceuses
gradientvectorscomputedduring the level-setupdatestage.The renderingof the source
datarelieson precomputedgradientdata—thegradientmagnitudeis usedby the transfer
functionandthegradientdirectionis usedin thelighting model.Moredetailsonthisdesign
aregivenin [49].

4.3 Interface and Usage

GISTcombinesagraphicaluserinterface(GUI), whichcontrolstheunderlyingGPU-based
level-setsolver, with avolumerenderer. TheGUI presentstheuserwith two volumeslices,
a 3D renderingwindow, anda control panel.The �rst slice window displaysthe current
segmentationasa yellow line overlaidon top of thetargetdata.Thesecondsliceviewing
window displaysa visualizationof the speedfunction that usecolor to clearly delineate
thepositiveandnegativeregions.TheGUI hascontrolsfor scrollingthroughimageslices,
startingandstoppingthesolver, andsaving the3D segmentationto �le. Theusercanalso
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querydatavaluesin thesliceviewer andcreatesphericalsurfacemodelsto useasinitial-
izationsto the level-setsolver. A screencaptureof the slice-basedinterfaceis shown in
Fig. 5.

Fig.5. Themainuserinterfaceof softwareapplication,calledGIST. Thecenterwindow shows asliceof anMRI volume
overlaidby a braintumorsegmentationin progress.Theright window displaysthesignof thespeedfunction.

To setthefreeparametersof thespeedfunction,theusersamplesimagevaluesby clicking
anddraggingthe mousein regionsof interestthroughthe 2D slice view window (center
window of 5). As the usergathersstatisticalsamples,GIST simultaneouslyupdatesthe
meanvalueandthevarianceor covariancethat de�nes theshapeof the classi�er. A user
will typically probetheobjectacrossa rangeof slicesfor a betterrepresentative sampling
thancanbe obtainedin just one imageslice. The remainingspeedfunction parametere
is setmanuallyin the GUI. The speedfunction is updatedanddisplayedin real time as
parametersaremodi�ed to guidetheprocess.

The volume rendererwindow displaysa 3D renderingof the sourcedataand a surface
renderingof theevolving level-setmodel.Theopacityof eachrenderingcanbecontrolled
by theuser. A clipping planewith theoriginal datacanalsobeappliedto therenderingin
any orientationandposition.All of theinteractionsavailablein the2D sliceview arealso
availableontheclippingplane,e.g.theusercanprobedatato setthespeedtermparameters
anddraw spheresfor initializing themodeldirectly into the3D view. The intersectionof
the level-setsolutionwith the clipping planeis shown asa yellow band.Figure6 shows
two views from thevolumerenderingwindow.

For a typical segmentationGIST, a userscrollsthroughslicesuntil they �nd the location
of the target objectandthenqueriesvalueswith the mouseto setthe speedfunction pa-
rameters.Next, the usercreatesan initial modelby drawing oneor moresphereswithin
theobjectandthenstartsthesolver. Theuserscrollsthroughslicesasthemodelbeginsto
deform,observingits behavior andmodifyingcurvature(modelsmoothness)andclassi�er
width asneeded.Theusermayalsostopthesolver andresamplethedatato eitherre�ne
or replacethecurrentstatisticalspeedfunctionparameters.Usingtheimmediatefeedback
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(a) (b)

Fig.6.Two viewsof thevolumerenderingwindow from GIST. A braincortex segmentationis shown at left with acutting
planeappliedto therenderingon theright. The intersectionof thelevel-setsurfacewith thecuttingplaneis shown asa
yellow band.

they geton thebehavior of themodel,they continuemodifyingparametersuntil themodel
boundariesappearto align with thoseof the tumor. In a typical 5 minutesession,a user
maymodify themodelparametersbetween10and30 times.

5 Results

Thissectionpresentsresultsfrom theapplicationof ourGPU-basedlevel-setsegmentation
tool to arangeof scalarandspectraldata.Theevaluationsin thissectionincludequalitative
andquantitativecomparisonswith handcontouringaswell astwo otheruser-assistedmeth-
ods.We choosehandcontouringasthemainfocusof thecomparisonfor severalreasons.
First, it is (like theproposedmethod)ageneralpurposesegmentationmethod.Second,the
�eld at largeconsidershandcontouring(by experts)to bethedefactogoldstandard.Third,
handcontouringis, in many cases,thestateof the art. That is, a large numberof clinical
applicationsthatrequireimagesegmentationstill rely on handcontouringastheir primary
segmentationtechnique.

Section5.1givesaqualitativeanalysisof severalanatomicalsegmentationsfrom MRI and
color cryosectiondata.A morerigorous,quantitative evaluationis presentedin Sect.5.2,
which describesauserstudyof our softwareandcomparesresultsof braintumorsegmen-
tationswith groundtruthobtainedfrom experts.
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5.1 Qualitati veEvaluation

As a preliminaryevaluationof our segmentationtool, we segmenta varietyof anatomical
structuresin several imagingmodalities:scalarandspectralMRI, andcolor cryosection
datafrom theVisibleHumanFemale(VHF) [52]. Thissectionpresentsresultsanddiscus-
sionof thosesegmentations.

Figure7(a) is a renderingof a corticalbrainsurfacesegmentationfrom a 256x 256x 175
MRI volume.The completesegmentationrequiredno preprocessing(e.g.no �ltering) of
thedataandrequired� veminutesusingtheone-dimensionalclassi�er speedfunctionwith
a small,sphericalsurface(placedby the user)asthe initial model.This type of segmen-
tation is impracticalto computeon ordinary, CPU-basedsolversbecauseof the sizeand
complexity of thesolution.In our experiencewith state-of-theart CPU-basedsolvers(e.g.
seethe InsightToolkit, www.itk.org) thesamecorticalsegmentationtypically takesmore
thananhour.

(a) (b)

Fig.7.Renderingsof (a)braincorticalsurfacefrom scalarMRI and(b) whitematterfrom spectralMRI show qualitatively
goodresultson large,complex structurescomputedat interactive rates.

For MRI spectraldata,weusevolumesconsistingof co-registeredT1, T2, andprotonden-
sity data.This combinationof imagemodalitiesrequiresthe three-dimensionalclassi�er,
givenin Eq. (7), to take full advantageof thewider spectrumof information.Figure7(b)
shows a renderingof a segmentationof the white matterof the brain.As with the corti-
cle segmentation,the resultsareencouragingbecausethey canbeobtainedin only a few
minutes(no preprocessing)with a simplesphericalseedpoint initialization.We have seen
similarly promisingresultswith our tool segmentingskin andskull tissuefrom spectral
MRI data.

For the VHF color cryosectiondata,we usea region of interest(croppedvolume) from
the headthat containstwo interestingstructures:the right lateralrectusmuscles,andan-
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terior portionsof the right and left optic nerves.The texture information in this dataset
poseda signi�cant challenge,andthereforewe preprocessedthe databy smoothingwith
10iterationsof modi�ed-curvaturediffusion[53]. Thisdiffusionstepblursthemorehomo-
geneousregionsof thedatawhile preservingobjectboundaries.Thisnonlineardiffusionis
relatively computationallyexpensive,especiallyon spectraldata,andit requiredapproxi-
mately20 minutesof computationona two-processorPentiumIV desktopmachine.

Figure8 presentstheresultsof ourVHF anatomicalsegmentationsandcomparesthemwith
resultsobtainedusingothergeneral-purposesegmentationmethods.Column(a) shows a
singleslice of the original datawith the target object for segmentationhighlighted.Col-
umn(b) is a surfacerenderingof the resultsusingour level-settool. The resultsfrom (b)
areoverlaid on the slice in column(a). Expertsegmentationsof the samestructuresare
shown in 8(b). The expert segmentationswereobtainedfrom multiple operatorsat Har-
vard BrighamandWomen's Hospitalandat the Universityof Utah usingthe Slicer Tool
[54]. Therenderingsshown in (b) areof compositeground-truthvolumescreatedwith the
STAPLE methoddescribedin Sect.5.2.Column(c) shows resultsobtainedusinganother
general,interactivesegmentationmethodbasedonmorphologicalwatershedssegmentation
method(for detailssee[55]).

(a) Original + GPULS (b) GPULS (c) Manual (d)WSassisted
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Fig.8. Visualcomparisonof surfacerenderingsof GPUlevel-set(b) andmanual(c) segmentationsof theVisibleHuman
Femalecolor cryosectionanatomy. The targetedanatomicalstructureis highlightedin column (a), which shows the
segmentationfrom (b) superimposedover a transverseslicethroughtheoriginal color data.Column(d) is a comparison
with theuser-assistedwatershedtechnique.

Visual inspectionof the GPU level-setresultsshow themto be of similar quality as the
hand-contourand watershedresults.Anterior and posteriorsectionsoptic nerves in the
areaof the optic chiasmare segmentedseparatelyin this exampleand combinedprior
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to rendering.The currentspeedfunction implementationin GIST is limited to a single
statisticalfeaturepro�le, andthereforedistinctstructuresin color spacesuchastheoptic
chiasmmustbesegmentedseparately.

Becauseof the curvatureterm in (1), segmentationscreatedusingour tool arenaturally
anti-aliased.Thelevel-settechniquealsotendsto produceasmootherboundaryin theaxial
directionthanthe hand-contourandwatershedmethods,which tendto moreresemblea
stackof 2D sliceswith poorcontinuityof theboundaryin theaxial direction.Thegreatest
advantageto theGPUlevel-setsegmentationis its relativeef�ciency. Thetimetakenfor the
VHF segmentationsareup to 20 timesfasterthanhand-contouring(severalminutesversus
up to severalhours)andwereup to 6 timesfasterthanusingthewatershedsmethod(full
processingtime).As thefollowing sectionwill demonstrate,thelevel-setsegmentationtool
cangenerallyproduceacceptableresultson theraw imagedata,which is notpossiblewith
many otheralgorithms,suchwatershedsegmentation;thereforethelevel-setsegmentation
tool is particularlyusefulfor fast,impromptusegmentationsof 3D datasets.

5.2 UserStudy

Moti vation Thepurposeof thisstudyis to determineif our level-settool canproducevol-
umetricdelineationsof brain tumorboundariescomparableto thosedoneby experts(e.g.
radiologistsor neurosurgeons)usingtraditionalhand-contouring.We applyour methodto
the problemof brain tumorsegmentationusingdatafrom theBrain TumorSegmentation
Database, which is madeavailableby the Harvard Medical Schoolat the Brighamand
Women's Hospital(HBW) [1, 2]. The HBW databaseconsistsof ten 3D 1.5T MRI brain
tumorpatientdatasetsselectedby a neurosurgeonasa representative samplingof a larger
clinical database.For eachof the ten cases,therearealso four independentexpert hand
segmentationsof onerandomlyselected2D slicein theregionof thetumor.

Weuseninecasesfor our study:threemeningioma(cases1-3)and6 low gradeglioma(4-
6, 8-10).Onecase,number7, is omittedbecauseaquick inspectionshowsthatits intensity
structureis toocomplicatedtobesegmentedby theproposedtool—suchaproblemremains
asfuturework, aswe will discussin Sect.6. For this study, thereis no preprocessingon
thedataandtherearenohiddenparametersin thisstudy—allparametersin oursystemare
setby theusersin realtime,asthey interactwith thedataandthemodels.

The subjectsconsistof � ve peoplefrom amongthe staff andstudentsin our groupwho
have eachbeengivena brief introductionon how to usetheapplication.During thestudy,
eachuseris asked to delineatethe full, 3D boundariesof the tumor in eachof the nine
selectedcases.We setno time limit on the usersandrecordtheir time to completeeach
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tumor. Noneof our usersareexpertsin readingradiologicaldata.It is not our intentionto
testfor tumor recognition(tissueclassi�cation),but ratherto testwhetherparameterscan
beselectedfor our algorithmto producea segmentationwhich mimics thosedoneby the
experts.To controlfor tumorrecognition,weallow eachuserto referto asingleslicefrom
anexpertsegmentation.Usersaretold to treatthis handsegmentationsliceasa guidefor
understandingthedifferencebetweentumorandnon-tumortissue.Our assumptionis that
anexpertwouldnot needsuchanexample.

Aggregation of Expert SegmentationData The expertdataservestwo purposesin the
this study. First, it providesamechanismfor establishingagroundtruth,againstwhichwe
cancomparethe level-setsegmentation.Second,thesetof expertsegmentationsestablish
aperformancebenchmarkfor theaccuracy, precision,andef�ciency of handcontouring.

Groundtruth is establishedfrom manualsegmentationsby theexpertsusingtheSTAPLE
algorithm[2], aniterativeEM algorithmthataccountsfor systematicbiasesin thebehavior
of experts.TheSTAPLE algorithmgeneratesafuzzygroundtruthaswell assensitivity and
speci�city parametersfor eachexpertandeachcase.

Wedenoteasinglesubjectwithin apopulationwith thesubscriptj andthepixelswithin the
image/volumeasi. An imageof binaryvaluesDi j representsasegmentationfor aparticular
subject.Givensensitivities p j andspeci�citiesq j for eachsubject,thedegreeof con�dence
thataparticularpixel is in thetargetobjectis

Wi =
gia i

gia i + (1� gi)bi
; (9)

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

a =
�
P j p jDi j

� �
P j(1� p j )(1� Di j)

�
and b =

�
P jqj(1� Dij )

� �
P j(1� qj)Dij

�
: (10)

Givena probabilityimageWi , thesensitivity/speci�city for eachsubjectcanbeupdatedas

p j =
å i WiDi j

å i Wi
and qj =

å i(1� Wi)(1� Dij )

å i(1� Wi)
: (11)

Thefull STAPLE algorithmentailsiteratingontheseupdates,backandforthbetween(p;q)
andW, until theprocessconverges.

Accuracy is evaluatedagainstaggregatevolumescreatedfor eachsegmentedobject by
applyingtheSTAPLE algorithmto theexperthand-contours.Theseaggregate(STAPLE)
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volumesconsistof a gradedmembershipfunction(zeroto one).We analyzetheaccuracy
of the experimental,level-setresultsby evaluatingthe sensitivity andspeci�city of each
experimentalsubject,using Eq. (11), relative to theseaggregatevolumes.We can then
make comparisonsby computingaveragesensitivity andspeci�city for the two groups—
subjectsusinghandcontouringandsubjectsusingthelevel-setGUI. Additionally, we can
combinevaluesof p j andq j to computea total correctfractionfor a subject:

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

å i 1
: (12)

Ideally we would computeaccuracy of hand-contoursegmentationsusingaggregatedata
from an independentgroupof expert segmenters.A characterizationof theaccuracy of a
smallgroupof manualsegmentationsusinggroundtruthgeneratedasacompleteaggregate
of thosesamesegmentationscontainsanclearbiasthatover estimatestheaccuracy of the
expertsegmentations.A second,lessconservativemeasurementthatproducesamoreunbi-
asedestimateof themanualsegmentationaccuracy is around-robinleave-one-outstrategy,
[56], wherep, q, andc valuesfor eachDi j arecomputedusingWk generatedby all segmen-
tationsk 6= j.

Accuracy metricsmustbeinterpretedcarefully. Notethatwherea segmentationtechnique
shows high sensitivity, thereis a high con�dencelevel in theresultsit producesfor nega-
tively classi�edpixels,andwherea techniqueshowshigh speci�city, thereis a high con�-
dencelevel for positivelyclassi�edpixels.Themagnitudesof p andq areincommensurate
becausethey are percentagesof differentpopulationsof pixels. Total correctfraction is
particularlydif�cult to interpretbecauseit is biasedby the ratio of the sizeof the image
volumeto thesizeof thetargetobject.Wherethis ratio is high,c approachesq. Wherethe
ratio is low, c approachesp. Total correctfraction is usedin this studyonly asa way to
compareour resultswith otherpublishedresultson thesamedata.

Wequantifyprecisionin thisstudyusingthesimilarity sjk of resultsfrom subjectsj andk,

sjk =
2å i Di jDik

å i Di j + Dik
; (13)

andaveragesimilarity acrossall pairsof subjectsj 6= k. Accuracy, precision,andef�ciency
metricswerealsoappliedacrosssubjects.Giventhelimited resourcesfor thisstudyandthe
scarcityof manuallysegmenteddata,wewerenotableto make intra-subjectcomparisons,
which requiremultiplesegmentationsfrom thesamesubject.

Discussionand Analysis Figure 9 shows graphsof averagep, q, and c valuesfor the
expertsandtheusersin our study. Error barsrepresentthestandarddeviationsof theasso-
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ciatedvalues.This �gure shows theaverageaccuracy acrossall expertsusinground-robin
groundtruth.
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Fig.9. A comparisonof userstudyresults(GPULS) with expert andexpert round-robin(RR) resultsreveal anoverall
comparableperformancewith a tendency to underestimatetheregionof tumor.

Theperformanceof theexpertsandour usersvariescaseby case,but in almostall cases
theperformanceof our userswaswithin therangeof performancesof theexperts.A com-
parisonwith expert-biasedgroundtruthshowssimilar results.Theaveragecorrectfraction
of ouruserswasbetterthantheexpertsin 6 outof 9 cases.A generaltrendis thatourusers
tendedto underestimatethetumorrelative to theexperts,asindicatedby lowervaluesof p
andhighervaluesof q, especiallywhencomparedto theround-robinexpertaverages.This
is consistentwith our experienceswith handsegmentationsand level setmodels—with
handcontouringuserstend to overestimatestructures,and with level setsthe curvature
termtendsto reducethesizeof convex structures.

The segmentationsin our studyshow a muchhigherdegreeof precisionthanthe expert
handsegmentations.Meanprecision[38] acrossall usersandcaseswas94:04%� 0:04%
while themeanprecisionacrossall expertsandcaseswas82:65%� 0:07%.Regardingef�-
ciency, theaveragetimeto completeasegmentation(all users,all cases)was6� 3minutes.
Only 5%� 10%of this time is spentprocessingthelevel-setsurface.Thiscomparesfavor-
ablywith the3-5hoursrequiredfor a typical3D segmentationdoneby hand.

(a) (b)

Fig.10. (a) An experthandsegmentationof a tumorfrom theHBW databaseshows signi�cant intersliceartifacts.(b) A
3D segmentationof thesametumorfrom oneof thesubjectsin ourstudy.
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The accuracy andprecisionof subjectsusingour tool alsocompareswell with the auto-
matedbraintumorsegmentationresultsof Kaus,et al. [1], who usea supersetof thesame
datausedin ourstudy. They reportanaveragecorrectvolumefractionof 99:68%� 0:29%
(using the expert-biasedgroundtruth), while the averagecorrectvolumefraction of our
userswas99:78%� 0:13%.Their methodrequiredsimilar averageoperatortimes(5-10
minutes),but unliketheproposedmethodtheirclassi�cationapproachrequiredsubsequent
processingtimesof approximately75minutes.Thatmethod,likemany othersegmentation
methodsdiscussedin the literature,includesa numberof hiddenparameters,which were
notpartof theiranalysisof timing or performance.

Thesequantitativecomparisonswith expertspertainto a only single2D slicethatwasex-
tractedfrom the3D segmentations.This is a limitation dueto thescarcityof expertdata.
Our experienceis thatcomputer-aidedsegmentationtoolsperformrelatively betterfor 3D
segmentationsbecausethe handcontourstypically show signsof intersliceinconsisten-
ciesandfatigue.Figures10a–bshow a segmentationby an expert with handcontouring
comparedwith asegmentationdoneby oneof oursubjects.

6 Summary and Conclusions

A carefulimplementationof real-timevisualizationandasparselevel-setsolveronaGPU
providesa new tool, calledGIST, for interactive 3D segmentation.Userscanmanipulate
severalparameterssimultaneouslyin orderto �nd a setof valuesthatareappropriatefor
a particularsegmentationtask.The quantitative resultsof usingthis tool for brain tumor
segmentationsuggestthat it is compareswell with handcontouringand state-of-the-art
automatedmethods.However, the tool asbuilt andtestedis quite general,and it hasno
hiddenparameters.Thus,thesametool canbeusedto segmentavarietyof anatomyaswas
show in Sect.5.1.

Thecurrentlimitationsaremostlyin thespeedfunctionandtheinterface.Thespeedfunc-
tion usedin thispaperis quitesimpleandeasilyextended,within thecurrentframework, to
includeimageedgesandmorecomplicatedstatisticalclassi�ers.Futurework will include
developmentof amoreintuitive3D interfacethatcouldpotentiallyimproveuserinteraction
timesandaccuracy.
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