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Abstract

We presentasystentor semi-automatienedicalimagesegmentatiorbasednthelivewire
paradigm.Livewire is animage-featurerivenmethodthatfindsthe optimal pathbetween
userselectedimage locations, thus reducingthe needto manually define the complete
boundary Standardeaturesusedby the wire to find boundariesncludegray valuesand
gradients.

We introducean imagefeaturebasedon local phasewhich describedocal edgesym-
metryindependenof absolutegray value. Becausehasds amplitudeinvariant,the mea-
surementsarerobustwith respecto smoothvariations,suchasbiasfield inhomogeneities
presentn all MR images.We have implementedothatraditionallivewire systemandone
whichutilizesthelocal phasdeature. We have investigatedhe propertieof local phaséor
sggmentingmedicalimagesandevaluatedhe quality of segmentation®f medicalimagery
performedmanuallyandwith bothsystems.
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Chapter 1

Intr oduction

1.1 Medical Image Segmentation

Medical image sggmentationis the processof labeling eachvoxel in a medicalimage
dataseto indicateits tissuetype or anatomicalktructure. The labelsthat resultfrom this
proceshave awide varietyof applicationsn medicalresearctandvisualization.Segmen-
tationis so prevalentthatit is difficult to list the mostoft-segmentedareas put a general
list would includeat leastthe following: the brain, the heart,the knee,the jaw, the spine,
thepelvis,theliver, theprostateandthe blood vesselg420, 39, 35, 18, 25].

Theinputto a segmentatiorproceduras grayscalaigital medicalimagery for exam-
ple theresultof a CT or MRI scan. The desiredoutput, or “segmentatiori, containsthe
labelsthatclassifythe input grayscalevoxels. Figure 1-1is anexampleof a very detailed
seggmentationof the brain, along with the original grayscalemageryusedto createthe
segmentation.

The purposeof segmentationis to provide richer information than that which exists
in the original medicalimagesalone. The collection of labelsthatis producedthrough
seggmentations alsocalleda“labelmap; which succinctlydescribedts functionasavoxel-
by-voxel guideto theoriginalimagery Frequentlyusedto improve visualizationof medical
imageryandallow quantitatve measurementsf imagestructuresseggmentationsrealso
valuablein building anatomicalatlasesyesearchinghapesf anatomicalstructuresand

trackinganatomicathangevertime.
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Figure1-1: Segmentationexample. A grayscaleMR imageof the brain (left) anda de-

tailed matchingsegmentationalsoknown asa labelmap(right). The procedurdollowed
to createthe segmentationwas partially automatedput a large amountof humaneffort

wasalsorequired. The sggmentationwasinitialized usingan automaticgray matter/white
matter/cerebrospindluid segmenterandthenindividual neuralstructuresveremanually
identified. This grayscaledatasetand segmentationwere provided by Dr. MarthaShen-
ton’sSchizophreni®esearciGroupatthe Suigical PlanningLab atBrighamandWomens
Hospital.
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1.2 Applications of Segmentation

Theclassicmethodof medicalimageanalysistheinspectiorof two-dimensionagrayscale
imageson a lightbox, is not sufficient for mary applications.Whendetailedor quantita-
tive informationaboutthe appearancesize,or shapeof patientanatomyis desiredjmage
segmentations oftenthe crucialfirst step. Applicationsof interestthatdependon image
segmentationinclude three-dimensionalisualization,volumetric measurementesearch
into shaperepresentationf anatomyimage-guidedsuigery, and detectionof anatomical

change®vertime.

1.2.1 Visualization

Segmentatiorof medicalimageryallows the creationof threedimensionakurfacemodels,
suchasthosein Figure1-2, for visualizationof patientanatomy The advantageof a sur
facemodelrepresentatioof anatomyis thatit givesa three-dimensionatiew from ary
angle,which is animprovementover two-dimensionatrosssectionghroughthe original
grayscalalata[10]. Surfacemodelscanbecreatedrom segmentediatausinganalgorithm
suchasMarchingCubed26]. (Thoughthree-dimensionahodelscouldbecreatedlirectly
from grayscaledatausing Marching Cubes,the segmentationstepis usedto provide the

desireduserdefinedisosurficesto the algorithm.)

1.2.2 Volumetric Measurement

Measurementf thevolumesof anatomicabtructuress necessarin medicalstudies poth
of normalanatomyand of variouspathologicalconditionsor disorders. This is an obvi-
ousapplicationof segmentationsinceit is not possibleto accuratelymeasureanatomical
volumesvisually.

For example,in studiesof schizophreniayolume measuremerns usedto quantifythe
variationin neuralanatomybetweenschizophreni@andcontrol patients.Areasof interest
in suchstudiesinclude the lateral ventricles,structuresn the temporallobe suchasthe
hippocampusamygdalaandparahippocampajyrus,the planumtemporale andthe cor

puscallosum[27]. It is atime-intensve procesgo obtainaccuratemeasurementsf such

13



Figure 1-2: Exampleof three-dimensionasurfacemodels,createdfrom segmenteddata
using the Marching Cubesalgorithm. Thesemodelswere usedin sumgical planningand
guidance.Eachimageis composedf five models: skin (light pink), neuralcortex (light
white), vesselqdark pink), tumor (green),andfMRI of the visual cortex (yellow). The
fMRI, or functionalMRI, showns areasof the brainthatwereactivatedduringvisualactii-
ties(areaswvhich shouldbe avoidedduring suigery).

regions,asthe currentmethodemploys manualsegmentation.

Volumemeasuremens alsousedto diagnoseatientsioneexampleis in measurement
of the ejectionfraction. Thisis thefractionof bloodthatis pumpedout of theleft ventricle
of the heartat eachbeat,which is anindicatorof the healthof the heartandits pumping
strength. To measurehe ejectionfraction, the blood in the left ventricleis segmentedat

differenttimesin thecardiaccycle.

1.2.3 ShapeRepresentationand Analysis

Various quantitative representationsf shapeare studiedin orderto mathematicallyde-
scribe salientanatomicalcharacteristics. The first stepin creatinga representatiorof
anatomicakhapes segmentation:intuitively, one needsto know the structure$ position
andthelocationof its boundariedeforeits shapecanbe studied.

One exampleof a shaperepresentatioms a skeleton,a constructwhich is similar to
the centerlineof a segmentedstructure.Oneway to imaginea skeletonis the “brushfire”

approach:onethinks of simultaneouslyighting fires at all pointson the boundaryof the
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structure.Thefiresburninward,traveling perpendiculato theboundarywherethey started,
andthenextinguishwhenthey hit anotherfire. The connectedash” lines left wherethe
firesextinguishis the skeletonof the structure.

A richer shaperepresentatioris the distancetransform,a function that measureshe
distancefrom eachpoint in a structureto the nearestpoint on that structure$ boundary
Thedistanceransformcanalsobeimaginedwith the pyrotechnicapproachit is thetime
thatthefire first reachesachpointin the structure. Consequentlyt is consideredicher
thanthe skeleton,sinceit containsmoreinformation.

Presumablyshapeaepresentationaill becomencreasinglyusefulin makingquantita-
tive anatomicatomparisonsDistancetransformshaperepresentationsave alreadybeen
appliedto the classificationof anatomicalstructuresn a studythataimsto differentiate
betweenthe hippocampus-amygdalzompleces of schizophrenicandnormals[12]. An
exampleof grayscaleMR imagedataandthe shaperepresentatioderivedfrom it for this
studycanbeseenn Figurel-3.

Shapeepresentationsanalsobe usedto aid thesggmentatiorprocesstself by provid-
ing anatomicaknowledge[24]. A generatre shapanodel,oncetrainedfrom a population
of shapeaepresentationganthenbeusedto visualizenewv shapesccordingo thelearned
modesof variancein the shapepopulation(allowing visualizationof “average”anatomy
andof the mainanatomicalariationsthat may occur). Then,at eachstepof the segmen-
tation of new data,fitting the modelto the currentmostlikely segmentationcanprovide

anatomicalnformationto thealgorithm[24].

1.2.4 Image-GuidedSurgery

Image-guidedsugeryis anothemedicalapplicationwheresegmentations beneficial.In
orderto remove braintumorsor to performdifficult biopsies sugeonsmustfollow com-
plex trajectoriego avoid anatomicahazardsuchasbloodvessel®orfunctionalbrainareas.
Beforesumgery, pathplanningandvisualizationis doneusingpreoperatie MR and/orCT
scansalongwith three-dimensionaurfacemodelsof the patients anatomysuchasthose

in Figurel-2.
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Figurel-3: Shaperepresentatioexample.A seggmentatiorof the hippocampus-amygdala
comple (left), a 3D surfacemodelof the hippocampus-amygdatample (center),anda
distancemap usedto representhe shapeof the hippocampus-amygdalzomplec (right).
[12]

Duringtheproceduretheresultsof the preoperatie ssgmentatiormaystill beused:the
sulgeonhasaccesso the pre-operatie planninginformation,asthree-dimensionahodels
andgrayscalalataaredisplayedn theoperatingroom. In addition,“on-the-fly” segmenta-
tion of realtimeimagerygenerateduringsumgeryhasbeenusedor quantitatve monitoring
of the progressiorof sugeryin tumor resectionand cryotheray [33]. Figure1-4 showvs

the useof preoperatie surfacemodelsduringa suigery.

1.2.5 ChangeDetection

Whenstudyingmedicalimageryacquiredover time, sggmentingregionsof interestis cru-
cial for quantitatve comparisonsThe Multiple SclerosisProjectat BrighamandWomens
Hospitalmeasuresvhite matterabnormalitiespr lesions,in the brainsof patientssuffering
from MS. BecauseMS is adisorderthatprogressesvertime, accuratéemporalmeasure-
mentsof neuralchangesnayleadto abetterunderstandingf thediseaseThestatedyoals
of the MS projectare analysisof lesionmorphologyanddistribution in MS, quantitatve
evaluationof clinical drugtrials,andmonitoringof diseasgrogressiornn individuals[16].
To this end,automaticsggmentatioris usedto identify MS lesions which appeaasbright
regionsin T1- andT2-weightedMR scansof the brain,asshavn in Figure1-5. Thevol-
umeof suchlesions,asmeasuredrom seggmenteddata,hasbeenshownn to correlatewith

clinical changesn ability andcognition[15, 14).
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Figure1-4: Sumgical planningandnavigation usingsurfacemodels. The “before” picture
(top) shavs several 3D surfacemodelsusedin sugical planning,alongwith onegrayscale
slice from the MR scanthatwassegmentedo createthe models. The greenmodelis the
tumorthatwasremovedduringthesugery.

The*“after” picture(bottom)shavs animagethatwasscannediuringsuigery, atthe same
locationin thebrainasthetopimage.Theyellow probeis a graphicalrepresentatioof the
tracked probeheldby the suigeon.

17



MS Lesions AutomaticSegmentation

Figure 1-5: Multiple SclerosisLesions(seenasbright spots). Automaticsegmentations
usedto track diseaseprogressiorover time. Imageswere provided by Mark Anderson
of the Multiple SclerosisGroup at the Suigical PlanningLab at Brigham and Womens
Hospital.

1.3 Difficulty of the SegmentationProblem

Two fundamentabhspect®f medicalimagerymake segmentatiora difficult problem.The
firstaspects theimagingprocesstself, andtheseconds theanatomythatis beingimaged.
The imaging processfor exampleMR, CT, PET, or ultrasound,is chosenso that its
interactionswith the tissuesof interestwill provide clinically relevantinformationabout
thetissuein theresultingoutputimage.But this doesnot meanthatthe anatomicafeature
of interestwill be particularly separabldrom its surroundings:it will not be a constant
grayscalevalue,and strongedgesmay not be presentaroundits borders. In fact, the in-
teractionof the imaging processwith the tissueof interestwill often producea “grainy”
region thatis more detectabléoy the humaneye thanby even sophisticateccomputeral-
gorithms. (This is dueto noisein the imagingprocessaswell asto inhomogeneityof the
tissueitself.) Sosimpleimageprocessingsuchasthresholdingor edgedetection,is not
generallysuccessfulvhenappliedto medicalimagesegmentation.
Thesecondundamentaaspecthatmakessegmentatiora difficult problemis thecom-
plexity andvariability of theanatomythatis beingimaged.lt maynotbepossibleto locate
or delineatecertainstructuresvithout detailedanatomicaknowledge. (A computerdoes
not approachthe expert knowledgeof a radiologist.) This makes generalseggmentationa

difficult problem,asthe knowledgemusteitherbe built into the systemor provided by a

18



humanoperator

1.4 Our Method

In orderto combineoperatoiknowledgewith computeraid, we choseto implementa semi-
automaticsggmentationmethodcalledlivewire [1, 7, 8]. This type of segmentationtool
wasnot previously availableto our usercommunity theresearcherg/ho regularly perform
manualsegmentationsat the Sugical PlanningLab at Brigham and Womens Hospital
in Boston. To give an idea of the workload, it sufficesto say that at arny time during
an averageday at the Sugical PlanningLab, one can expectto find approximatelyten
peopleperforming manualsegmentations.In mary casesmanualsegmentationis used
to completea sggmentatiorthat was startedwith an automaticalgorithm,andthe manual
seggmentatiorcanbecomethetime bottleneckin theimageprocessingipeline.

Livewire is animage-featuraedriven methodthat finds an optimal path betweenuser
selectedmagelocations thusreducingtheneedtio manuallydefinethecompleteboundary
To uselivewire, oneclicks ontheboundaryof interestin theimage,andthen,asthemouse
is moved, a “li ve wire” curve snapsto the boundary aiding manualsegmentation. This
interactionis formulatedasa dynamicprogrammingproblem:thedisplayedive wire con-
tour is the shortespathfound betweerthe userselectedpoints,wherethe distancemetric
is basedon imageinformation.

Theaim of thelivewire approachs to reducehetime neededo segmentwhile increas-
ing the repeatabilityof the segmentation.We have implementedboth a standardversion
of livewire, anda new versionwhich employs a uniqueimagefeature.Iln ourimplementa-
tion, which we call “phasavire,” we have investigatedocal phaseasa featurefor guiding
the livewire [31]. Figure 1-6 shavs several stepsin performinga segmentationwith our
phase-baselivewire. Modelsmadefrom segmentationslonewith phase&vire areshovnin

Figurel-7.
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Figure 1-6: Exampletumor segmentation. Stepstaken during segmentationof a tumor
(locatednext to thetracheawhich is the darkregionin the CT image). The sggmentation
beginswith theupperleft image,andtheyellow pixelsrepresentmouseclicks.

1.5 Roadmap

Chapter2 begins with an overview of existing segmentationmethods. Next, Chapter3
givesanoverview of thelivewire algorithm,while Chapterd explainsthe conceptof local
phase. Then Chapter5 describesour systemin detail, and situatesit in the framewnork
introducedin the precedingchapters.Chapter6 describesegmentationresultsfrom the
method,with bothuserinteractionmeasuresndvolumetricvalidationmeasuresFinally,

Chapter7 presentsa discussiorof the work.
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Figure 1-7: Surface modelscreatedfrom seggmentationsdonewith Phaswire. The top
modelis atumor, while the bottomimageshavs aspine.
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Chapter 2

Background: Curr ent Approacheso

Medical Image Segmentation

In this chapteywe setthe stageby describingsomeof the mainmethod=f imagesegmen-
tationin usetoday We first describethe approache# orderaccordingto the amountof
knowledgethey employ. (We will situateour algorithmin this orderin Chapters.) Then

we discusdactorsthatareimportantwhenratinga segmentatioralgorithm.

2.1 *“Anatomical KnowledgeContinuum” of Segmentation
Algorithms

This sectiongivesan algorithmicoverview of the methods situatingeachin a groupwith
otheralgorithmsthat usesimilar knowledgeto performsegmentation.A graphicalsum-

maryof thissectionisin Figure2-1, which attemptsavisualpresentatiomf thealgorithms.

2.1.1 No KnowledgeEncodedin Algorithm
Manual Segmentation

The mostbasicsegmentationalgorithm, manualsegmentation consistsof tracingaround

the region of interestby hand. This is donein eachtwo-dimensionaklice for the entire
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Figure2-1: Sggmentatioralgorithmsasthey lie on a continuumof anatomicaknowledge,
a graphicaldepiction. This figure placescateyoriesof segmentatioralgorithmson a scale
accordingto the amountof knowledgethey use. The left extremesside representzero
knowledge while thefarright right representtheidealgoalof infinite knowledgeavailable
to thealgorithm.

“stack” of slicesthatcomprisesathree-dimensionahedicalimagevolume.

The manualsegmentatiormethodis time-consumingand subjectto variability across
operatorsfor exampleup to 14 to 22 percentby volumein segmentatiornof braintumors
[19]. Consequentlymanualsegmentations generallyavoidedif a comparableautomatic
methodexistsfor theanatomicategion of interest.However, despitats dravbacks manual
segmentations frequentlyusedsinceit providescompleteusercontrolandall necessary
anatomicaknowledgecanbe provided by the operator The manualsegmentatiormethod
maybethe onechosenn regionswheremaximalanatomicaknowledgeis neededsuchas
whenlabelingcorticalsulciandgyri, or ssgmentinghard-to-seeegionssuchasthe globus

pallidus.

Simple Filtering

Morphologicaloperationsnvolve filtering alabelmapsuchthatthe boundaryof a labeled
region either grows (dilation) or shrinks (erosion). Sequencesf morphologicalopera-

tions canaugmenimanualsegmentatiorby filling in smallholesor breakingconnections
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Figure2-2: Slicesfrom amedicalimagedatasetOnly threesliceswereselectedor display
but the entireimagevolumecontainsl24slices,eachl.5 mm thick. Manualseggmentation
involveseditingon each2D slicethatcontainsthe structureof interest.

betweerregions.

Thresholdingis anotherfiltering methodthatis usedto label voxels whosegrayscale
valuesarein a desiredrange.Oneof the simplestsegmentatiormethodsthresholdingcan
only beusedwhenthe grayscalevaluesin theregion of interestoverlapvery little with the

grayscalevaluesseenin the surroundingmage.

2.1.2 Local Intensity KnowledgeUsedby Algorithm

In this sectionwe describealgorithmsthat uselocal grayscalevaluesin someway when
performingsegmentation.The algorithmsplacedin this cateyory are quite dissimilar, but

have beengroupedogethersincetheir mainsourceof informationis grayscalevalues.

Livewire

Livewire is an image-featuredriven methodthat finds the optimal path betweenuser
selectedmagelocations thusreducingtheneedtio manuallydefinethecompleteboundary
This interactionis formulatedasa dynamicprogrammingoroblem:thedisplayedive wire
contouris the shortespathfoundbetweerthe selectegoints,wherethe distancemetricis
basedonimageinformation. Theimageinformationusedby implementation®f livewire

hasincludedimagegradients|aplacianzero-crossingsandintensityvalueg[8, 29].
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Mar ching Cubes

In Marching Cubessegmentation,sosurficesare found alonga chosengrayscalevalue,
essentiallyseparatingvoxels of a highervalue from voxels of a lower value[26]. This
is accomplishedy an algorithm that placescubesconnectingthe voxel centers,and if
the isosurficelies in the cube,it decideswhattype of local surfacepolygonshouldpass
throughthe cube.Therearea limited numberof possiblesurfacetopologieswhich allows
thislocal approacho rapidly constructa three-dimensiongdolygonalmodel. This type of
segmentationis directly applicableto medicalimagedatawhenthe desiredstructurehas

very clearandconstanboundariessuchasbonein aCT image.

2.1.3 Global Statistical Intensity KnowledgeUsedby Algorithm

In this sectionwe describealgorithmsthatuseglobalgrayscalenformationwhenperform-

ing sggmentation.

Expectation-Maximization (EM)

The EM algorithmis a methodfrequentlyusedin machinelearningto fit a mixture of
Gaussiansnodelto data. It is a two-stepmethodthatis applicablewhenonly partof the
datais obsenable. Thefirst step,expectationor E-step,assumeshatthe currentGaussian
mixture modelis correctand finds the probability that eachdatapoint belongsto each
GaussianThe secondstep,maximizationor M-step,“moves” the Gaussian$o maximize
theirlikelihood(i.e. eachGaussiarmgrabsthe pointsthatthe E-stepsaidprobablybelongto
it).

In EM sggmentationof the brain[36], the knowledge,or model,canbe expressedas
“there arethreetissueclassesgray matter white matter andCSF’ “tissueclassedave a
Gaussianntensitydistribution” and“MR inhomogeneitiearea multiplicative biasfield.

As appliedto imagesegmentationthe EM algorithmiteratively estimateghe tissue
classassignment®f the voxels (in the E-step)and a multiplicative biasfield (in the M-
step).Theoutputof thealgorithmis a classificatiorof voxelsby tissuetypeandanestimate

of thebiasfield. As the EM methodusesprior knowledgeof the numberof tissueclasses
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to sggment,and canbe initialized with a prior distribution on pixel class,it makes quite

sophisticatediseof grayscalenformation.

2.1.4 Global ShapeAssumptionsUsedby Algorithm

In this section,“anatomicalknowledge” refersto a global assumptiormadeby the algo-
rithm that influencesthe type of shapeshat will be segmented. This is in additionto
knowledgeof grayscalevaluesor gradientsgetc.,thatmay be usedby the algorithm. The
most-usedshapeassumptionwhich is usefulfor segmentingmary typesof medicaldata,
is thatanatomicaktructurewill have smoothboundariesvithout high curvature.

In somecasesthis assumptiormay fail, suchasin vesselseggmentationwhere high
cunatureis expectedaroundthe vesselandlow curvaturealongthe vessel. The original
assumptiorhasbeenmodifiedto allow highercurvatureto remainaroundvesselsa modi-
ficationwhich introducesmoreknowledgeinto the algorithm[25].

Segmentatioralgorithmsusingthis type of shapeknowledgeareknown asdeformable
models,andincludesnalesandlevel sets[5, 28, 23]. In thesemethodsthe segmentation
problemis formulatedas an enegy-minimizationproblem,wherea curve evolvesin the
imageuntil it reacheshelowestenepy state.

Thesetypesof modelssubjectthe curve to externalandinternalforceswhich control
the evolution. The forcesrepresenthe two typesof knowledge usedby the algorithm:
grayscaleand shape. The external forcesare derived from image information, and use
knowledgesuchas “high gradientsare found along the borderof the region to be seg-
mented. Theseexternalforcesare what causethe curve to stop evolving (for example
whenit reaches high-gradienborderin theimage). Theinternalforcescontrolthe shape
of the curve usingthe knowledgethat “low cunatureandslow changesn curvatureare
expected”’[28]. For a curve thatevolvesinward, the basicinternalforce would causeit to
have aspeedoroportionalo its curvature which would quickly smoothsharpcurveswhile

keepinglow curvatureregionsthesame.
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Snakes

Snales are two-dimensionaldeformablemodels, generallyrepresenteds parametrized
curwves, that evolve in the planeof a grayscaleamage. Manual curwve initialization is fol-
lowedby curve evolution until the snale settlesinto alow-enepgy state atwhich pointit is

expectedo enclosethe structureof interestin theimage.

Level Sets

In level setmethodsthe curve to be evolvedis embeddednto a higherdimensionakpace.
Thenthe higherdimensionakepresentatiofs evolved insteadof the original curve. The
adwantageof this approachs thattopologicalchangesof the original curve canbe han-
dled, sincethesechangesio not complicatethe higherdimensionakepresentatiofb]. In
addition,this algorithmextendsto arbitrarydimensions.

For example whenseggmentinga 2D image,the 2D curve is embeddedh a 3D surface.
The surfaceis generallyinitialized asthe signeddistancefunction from the curve, which
meansthat pointson the curve have value zero, pointsinside the curve are negative, and
pointsoutsidearepositive. Thesevaluescanbethoughtof astheheightof thesurfaceabove
or belov theimageplane.Consequentlythe surfaceintersectsheimageat thelocationof
thecurve. As thecurweis at heightO, it is calledthe zerolevel setof the surface.

Thezerolevel setremaindgdentifiedwith the curve duringevolution of thesurface. The
final resultof segmentatioris foundby cuttingthe surfaceatheightO to producethe output

curvein theimage.

2.1.5 Local Geometric Models Usedby Algorithm

A geometricmodeldescribegelationshipsbetweenstructuresn animagevolume. This
type of informationis usedlocally to betterclassifyvoxelsin anextensionof EM segmen-

tation,asfollows.
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Models of Local RelationshipsbetweenStructures

One geometricmodel of relationshipsbetweenanatomicalstructuress known as a dis-
tancemodel. This type of modelencodesnformationsuchas*“structureA lies about10
mm above structureB.” Sucha modelis createdby choosingprimary structuresn a seg-
mentation(structure®asilyidentifiableby automaticjow-levelimageprocessingandthen
mathematicallydescribingtheir relationshipgo secondarystructureswhich areharderto
detectautomatically{18]. Thefully-trained modelmay be usedto createa statisticalprior
distribution on structure expressinghe lik elihoodthatthe voxel in a certainlocationwill
containa certainsecondaryanatomicalstructure. This prior distribution can be usedto
initialize a statisticalclassifier suchasthe EM-MF (ExpectationMaximization-Marlov
RandomField) segmentef a noise-insensitie variantof the EM segmentationalgorithm
[18].

2.1.6 Global Anatomical Models Usedby Algorithm

Algorithmsin this sectionuseglobal anatomicainformationiteratively during execution

to improve the classificatiorof voxels.

Templates

A templatds aglobalanatomicamodel,suchasananatomicahtlas,which canbefittedto
datato guidesegmentation.The adaptve, templatemoderatedspatiallyvarying statistical
classificatiofATM SVC) methodwarpsan anatomicahtlasto the dataduring segmenta-
tion[34]. Thenit createglistancanapsfrom eachstructuran thewarpedatlas:thesemaps
basicallygive the likelihoodthat any voxel is part of a the structure. This informationis

usedto spatiallymodify the statisticalclassificatiorthatis performed.

ShapeModels

Anotheruseof distances in the creationof shapemodels. Shapemodelscanbe created
from a training setof signeddistancemaps[24]. The modelsare derived from the data

usingPrincipalComponenfnalysis,or PCA, which findsthemeanshapeandtheprimary
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modesof variationof theshape (In PCA, thetrainingsetis modeledasa high-dimensional
Gaussianwhereeigervectorsof the covariancematrix arethe principal axesof variation,
andeigervaluesindicatehow muchvariationoccursalongthe axes[24]. Theseaxesare
alsoknown asmodesof variation.)

Thesigneddistancemapshapemodelis suitedto integrationinto alevel setsegmenta-
tion methodsincethe representationf the shapds the sameasthe surfacerepresentation
in thealgorithm.Both aresigneddistancemaps wherethe O level set(the setof all voxels
with value0) is a smoothsurfacethatrepresentshe currentshape.

By addinganothertermto the enegy-basedevolution equation,the level setcanbe
pulled toward toward the currentbest-fit shapethat can be derived from the model. To
influencethelevel setevolution, thelocation(pose)of the shapeandthe mostlik ely shape
parametersnustbe estimatedat eachiteration of the segmentationalgorithm[24]. Then

the surfaceevolutionis encouragedo evolve towardthis currentlymostlik ely shape.

2.2 Important Factorsin Comparing SegmentationMeth-
ods

Whenevaluatingseggmentationrmethodsfor a particularapplication,the following factors

areimportant.

Runningtime and/oramountof userinteraction
Accuragy

Reproducibility

Generality/Applicabilityto the problemat hand

We will discusshesefactors,with the aim of providing the necessarypackgroundor

evaluationandcomparisorof our algorithmlaterin thethesis.
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Automatic Requirednitialization | Semi-Automatic. Manual
MarchingCubes Level Sets Snales ManualEditing
ATM SVC Livewire

EM Phaswire

EM-MF

Level SetandShapeModel

Table2.1: Division of sggmentatioralgorithmsby automaticity

2.2.1 SegmentationTime

The overall time to completea segmentationincludesthe runningtime of the algorithm
and/orthe time spentperforminginteractve segmentation.The algorithmsdescribedore-
viously fall into four categories: automaticautomaticafterinitialization, semi-automatic,
andmanualasshovnin Table2.1. Thesemi-automati@algorithmsareexpectedo take less
time thana manualsegmentationwhich may take from minutesto daysdependingon the
numberof structuresandslices. Therunningtime of the automaticalgorithmslistedis on
the orderof secondgo hours,dependingon the algorithmandthe machineon whichit is

run.

2.2.2 Accuracy

The accurag of a segmentationalgorithmis generallyevaluatedby comparisonwith a
manualkegmentationasthereis no gold standardldeally, all methodsshouldbeevaluated
for performanceon datafrom a phantomor cadaer, but this is not practical. Sothe expert
manualseggmentations comparedvith the outputof the segmentatiormethod,often with

volumetric measureshat do not addresghe main questionof surfacedifferenceson the
boundaryof the segmentation.

Thefollowing measuresouldbe usedfor evaluationof accurag:

Volume

Histogrammingby intensity of pixels on edge,just inside, and just outsideof the

boundary
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Overlapmeasuresfraction of pixelsin structureA thatarenot alsoin structureB

andvice versaaswell asfractionof thetwo surfaceshatis commonto both
Histogrammingof overlappingandnon-overlappingpixels

Boundson distancebetweerthe sggmentedsurfaces

2.2.3 Reproducibility

Reproducibilityrefersto the ability of analgorithmor operatorto producethe sameresults
morethanonce,or for differentoperatordo producethe sameresult. This canbe eval-
uatedusingthe samemeasuressfor accurag, exceptthatinsteadof comparingwith a
manualsegmentationcomparisons donebetweensegmentationghat have beenredone,

or reproduced.

2.2.4 Generality and Applicability

Generalityis consideredusefulin a sggmentationmethod,and the introductionof more
knowledgemay limit generalityby reducingthe applicability of a methodto varioustypes
of data.Ontheotherhand,if analgorithmexistswith beneficialknowledgeof the specific

problemat hand,it will be preferredfor theapplication.
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Chapter 3

Background: The Livewire Method

In this chaptey the Livewire methodis explainedin detail. We describethe stepsof the
algorithm and discussexisting implementationf livewire. Thenin Chapter5 we will

situateour systemin theframework introducedhere.

3.1 The Stepsof the Livewire Algorithm

Themotivationbehindthelivewire algorithmis to provide the userwith full controlovera
seggmentatiorwhile having thecomputerdo muchof thedetailwork[1]. In thismannerthe
users anatomicaknowledgecomplementshe ability of the computerto find boundaries
of structuresn animage.

Initially whenusinglivewire, the userclicks to indicatea startingpoint, andthenas
the mouseis movedit trails a “li ve wire” behindit. Whenthe userclicks again,this live
wire freezesanda new live wire startsfrom the clicked point. Imagesdemonstratingiser
interactionduringa sggmentationwvereshovn in Chapterl in Figure1-6.

Here we first usean analogyto motivate introductionof the detailsof the algorithm,
thenwe give an overview of its two steps. Thesestepsare thendiscussedurtherin the
remaindeiof the chapter

In Livewire, the userdraws with a “sticky contour” that snapsto boundariesn the
image. This analogywith “stickiness” provides a perfectintuitive understandingf the

method. The “stickiness”of eachpixel in theimageis determinedoy measuringts local
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imagecharacteristicsThe stickiestpixelsarethoseneara boundarybetweenrstructuresn
theimage. Thesepixels attractthe livewire. Consequentlywhenthe userselectspoints
of interestfor sggmentationthe contouris dravn alongthe “stickiest” pixel pathbetween
them.

Continuingwith the analogy the livewire methodhastwo stepswhich canbe thought

of asfollows:

“Stickiness”step:Imageinformationis usedto assignstickinessvaluesto all points

in theimage.

“Stickiest” step: A contouris drawn, alongthe stickiestpossiblepaththat connects

thetwo pointstheuserhaschosen.

Thelivewire algorithmworks by solving a dynamicprogrammingproblem, the search
for shortespathsin aweightedgraph.Thetwo mainpartsof thelivewire algorithmarethe
creationof aweightedgraphusingimageinformation,andthenthe calculationanddisplay
of theshortespathsin thegraph[7, 29]. Returningto the “stickiness”analogy but adding
the information that stickinessis really a costvaluein the weightedgraph,we have the

following asthetwo stepsn thelivewire method:

“Stickiness” step: Image information is usedto assigncoststo all pointsin the

weightedgraph.

“Stickiest” step: The contourfollows the shortestor lowest-costpathin the graph

thatconnectghetwo pointsthe userhaschosen.

Thefirst stepemploys imagefiltering to extractfeaturesof interestin theimage,which
arethenpassedhrougha costfunctionto producegraphweights. Thelivewire methodis
traditionally driven only by imageinformation, with no explicit geometricconstraint,so
extractingknowledgefrom theimageis of primaryimportance.

The secondstepusesDijkstra’s algorithm, a well-known shortest-pattalgorithm, to

find shortespathsin the graph[6]. Soeach*“sticky contour”dravn on theimageby the
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useris actuallya shortestpath, wherethe distancemetric that defines‘shortest”is based
onimageinformation.

Now we proceedwith moredetailsfrom eachstep.

3.2 StepOne: Creation of the Weighted Graph

3.2.1 Graph Representation

Thefirst stepin thelivewire processs the corversionof informationfrom theimageinto a
weightedgraph.This allows (in steptwo) the applicationof Dijkstra’s graphalgorithmfor
finding shortespaths.

A weightedgraphis anetwork of nodesconnectedy graphedgeswhereeachedgehas
aweightassociatedbvith it. Figure3-1 shavs anexampleweightedgraph. Theweight,or
cost,is thepenaltyfor traveling from onenodeto anotheralongtheedge.Theshortespath
betweerarny two nodess definedasthatpathwhich hasthelowesttotal cost(calculatedy
summingcostsalongall edgesn the path). So,to go from thegreennodeat the bottomto
therednodein the upperright, therearetwo paths:onethatgoesdirectly, andanotherthat
travelsthroughthebluenode.Theshortests thedirectonehere(total costof 4 asopposed
to 15).

Thegraphis essentiallyoverlaidon thegrayscalemage,andthe userdravs segmenta-
tion pathsalongtheedgesf thegraph.Sothegraphedgesiefinethe possiblesegmentation
boundariesn theimage.

The purposeof the weightson the graphis to definethe costto segment(travel) from
oneimagelocation(node)to another Saidanotherway, the weightsaretheimageforces
thatattractthelivewire. Desirablesggmentatiorboundariesn theimageshouldcorrespond
to low weightsin the graph: from the users perspectie, thesedesirableboundariesare
“sticky.”

The function of the weightedgraphis now clear but its physicallocationis not. The
weightedgraphcanbethoughtof asa lattice thatlies on top of theimage,but how should

it be alignedwith the image? Shouldthe nodesbe pixels? Or shouldthe edgesbe pixel
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Figure3-1: A weightedgraphexample.Thenodesarethe coloredcircles,while theedges
arethe arcswith arrows that connectthe nodes.Eachedgehasa weight, or cost,number
besideit. This is the costfor traveling alongthe edgein the directionindicatedby the
arron.

edges’Eitherapproactseemdo make sense.

The problemof aligning the weightedgraphwith theimagedatahasbeenapproached
in two waysin the literature. Both methodsare shavn in Figure 3-2. Thefirst way is to
placea nodeat eachcornerof eachpixel, and have the graphedgesbe alignedwith the
“cracks” betweerpixels[7]. Our first standardivewire implementatiorusedthis method,

andwe encountereghrosandconsasdescribedn Table3.1.

Pros

Speed Fastshortpathssincethereareonly 4 neighbordor eachnode.
Smoothness Sereral (3) edgesarerequiredto enclosea protrudingpixel.
Subpbel Infinitesimallythin boundary

Cons

Interaction Usernodeselection(of pixel corners)s ambiguous.
Complity  Shortespathenclosegixelsin thestructure.
Complity  Mustsegmentclockwiseto know which pixelsarein the structure.

Table3.1: Prosandconsof situatinggraphnodeson pixel corners.

35



Figure 3-2: Two methodsof aligning the weightedgraphand the image. The dashed
squaregepresenpixels in the image. The circles are graphnodes,and all edgesleav-
ing theblue centemodeshave beendravn. Ontheleft, thegraphis alignedwith theimage
suchthatthe pixel cornersarethe graphnodes andthe edgesseparatixels. Ontheright,
thegraphis alignedsothatnodesarein the centerof eachpixel, andedgesconnecipixels.

Thesecondnanneiof aligningtheweightedgraphwith theimageds to treateachpixel
asa nodein the graph,and consequentlyplacethe graph edgesas connectorsbetween
pixels [29]. Table 3.2 lists the pros and cons of this method, as experiencedwith our
implementatiorof phase-baselivewire usingthis graphalignment.

In our application,the “path along pixels” methodwas found to be preferableto the
“path along pixel edges’method,primarily due to the easieruserinteraction. In other
words,choosinga pixel cornerasa startpointdoesnot make muchsensedo usersandthat
becameapparenin their commentsegardingthis implementationsuchas*it wasmore
difficult to handlethe“tail” of thelivewire”

However, it is importantto note that when choosinga path along pixels, it may be
harderto definethe local boundarycharacteristics.This is because “pixel crack” may
betterdivide two dissimilarregionsthana line of pixels, sincethe pixels are contained
within oneregion or another Soin fact pixelsthat shouldbelongto bothregionsmay be
chosenaspartof the “boundaryline” of pixels. Thenwhenthe boundaryline is included
in thefinal sgmentedshapejt maycontainmorepixelsthandesired.

To geta visualideaof the paththatis followedin the imageandgraph,graphedges

have beendravn overasegmentatiorin progressn Figure3-3. Thisfigureshovstheeight-
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Pros

Interaction It is clearwhich pixel is choserby theuser

Simplicity  Labelingpixelsfor displayof the pathis straightforvard.
Simplicity ~ Theusermaysegmentin ary direction.

Speed Eightneighborgpernodedoesnt significantlyslow shortespaths.

Cons

Smoothness Only two edgesareneededo connectan errantprotrudingpixel.
Speed Filtering canbeslowerif it is donein eightorientations.
Accurag Theboundaryline mayincludepixelsfrom bothregions.

Table3.2: Prosandconsof situatinggraphnodeson pixel centers.

connectedrersionwherethe pathtravelsalongthe pixelsin theimage.At the highlighted
yellow endpointthepossiblefuturedirectionsthatthe pathmaytake (all outward-traveling

graphedgedrom the yellow node)areshovn with bluearraws.

3.2.2 Local Image Features

The weightson eachedgein the weightedgraphare derived from somecombinationof
imagefeatureswherean image“feature” is ary usefulinformationthat canbe obtained
from the image. In otherimplementationsthesefeatureshave includedimagegradients,
Laplacianbinary zero-crossingsandintensityvalues[8, 29]. Generally the featuresare
computedn aneighborhoodroundeachgraphedge transformedo givelow edgecoststo
moredesireabldeaturevaluesandthenlocally combinedn someuseradjustablgashion.
The purposeof the combinedfeaturess edgelocalization,but individual featuresare
generallychoserfor their contributionsin threemain areaswhich we will call “edgede-
tection’ “directionality,” and“training.” We give hereanoverview of theseareasandthen

laterwe discusghe specificsof two implementation®f livewire-stylesggmentatiortools.
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Figure 3-3: Livewire shortestpath. The arrovs representhe graphedgedollowedwhen
calculatingthis path.

EdgeDetection

Edgedetectionis fundamentaln thelivewire segmentatiorprocess.The gradient[8] and
the Laplacianzero-crossing30], aswell our new feature,phase are primarily usefulin
edgedetection.(More detailscanbe foundin Section3.2.3.) Thesefeaturesarethe main

attractordor thelivewire.

Dir ectionality

The overall summingof costsalongthe pathwill prevent mostincorrectlocal direction
choices,sincethey will leadto higher path costin the end. However, this may not be
enoughto preventsmallincorrectsteps,especiallyin the presencef noiseor nearother
attractve structures.

Variousfeaturescaninfluencewhich directionthe pathshouldtake locally. Directional
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gradientscomputedwith orientedkernels[8], or the “gradientdirection” featurebasedon
the anglebetweereachpotentialedgedirectionandthe local gradientd30], provide local
directioninformation. Detailsof the computatiorof thesefeaturescanbefoundin Section
3.2.3.

An interestingability of the livewire, if the direction of seggmentationis known (i.e.
clockwise),is to distinguishbetweerinsideandoutsidepixels[8]. Consequentlyinstead
of beingattractedy all areaswith gradientof X, thelivewire canpayattentiononly to those
regionswith suchagradienwheretheinsideis, for example brighterthantheoutside.This
ability of the livewire to orientitself is useful, especiallyin avoiding similar boundaries
with thereversedsensethoughthedirectionalrestrictionon segmentatiorcanbeconfusing

to users.

Training

Thisis the procesdy which the userindicatesa preferencdor a certaintype of boundary
andthe featuresare transformedaccordinglyto give low graphedgecoststo the regions
preferredby the user Imagegradientsandintensityvalues[8], aswell asgradientmagni-

tudes[30], areusefulin training.

3.2.3 Local ImageFeatures: Implementation Detailsfor Two Methods

Descriptionsof computingimagefeaturesdrom two publishedmethodgollow.

Oriented Boundary Method

Theimplementatiorthatsituatesnodeson pixel cornerg(finds pathsalong“pix el cracks”)
definesthe neighborhoodghaowvn in Figure3-4 [8]. This neighborhoods usedto compute
featuresrelevantto the dark graphedgein the centerof the two coloredpixels. Note that
this neighborhoods rotatedfor all possibleorientationsanddirectionsof the graphedge,
andthefeaturesarecomputedwith eachorientation.

Thefollowing featuresaredefinedin thelocal neighborhoodwherethe lettersreferto

theintensitiesof the pixelsaslabeledin Figure3-4:
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Intensityon the “positive” sideof the edge , wherepositive is definedrelative to the

local gradientdirection. Thisis p or q.

Intensityon the “negative” sideof the edge wherenegative is definedrelative to the

local gradientdirection. Thisis p or q.

Variousgradientmagnituddeaturesjncluding:

Orientation-sensitie gradientmagnitude,which basically multiplies the gradient
magnitudedefinedabore by  if thelocal gradientorientationdoesnot matchthe

neighborhoodrientation.

Distancefrom boundarytracedon the previousslice.

Figure 3-4: One local neighborhoodor computinglivewire features[8]. Eachsquare
represents pixel, andin this systemthe graphedgesarethe “cracks” betweerpixels. So
thedarkline separatinghe blueandgreenpixelsis anedgein theweightedgraph.

The advantageof the precedingdefinitionsis thatthey areselectve for boundaryori-

entation. This meansthat the algorithm cantell the differencebetweena boundarywith
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darler pixelsinsidethanoutside,andthe reverse:a similar boundarywith light pixelsin-
sideanddark outside. This, however, assumeshatthe useris consistentlytracing either

clockwiseor counterclockwise.

Paths Along PixelsMethod

This methodis called“Intelligent Scissors$, andit alignsthe graphsuchthatthe pixelsare

nodesn thegraph.Theimagefeaturesusedin thisimplementatiorfollow [29].

LaplacianZero-CrossingThis binaryfeatureis createdy corvolutionwith aLapla-
ciankernel,andthenfor all neighboringpixelswith oppositesigns,the pixel closest

to 0 becomeghezero-crossing.

GradientMagnitude: \/

GradientDirection: Smoothnessonstrainthatsaysthatthelink betweertwo pixels
shouldrun perpendiculato thegradientdirectionsat bothpixels. This involvesa dot
productat eachof thetwo connectegixels,betweerthe unit vectorperpendiculato

thelocal gradientandthe unit vectorrepresentinghe directionof the graphedge.

The advantageof this formulationis thatit includesanexplicit directionalsmoothness

constraint.But it doesnot differentiatebetweerboundaryorientations.

3.2.4 Combination of Featuresto ProduceEdge Weights

Thetwo goalsin featurecombinationareto emphasizalesiredfeaturesandto controlthe
input to Dijkstra’s algorithm. The versionof Dijkstra’s algorithm that we implemented
needsboundedinput values,andin generalDijkstra’s algorithm cannothandlenegative
edgeweights sothecorversionfrom featureso edgeweightsneedso handlethesecriteria.
Severalmethodsn theliteraturehave beenusedo transformfeaturesnto edgeweights.
Oneis to transformeachfeatureusinga function, for examplea Gaussianywhoseparam-
etersare setsuchthat desiredfeaturevaluesare corvertedinto small values[8]. These
outputvaluesarethencombinedin a weightedsum,wherethe weightscontrol the influ-

enceof eachfeatureon thegraphweights.
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Anothermethodis simplescaling,suchthatthe featureimageis convertedto anedge
costimagewhosevaluesare bounded.Othervariationsare used,for examplean inverse
linearrampfunctionwill emphasizéow featurevalues,andalookuptablecanbe usedto
applyarbitrarycorversionshetweerfeaturevaluesandedgecosts[30].

We investigatedGaussiammodels,simple scaling, inversionof featurevalues,and a

lookuptablefor combiningfeaturevaluesin ourimplementationsf livewire.

3.3 StepTwo: ShortestPaths

In thesecondpartof thelivewire algorithm,shortespathsarefoundin theweightedgraph.
Thelivewire is definedasthe shortespaththat connectghe two userselectedoints(the
last clicked point andthe currentmouselocation). This secondstepis doneinteractvely
sothe usermay view andjudge potentialpaths,andcontrol the sggmentationasfinely as

desired.

3.3.1 Dijkstra’ sAlgorithm

Dijkstra’s algorithmis usedto find all shortestpathsextendingoutward from the starting
point [6]. In the standardDijkstra’s algorithm, shortestpathsto all nodesfrom aninitial
nodearefound. The algorithmworks by finding pathsin orderof increasingpathlength,
until all shortestpathshave beenfound. Executionof the algorithm spreadsout like a
wavefrontfrom the startpoint, looking at neighbornodesof thosenodeswhosepathhas
alreadybeenfound.

Eachnodegoesthroughtwo stepsn thealgorithm:first it is examined astheneighbor
of a nodewhoseshortestpath hasbeenfound. It is thensaved in a list of nodesthat
are potentialcandidategor the “next shortestpath” Also, its currentpathlengthandthe
neighborit wasfoundfrom aresaved.

Thenin the secondstep,the “next shortestpath” (in increasingorderof pathlengths)
is found. The nodewaiting in thelist (call this node ) thathasthe shortespathlengthto

theoriginal pointis selectedandthis pathbecomests shortespath. Node is now done
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andis removedfrom thelist. Thenits neighborsareexamined,andthe pathto reachthem
is updatedf ashorterpathexiststhroughnode .

Becausef themannerf executionof thealgorithm,andthefactthatall shortespaths
are composedf subpathghat are also shortestpaths,the pathfound for node in the
secondstepis guaranteedo be optimal (shortest).

A downsideof this algorithmin the contect of imagesegmentatioris thatshortespaths
arefoundfrom theoriginal pointto all pointsin theimage.Thisdoesnotmake muchsense,
asthe useris highly unlikely to segment,for example,from the centerof theimageto a

cornerin onestep.Sousingthe above algorithmasis would be computationallywasteful.

3.3.2 LiveWireontheFly

To reducethe amountof computation first the exactamountof computationthatis nec-
essaryfor eachinteractionwith the usermustbe defined. The interactionwith the user
duringdrawing of onepathsegmentconsistof onemouseclick to indicatethe startpoint,
followedby mousemovementindicatinga setof endpointsandfinally anotherclick to in-
dicatethefinal choiceof endpoint.Soideally, computatiorshouldbe performedo find the
shortespathfrom the original point to thefirst endpoint,andlongershortespathsshould
becomputednly asneededo reachadditionalendpoints(Notethatsincepathsarefound
in orderof increasingpathlength,in orderto find apathof length to thecurrentendpoint,
all pathsof length mustbefoundfirst.) Thisalsoshouldbeinteractve: eachpathfrom
startto currentendpointmustbedisplayeduntil themousemovesagain requestinganother
endpoint.

An existing algorithmcalled“Li ve Wire ontheFly,” doesthis: it computeghe shortest
pathsfor only asmuchof theimageasnecessary7]. It usesa modifiedversionof Dijk-
stra’s algorithmthat storesnodescurrently underinvestigationin a sortedcircular queue,
andis ableto stop executingwhenit reacheghe userdefinedendpoint[7]. Computed
shortespathinformationis retainedandre-usedvhenthe usermovesthe mouseagainto
chooseanotherendpoint. Thisis possiblebecaus®f the classiccharacteristiof Dijkstra’s

algorithm,thateachshortespathis comprisedf prior shortespaths.Figures3-5and3-6
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Figure3-5: Shortespathscomputeduntil reachingheendpoint.Imaginethatthis diagram
overlaysa medicalimage. The diagramrepresentshe actionof the algorithmasshortest
pathsare computedin a region that “spreadsoutward” from a start point (blue) toward

an endpoint(yellow). Beforereachingthe endpoint,all pathsof costlessthan4 mustbe

computedandmultiple pathsof cost4 maybecomputedeforetheendpointis found. The

informationaboutthe pathsin the gray areais savedfor the next interactionwith the user

in Figure3-6.

are stylizeddepictionsof the algorithmin progressdisplayingtwo stepsin shortestpath

calculationanddemonstratinghe cachingof already-computethformation.
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Figure 3-6: Shortestpathscomputedusing prior storedinformation. Whenthe mouseis
movedto the new yellow endpointthe algorithmstartscomputingremainingpathsof cost
4, basedon the cachednformationfrom the gray region, andit will computepathsin the
blue areauntil reachingthe endpoint. Whenthe endpointis reachedall pathsof costs5
and6, andsomeof cost7, will have beencomputed.
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Chapter 4

Background: Local Phase

In this chapter we give a theoreticalovervien of the conceptof local phase. This pro-
videsthebackgroundor ourapplicationof local phase€o userguidedimagesegmentation,

whichis describedn Chapterb.

4.1 Fourier Phase

The Fouriertransformof a signalcanbe a comple signal. Thinking of the Fouriertrans-
form asa decompositiorof the signalinto sinusoidsthe magnitudeof the complex signal
givestheamplitudeof the sinusoidof eachfrequeng, while theagumentof thesignal,the
phasedescribeshe spatial(or time) shift the sinusoidundegoes.

Signalsthat are evenly symmetricaboutthe origin will have real Fourier transforms,
while signalsthathave an odd symmetrywill have imaginaryFourier transforms.Sothe
cosinehasa real Fourier transform,which meansthat the agument,or phasespectrum,
mustbe O (or ) for all frequencies.Similarly, the sine hasa purely imaginary Fourier
transformanda phaseof (noteit is a cosinephase-shiftedby 90 degrees).Sinusoids
thatareneitherperfectlyodd nor evenwill have Fouriertransformghathave bothrealand
imaginaryparts,andtheirphasewill describeheirsymmetryabouttheorigin (for example,
moreoddthaneven,or vice versa).

Figure4-1 motivatestheintroductionof local phasewith plotsof two simplesinusoids

thatexhibit differentsymmetriesaboutthe origin, the sineandthe cosine.
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Figure4-1: Basicsinusoids:the sineandcosine. The sineis a 90-degyreephase-shifted
versionof the cosine.About the origin, the cosineis evenly symmetricwhile the sinehas
anoddsymmetry

4.2 Intr oductionto Local Phase

Thelocal phaseaimsto mimic the behaior of the Fourier phaseof a signal,localizedby
a spatialwindowing function. The similarity betweenlocal and global phaseshouldnot
betakentoo far sincethey arevery differentconceptsThe Fourierphasedescribespatial
relationsglobally, andthethelocal phasegivesa symmetrystatemenaboutthe signalin a
certainposition.However, for a simplesignalsuchasa sinusoidof acertainfrequeng, the
local phasecoincideswith the Fourierphase.

The local phaseof a sinusoidis shovn in Figure4-2. At eachpoint, the local phase
valueis equialentto the Fourier phasethat would be calculatedif that point were the
origin.

We will continuedescribingthe local phaseasfollows. First we will definethe local
phasefor one-dimensionagignals,thenwe describean extensionto two-dimensionakig-
nals.We thenmotivatethis extensionby giving anexampleof thelocal phaseof asynthetic

image.Finally, we summarizehe advantage®f local phasefor imagesegmentation.
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Figure4-2: Local phaseof a sinusoid.

4.3 Local Phaseof a One-DimensionalSignal

4.3.1 Definition of Local Phase

Thelocal phaseasusedin this projectis a multidimensionalgyeneralizatiorof the concept
of instantaneouphasewhichis formally definedin onedimensionasthe argumentof the

analyticfunction

(4.1)

where  denotegheHilbert transformof [2, 3].

TheHilbert transformin onedimensionis a corvolution, definedas

— 4.2)
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[13].
Soin the Fourier domainthe Hilbert transformbecomesa multiplication operation,
wherethesignfunctionmeansa multiplicationby thesignof thefrequeng, whichis either

positive or negative one.

(4.3)

[13]
An analyticfunction, by definition, hasno negative frequenciesn the Fourierdomain.
The formula for the analytic function in the Fourier domainis clearly just a removal of

negative frequencies:

(4.4)

This hasthe effect of doublingthe positive frequenciesandcancelingout the negative
ones.This operationis not asdrasticasit appearssincefor arealinput signal,“chopping
off” the negative frequenciesloesnot destry ary information. Thisis becausdor signals
thatarepurelyrealin the spatialdomaineachhalf of the frequeng spacecontainsall of

thesignalinformation[13].

4.3.2 PhaseMeasurementin One Dimension

The analyticfunction, asthe nameimplies, is usefulin the analysisof the original signal.
Fromthe analyticfunction one canrobustly measurdahe instantaneouamplitude,phase,

andfrequeng of theoriginal signal[13].

Theinstantaneouamplitudeis measureésthe amplitudeof the analyticsignal.
Theinstantaneouphasds measuredstheargumentof theanalyticsignal.

Theinstantaneoufequeng is therateof changeof theinstantaneouphaseangle.

For a puresinusoid,the instantaneouamplitudeand frequeng are constantandare

equalto theamplitudeandfrequeng of thesinusoid.Thisis interestingoecauseneasuring
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theamplitude of the original sinusoidwill give any numberbetween and , while
measuringhe amplitudeof the analyticsignalwill give thetrue amplitudeof the original
signal. The instantaneouphaseof the pure sinusoid,on the otherhand,is not constant:
it variesasthe local phaseanglechangesver eachperiod of the sinusoid. This givesa
savtoothsignalasshown in Figure4-2.

The instantaneouphaseof a simple one-dimensionasignalis shovn in Figure 4-3.
This simple signal can be thoughtof asthe intensityalonga row of pixelsin animage.
Notethatin this “image” therearetwo edgespr regionswherethe signalshapes locally
odd,andthephasecurve reactso each giving phasevaluesof and . Oursystem
usesthesephasevaluesto indicatethe presenceof anatomicalboundariespr desireable

contoursfor thelivewire to follow.

pi

pil2 -

-pil2 -

—pil

Figure4-3: A simplesignal(top), andits instantaneouphasgbottom).

This examplealso shows the global aspectf the local phase:sinceit is measured
within awindow, it is affectedby nearbyvariationsin the signal. Consequentlyhe effect
of theedgesdn thesignalin Figure4-3is seeralsoin the neighborhoodf theedge giving

the phasea smoothslopethroughout.
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4.4 Local Phaseof a Two-DimensionalSignal

The extensionof the above definition of local phaseto two or higherdimensionss not
straightforvard,becausehereis no cleardefinitionof negative frequeng in morethanone
dimension.We describehetwo-dimensionatasehere.

In two dimensionsa referencedirectionmay be chosenin the Fourier plane,andthe
local phasecanbe computedalongthatdirectionexactly asdescribedor onedimensional
signals. This approachhowever, will not suffice becauseave areinterestedn a statement
aboutthe overall symmetrythatis notlimited to only onedirection.

To provide rotationalinvariance,the orientedfilter kernelsusedin estimationof lo-
cal phasehave a angularfunction assuringeven coverageto the Fourier planewhen
summed.This allows computatiorof thephasdn ary directionandin addition,estimation
of thelocal orientationof imagefeatureswith afixednumberof filter kernelg[22,17,13].

Alternative methoddo estimatdocal phasan onedimensionncludefor exampleusing
Gaborfilters or first andsecondderivative Gaussiarfilters [37]. Extendingthesemethods
to higher dimensions,althoughconcevable, is not straightforvard. Challengesnclude
optimal cancellationof negative frequenciegsincethe odd andeven partsof thesefilters
arenot relatedthroughthe Hilbert transform),and obtainingrotationalinvariance(which

canbe problematicsincetheangularfilter shapds dictatedby thefilter creationprocess).

4.4.1 Interpreting the Local Phaseof a Two-Dimensionallmage

Thelocal phaseof animagedescribesow evenor oddthe signalis in awindow around
eachpixel. Consequentlystructuref interestsuchaslinesandedgesn theimagecanbe
detectedanddifferentiated.Thelocal phaseof linesandedgescanbe visualizedon a unit
circle wherethe prototypicalstructureof phase , - , ,and- aredrawvn alongsidehe
circle[13]. Thisrepresentationf phasds shovnin Figure4-4,where- and- represent
edgesof differentorientationswhile and representarkor light lines. Intermediate
phasevaluesgive thelocal balancebetweerthe closestwo prototypestructures.

Edgesor transitionsbetweeright anddarkin theimage,areoddfunctions,sothey are

expectedto have phasethatis a multiple of - . Corversely lines, beingevenfunctions,
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Figure4-4: Localphaseontheunit circle [13]. Notethatany combinatiorof line andedge,
light or dark,canberepresentedsanangle.

shouldhave phasevaluesnear or . Figure4-5 shaws the local phaseof a synthetic
exampleimage.lt is clearfrom thefigurethatlocalphaséds averyreasonabledgedetectoy

whichis adesirablepropertyin guidanceof interactve medicalimagesegmentation.

4.5 Advantagesof Local Phase
Thelocal phasehasseveraladvantagesn the context of imagesegmentation:

The local phaseis invariantto signalintensity (This is becauséyy definition the
phaseand magnitudeof a complex numberare separateso the magnitudedoesnot
affectthe phase.)Consequentljinesandedgescanbe detectedrom smallor large

signalvariations.
Thelocal phasegenerallyvariessmoothlywith thesignal[13].

Local phasecanprovide subpiel informationaboutthe locationof edgesn theim-
age.(As Figure4-5shows, the phasevaluessurroundinganedgereflectthenearness

of theedge.)

Phases generallystableacrossscaleq9].
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Figure4-5: Local phaseof anexampleimage.Theimageontheleft wasfilteredto extract
localphasanformation,whichis shavnin theimageontheright. (We give adescriptiorof
thefiltersusedin Chapters.) In thephasdmage,valuesfrom to - aredark,while values
of - to arebright. Here ,thephaseasshovnin Figure4-4 hasbeen‘folded upward” such

thatall edgeq - and-) have phaseof -.
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Chapter 5

Phase-BasedJserSteeredImage

Segmentation

Figure5-1: Visual comparisorof phaseémageandexpertsegmentation.Fromtheleft, a
grayscalemage,thematchingexpertsegmentationthe phasédmage,andanoverlayof the
phaseémageon the segmentation.
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In this chaptemwe describeour systemusingthe framenork introducedn the previous
chaptersThefirst partof the chapterexplainsour algorithmin the context of the livewire
overview presentedn Chapter3. Herewe alsodescribeour useof local phaseasanimage
feature extendingconceptsntroducedn Chapter4 [31].

The secondpart of the chaptersituatesour algorithmin the “KnowledgeContinuum”
presentedn Chapter2. Finally, the third part of the chaptergivesdetailsof the system

featuresanduserinterface.

5.1 Phase-BasedlivewireStepOne: Creationof the Weighted
Graph

5.1.1 Graph Representation

The phase-baselivewire situatesgraphnodeson pixel centersandthe shortesipathsare
found alongpixels. This methodof graphalignmentwas preferredby userssinceit pro-
vided intuitive userinteraction. The othermethod,situationof graphnodeson pixel cor
ners,wasmoredifficult to usesinceeachmouseclick neededo defineapixel corner which
introducedambiguity (sinceeachpixel hasfour corners).More informationaboutgraphs

usedin livewire waspresentedn Chapter3.

5.1.2 Local Image Features: Edge DetectionUsing Local Phase

Computatiorof local phasen two dimensiondgs an extensionof the one-dimensionah-
stantaneouphasedefinedin Chapter4 to two dimensiong13]. We usea setof oriented
filters, known asquadraturdilters, in computinglocal phase Eachfilter definesawindow
of interestin boththe spatialandfrequeny domain(which impliesthatthe kernelshould
be designedo capturethe featuresof interestin the data). The amplitudeof thefilter out-
put is a measureof the signalenegy in the window of the filter, while the agumentof
thefilter’s output,or the phase givesa statementiboutlocal signalsymmetrywithin the

window.
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We computewo featuredor inputto thelivewiring processThefirstis thelocal phase,
andthesecondve call certainty sinceit expresse$iow certainwe arethatanedgeexistsin
a particularimagelocation. The computatiorof bothimagefeatureds describedn detail

in thefollowing sections.

Filter Kernelsin the Fourier Domain

The quadraturdilters are designedn the Fourier domain,whereeachfilter is limited to
half of the planein orderto filter out the negative frequencies.(Negative frequenciesn
two dimensionsaredefinedrelative to a referencedirection[13], which in this caseis the
orientationdirection of the filter. The importantpartis that eliminatingarny half of the
frequeny domainallows oneto producethe analyticsignal. Sothenary furtheractionof
thefilter is actuallyfiltering theanalyticsignal.)

We currentlyemploy four orientedfilters in computationof local phase.Thoughit is
not necessaryo usethat mary filters to computelocal phase the four filters have nice
propertiesfor computinginformation aboutlocal orientation. Exploiting this would be
interestingfor futurework.

Thefilters areorientedto provide evendirectionalcoveragein the plane,asshowvn in
Figure5-2. For eachfilter kernel,the negative half-planeis on the far sideof aline dravn
perpendiculato the referencedirection. (This soundsconfusing,but is moreobviousthat
theleft half of the planeis darkwhenwe shaw afilter kernelin Figure5-4.)

Thequadraturdilters aredesignedvith aradialfrequeng functionthatis Gaussiaron
alogarithmicscale:

T B (5.1)

where isthecenterfrequeny and isthewidth athalf maximum,in octaves.Thisfunc-
tion is plottedin Figure5-3 for and —. The purposeof this kernelshapeis to
filter theanalyticsignal,keepingthelow-frequeng signalof interestwhile attenuatinghe
higherfrequeng componentsvhich arepotentiallynoise. The centerfrequeng basically
defineshesizeof theimageeventsthatcanbe obsered,while the bandwidthcontrolsthe

specificityto thatsizeof event.
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Figure 5-2: Quadraturefilter orientations. Theseorientationsare the samein both the
spatialandFourierdomains.Oneof the orientedkernelsis shavn in Figure5-4.

Onefilter kernelis shavn from abovein Figure5-4. In this colormap warmcolors(the
redandmaroon)indicatelargervaluesthancool colors(thebluebackground) An example
setof four kernelsin the Fourierdomaincanbe seenin Figure5-5.

We have found that, in addition, multiplying the lognormalfunction by a radial
functionwindow in thefrequeny domainforcesthe “positive-frequenyg” tail smoothlyto
0 to avoid anabruptcutoff atthe edgeof the kernel. This reduceginging artifactsarising
from the discontinuityat whenusingfilters with high centerfrequenciesand/orlarge
bandwidth.

Filter Kernelsin the Spatial Domain

The filter kernelsare purely real in the Fourier domain,which meansthat in the spatial
domainthey musthave an even real componentand an odd imaginarycomponeni13].
Consequentlyeachkernelproducesa pair of orientedkernelsin the spatialdomain,where
the even-shapedkernelwill be sensitve to even events(for example,lines) andthe odd-
shapedkernelwill besensitve to antisymmetricventssuchasedges SeeFigure5-6for a
filter pair.

In contrasto Gaborfilters, thesefilters have zeroresponsédor negative frequenciede-
causethelognormalfunctiondoesnot have atail thatcrossesnto the “negative-frequeng

half plane” This ensureghat the odd and even partsconstitutea Hilbert transformpair
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Figure5-3: Profile of lognormalfilter kernelshape asdescribedn Equation5.1. Values
of and - wereusedto generatehis curve.

(usingthe definition of the analyticsignal)which makesthe filters ideal for estimationof
local phasg22].

Computation of Local PhaseFeature from Filter Output

Our goalis to detectboundariesn a medicalimagein orderto aid segmentatiorbetween
anatomicaktructuresThis “boundarylocation” informationwill thenbecomeanputto the
livewire semiautomatisegmentatiortool. Thelocal phases our primaryfeature,serving
to localizeedgesdn theimage:thelivewire essentiallyfollows alonglow-costcurvesin the
phaseimage. The phasefeatureis scaledto provide boundedinput to the shortest-paths
search.

Thelocal phaseof animagedescribesiow evenor oddthesignalis in awindow around
eachpixel. Oneway to imaginethis is by thinking of a complex kernelpair in the spatial
domain,andrealizingthatthe phasds theamgumentof the output. Consequentlyhe phase
angle measuresrow muchthe odd (imaginary) kernelrespondedrersusthe even (real)
kernelin the neighborhoodSeeFigure5-7.

For inputto the shortest-pathsearchat eachvoxel we mustproduceonenumberthat
representdts “goodness’asa boundaryelementwith respecto the segmentationtask at

hand. Consequentlyit is necessaryo combinethe information from the four oriented
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Figure5-4: An examplequadraturdilter kernelin the Fourierdomain. The othersarethe
samebut orientedalongthe otherdirectionsthatwereshawn in Figure5-2. Thisimageis
like a bird’s-eye-view whencomparedo Figure5-5.

filter kernelsin orderto produceone phasevalue per pixel. We do this by summingthe
outputsof theeven(real) kernelsandsummingtheabsolutevaluesof theoutputsof the odd
(imaginary)kernels.Thenthe phasds computedasthe argumentof the summedcomplex
outputvalueat eachpixel. (This is thearctangenof theimaginarypartdivided by thereal
part,asshovnin Figure5-7.)

Theabsolutevalueof theresultfrom the oddkernelsis usedto avoid pathologicakan-
cellationof edgeswhichis importantaswe areprimarily interestedn theedgeinformation
from the output. The “pathological” (but actuallycommon)casewould be whenan edge
is orientedsuchthatsomekernelsmeasure phaseof approximately ~ andotherkernels
measure . Sinceeithervaluerepresentsan edge,we first take the absolutevalue of
the oddfilter outputsto avoid cancellatiorin thesum.

Figure5-8 shavs a phasamageandtheoriginal imagefrom which it wasderived.

Multiscale PhaseStability

In this setof experimentsye show thestability of phasanformationacrosglifferentscales
[9]. Theinputto the quadraturdilters wasblurredusinga Gaussiarkernelof variance4

pixels. Figure5-9 demonstratetherobustnes®f phasenformationto changesn scale as
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Figure5-5: Four examplequadraturdilter kernelsin the Fourierdomain.
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Figure 5-6: Examplequadraturdilter pair in the spatialdomain. This filter kernel pair
is one of four orientedpairsusedon our data. The filter kernelon the left hasan even
symmetry andthefilter kernelon theright hasanoddsymmetry Thetwo kernelstogether
form a comple filter kernel pair, with the even kernel being the real part, and the odd

kernelbeingthe comple part.

Odd Filter Response

A

Phase Angle

>
>

Even Filter Respons

Figure5-7: Phaseangleasagumentof comple filter kerneloutput. The phasemeasures
thelocal relationshipbetweernddnessandevenness.
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Figure5-8: Phasemagederivedfrom anMR scanof the brain.

thetwo segmentationgsrequitesimilar. Theleftmostimageis theoriginalgrayscalendits
seggmentationwhile the centerimageshonstheresultof Gaussiarblurring. Therightmost
imagedisplaysthe sgmentatiorcurve from the blurredimageover the original imagefor

comparison.

Original Image GaussiarBlurred Input Overlayof Segmentation

Figure5-9: lllustration of insensitvity to changesn imagescale:initial image,resultof
Gaussiarblurring, and overlay of secondsegmentation(doneon the blurredimage)on
initial image. Note the similarity betweenthe segmentationcontours,despiteblurring the
imagewith a Gaussiarkernelof four pixel variance.

Computation of Certainty Feature from Filter Output

The phaseimage (Figure 5-8) is noticeablynoisy outsidethe brain: since phaseis not

sensitve to signal magnitude thereis phase“everywhere”in animage. To reducethis
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Figure5-10: Certaintyimagederivedfrom an MR scanof thebrain.

effect, we canalsousesignalenegy informationderived from the magnitudeof the odd
(imaginary)filter outputs.(Notethatthe odd-shapefdilters arethe onesthatshouldreactto
edgesn theimagesincetheir shapematchesghe shapeof anedge.)Iin imageregionswhere
the oddfilter outputmagnitudds large,theenegy of the signalis high, whichimpliesthat
the phaseestimatan thatregion hashigh reliability, or certainty

We definethe certaintyusingthe magnitudefrom the odd quadraturdilters, mapped
througha gatingfunction. The gatingfunction clampsthe uppervaluesthe certaintycan
take on, to avoid overly biasingthe segmentertoward strong edges. By inverting this
certaintymeasuresincehigh certaintyimplieslow cost,it canbe usedasa secondeature
in the livewire costfunction. One*“certainty” image,which shonvs how confidentwe are
thatthereis anedgeat a particularlocationandat a particularscale(centerfrequeng), is

showvn in Figure5-10.

5.1.3 Local Image Features: Dir ectionality

Currently we do not employ a specificfeaturethatinfluencesthe local directionthatthe
livewire pathshouldtake. We planin the future to investigateuseof local directionality

informationthatcanbe obtainedfrom the quadraturdilters.
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5.1.4 Local Image Features: Training

Severalfeaturesof our systemallow theuserto input moreinformationaboutthe structure

of interest,n orderto instructthewire to performasdesired.

Feature SizeSelection

The first systemfeatureis the ability to selectthe imagefeaturesize of interest. This is
importantsinceedgesexist at mary scalesin the image,andthe centerfrequeng of the
filters controlsthe scaleat which edgeswill be detected.To this end,a menufor small,
medium,andlargefeaturesizes,asdescribedn Section5.4.2,wasaddedo the Phaswire

module.

Window Leveling Before PhaseComputation

Thesecondeatureallowstheuserto intuitively selectthegrayscalegangeof interestin the
databy window-leveling theimages.

Originally we computedhaselirectlyfrom thegrayscalelata.However, dependingn
thelocal shapeof theimagesignal,the phasesdgedid not alwaysalign with the perceved
boundaryin theimage.In orderto concentrat®nly on the grayscalaangeof interest,we
begancomputingphasefrom window-leveledimages.Window-leveling removesuninfor-
matie regionsof the grayscalehistogram,andthusboththe phaseandcertaintyfeatures
arecomputedrom betterinformationthanif the original grayscalesvereusedfor input.

In Figure5-11theeffect of window-leveling onthe combinedphase/certaintyimageis
showvn. The gray-whitematterboundariesof interestare more marked in the imagethat

wascomputedrom window-leveleddata.

PhaseSelection

Thethird featureallows the userto follow alongphasevaluesthatarehigheror lowerthan
—. Theeffectof thisis to segmentmoretowardlight regions,or moretowarddarkregions.

It is similar to anerosionor dilation of theboundary

64



Figure 5-11: Window-leveling the databefore phasecomputationbetterdefinesbound-
ariesof interest.Theleftmostimageis the original grayscalgdisplayedafterthe window-
leveling operation). Theimageon the far right wascomputedrom window-leveleddata,
while the centerimage was computedfrom raw data. (Note that in theseimagesdark
regionsare“attractve” to thelivewire.)

5.1.5 Combination of Featuresto ProduceEdge Weights

We investigatedsaussiammodels simplescaling inversionof featurevalues,andalookup
tablewhencombiningfeaturevaluesin our two implementationsf livewire.

Thefinal Phaswire implementatiorusesa weightedcombinationof the phasefeature
andthe clamped,nvertedcertaintyfeature. Before summing,the featuresare scaledand
corvertedto integervaluesto provide boundedntegerinput to the shortespathsearchin
the Advancedpart of the userinterface, it is possibleto changethe relative weighting of
thefeaturesn thesum.

In Figure5-12we displayanexampleof the combinedphaseandcertaintyinputto the
shortest-pathsearch.The darkregionsin theimagerepresenphaseof or , and
areattractveto thelivewire. Notethatin theupperleft of theimage,in theanteriorregion
of thebrain,thereis someintensityinhomogeneityAs thelocal phasdeatureis insensitve
to this, in theright-handimage,thereis decentelucidationof local imagestructurein this
area.

A demonstratiorof the utility of the two featuresin segmentationis givenin Figure

5-13.
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Figure5-12: Weightedgraphcomputedrom areformattedsagittalneuralMR image.The
imageon the left is a reformattedgrayscaleslice throughthe original datasetwhile the
imageon the right was computedin the Slicer asa combinationof phaseand certainty
information. In this case the darkestregionsin the phasemagecorrespondo

of phasewhichis anedgein theoriginalimage.

5.2 Phase-BasedLivewire Step Two: ShortestPaths

We usethe algorithm“Li ve Wire on the Fly” asdescribedn Section3.3.2in Chapter3
[7]. This methodis fasterthanthe standardapplicationof Dijkstra’s algorithmwhich en-
tails computingshortesipathsfrom theinitial pointto all pointsin theimage.Insteadthis
methodcomputesshortestpathsfor asmuch of theimageasnecessaryo reachthe end-

point,andstoreghisinformationfor usewhenthemousemovesto selectanotherendpoint.

5.3 Situation of Our Method in the “Kno wledge Contin-

uum

Herewe placeour methodin the“KnowledgeContinuum”introducedn Chapter2.
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Figure5-13: Utility of bothimagefeatures:segmentatiorwith individual featuresandthe
combination.Theleftmostimageis anattempto segmentusingthephasdeatureonly. The
contouris distractedoy phasevaluesin theinterior of thebladderremembethemagnitude
of the edgedoesnot influencephase). The centerimageis an attemptto segmentusing
the certaintyfeatureonly, and the contouris distractedby the highest-walue boundaries
in theimage. Therightmostimagedisplaysa contourdravn usinga combinationof these
featureswhichfunctionsbetterthaneitherfeaturealone.Thecenterfrequeng of thefilters
usedwasthe“Large” settingin the Slicer, —.

5.3.1 KnowledgeEmployed By Livewire and Phasewie

Thephase-basddvewire methodusessophisticatediltering to extractlocal phasenforma-
tion from theimage.This knowledgeplacest into the category of “Local IntensityKnowl-

edgeUsedby Algorithm” asdefinedin Chapter2. Livewire doesnot employ anatomical
or shapeknowledge, but its generalityandinteractvity allow it to be appliedto various

segmentatiorproblemswhereanautomatedknowledgeablesolutiondoesnot exist.

5.3.2 Useof Additional Knowledge

Like mary other segmentationalgorithms,the information usedasinput to livewire can
be thoughtof as separatdrom the algorithmitself. In otherwords, the featuresusedto
guide the livewire cancomefrom ary sourceof information, so it is possibleto inject
additionalknowledgeabouta specificsggmentatiorproblemif the knowledgeis available.
For example, information that could be incorporatedinto the weightedgraphincludes:

distancedrom otherstructuresn the image,the distancefrom the samestructurein the
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previousslice,or aprior probabilitythata certaingraphregion shouldcontainthestructure.
As thelivewire methodis interactve, it providesaninterestingestbedor featureshat
mightbeusefulfor ssgmentation Theprosandconsof thefeaturewhenusinglivewire will
be similar to thoseencounteredf it is usedto drive anautomatiamethod,suchaslevel set
evolution. But thelivewire is simplerandour userpopulationat the Suigical PlanningLab
hasaccesgo it, sothereexiststhe potentialfor a greatamountof feedbackrom clinicians

regardingits performanceavhenguidedby a new feature.

5.4 SystemFeatures

In thissectionwe introducespecificdetailsabouttheinterfaceanddemonstratéhefeatures

thatareavailableto usersof our system.

5.4.1 UserlInterface for Controlling Filter Parameters

We have integratedthe phase-baselivewire sggmentationrmethodinto the 3D Slicer, the
Sumgical PlanningLab’s platformfor imagevisualizationjmagesegmentationandsumical
guidancd10]. Our systemhasbeenaddedinto the Slicerasa new module,PhaseWe, in
thelmageEditor.

Figures5-14 and5-15show the interfaceof the PhaseWe moduleandits integration
into the 3D Slicervisualizationernvironment.Most of the parameterpresentedo the user
aresimilar to thosein the Draw function of the ImageEditor, with additionalparameters

for filter control.

5.4.2 Filter Parameters: Center Frequency

The quadraturdilters arenot selectve to grayscalevalue,nor orientation,but their shape
mustpick up the appropriateedgesn theimage.Soit is importantin practiceto choosea
centerfrequeny thatcorresponds$o the sizeof the structuresof interestin theimages.

As shawvn in the userinterfacein Figure 5-14,the usermay selectthe relative size of

the structureof interest. Experimentatiorwith variouscenterfrequenciesas definedin
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Equation5.1,led to thefollowing settingswhich we employ in the PhaseWe module:

SmalllmageFeatureSize:

MediumImageFeatureSize:

LargelmageFeatureSize: -

Figure 5-16 shovs phaseimagescomputedusingvariouscenterfrequencies.Figures

5-17and5-18demonstratéhe effect on segmentatiorof varyingthe centerfrequeng.

5.4.3 Filter Parameters: Bandwidth

We found that setting  (the width at half maximum)to 2 for all kernelswas effective.
controlsthe specificity of the filter to the centerfrequeny. Choosing is a tradeof
becauseone desiresto restrictthe filter's responsdo the frequeng of interest,in order
to ignoreunwantedeventsat otherfrequenciesbut onealsodesirego includeeventsthat
occur at frequenciescloseto the centerfrequeny. Setting to 2 provided reasonable
behaior in our system,thoughfurther investigationof this parameterperhapsor fine-

tuning segmentatiorof specificstructuresyould be interesting.
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Figure5-14: UserlInterfacefor PhaseWe. Optionspresentedo the userare similar to
otherSlicereditingmoduleswith theexceptionof the“Clear Contouf” “Undo LastClick,”
and“Image FeatureSize” buttons,which arespecificto PhaseWe.
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Figure5-15: 3D Slicerimagedisplayinterface,duringa PhaseWe editing session.
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Figure 5-16: Effect of varying the centerfrequeng. The phasewas computedfrom the
grayscalamageusingcenterfrequenciesof - (upperright image),— (lower left image),
and- (lowerrightimage).Closeexaminationshavs thatthe higherfrequeng, —, captures
bestthe detail,thoughit is harderto interpretvisually.
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Figure5-17: Centerfrequengy example. The leftmostimageis a cervical CT scan. The
middle imageis a zoomon the areaof interest,a tumor borderingthe trachea.The white
livewire contourcontainsthreered dots,which representhe pointswherethe userclicked
in theimage. Therightmostimageis the phaseéimagecomputedrom the grayscalewith
the sggmentatiorcontourin yellow overlay Thefilter kernelsusedhada centerfrequeng
of . Thisfrequeng is high enoughto captureboththe posteriorborderof thetrachea
(the black shape)andthe borderimmediatelybelow it, which is possiblytumor. (Since
thesefeaturesarerelatively close they areonly separabléf the centerfrequeny is chosen

highenough.)
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Figure 5-18: Centerfrequeny example, effect of a lower centerfrequeng. The filter

kernelsusedhada centerfrequeny of . Theseimagesarefrom the samecervicalCT

asshown in Figure5-17. But thelower centerfrequeny is tunedto capturelargerfeatures
in theimage. The leftmosttwo imagesshow thelivewire snappingo the upperandlower

regionsthatareattractve (dark) in the accompawing (rightmost)phasemage. Note that
the livewire still finds anotherboundaryinferior to the trachea,but it now finds a more
distantonedueto thelower centerfrequeng (which correspond$o awider filter in spatial
domain).
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Chapter 6

Analysis of Expert SegmentationdDone

With Phasewiie and Livewire

6.1 Intr oduction

In this chapterwe presentsggmentationresultsfrom both the Phaswire andthe original
Livewire systems.

The Phaswire systemhasbeenin useat the Sugical PlanningLab at Brighamand
Womens Hospital for four months. At the Sumgical PlanningLab, we have conducted
validationtrials of the systemandobtainedexpert opinionsregardingits functionality. In
addition,aPhaswire validationstudywasconductedat HospitalDr. Negrinin LasPalmas

deGranCanaria Spain.

6.2 Statistical Measures

Before presentingsggmentatiorresults,we give an overviev of methodsusedto quantify

the sggmentatiorquality.
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6.2.1 Volume Statistics

First, thevolumeof a segmentatioris calculatedasthe numberof voxelsmultiplied by the
volumeof eachvoxel.

Now referringto Figure6-1, we definethe “PercentOverlap” of one segmentationon
theotherasthefractionof sggmentationA thatis containedvithin segmentatiorB. Thisis
thevolumeof theintersectiordividedby the volumeof the segmentation(A or B). Finally,
whatwe will referto asthe“Percentof Total Volumein Common”is the volumecommon

to bothsggmentationgtheintersectionyelative to thetotal volume(the union).

A intersection B

Figure6-1: A Venndiagram.Theunionof A andB is theentireshadedarea(bothcircles).

6.2.2 Hausdorff Distance

The Hausdorf distancemeasureshe degreeof mismatchbetweerntwo sets. The standard
versionidentifiesthe pointin onesetthatis the farthestfrom the otherset,andoutputsthe
distanceo thenearespointin the otherset.

A generalizatiorof this, which is lesssensitve to outliers,sortsthe distancedbetween
eachpointin onesetandthe correspondinglosestpoint in the other Thenstatisticsare
availableto quantify the nearnes®f the pointsin onesetto the other: for example,one
canstatethat80% of the voxels of onedatasetrewithin a certaindistancefrom the other
dataset.

In addition,sincethe measuras not symmetric,it makessenseo computeit for one

datasetelative to the other andthenvice versa,andtake the maximumresultingdistance.
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This can give an upperboundon the distanceof voxels in eachsegmentationfrom the
other In this sectionwe usethe fourth quintile, or 80%, generalizedHausdorf distance
metric, which givesan upperboundon the distanceof 80 percentof the voxelsin each

segmentatiorfrom the other[24].

6.3 Logging

In orderto enablevalidationof the sggmentationrmethod,we have createda systemthat
continuouslyrecordsuserinteractionand cangeneratea databaseontainingthe number
of userinteractionssuchasmouseevents,andtime stampgrom variouseditingmodules.

A selectionof theeventsthatcanberecordeds listedin Table6.1.

Item Logged Details

mouseclicks recordedoerslice,perlabelvalue,pervolume,andpereditormodule
elapsedime recordedoerslice,perlabelvalue,pervolume,andpereditormodule
description includesvolumesviewedduringthe session

username  mayallow investigationof learningcurve

Table6.1: Selectedtemsloggedby the 3D Slicerfor validationandcomparisorpurposes.

This loggeddatais includedin the segmentationnformationthatfollows whenit was
reasonablygonsistentor collectedduringacontrolledstudy Thisis becausseveralfactors
reducedhereliability of theloggeddata.The mainissuewasthatthe programusageime
was inaccurateif the userleft the 3D Slicer window openduring the day. This is very
commonpracticeat the Suigical PlanningLab, whereanopenSlicerwindow will prevent
thelossof one’s computerduring breaksor lunch. Anotherfactoris thatuserssegmented
mary scansn onesessioncomplicatingthe log files. Finally, someusershadthe habit of

exiting the programabruptlywith a Ctrl-C key sequenceyhich preventediogging.
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6.4 Expert Segmentations

6.4.1 Controlled SegmentationExperiments

In this sectionwe presenthe resultsof the segmentatiortrial performedby doctorsfrom
HospitalDoctor Negrin in Las Palmasde GranCanaria Spain.AbdominalandneuralCT
scansveresggmentedn acontrolledexperimentto ensurevalidity of theloggedinforma-
tion. Table6.2 demonstratethe speedf the segmentatiormethodusinginformationfrom
the logging system while Table 6.3 givesdoctors’ opinionsregardingthe easeof useof
the systemandthe quality of the outputsegmentations.The doctors’opinionsaboutthe
systemwerepositive, andthey consideredhatthe segmentationgproducedoy the system
weresuperiorto the manualsegmentationssincethe phas&vire aidedthemin producing

smoothboundaries.

Study Method Total Clicks  Clicks/Slice Time/Slice(sec) Volume(mL)

CT braintumormanual 234 26.0 39.3 68.5
phasaire 97 10.8 28.7 67.3
phasaire 109 12.1 25.5 69.2

CT bladder  manual 1488 28.1 31.7 715.6
phasaire 359 6.8 21.5 710.8

Table 6.2: Exampleseggmentationgerformedwith Phaswire. Clicks andtime per slice
areaveragesverthedataset.

For example,Figure6-2 shavs aliver sggmentatiordonewith phasevire, in whichthe
doctorremarled that the three-dimensionainodel was more anatomicallyaccuratethan
the oneproducedwith the manualmethod,whereboth segmentationsvere performedin
approximatelythesameamountof time. Thisis likely dueto thesmoothnessf the contour

obtainedwith phasevire, in comparisorwith thecontourobtainedwith themanualmethod.
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Study Method Easeof Use  SeggmentatiorQuality

CT braintumor manual 3 3
phasaire 4 4

CT bladder manual 2.7
phasaire 4

AW

Table 6.3: Doctors’ comparisorof Phaswire and Manual segmentationmethodson the
dataset$érom Table6.2. Thescaleis from 1 to 5, with 5 beingthe highest.

Figure6-2: A surfacemodelof the liver, createdfrom a phas&ire segmentationshows
well-definedsurfaceindentationsetweerthe liver andthe kidney andgallbladder These
surfacesaremarkedwith arraws.

6.4.2 Comparisonof Manual and Phasewiie Tumor Segmentations

In this case,a neuralMR scancontaininga tumor wasrapidly re-sggmentedoy a neuro-
suigeonin his first time usingthe Phaswire system. We presenta comparisorbetween
this sggmentationandthe very carefulmanualseggmentationthat was donepreviously by
the sameneurosugeon. Theseresultsare shovn to demonstratéhat a novice userof the
systemcanrapidly producea segmentatiorthatis similar to a manualsegmentation.The
neurosugeonin this casestatedhatsomeof thedifferencesn the segmentationsveredue
to thefactthathehadnotstudiedthecaserecently andmighthave choserslightly different
bordersfor thetumoreachtime.

Figure6-3 displaysmodelsgeneratedrom both segmentationsThenTable6.4 makes

a quantitatve comparisorbetweerthetwo.
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Original Image Manual Phaswire Overlayof Models

Figure 6-3: Manualand Phaswire tumor sggmentation. The manualsegmentationwas
carefullydonewhile the Phaswire sggmentationwvasrapidly traced.

Labelmap Volumein mL PercenOverlap
Manual  48.866 90.87%
Phaswire 47.969 92.57%

Percenbf Unionin Common Hausdorf Dist.
84.69% 2.5mm

Table6.4: A tumor sggmentation.Between7% and 9% of eachsegmentationis not con-
tainedwithin the other but 80% of the pixels of eachsegmentatiorarewithin the general-
ized Hausdorf distanceof 2.5 mm from the othersegmentation.As 2.5 mmwastheslice
thicknessof the scan,andthe in-planeresolutionwas0.859375mm, this meanghat most
boundarywoxelswerewithin 1-3 voxelsof the boundaryof the othersegmentation.

6.4.3 Pulmonary Vein Segmentations

Pulmonaryvein sggmentationsvere performedin threeMR angiographycaseausingthe
original Phaswire implementationandthenrepeatedisinganupdatedsersion. Thenewer
versioncontainedseveralimprovementso themethod.First,thelocal phasevascomputed
after the datahad beenwindow-leveled. This enabledthe userto indicatethe grayscale
rangefo the dataof interestin anintuitive manner Secondghefilters wereimproved by
multiplicationwith a radialfunctionwhich forcedthe kernelsto smoothlygo to
ontheirboundaries.

A visualcomparisorof three-dimensionahodelsderivedfrom the datashavs thatthe

seggmentationgloneusingthe newer versionwere more complete,in thatthe veinscould
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be followed deeperinto the lungs. Figure 6-4 shons two models,one from the original
Phaswire implementationand onewherewindow-leveleddatawasusedfor local phase
computation. Both sggmentationsvere donesolely with Phaswiire for the purposesof
this study However, sincesemi-automatiseggmentatiorof suchdatawastime-consuming,
it was thoughtthat the phasavire would be betterusedas a fine-tunerto completethe

segmentatiorafterinitial thresholding.

Original Phaswiire Improved System

Figure6-4: Pulmonaryveinsseggmentedwith Phaseire. The modelon the left wasseay-
mentedusingthe original system.The greenmodeloverlayedin theright-handimagewas
sggmentedusinglocal phaseandcertaintyinformationcomputedafterwindow-levelingthe
data.lt capturesnoreof the pulmonarycirculation.

6.4.4 Repeatability of ThreeMethods on the Temporal Pole

Thetemporalpole,locatedin theanteriortip of thetemporallobe,hasanimportantrolein
retrieval of semanticandepisodicmemoryespeciallyin a emotionalcontext. This region
is sggmentedoy schizophreniaesearcheratthe Sugical PlanningLab.

The temporalpole region in a neuralMR scanwas segmentedsix times, twice man-
ually, twice with the original livewire implementation,and twice with Phaswire. The
repeatabilityof the Livewire andPhaswire systemsvascomparablewhile thetwo Haus-
dorff distancamplied thatthe manualsegmentationsvereactuallyquite different(despite
their similar volumemeasures)Table6.5 givesHausdorf distancedor the 4th quartile,as

measuredor therepeatedegmentatiorpairs.
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Manual Livewire Phaswire
80%Hausdorf Distance 4.47mm 0.94mm 0.94mm

Table 6.5: Repeatabilityof threemethodson the temporalpole. GeneralizedHausdorf
distanceswere measuredbetweenoriginal and repeatedsegmentationsdone with each
method.

Grayscaldmage ManualSegmentation Phaswire Segmentation

Figure6-5: Phaswire vs. Manualon Partial-\blumeBorderPixels.

ThePhaswire systemin thiscasechoseo includemorepixelsontheborderasdemon-
stratedin the imagesin Figure 6-5. This increasedhe overall volume of the structure.
However, thisrepeatabilitystudywasdonebeforetheintroductionof the prefilterwindow-
leveling or the phaseselectionslider, both of which are aimedat allowing greateruser
controlin thistype of situation.lt is alsotruethattherein theabsenc®f agold standardt
is difficult to stateabsolutelywhich pixelsshouldbe choseron the boundary

Volumetriccomparison®f thevarioussegmentationgollow in Table6.6.

6.4.5 Fusiform Gyrus

Thefusiform gyrus,locatedin the ventromediakurfaceof thetemporallobe,is important
for faceperceptiorandrecognition.In two casesthis structurevassegmentedisingman-
ual and Phaswiire segmentation.Volumetricandtime resultsare shavn in Table6.7. In

the first case the overall volumewaslarger with Phaswire, andso the secondcasewas

measuredavith morefrequentclicks. However, a largetime savingswasfoundin segmen-
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Labelmap Volumein mL PercenOverlap Percenbf TotalVol. in Common
Manual  8.724 0.9124 0.8362
8.755 0.9092 0.8362

Labelmap Volumein mL PercenOverlap Percenbf TotalVol. in Common
Livewire  8.840 0.8957 0.8107
8.846 0.8951 0.8107

Labelmap Volumein mL PercenOverlap Percenof TotalVol. in Common
Phaswire 9.345 0.9308 0.8758
9.285 0.9368 0.8758

Table6.6: Volumetricmeasurefrom repeatedegmentations.

tation of thefirst case.(This studywasalsodonewith thefirst versionof Phaswire, and
consequentlynvestigatingfurther with the presentsystemand future improvementss of

interest.)

Manual Phaswire
caselvolume 5.264mL 6.699mL
case/olume 5.984mL 5.996mL
caseltime 87 min 48 min

Table6.7: Segmentatiorof the fusiform gyrus.

6.4.6 Thalamus

Phaswire wasfoundto be usefulin thelateralborderof thethalamugmarkedwith anar
row in Figure6-6), whichis aweakboundaryalongwhich segmentationis difficult. Figure
6-6, which shavs a segmentatiorof thethalamushighlightsa strengthof the phasdeature
usedby the system:its insensitvity to grayscalanagnitude.Phaswire’s combinationof
local signalshapeinformationanduserinput producesa reasonablesegmentationof this

difficult structure.
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Figure6-6: Phaswire segmentatiorof thethalamusright andleft sides.Theweaklateral
border(marked with anarrown in the middle image)is difficult to segmentmanually but
Phaswire canbe usedeffectively in this region.

6.5 Discussionof SegmentationResults

Generally wherespeedandreproducibilityareimportantfactors,and thereexists no au-
tomatic method,Phaswire would be preferredover manualsegmentation. However, in
extremely critical sggmentationssuchasthoseof the schizophreniagroup at the Sugi-
cal PlanningLab, yearsof researcthave beenbasedon manualsegmentatiorandvolume
measuremertf certainstructures Consequentlythe adoptionof a new systemis difficult
unlessit canperformfor all intentsandpurposesxactly like amanualsegmenter Thisis
notaneasyproblem,andmoretweakingof the systemwould benecessaryo approachhis

functionality.
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Chapter 7

Discussion

In this work, two systemswere implementedoasedon the livewire paradigm. The first
usedtheimagefeaturesdescribedn [8] while the secondemployed a novel feature local
phase.We investigatedhe behaior of bothtoolsin segmentatiorof medicalimagery In
this chapteywe will describgroblemsencounteredndsystemmprovementsaddresshe
prosandconsof bothapproachesjiscusduturework, andfinally summarizehe outcome

of the project.

7.1 Issuesand Impr ovementsto SystemFunctionality

Themainissuewith the Phaswire systemwasmatchingthe contourproducedby the sys-
temto the contourthatwasdesiredby the user This, of coursejs notasimpleproblemas
the operatorsggmentsbasedon grayscalenformationplus a wealthof anatomicaknowl-
edge,while the algorithmonly seeshe grayscalemagery We addedthreeimprovements
to the systemto addresshisissue.

Thefirst systemfeatureis the ability to selectthe imagefeaturesize of interest. This
is importantsinceedgesexist at mary scalesn theimage,andthe centerfrequeng of the
filters controlsthe scaleat which edgeswill be detected.To this end,a menufor small,
medium,andlarge featuresizes( , —, and - aretherespectie center
frequenciesyvasaddedo the Phaswire module.

The secondfeatureallows the userto intuitively selectthe grayscalerangeof interest
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in the data. We begancomputinglocal phaseon alreadywindow-leveleddatain orderto
focusin ononly thevaluesof interestandbetterlocalizeedges.

Thethird feature thephasesliderin the Advancedab of the Phaswire module allows
the userto follow along phasevaluesthat are higheror lower than-. The effect of this
is to segmentmoretoward light regions, or moretoward dark regions. It is similar to an
erosionor dilation of theboundary In structuresvherethe boundaryis consistenaround
the structure this featureis useful. If the boundarychangesthe desiredphasevaluemay
needto be changedaswell. Experimentsvereperformedwith picking a nev phasevalue
at every mouseclick, but this wasfound to be a bit noisy. This is an areaof interestfor
futureinvestigation.

Finally, anotherissuewasencountereavith thefilter kernelsthemseles. The kernels
did not smoothlygo to 0 at the boundarieswhich causedan abruptcutoff of frequencies
of interestinsteadof the desiredsmoothlognormaltail. To ensurethat all kernelshad
the desiredproperty even thosesensitve to high frequencieswe multiplied by a
radial functionin the frequeny domain. The resultingfiltered imageswere qualitatvely

smoother

7.2 Comparison of the Two Systems

ThePhaswire systemwasgenerallypreferredoy userdor severalreasonsThefirstreason
wasthe moreintuitive userinteractiondueto the factthatthe pathswere computedalong
pixels.

The secondreasonwas that the local phasegenerallygives smoothcontoursfor the
livewire to follow, which producessmoothemaovementof thewire. This madethe phase-
basedsystemseemmoreintelligent. Generally the phasavire is not distractedocally by
extraneousattractve pixels,but insteadoy anotherpath.If so,movementof themousecan
generallysetit backon theborderof interest.

Thethird reasonwasthatthe training requiredfor the original systemwas confusing,
and not always successfubkincevaried boundarycharacteristicsvere not capturedwell.

However, it wastrue thatwhentrainingwassuccessfulthe original systemwasvery spe-
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cific to thedesiredgrayscaldevels,unlike the Phaswiire system.

7.3 FutureWork

Severalpotentialimprovementdgo the systemareof interestfor futureinvestigation.

First, thoughit hasbeenfoundwith Phaswire thata specificlocal directionfeatureis
not necessaryutilizing informationaboutthe local orientationof structuredn the image
could prove beneficial(both for smoothnesandfor rejectingunsuitablepaths). A vector
describinghemostprevalentlocal orientationcanbeobtainedrom theorientedquadrature
filters, soit is logical to addthis asanotherimagefeaturein the system.

Currently the systemtreatsboth dark edgeson a light backgroundandlight on dark
asthe samething. This cancauseambiguityand“jumping” from oneto the other since
both are equally preferred. This problemhasbeenaddressedhn the training processof
the original Livewire system[7]. Using a more completerepresentatiomf local phase,
which includesthe edgeorientation(asdeterminedisingthe orientationof the quadrature
filters), thetwo casesf edgecanbe disambiguatedThis representationf phasds three-
dimensionalit addsanotherdimensionto the phasediagramshowvn in Figure4-4in order
to includetheangleof dominantiocal orientation[13, 17].

Anotherproblemof interestis training, or learningfrom the userwhatis desired.This
hasbeenaddressedn otherwork by computingaveragesof featuresand usinga Gaus-
sianmodel,andalsoby building a distribution of gradientmagnitudes.This information
is then usedto assignlower coststo preferredimageregions. In our first system,the
Gaussiaimodeltypetrainingwasimplementedandthe maindifficulty wasthatstructures
with varying boundarycharacteristicxould not be segmentedwell dueto averagingof
the characteristicsluringtraining. To addresghis, someexperimentatiorwasdonewith a
smoothechistogram,or Parzendensityestimatoy but the resultingdistribution wasnoisy
anddid not aid segmentation.It would beinterestingto revisit this problemin the context

of phase-baselivewire, perhapsapplyingadditionalmachingearningtechniques.
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7.4 Conclusion

We have presented usersteeredsegmentationalgorithmwhich is basedon the livewire
paradigm. Our resultsusing local phaseas the main driving force are promising. The
applicationof the tool to a variety of medicaldatahasbeensuccessful. The methodis
intuitive to use,and requiresno training despitehaving fewer input imagefeaturesthan

otherlivewire implementations.
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