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ABSTRACT: Imagesegmentatiorplaysacrucialrolein mary medicalimagingapplicationdy automat-
ing or facilitating the delineationof anatomicaktructuresandotherregionsof interest.We presenterein
acritical appraisabf the currentstatusof semi-automatedndautomatedanethodgor the segmentatiorof

anatomicalmedicalimages. Currentsegmentationapproachesre reviewed with an emphasigplacedon

revealingthe adwantagesand disadwantageof thesemethodsfor medicalimagingapplications. The use
of imageseggmentatiorin differentimagingmodalitiesis alsodescribedalongwith thedifficultiesencoun-
teredin eachmodality We concludewith a discussioron the future of imagesegmentationmethodsin

biomedicalresearch.

1 Introduction

Diagnostidmagingis aninvaluabletoolin medicinetoday Magneticresonancémaging
(MRI), computedomography(CT), digital mammographyand otherimaging modal-
ities provide an effective meansfor nonirvasively mappingthe anatomyof a subject.
Thesetechnologiedave greatlyincreaseknownledgeof normalanddiseasednatomy
for medicalresearclandarea critical componentn diagnosisandtreatmenplanning.

With the increasingsizeandnumberof medicalimages the useof computersn fa-
cilitating their processingand analysishasbecomenecessaryln particular computer
algorithmsfor the delineationof anatomicaktructuresandotherregionsof interestare
a key componenin assistingand automatingspecificradiologicaltasks. Thesealgo-
rithms, calledimage segmentatioralgorithms play a vital role in numerousiomedical
imagingapplicationssuchasthe quantificationof tissuevolumes[98], diagnosi4176],
localizationof pathology[208], study of anatomicalstructure[198], treatmentplan-
ning [90Q], partial volume correctionof functionalimaging data[128], and computer
integratedsuigery[6, 61].

Methodgfor performingsegmentationsarywidely dependingnthespecificapplica-
tion, imagingmodality andotherfactors.For example the sgmentatiorof braintissue
hasdifferentrequirementérom the sgmentatiorof theliver. Generaimagingartifacts
suchasnoise partialvolumeeffects,andmotioncanalsohave significantconsequences
on the performanceof sggmentationalgorithms. Furthermore gachimaging modality
hasits own idiosyncrasiesvith which to contend.Thereis currentlyno singlesegmen-
tationmethodthatyields acceptableesultsfor every medicalimage. Methodsdo exist
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thatare moregeneraland can be appliedto a variety of data. However, methodsthat
arespecializedo particularapplicationanoftenachiee betterperformancdy taking
into accountprior knowvledge. Selectionof an appropriateapproacho a segmentation
problemcanthereforebe a difficult dilemma.

This chapterprovidesan overview of currentmethodsusedfor computerassistedr
computerautomatedegmentatiorof anatomicamedicalimages Methodsandapplica-
tionsthathave appearedhn therecentliteraturearebriefly described A full description
of competingmethodss beyond the scopeof this chapterandthe readersarereferred
to referencegor additionaldetails. We focusinsteadon providing the readeranintro-
ductionto thedifferentapplicationsof sggmentatiorin medicalimagingandthevarious
issuesthat mustbe confronted. Also, we refer only to the mostcommonlyusedradi-
ological modalitiesfor imaging anatomy: magneticresonancémaging (MRI), X-ray
computedomography(CT), ultrasoundandX-ray projectionradiographyMost of the
conceptglescribedhowever, areapplicableto otherimagingmodalitiesaswell.

This chapteris organizedasfollows. In Section2, commonterminologyandissues
associatedvith the sgmentatiorof medicalimagesaredefinedanddiscussedin Sec-
tion 3, we briefly describamethodologiesisedin commonsegmentatiorapproachedn
Section4, we review the waysin which segmentatiormethodshave recentlybeenap-
plied in differentimagingmodalities. Finally in Section5, importantissuesrelatingto
thefuture of medicalimagesegmentatiorarediscussed.

2 Background

In thissectionwe defineterminologythatwill beusedhroughoutinddescribeémportant
issuedn the sggmentatiorof medicalimages.

2.1 Definitions

Animageis acollectionof measuremenia two-dimensionaf2-D) or three-dimensional
(3-D) space.In medicalimagesthesemeasurementsr image intensitiescanbe radia-
tion absorptionn X-rayimaging,acoustigressurén ultrasoundor RF signalamplitude
in MRI. If asinglemeasuremeris madeat eachlocationin theimage,thentheimage
is calleda scalarimage. If morethanonemeasuremeris made(eg. dual-echaviRl),
the imageis called a vector or multi-channelimage. Imagesmay be acquiredin the
continuougdomainsuchason X-ray film, orin discretespaceasin MRI. In 2-D discrete
imagesthelocationof eachmeasuremens calledapixelandin 3-D imagesit is called
avoxel For simplicity, we will oftenusetheterm“pixel” to referto boththe 2-D and
3-D cases.

Classically imagesegmentationis definedasthe partitioningof animageinto non-
overlapping,constituentegionswhich arehomogeneouwith respecto somecharac-
teristicsuchasintensityor texture[66, 59, 132,. If thedomainof theimageis givenby
I, thenthe segmentationproblemis to determinethe setsS; C I whoseunionis the
entireimagel. Thus,thesetsthatmake up a sggmentatiormustsatisfy

K
I={J S 1)
k=1

whereS; N S; = 0 for k # j, andeachSy, is connectedldeally, a sgmentatiormethod
findsthosesetsthatcorrespondo distinctanatomicaktructuresr regionsof interestin
theimage.
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Whenthe constrainthatregionsbe connecteds removed, thendeterminingthe sets
Sy is calledpixel classificationandthe setsthemselesarecalledclasses Pixel classi-
ficationratherthanclassicalsegmentationis often a desirablegoalin medicalimages,
particularlywhendisconnectedegions belongingto the sametissueclassneedto be
identified. Determinatiorof the total numberof classesK in pixel classificatiorcanbe
a difficult problem[97]. Often,the valueof K is assumedo be knowvn basedon prior
knowledgeof theanatomybeingconsidered.

Labelingis the procesof assigninga meaningfuldesignatiorio eachregion or class
andcanbe performedseparatelffrom segmentation.lt mapsthe numericalindex & of
set Sk, to ananatomicadesignation.ln medicalimaging,the labelsare oftenvisually
olviousandcanbedeterminediponinspectionby a physicianor technician.Computer
automatediabelingis desirablevhenlabelsarenotobviousandin automategbrocessing
systems.A typical situationinvolving labelingoccursin digital mammographyvhere
theimageis sggmentednto distinctregionsandtheregionsaresubsequenthiabeledas
beinghealthytissueor tumorous.

Methodswhichdelineateastructureor structuresn animage,includingbothclassical
segmentatiorandpixel classificatiormethodsare consideredn this review. Although
we do not discussspecificlabeling methods,we will discussseveral techniqueghat
performbothsegmentatiorandlabelingsimultaneously

Two fields closely relatedto segmentationthat we do not discusshereare feature
detectionand motion estimation. The distinctionwe male betweenseggmentationand
featuredetections thatfeaturedetectionis concernedvith determiningthe presencef
someimagepropertywhile sgmentatiorgenerallyassumeshatthe propertyis already
presentandattemptgo preciselylocalizeareaghatpossesshe property For example,
edgedetectionmethodscan determinethe location of edgesin an imagebut without
furtherprocessingdo not necessarilyextractary region of interest. Motion estimation
methodftenconsisiof applyingsegmentatioralgorithmsto time sequencesf images.
We considetthis applicationof segmentatiorto be a separatédranchof researctanddo
notincludeit in this review.

2.2 Dimensionality

Dimensionalityrefersto whethermsegmentatiormethodoperatesn a2-D imagedomain
or a 3-D imagedomain. Methodsthatrely solely on imageintensitiesareindependent
of the imagedomain. However, certainmethodssuchas deformablemodels,Markov
randomfields,andregion growving (describedn Section3), incorporatespatialinforma-
tion andmaythereforeoperatalifferentlydependingpnthedimensionalityof theimage.
Generally 2-D methodsareappliedto 2-D imagesand3-D methodsareappliedto 3-D
images.In somecaseshowever, 2-D methodsareappliedsequentiallyto the slicesof a
3-Dimage[7, 52,103 141]. Thismayarisebecausef practicalreasonsuchaseaseof
implementationJower computationatompleity, andreducedmemoryrequirements.
In addition,certainstructuresaremoreeasilydefinedalong2-D slices.

A uniguesituationthat occursin medicalimage segmentationis the delineationof
regionsonanon-Euclideaomain,suchasin braincortex parcellatiorf148, 156. This
is essentiallysggmentationon a surfaceof measurementsBecausea surfaceis a 2-D
objectfoldedin 3-D spacesegymentationon a surfacecannot be treatedasa standard
2-D or 3-D problem. The modelingof spatialcharacteristic@longa surfaceis much
moredifficult thanin a standardmagingplanebecausef the irregular samplingused
by meshrepresentationandbecaus®f the needto computegeodesic$89]. Thisis an
emeging areaof researclandpreliminaryresultshave shavn greatpromise.
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Figurel: lllustrationof partialvolumeeffect: (a) Idealimage,(b) acquiredmage.

2.3 Softsgmentatiorand partial volumeeffects

Segmentationghat allow regions or classedo overlap are called soft sggmentations
Soft sggmentation@reimportantin medicalimagingbecausef partial volumeeffects
where multiple tissuescontrilute to a single pixel or voxel resultingin a blurring of
intensityacrosshoundariesFigurel illustrateshow the samplingprocesscanresultin
partialvolumeeffects,leadingto ambiguitiesin structuraldefinitions.In Figurelb, it is
difficult to preciselydeterminehe boundarie®f the two objects.A hard sggmentation
forcesa decisionof whethera pixel is inside or outsidethe object. Soft sgmentations
on the other hand, retain more information from the original image by allowing for
uncertaintyin the locationof objectboundaries Note thatthe point spreadunction of
animagingdevice canbelargerthanthe spatialextentof a singlepixel or voxel. Thus,
partial volumeeffectscancauseboundariego be blurredacrosssignificantportionsof
animage.

In pixel classificatiormethodsthenotionof asoftsegmentatiorstemsromthegener
alizationof asetcharacteristicfunction A characteristiéunctionis simply anindicator
functionof wherea pixel is insideor outsideits correspondinget. For alocationj € I,
thecharacteristiéunctiony(j) of thesetSy, is definedto be

{1 if j €Sk

Xk () = 0 otherwise (2)

Characteristidunctionscanbe generalizedo membeship functions[205] which need
notbebinaryvalued.Membershigunctionsmy(j) satisfythefollowing constraints:

0 <mg(j) <1, forallk,j 3)
K
> mg(j) =1, forall j (4)
k=1

The value of a membershigdunction m(;j) canbe interpretedas the contribution of
classk to locationj. Thus,whererer membershipvaluesaregreaterthanzerofor two
or moreclassesthoseclasseareoverlapping.Conversely if the membershigunction
is unity for somevalueof j andk, thenclassk is the only contrituting classatlocation
j- Membershigunctionscanbederived usingfuzzy clusteringandclassifieralgorithms
[140, 71], statisticalalgorithmsin which casethe membershigunctionsareprobability
functions[106, 197, or they canbe computedasestimate®f partial volumefractions
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[24]. Softseggmentationdasedn membershigunctionscanbeeasilyconvertedto hard
segmentationdy assigninga pixel to its classwith thehighestmembershiwalue.

2.4 Continuousor discretesegmentations

Nearlyall medicalimagesusedfor imagesegmentatiorarerepresentedsdiscretesam-
plesonauniformgrid. Segmentatiormethodgypically operateonthesamediscretegrid
astheimage.However, certainmethodsuchasdeformablenodels(seeSection3.7)are
capableof operatingin the continuousspatialdomain,therebyproviding the potential
for subpiel accurag in delineatingstructures.Subpixel accurag is desirableparticu-
larly whentheresolutionof theimageis onthesameorderof magnitudeasthestructure
of interest.

Seggmentatioron the continuougiomainis notequivalentto partialvolumeestimation
or othersoft sggmentatiormethods Partial volumeestimationrmethodanerelyprovide
thefractionof astructurewhichis presentn avoxel. Thismaybesuficientfor quantifi-
cationpurposesut not in situationswherepreciselocalizationis required,suchasfor
tumorsin sumgical or radiotherap planning.Continuousegmentatiormethodsactually
reconstruchow a structurepasseshrougha voxel. Although continuoussegmentation
methodshave subpixel or subvoxel resolution their precisionandaccurag arestill de-
pendenbn the resolutionof the original data. Furthermorethis level of precisioncan
bedifficult to validateon realdata.

2.5 Interaction

Thetradeof betweermanualinteractionandperformances animportantconsideration
in ary segmentatiorapplication.Manualinteractioncanimprove accurag by incorpo-
ratingprior knowledgeof anoperator However, for large populationstudiesthis canbe
laboriousandtime consuming.

Thetypeof interactionrequiredby segmentatiormethodscanrangefrom completely
manualdelineationof an anatomicaktructure to the selectionof a seedpoint for a re-
gion growing algorithm(seeSection3.2). The differencesn thesetypesof interaction
arethe amountof time andeffort required,aswell asthe amountof training required
by anoperator Methodsthatrely on manualinteractioncanalsobevulnerableto relia-
bility issuesHowever, even“automated’segmentatiormethodgypically requiresome
interactionfor specifyinginitial parameter¢hatcansignificantlyaffect performance.

2.6 Validation

In orderto quantifythe performancef a segmentatiormethod,validationexperiments
arenecessaryalidationis typically performedusingoneof two differenttypesof truth
models.Themoststraightforvard approacho validationis by comparingheautomated
segmentationsvith manuallyobtainedsegmentationgcf. [199, 186]). This approach,
besidessuffering from the dravbacksoutlinedin the previous section,doesnot guaran-
teea perfecttruth modelsincean operators performanceanalsobeflawed. The other
commonapproachto validating segmentationmethodsis throughthe useof physical
phantomg102] or computationaphantomg36]. Physicalphantomsrovide anaccu-
rate depictionof the imageacquisitionprocessout typically do not presenta realistic
representationf anatomy Computationaphantomscanbe morerealisticin this latter
regard,but simulatetheimageacquisitionprocesaisingonly simplifiedmodels.
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Oncea truth modelis available, a figure of merit must be definedfor quantifying
accurag or precision(cf. [20]). The choiceof the figure of merit is dependenbn
the applicationand can be basedon region information suchasthe numberof pixels
misclassifiedpr boundaryinformationsuchasdistanceto the trueboundary A suney
onthistopicis providedin [206].

3 Methods

In this section,we briefly describeseveral commonapproacheshat have appearedn
therecentiteratureon medicalimagesegmentationWe defineeachmethod provide an
overvien of haw the methodis implementedanddiscussts advantagesanddisadan-
tages. Although eachtechniqueis describedseparatelymultiple techniquesare often
usedin conjunctionwith oneanotherfor solvingdifferentsegmentatiorproblems.

We divide sgmentatiormethodsinto eight cateyories: (1) thresholdingapproaches,
(2) region growing approaches(3) classifiers,(4) clusteringapproaches(5) Markov
randonfield models(6) artificial neuralnetworks, (7) deformablenodels and(8) atlas-
guidedapproachesOthernotablemethodghatdo notbelongto ary of thesecategories
aredescribedat the endof this section.Of themethoddiscussedh this section thresh-
olding, classifiey clustering,and Markov randomfield approachesan be considered
pixel classificatiormethods.

Most of theimageseggmentatiormethodghatwe will describecanbe posedasopti-
mizationproblemsvherethedesiredsegmentatiorminimizessomeenegy or costfunc-
tion definedby the particularapplication.In probabilisticmethodsthis is equivalentto
maximizinga likelihoodor a posteriori probability Giventheimagey, we desirethe
seggmentationk suchthat

% = argmin€(x,y) (5)

where&, the enegy function,depend®n the obseredimagey anda segmentationx.
Defininganappropriate is amajordifficulty in designingsegmentatioralgorithmsbe-
causeof thewide variety of imagepropertieshatcanbe used,suchasintensity edges,
andtexture. In additionto informationderived from the image, prior knowledgecan
alsobe incorporatedo furtherimprove performance.The advantageof posinga sey-
mentationasanoptimizationproblemis thatit preciselydefineswhatis desirablen the
segmentation. It is clearthatfor differentapplicationsdifferentenegy functionsare
necessary

Severalgenerakuneys onimagesegmentatiorexist in theliterature[66, 132. Addi-
tionalsuneys onimagesegmentatiorspecificallyfor medicalimageshave alsoappeared
[21, 11,172 208 29, 6].

3.1 Thresholding

Thresholdingapproacheseggmentscalarimagesby creatinga binary partitioningof the

imageintensities.Figure2ashavs the histogramof a scalarimagethatpossessethree

apparentlassesorrespondingo the threemodes.A thresholdingprocedureattempts
to determinaanintensityvalue,calledthethreshold which separatethedesiredclasses.
The segmentatioris thenachieved by groupingall pixelswith intensitygreaterthanthe

thresholdnto oneclassandall otherpixelsinto anotherclass.Two potentialthresholds
areshavn in Figure2aatthe valleys of the histogram.Determinatiorof morethanone

thresholdvalueis a processalledmultithresholdind155].
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Figure 2: Featurespacemethodsandregion growing: (a) a histogramshawing three
apparentlasses(b) a 2-D featurespace(c) exampleof region growing.

Thresholdingis a simple yet often effective meansfor obtaininga segmentationin
imageswheredifferentstructureshave contrastingntensitiesor otherquantifiablefea-
tures. The partitionis usuallygeneratednteractiely, althoughautomatednethodsdo
exist [155]. For scalarimages,interactve methodscanbe basedon an operators vi-
sualassessmerf theresultingsegmentatiorsincethethresholdingoperationis imple-
mentablen real-time.

Thresholdings oftenusedasaninitial stepin a sequencef imageprocessingpera-
tions. Its mainlimitationsarethatin its simplesform only two classesregenerateénd
it cannot be appliedto multi-channelimages.In addition,thresholdingypically does
nottake into accounthespatialcharacteristicef animage.This causedt to besensitve
to noiseandintensityinhomogeneitiesyhich canoccurin magneticcesonancémages
(seeSection4.2). Both theseartifactsessentiallycorruptthe histogramof the image,
makingseparationmoredifficult. For thesereasonsyariationson classicathresholding
have beenproposedor medicalimagesegmentatiorthatincorporateanformationbased
onlocalintensitieg104] andconnectiity [99]. A suney onthresholdingechniquess
providedin [155].

3.2 Raiongrowing

Region growing is a techniquefor extractinga region of the imagethatis connected
basedon somepredefinectriteria. This criteria canbe basedon intensityinformation
and/oredgesn theimage[66]. In its simplestorm, regiongrowing requiresaseedoint
thatis manuallyselectedoy an operatorandextractsall pixels connectedo theinitial
seedwith thesameintensityvalue. Thisis depictedn Figure2b, whereregion growing
hasbeenusedto isolateoneof thestructuredrom Figurela.

Like thresholdingregion growing is not often usedalonebut within a setof image
processingoperationsparticularly for the delineationof small, simple structuressuch
astumorsandlesions[57, 143. Its primarydisadwantageis thatit requiresmanualin-
teractionto obtainthe seedpoint. Thus, for eachregion that needsto be extracted,a
seedmustbe planted. Split and meige algorithmsarerelatedto region growing but do
not requirea seedpoint [115]. Region growing canalsobe sensitve to noise,causing
extractedregionsto have holesor even becomedisconnectedCorversely partial vol-
ume effects can causeseparataegionsto becomeconnected.To help alleviate these
problems,a homotopicregion growing algorithmhasbeenproposedhat preseresthe
topology betweenan initial region and an extractedregion [114]. Fuzzyanalogieso
region growing have alsobeendeveloped[183].
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3.3 Classifies

Classifiermethodsare patternrecognitiontechniquegshat seekto partition a feature
spacederivedfrom theimageusingdatawith known labels[159, 11]. A featue spacds
therangespaceof ary functionof theimage with themostcommonfeaturespacebeing
the imageintensitiesthemseles. A histogram,asshavn in Figure 2a, is an example
of a 1-D featurespace.Figure2c shavs an exampleof a partitioned2-D featurespace
with two apparentlassesAll pixelswith theirassociatefeaturesontheleft sideof the
partitionwould be groupednto oneclass.Althoughthefeaturesusedcanberelatedto
textureor otherpropertieswe assumdor simplicity thatthefeaturesaresimplyintensity
values.

Classifiersareknown assupervisednethodssincethey requiretraining datathatare
manuallysegmentedandthenusedasreference$or automaticallyseggmentingnew data.
Thereareanumberf waysin whichtrainingdatacanbeappliedin classifiemethods A
simpleclassifielis the nearest-neighbalassifiey whereeachpixel or voxel is classified
in thesameclassasthetrainingdatumwith theclosesintensity Thek-nearest-neighbor
(KNN) classifielis ageneralizatiorof thisapproachwherethepixel is classifiedaccord-
ing to the majority vote of the k closestrainingdata. The KNN classifieris considered
anonparametriclassifiersinceit makesno underlyingassumptioraboutthe statistical
structureof the data. Anothernonparametriclassifieris the Parzenwindow, wherethe
classificatioris madeaccordingto the majority vote within a predefinedvindow of the
featurespacecenteredat the unlabeledixel intensity

A commonly-usegarametricclassifieris the maximumlikelihood (ML) or Bayes
classifier It assumethatthepixel intensitiesareindependensamplegrom amixture of
probability distributions,usuallyGaussianThis mixture, calleda finite mixturemodel,
is givenby the probability densityfunction

K
Flys0,m) =D mfr(y;s Ok) (6)
k=1
wherey; is theintensityof pixel j, fi is acomponenprobability densityfunctionpa-
rameterizedy 60y, andd = [61,...,0k]. Thevariablesr; aremixing coeficientsthat
weightthe contritution of eachdensityfunctionandn = [ry,...,7k]. Trainingdata
is collectedby obtainingrepresentate samplesrom eachcomponenbf the mixture
model and then estimatingeaché, accordingly For Gaussiammixtures, this means
estimatingK means covariancesandmixing coeficients. Classificationof new data
is obtainedby assigningeachpixel to the classwith the highestposteriorprobability
Whenthedatatruly follows afinite Gaussiammixture distribution, the ML classifiercan
performwell andis capableof providing a soft sgmentationcomposedf the poste-
rior probabilities. Additional parametricandnonparametriclassifiersaredescribedn
[208].

Standarctlassifiergequirethatthe structureso be segmentedpossesslistinctquan-
tifiablefeaturesBecausédrainingdatacanbelabeled classifiercantransferthesdabels
to new dataaslong asthefeaturespacesuficiently distinguishegachlabelaswell. Be-
ing non-iteratve, they arerelatively computationallyefficient and unlike thresholding
methods they canbe appliedto multi-channelimages. A disadwantageof classifiers
is that they generallydo not performary spatialmodeling. This weaknesiasbeen
addressedh recentwork extendingclassifiermethodsto sggmentingimagesthat are
corruptedby intensityinhomogeneitie$197]. Neighborhoodand geometricinforma-
tion werealsoincorporatednto a classifierapproachin [85]. Anotherdisadwantageis
therequiremenof manualinteractionfor obtainingtraining data. Training setscanbe
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acquiredfor eachimagethatrequiressegmenting,but this canbe time consumingand
laborious. On the otherhand,useof the sametraining setfor a large numberof scans
canleadto biasedresultswhich do not take into accountanatomicaknd physiological
variability betweerdifferentsubjects.

3.4 Clustering

Clusteringalgorithmsessentiallyperformthe samefunction asclassifiermethodswith-
out the useof trainingdata. Thus,they aretermedunsuperviseanethods.In orderto
compensatéor the lack of training data,clusteringmethodsiteratebetweensegment-
ing theimageandcharacterizinghe propertiesof the eachclass.In a senseglustering
methoddrainthemselesusingthe availabledata.
Threecommonlyusedclusteringalgorithmsarethe K-meansr ISODATA algorithm
[34], the fuzzy c-meansalgorithm [46, 11], and the expectation-maximizatiofEM)
algorithm[102, 107. The K-meansclusteringalgorithm clustersdataby iteratively
computinga meanintensityfor eachclassandsegmentingtheimageby classifyingeach
pixel in the classwith the closestmean[75]. Figure3b shavs theresultof applyingthe
K-meansalgorithmto asliceof aMR brainimagein Figure3a. The numberof classes
was assumedo be three, representingfrom dark gray to white) cerebrospinafluid,
gray matter andwhite matter The fuzzy c-meansalgorithmgeneralizeshe K-means
algorithm[11], allowing for softsggmentationbasednfuzzy settheory[205]. TheEM
algorithmappliesthe sameclusteringprincipleswith the underlyingassumptiothatthe
datafollows a Gaussiarmixture model (seeEq. (6)). It iteratesbetweencomputing
the posteriorprobabilitiesandcomputingmaximumlik elihood estimateof the means,
covariancesandmixing coeficientsof the mixture model.
Althoughclusteringalgorithmsdo not requiretrainingdata,they dorequireaninitial
segmentation(or equivalently initial parameters)The EM algorithmhasdemonstrated
greatersensitvity to initialization thanthe K-meansor fuzzy c-meansalgorithms[42].
Like classifiermethodsglusteringalgorithmsdo not directly incorporatespatialmodel-
ing andcanthereforebe sensitve to noiseandintensityinhomogeneitiesThis lack of
spatialmodeling,however, canprovide significantadvantagedgor fastcomputatiori69].
Work onimproving therohustnes®f clusteringalgorithmsto intensityinhomogeneities
in MR imageshasdemonstratedxcellentsucces$s8, 14(. Rokustnesso noisecanbe
incorporatedisingMarkov randomfield modelingasdescribedn the next section.

3.5 Markov randomfield models

Markov randomfield (MRF) modelingitself is not a sggmentationmethodbut a sta-
tistical modelwhich can be usedwithin sgmentationmethods. MRFs model spatial
interactionshetweenneighboringor nearbypixels. Theselocal correlationsprovide a
mechanisnfor modelinga variety of imagepropertied105]. In medicalimaging,they
aretypically usedto take into accounthefactthatmostpixels belongto the sameclass
astheirneighboringpixels. In physicalterms,this impliesthatary anatomicabtructure
that consistsof only one pixel hasa very low probability of occurringundera MRF
assumption.

MRFsareoftenincorporatednto clusteringsegmentatioralgorithmssuchasthe K -
meansalgorithmundera Bayesiarprior model[133, 149, 70,58]. The sggmentatioris
thenobtainedby maximizingthe a posterioriprobability of the sgmentatiorgiventhe
imagedatausingiterative methodssuchasiteratedconditionalmodeq10] or simulated
annealing[54]. Figure 3c, shawvs the robustnesgo noisein a sggmentationresulting
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Figure3: Segmentatiorof aMR brainimage:(a) originalimage,(b) segmentatiorusing
the K-meansalgorithm,(c) sgmentatiorusingthe K-meansalgorithmwith a Markov
randomfield prior.

from an MRF prior. The sgmentationis muchsmootherthanthe non-MRFresult of
Figure3h

A difficulty associatedvith MRF modelsis properselectionof the parametergon-
trolling the strengthof spatialinteractions[105]. Too high a settingcanresultin an
excessiely smoothsegmentatioranda lossof importantstructuraldetails.In addition,
MRF methodsusuallyrequirecomputationallyintensve algorithms.Despitethesedis-
adwantagesMRFsarewidely usednot only to modelsegmentationclasseshut alsoto
modelintensityinhomogeneitiethatcanoccurin MR imaged70] andtexture properties
[153.

3.6 Artificial neural networks

Artificial neuralnetworks (ANNs) are massiely parallel networks of processingele-
mentsor nodesthat simulatebiologicallearning. Eachnodein an ANN is capableof
performingelementarycomputations.Learningis achiered throughthe adaptatiorof
weightsassignedo the connectionsetweennodes. A thoroughtreatmenton neural
networks canbefoundin [27, 68].

ANNSs representa paradigmfor machinelearningand can be usedin a variety of
waysfor imagesegmentation.The mostwidely appliedusein medicalimagingis asa
classifier[64, 53], wherethe weightsaredeterminedusingtraining data,andthe ANN
is thenusedto sgmentnewn data.ANNs canalsobe usedin anunsupervisefiashionas
aclusteringmethod[11, 152, aswell asfor deformablemodels[191].

Becausef the mary interconnectionsisedin a neuralnetwork, spatialinformation
caneasilybeincorporatednto its classificatiorproceduresAlthough ANNs areinher
ently parallel,their processings usuallysimulatedon a standardserialcomputer thus
reducingthis potentialcomputationahdwantage.

3.7 Deformablemodels

Deformablemodelsare physically motivated, model-basedechniquedor delineating
region boundariesaisingclosedparametriccurvesor surfacesthatdeformunderthein-
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(b)

Figure4: (a) A 2-D exampleof usinga deformablecontourto extracttheinnerwall of
the left ventricle of a humanheartfrom an MR image. Theinitial deformablecontour
(plottedin gray) andthe final corverged result(plottedin white). (b) A 3-D example
of usinga deformablesurfaceto reconstructhe brain cortical surfacefrom a 3-D MR
image.

fluenceof internalandexternalforces. To delineatean objectboundaryin animage,a
closedcune or suriacemustfirst be placednearthe desiredboundaryandthenallowed
to undego an iterative relaxationprocess. Internal forcesare computedfrom within

the curve or surfaceto keepit smooththroughouthe deformation.Externalforcesare
usuallyderived from theimageto drive the curve or surfacetowardsthe desiredfeature
of interest.Figure4ashavs an exampleof applyinga 2-D deformablemodelor active
contourto a MR heartimage.Theactive contourwasinitialized asa circle, andthenal-

lowedto deformto theinnerboundaryof theleft ventricle.Figure4b shavs anexample
of a3-D deformablesurfacethatwasusedto extractthecerebrakortex fromaMR head
scan.

Mathematically a deformablemodelmovesaccordingto its dynamicequationsand
seekgheminimumof agivenenegy functional[87, 180. Thedeformatiorof atypical
2-D deformablemodelcanbe characterizethy thefollowing dynamicequation:

2
MDLELL ST CLIES S )
wherex(s,t) = (z(s,t),y(s,t)) is a parametricrepresentationf the position of the
modelat a giventime ¢, andu(s) and~y(s) areparametersepresentinghe massden-
sity anddampingdensityof the model,respectiely. Eq.(7) causeshe modelto move
accordingo thedirectionandmagnitudeof the forceson the right handside. The most
commonlyusedinternalforcesare

0 0x(s,t) 0? 0’x
m-a@@%)—@@@@ ®
whichrepreseninternalstretchingandbendingforces. The mostcommonlyusedexter-
nal forcesarecomputedasthe gradientof anedgemap(asshavn in Figure4b).
Themainadwantage®f deformablanodelsaretheirability to directlygeneratelosed

parametricurvesor surlacesfrom imagesandtheir incorporationof a smoothnesson-
straintthatprovidesrobustnesgo noiseandspuriousedges A disadwantagds thatthey
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@) (b) (c)

Figure 5: Demonstrationof atlas warping: (a) templateimage, (b) target image,
(c) warpedtemplate(iImagesprovided courtesyof G.E. ChristensemndM.l. Miller).

requiremanualinteractionto placeaninitial modelandchooseappropriatgparameters.
Reducingsensitvity to initialization hasbeenatopic of researclihathasdemonstrated
excellentsucces$33, 18,112 201]. Standardleformablemodelscanalsoexhibit poor
convergenceto concae boundariesThis difficulty canbe alleviatedsomeavhatthrough
theuseof pressurdorces[33] andothermodifiedexternalforcemodels[201]. Another
importantextensionof deformablemodelsis the adaptvity of modeltopologyusingan
implicit representatioratherthananexplicit parameterizatiofi8, 112 11§. A general
review ondeformablemodelsin medicalimageanalysiscanbefoundin [119].

3.8 Atlas-guidecappmoadces

Atlas-guidedapproachesre a powerful tool for medicalimage seggmentatiorwhena
standardatlasor templateis available. The atlasis generatedhy compilinginformation
ontheanatomythatrequiressegmenting.This atlasis thenusedasareferencdramefor
segmentingnew images.Conceptuallyatlas-guide@pproachearesimilarto classifiers
exceptthey areimplementedn the spatialdomainof the imageratherthanin afeature
space.

Thestandardtlas-guidedpproachreatssegmentatiorasaregistrationproblem(see
[1171] for adetailedsuney onregistrationtechniques)lt first findsaone-to-ondransfor
mationthatmapsa pre-sgmentedatlasimageto thetamgetimagethatrequiressegment-
ing. This processs oftenreferredto asatlaswarping The warpingcanbe performed
usinglinear[175, 96, 15]] transformationdut becausef anatomicalariability, a se-
quentialapplicationof linearand non-linear[35, 39, 26, 156 transformationss often
used.An exampleof atlaswarpingfor a MR headscanis shavn in Figure5 [26]. Be-
causeheatlasis alreadysegmentedall structurainformationis transferredo thetamget
image.Thisis shavn in Figure6, wherethe Talairachbrainatlas[175] hasbeenmapped
toanMR image[39].

Atlas-guidedapproachebave beenappliedmainly in MR brainimaging. An adwan-
tageof atlas-guidedpproachess thatlabelsaretransferrecaiswell asthe sggmentation.
They alsoprovide astandargystenfor studyingmorphometrigropertie§41, 181, 79].
Evenwith non-lineamregistrationmethodshowever, accuratesggmentation®f comple
structuresgs difficult dueto anatomicabariability. Thisis shawn in Figure6 wherethe
cerebralkcorte is not sgmentedasaccuratelyasshovn in Figure3. Thus,atlas-guided
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Figure6: Threeslicesfrom a MR brain volume overlaid with a warpedatlas(Images
provided courtesyof C.A. Davatzikos).

approachearegenerallybettersuitedfor segmentatiorof structureghatarestableover
thepopulationof study Onemethodthathelpsmodelanatomicalariability is theuseof
probabilisticatlase$181] but theserequireadditionaltime andinteractionto accumulate
data.

3.9 Otherappmoades

Model-fitting is a sggmentatiormethodthattypically fits a simplegeometricshapesuch
asanellipseor parabolao the locationsof extractedimagefeaturesn animage[137].
It is atechniquewhich is specializedo the structurebeingsegmentedbut is easilyim-
plementedandcanprovide goodresultswhenthe modelis appropriate A moregeneral
approachs to fit splinecurvesor surfaceg[7] to the features.The maindifficulty with
model-fittingis that imagefeaturesmustfirst be extractedbeforethe fitting cantake
place.

Thewatershedlgorithmusesconceptfrom mathematicaiorphology{59] to parti-
tionimagesnto homogeneousgions[192]. This methodcansuffer from oversgmen-
tation, which occurswhenthe imageis sggmentednto an unnecessarilyarge number
of regions. Thus,watershedalgorithmsin medicalimaging are usuallyfollowed by a
postprocessingtepto meige separateegionsthatbelongto the samestructurg[161].

4 Modalities

In this section,we review the applicationof sggmentationto variousmedicalimaging
modalities.We describehe specificissuegelevantto eachmodalityandthe anatomical
regionsfor which sggmentatiormethodshave beenapplied. For informationaboutthe
physicsbehindtheimageacquisitionprocessn thesemodalities,see[110, 17(.

4.1 Magneticresonancémaging

The majority of researchin medicalimagesegmentatiorpertaingo its usefor MR im-
ages,especiallyin brainimaging. This is becauseof MR’s ability to provide a com-
bination of high resolution(on the order of 1mm cubic voxels), excellent soft tissue
contrastanda high signal-to-noiseatio. Furthermoremulti-channeMR imageswith
varying contrastcharacteristicgan be acquired,providing additionalinformation for
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distinguishingbetweerdifferentstructures For generakeviews on the segmentatiorof
MR images,see[11, 139, 106, 208 29]. Direct comparison®f differentmethodsfor
segmentingMR imagesarealsoavailable[187, 30, 64].

Becauseof its ability to derive contrastfrom a numberof tissueparametersmary
differentpulsesequencesxist for acquiringMR images Determiningthe optimalpulse
sequencéor obtainingaccuratesggmentationg147] is thereforeanimportantproblem
that requiresknowledge of the underlyingtissuepropertiesof the anatomyto be seg-
mented 141, 50]. Furthermorebecausef theanatomicabndphysiologicalvariability
betweendifferentsubjectsdifferentpopulationanay requiredifferentpulsesequences
[1417].

Much of theliteratureon segmentatiorin MRI focusesspecificallyon the segmenta-
tion of headscansn normalsubjects.Therearethreegeneralgoalsin this application:
1) extractthe brainvolume, 2) segmentbraintissueinto gray matter white matter and
cerebrospindluid, and3) delineatespecificbrain structuresuchasthe cerebrakortex
or thehippocampusAn exceptionto this catejorizationis theuseof atlas-guidedneth-
ods|[35], which arecapableof fully sgmentingandlabelingall structuresof the brain
simultaneouslybut alsohave certaindisadwantagegseeSection3.8). Overviens onthe
segmentatiorof neuroanatompreprovidedin [32, 19§.

Brain volumeextractionis a difficult problemin MR headscans particularlyin T1-
weightedimages. However, it is often a necessangtepbefore segmentationof other
structurescantake place. Problemsin brain volume extraction arisebecausehereis
a greatdealof overlapin intensityvaluesbetweerthe non-brainandbrain tissuesand
becausé¢he two canoftenappeatconnectedOnemethodto dealwith thesedifficulties
is to allow for somelossof brain tissuein a preliminary sgmentationstepand then
to recover the tissueusingmorphologicalffilters [16, 156. Several methodshave also
applieddeformablemodelsasa final stepin a sequenc®f imageprocessingperations
[84, 1, 5]. Atlas-guidedapproachebave alsobeenapplied[1].

Methodsthat attemptto sgmentbraintissueasgray matter white matter andcere-
brospinalfluid useeitherT1-weightedscalardata[77, 126, 72, 122, 149, 194 or mul-
tispectraldata[189, 108 24, 91, 55, 64, 30, 107, 67, 88, 182 157. Thetrendin the
literaturehasbeenfavoring the useof T1-weighteddatawhich is capableof providing
higherresolutiondatawithoutincreasingacquisitiontime andstill maintaininggoodtis-
suecontrastandlow noise. Classifierapproache§l7, 197, 85|, clusteringapproaches
[64, 107,144, neuralnetwork approachef64, 152, andMarkov randontields[70, 149
have all beenusedfor brainsegmentation Becausenostof thesemethodsarebasedn
intensity information,a major concernis the presencef intensityinhomogeneitiesa
topic discussedn the next section. Becausehe gray matterin the brain is thin and
highly corvoluted,partialvolumeeffectsareanothelimportantconsiderationEffortsin
modelingpartialvolumeeffectshave usedstatisticalmethodq24, 157, 158 17,76, 95),
soft sggmentatiorderived throughfuzzy settheory[28, 13, 154, 14Q, andlinearfilters
[166].

The automatedsegmentationof specificstructuredn brainsis animportantareaof
researcHor morphometricanalysis. Segmentationof the cerebralcortex hasreceved
much attentionwith most methodsemplag/ing deformablemodels[52, 40, 120, 178
200. Deformablemodelshave alsobeenusedfor sggmentinga variety of otherstruc-
turessuchastheventricles[116, 195, the corpuscallosum[41, 195, the hippocampus
[4, 56], andothers[173, 190 177]. Although not often employed for sggmentingthe
corte, atlas-guidednethodsalso appeamwell-suitedfor segmentingsubcorticalbrain
structuressuchasthe ventricles[2, 142 andthe hippocampug79]. Segmentationof
tumorsandlesionsin the brain hasbeenappliedto magneticresonancémagesusing
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neuralnetworks [207], atlas-guidedapproache$83], linear filters [166], fuzzy region
growing [185], anddeformablemodels[19]. Becauseof its compleity, this problem
typically requiresa sequencef operator§196, 57.
Besidesheadscansseggmentatiorhasalsobeenusedfor extractinga variety of other
structures.Sggmentationin cardiacimaginghasbeenusedfor delineatingthe cavities
of theleft ventricleusingregion growing andthresholdingapproachegl63, 44], aswell
asdeformablemodels[12, 145 9]. Deformablemodelsin cardiacimaging, however,
are more often proposedfor tracking motion in the heart[8]. Markov randomfield
modelshave beenusedfor sggmentingkneeimageg25] aswell asmagneticesonance
angiogramgMRASs) [188]. Othermethodsfor sgmentingMRAs include deformable
models[109] andthresholding31]. Although MRA doesnot requirecatheterization,
segmentatiorin standaradingiographys morecommonbecause®f its generallysuperior
contrasiandspatialandtemporalresolution[168, 48, 65, 47].

4.2 Intensityinhomaeneitiesn MRI

A major difficulty in the segmentationof MR imagesis the intensity inhomogeneity
artifact[162, 37, 164], which causes shadingeffectto appeaiovertheimage.Thisarti-
factcansignificantlydegradethe performancef methodghatassumehattheintensity
value of atissueclassis constanover the image. Figure 7ashavs an axially acquired
MR imageof afemaleheartwith myocardialinfarction. Intensityinhomogeneitiesire
noticeableparticularnearthe breastareas.Numerousapproachefave beenproposed
in theliteraturefor performingtissueclassificationin the presencef intensityinhomo-
geneityartifacts. Somemethodssuggest prefilteringoperatiorthatattemptdo remove
the inhomogeneityprior to actualsggmentation[108, 43, 123 76, 100, 92, 14, 164.
Methodsthat simultaneoushsegmentthe imagewhile estimatingthe inhomogeneity
however, offer the advantageof beingableto useintermediaténformationgainedfrom
thesegmentation.

Therearetwo prevailing approachesor modelinginhomogeneitiesn methodsthat
perform simultaneoussegmentation. The first approachassumeghat the meantis-
sueintensity for eachtissueclassis spatially varying andindependenbf oneanother
[133, 202 149 130. Thesecondapproachmodelstheinhomogeneitieasa multiplica-
tive gainfield [150, 14Q or additive biasfield of theimagelogarithm[197, 62, 70, 85]. It
is uncleawhich of thesewo providesmoreaccuratenodelingof inhomogeneitgffects,
althoughthe secondapproachhasthe adwantageof beingcomputationallylessexpen-
sive. The secondapproachcanalsobe usedfor remasing inhomogeneitieby simple
multiplication of the acquiredimageby thereciprocalof the estimatedjainfield. Fig-
ure 7 shaws the resultsof applyingthe adaptve fuzzy c-meansalgorithmthatperforms
a soft sggmentationwhile compensatindor intensityinhomogeneitiefl40]. The heart
imagewassagmentednto threeclasseandFigure 7d-f correspondo the membership
functionsfor thosethreeclassesFigure7b shavs thegainfield estimatedrom theorig-
inalimage.Thehardsegmentatiorin Figure7cwasobtainedasoutlinedin Section2.3.
Notethatthering artifactpresentn Figure7eresultsfrom partialvolumeeffectscausing
theboundanbetweerfat, skin,andair to have anintensitysimilarto thatof muscle.This
effectis commonanda disadwantageof intensity-basegixel classificatiormethods.

4.3 Chestradiography

Chestradiograph$iave notreceved muchrecentattentionin the sgmentatiorliterature
partly becausehe projectionnatureof theimagesmnakesquantificationandlocalization
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(d)

Figure 7: Exampleof simultaneousnhomogeneitycorrectionand soft sggmentation:
(&) MR heartimageacquiredusingafastspinechosequencén atrueaxial prescription,
(b) estimatedgain field, (c) hard segmentationinto threeclasses(d)-(f) membership
functionsof thethreeclasse¢Dataprovided courtesyof C. Constantinides).

a difficult task and also becauseheir analysisoften doesnot requirea segmentation
. Despitetheseissues efforts have beenmadefor sgmentingchestradiographsnto
anatomicalregions using classifiers[121, 193 and Markov randomfields [193]. In
addition, an algorithm hasbeenproposedfor delineatingposteriorrib bordersusing
active contourmodels[204].

4.4 Computedomayraphy

X-ray computedtomography(CT) alleviates someof the difficulties associatedvith
projectionradiographyandallows for 3-D imagingatresolutionsqualto or betterthan
MRI. Softtissuecontrastn CT is notasgoodasin MRI, but CT remainsthe modality
of choicefor imagingboneandbonetumors. Segmentationof bonecan be achieved
using thresholdingand region growing operationg60] aswell as more sophisticated
methodssuchasMarkov randomfields[135], deformablemodels[134, 177, 145 129,
andfuzzy region growing [183]. Oncesggmentedjmagerenderingsare often usedto
provide detailedvisualizationof skeletalstructure[184).

Segmentatiorin CT hasalsobeenappliedto thoracicscanausingstatisticalkclustering
[102], a combinationof region gronving and watershedalgorithms[199], a combina-
tion of region growing andfuzzy logic [15], and deformablemodels[174, 78, 149.
Somemethodshave beenappliedspecificallyfor the reconstructiorof bronchialtrees
[167, 136. CT imageshave alsobeenusedin brainsegmentatio103], althoughMR
imagingis presentlymorecommonin neuroimagingseggmentatiorapplications.In ad-
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Figure8: Segmentatiorin digital mammographyfa) digitizedmammogranandradiol-
ogist’s boundaryfor biopsy-preen malignantumor, (b) resultof watershedalgorithm,
(c) suspiciougegionsdeterminedoy automatednethod(lImagesprovided courtesyof
C.E.Priebe).

dition, liver sgmentatiorhasbeenperformedusing model-fitting[7], anddeformable
models[116, 49, 127, 56]. Deformablemodelshave alsobeenappliedin otherCT sey-
mentationapplications,ncluding the delineationof abdominalaortic aneurysmg80],
segmentatiorof thestomacH113], andsegmentatiorof theheart[117, 78,160.

4.5 Digital mammgraphy

Segymentatiorin digital mammographys typically performedor localizationof tumors
[143, 103, microcalcificationclusters[23, 74, 171], or otherindicatorsof pathology
[82]. In delineatingsuspiciousmassedor mammographysegmentationmethodsare
typically employed in oneof two ways. In the first approachthe mammogranis ini-
tially segmentedinto candidateregionswhich arethenlabeledasbeing suspiciousor
normal[144, 104, 74, 86]. In thesecondapproachtheimageis first processetb detect
for the presencef pathologyanda segmentationis performedasa final stepto deter
mineits preciselocation[23, 94, 63, 22]. Thresholdingandits variationsarethe most
often usedseggmentationtechniqguein mammography144, 171, 23, 63, 74], although
extensionsof region growving methodshave alsobeenproposed94, 143. A compar
ison of thresholdingandregion growing was presentedn [82]. Becausepathological
areaoften possesslifferenttextural propertiesn mammogramsyiarkov randomfield
methodshave alsobeensuccessfullyemplo/ed[104, 22).

Figure8 shavs an examplewherethe mammogranis initially oversgmenteadusing
awatershedhlgorithm. A statisticalclassifier{146] is thenusedto determinewhichre-
gionscontainmicrocalcifications.This classificationstepis typically performedusing
textural properties As illustratedin thefigure,falsepositvescanbe a significantprob-
lemin the detectionof suspiciousnassesn mammogramsalthoughin this case they
fall outsidethe breastarea).For thesereasonscomputerautomatedletectionin mam-
mographyhasbeenusedonly asanaidto increasehereliability of aphysicians diagno-
sis. Improvedinitial sggmentationsnayleadto areductionin false-posities. Notealso
thata perfectdelineatiorof massess difficult but notoftennecessarin mammography
sincedetections the primarygoal.
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4.6 Ultrasound

Segymentatioralgorithmshave hadfairly limited applicationin ultrasoundmaging.High
levels of specklingpresenin ultrasoundmagesmake accurateseggmentationgifficult.
Furthermorethe real-timeacquisitionin ultrasoundmalesit bettersuitedfor motion
estimationtasks(cf. [45, 124)) whereactive contourspecaus®f their dynamicnature,
areoftenused.Ultrasoundis alsooftenemplo/edin detectingpathologyusingtextural
classifiergcf. [125, 81]) but regionsof interestaretypically obtainedthroughmanual
interaction.

Neverthelesssomeautomatedsegmentationvork hasbeenperformedin ultrasound
for extractinga variety of structures.In [179], athresholdingof intensity andtexture
statisticavasusedto sgmentovariancysts. Deformablemodelshave hadgoodsuccess
in ultrasoundapplicationssuchasin the sggmentatiorof echocardiogrami88, 160 78,
93). In [101], anactive contourwasusedto determinegthe boundaryof the calcaneusn
broadbandiltrasonicattenuatiorparameteimageswhich arelessnoisy thanstandard
ultrasoundmages.In [19, 13§, deformablemodelswereusedto determineghe bound-
ary of thefetusandthe fetusheadrespectiely. Deformablemodelshave alsobeenused
to sgmentcystsin ultrasoundbreastimages[203]. Othermethodshave beenapplied
for the sggmentationof coronaryarteriesin intravascularultrasoundmages[169] and
for sggmentingthe pubicarchin transrectalltrasound137].

4.7 Multimodal

Multimodal image segmentationattemptsto take adwantageof the differentkinds of
anatomicainformationprovided by differentimagingmodalities. For example,multi-
modalimagingcantake adwantageof the boneimagingcapabilitiesin CT andthe soft
tissueimaging capabilitiesin MRI. In brain imaging, functionalimaging datacanbe
usedto helpdelineateumors[29]. Therearetwo majordifficultiesin multimodalim-
age sggmentationhowever. First, multimodal datais not always available. Second,
whenthe datais available,they aretypically notin the samealignment,andtherefore
requireregistration[111]. Recentmethodshave beenproposedor simultaneouslyeg-
isteringandsegmentingmultimodalimaged3]. Oncetheimageshave beenregistered,
standardnulti-channelsggmentatiortechniqguesanbe applied. Segmentationof mul-
timodal imageswas tamgetedspecificallyin [131] using neuralnetworks, andin [73],
which presentec Bayesiarframeavork for simultaneousestoratiorandsegmentation.

5 Conclusion

Futureresearchn the sgmentatiorof medicalimageswill strive towardsimproving the
accuray, precisionandcomputationaspeedf sggmentatiormethodsaswell asreduc-
ing theamountof manualnteraction.Accuray andprecisioncanbeimprovedby incor
poratingprior informationfrom atlasesandby combiningdiscreteandcontinuous-based
segmentatiormethods. For increasingcomputationakfficiencgy, multiscaleprocessing
(cf. [51]) andparallelizablemethodssuchas neuralnetworks appearto be promising
approaches Computationakfficiengy will be particularlyimportantin real-timepro-
cessingapplications.

Possiblythe mostimportantquestionsurroundingthe useof imagesegmentationis
its applicationin clinical settings. Computerizedseggmentationmethodshave already
demonstratetheir utility in researctapplicationsandarenow garneringincreasedise
for computeraideddiagnosisandradiotherap planning. It is unlikely thatautomated
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segmentatiormethodswill ever replacephysiciandbut they will likely becomecrucial
element®f medicalimageanalysis.Segmentatiormethodswill beparticularlyvaluable
in areassuchas computerintegratedsuigery wherevisualizationof the anatomyis a
critical component.
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