
Evaluatingasegmentationalgorithmismeaningful
for a particular context only. A wayto estimatethe
resultsofamethodis toconsideracompletesystem
realizinga specifictask.

N. Ayache, 1996

Chapter 2

Automatic Segmentationof the
Brain fr om MRI–T1 Data

Abstract
A methodfor automaticsegmentationof the cerebralcortex from T1–weightedMR image
datahasbeendeveloped. The startingpoint is a supervisedsegmentationtechniquewhich
hasprovenhighly effective andaccuratefor visualizationpurposes.A techniqueis proposed
to automatethe requireduserinteraction,i.e., defininga seedpoint anda thresholdrange.
The thresholdsaredetectedin a region growing processandaredefinedby the linkagesof
thebrainto othertissues.Themethodis first evaluatedon threesimulateddatasetsby com-
paringtheautomatedsegmentationwith theoriginal distributions. Thesecondevaluationis
on a total of 30 patientdatasets,by comparingtheautomatedsegmentationswith supervised
segmentationscarriedout by a neuro-anatomyexpert for visualizationpurposes.Thecom-
parisonbetweentwo binarysegmentationsis performedbothquantitatively andqualitatively.
Theautomatedsegmentationsarefoundto bebothaccurateandreproducible.Theproposed
methodcan,consequently, be usedasa default segmentationfor visualizationpurposesin
routineclinical procedures.
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2.1 Intr oduction

Segmentationis the groupingof similar voxels into coherentvolumetricstructures
which mayberequiredfor quantitative volumetricanalysis,for morphologicalanal-
ysis, or for visualizationpurposes.An importantareais the segmentationof the
cerebralcortex, e.g., for quantitativeanalysisof differentbrainstructures(Kohnetal.
1991,Collinset al. 1992,Kikinis et al. 1992),labelingof corticalstructures(Sandor
and Leahy 1995), localizationof electrodeson the surfaceof the brain (Van den
Elsen1993),establishingabnormalgyration(Shentonet al. 1992),andproviding an
anatomicalframework for functionalstudiesof thecortex (seeChapter7).

Themostwidely appliedsegmentationtechniqueis manualsegmentation,which
hasseveral disadvantages:i) it generallyrequiresa high level of expertise,ii) it
is time andlaborconsuming,andiii) it is subjective andthereforenot reproducible.
Studiesinvestigatinginterandintra-patientvariationsin cerebralfunctionor anatomy
haverepeatedlyshown theseshortcomings,whichexplainsthedemandfor automated
techniques(Gerig et al. 1992,Kikinis et al. 1992,Shentonet al. 1992). We focus
on a supervisedmethodoriginally proposedby Höhneand Hanson(1992) that is
basedonregiongrowing andmorphologicaloperations.Theaimof thischapteris to
automatetheremaininguserinteractionin thisestablishedmethod,therebyobtaining
afully automatedsegmentationof thebrainandevaluatethesegmentationresultsfor
visualizationand volume estimationpurposes. We will first give an overview of
existing region growing basedtechniquesin thecontext of MRI brainsegmentation
followedby amorespecificintroductionto oursegmentationapproach.

2.1.1 Brain segmentationfr om MR images

In this chapterwe dealwith segmentationof MR brain images.In general,simple
segmentationtechniquesfail dramaticallybecauseof two disturbingfactors: i) The
MR acquisitionsuffers from imagegradientsand/orRF coil inhomogeneities,and
ii) differentanatomicalstructuresareoftenlinkedto eachotherowing to partialvol-
umeeffects,noise,imagingartefacts,or by connectingtissue(theopticnerves,blood
vessels,etc). The former factorcanbe compensatedfor to someextent by reduc-
ing thenon-uniformityof the intensities.To disconnectunwantedanatomicallinks,
theuseof morphologicaloperations(erosion/dilation)is rathereffective (Höhneand
Hanson1992).

MRI segmentationtechniquescanbe roughlydivided into: clusteringmethods,
region basedmethods,andedgebasedmethods.For a review on segmentationof
MRI datawe referto Clarke et al. (1995)andNiessen(1997).Herewe focuson the
regionbasedmethodswith regiongrowing asmaincontributor.

In regiongrowing basedtechniquesasegmentis formedby selectingaseedpixel
andcontinuouslyaddingneighboringpixels that meetcertain—generallysimple—
requirements,e.g., a threshold.Region growing hastheadvantageover thresholding
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thattheresultingobjectswill bespatiallyconnected.
In a classicalpaper, Zucker (1976)gave an overview of several merge-criteria

for region growing that wereproposedin the early literatureon this technique.A
more recentcomparisonof differentapproacheswas given by Jianget al. (1993).
Several techniqueshave beenreportedfor theuseof region growing in medicalim-
ages.Seededregion growing (AdamsandBischof1994,Justiceet al. 1997)makes
useof statisticalanalysison specifiedvoxelsto steertheregion growing. Changand
Li (1994)useda region growing processwherethe thresholdsaredynamicallyand
automaticallycomputedusingfeaturehistogramanalysis.

In general,region growing methodssuffer from connectionsto other tissues.
Combinationof region growing with approachesfrom mathematicalmorphology
(erosion/dilation) hasproven rathereffective (Höhneand Hanson1992). Others
haveusedaregiongrowing methodcombinedwith aconnectivity threshold(Barillot
et al. 1991)or interactive, semi-automaticleak removal (Sekiguchiet al. 1994). A
slightly differentapproachto regiongrowing wasreportedby Clineetal. (1987)who
performedasurfaceextractionfrom auserspecifiedseedpointon thesurface.Weak
connectingbridgesof a few pixelsin width wereeliminated.

Althoughseveralof theseapproachescanbeconsideredpowerful tools for seg-
mentation,noneof themis fully automaticandinteractionis requiredto performa
segmentationtask.Thisusuallyrequiresamedicalexpertto actively controltheseg-
mentationprocessandinteractively correctthe result(s).Oneof themostattractive
approachesis theinteractive segmentationtechniqueof HöhneandHanson(1992)

�

.
It is basedon region growing andmorphologicaloperations(especiallyerosionand
geodesicdilation, i.e., dilation within a maskvolume),andrequiresa userdefined
seedpointanda thresholdrange.

For theanalysisof medicalvolumedata,wehaveusedtheHöhneapproachincor-
poratedinto ANALYZETM (RobbandHanson1996)to segment,e.g., theaortafrom
CTA (Balmetal. 1997),andthebrainfrom MRI (Chapters3-7). Themethodproved
to beverypracticalfor reasonsof speed,simplicity, andintuitiveness.Thetechnique
firstextractsabasevolumefromadatasetusinganoperatordefinedthreshold(range),
therebyencapsulatingtherequiredobject. A seriesof erosionsis appliedto remove
undesirablelinkageswith otherstructures.Subsequentconnectionto a userdefined
seedpointandgeodesicdilation (to counteracttheerosion)resultsin asegmentation
of therequiredobject.A considerablepartof theprocesscanbeautomated,thereby
achieving anenormousdecreasein timeandlaborconsumptioncomparedto manual
segmentation.However, theprocessrequireslittle, yet vital interactionfrom anex-
perienceduser, i.e., a seedpoint mustbeselectedanda thresholdrangemustbeset.
Especiallythelatteris crucialto thesuccessof theprocess(Zucker1976,Changand
Li 1994),which rendersthesegmentationresultssubjectiveandnot reproducible.

In this chapterwe proposea methodcalledCACTUS (CompletelyAutomatic

�
Wewill referto this techniqueastheHöhneapproach
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Figure 2.1 Schematicof thealgorithmfor detectionof thelower thresholdTlow.

ComputerTechniquefor UnsupervisedSegmentation)to automatetherequireduser
interactionof theHöhneapproachfor segmentationof thebrainfrom MRI. Weeval-
uatedthe methodfor volumeestimationandvisualizationpurposes.In Section2.2
themethodis describedandthephantomandpatientdatausedfor evaluationof the
methodarepresented.Validationconsistedof thecalculationof differenceandsim-
ilarity measuresbetweenCACTUSresultsandreferencedata. Furthermore,neuro-
anatomyexpertsqualitatively evaluatedtheCACTUSresultsandtheir remarkshave
beenusedthroughouttheresultsanddiscussionsections.

2.2 Methodsand materials

2.2.1 CACTUS

ThesegmentationmethodCACTUSfirst selectsastartingthresholdvalue(Tstart) and
aseedpoint. For segmentationof thebrainfrom MR imagesthisselectionis (in most
cases)a trivial task.

Tstart is determinedby calculatingthesecondpeakin thehistogramof grey values
of the MRI data(the first andhighestpeakof the histogramrefersto background
voxels). A volumeof possibleseedpointsis definedby thresholdingwith Tstart and
applyingtwo erosionswith a 6-voxel structuringelement.A sphericalsearchfrom
themiddleof thedatasetis initiatedandthefirst encounteredpointin theseedvolume
is markedastheseedpoint.

ThethresholdrangedetectionhasTstart andtheseedpoint asinput to first detect
the lower threshold(Tlow) andthenthe upperthreshold(Tup) in a similar way. To
detectTlow (Tup) the thresholdsettingdecreases(increases)from Tstart . The actual
algorithmfor the detectionof Tlow (seeFigure2.1) and Tup consistsof four parts
executedat eachthresholdsetting: I) thresholding,II) erosion,III) region growing,
andIV) peakdetection.

In part I theactive thresholdsettingis appliedto extracta basevolumefrom the
grey valuedata.Thisbasevolumeis erodedtwice(partII) with a6-voxel structuring
elementto breaksmalllinkages.A regiongrowing process(partIII) is initiatedfrom
theseedpoint (or seedvolume,seelater)andgrowsonelayerof voxelsateachitera-
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Figure 2.2 Detectionof Tlow. Thenumberof growing stepswith a decreasing
thresholdvaluefor a phantom(A) anda typical patient(B) datasetare presented.
For bothcasesthepeakwasdetectedwhich resultedin a Tlow of 42 for thephantom
and 81 for the patient data. For resultsof the correspondingsegmentationssee
Figures2.4and2.5.

tion of theregiongrowingprocesswith thebasevolumeasamask(i.e., nogrowingof
thevolumeoutsidetheerodedbasevolumeispermitted).Eachiterationoradditionof
onelayerof voxelswill bereferredto asonegrowing step.Eventuallythegrowing
stopsfor that thresholdsettingyielding the correspondingregion growing volume.
Thetotalnumberof growing stepsis evaluatedin thepeakdetectionpart(IV) where
it is comparedwith thegrowing stepsattheprecedingthresholdsettings(anumberof
five sufficed).Whenno peakis detected,thethresholdsettingis decreased(for Tlow)
or increased(for Tup) by a fixednumber(a stepsizeof 1 is generallyrecommended)
andtheregion growing processis repeatedusingthecurrentregion growing volume
astheseedvolume.

To illustratethe peakdetectionprocesswe will focuson the detectionof Tlow.
Figure 2.2 shows the typical resultsof the region growing processfor a phantom
datasetanda patientdataset(seeSection2.2.2)startingfrom Tstart . Normally, the
processterminatesoncea peakis detected,but for illustrationpurposespeakdetec-
tion wasturnedoff andtheprocesscontinuesuntil thethresholdsettinghasreached
thevalueone.For boththephantomandthepatientstudythepeaks(resp.at values
41and80)areeasilydetectable.

A sharpincreasein thenumberof growing stepssignalsthe inclusionof a new
segmentthrougha linkagebetweentwo structures;theprevious thresholdsettingis
selectedasTlow. This is thecritical decisionfor theautomatedthresholddetection.
Thepeakdetectionis performedtwice to detectTlow andTup. Crucial in theprocess
is theuseof erosionswith eachthresholdbeforegrowth is permitted.Thiseffectively
removessmall linkagescausedby anatomyandthe partial volumeeffect andthus
ensuresa dramaticincreasein thenumberof iterationsgrowth perthresholdwhena
new segmentis incorporated.

We have to notethatTup is detectedby goingupward from Tstart and usingthe
Tlow. Furthermore,theparametersof CACTUSfor theregion growing, erosionand
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dilation processesweresetto two erosions,three(is numberof erosionsplus one)
geodesicdilationsanda6-voxel structuringelement.Thiswasbasedon information
from the ANALYZETM referencemanualand our experienceswith segmentation
procedures.

Thefinal segmentationis performedby applyingtheseedpointandthethreshold
range[Tlow - Tup] for segmentationof thebrainusingtheHöhneapproach.

2.2.2 Phantomand patient data

Simulationsof MRI datafrom a phantom(Cocoscoet al. 1997)areavailableat the
McConnellBrainImagingCentreattheMontrealNeurologicalInstitute†. Eachvoxel
of thephantomcancontainmultiple tissuetypes,thusproviding a fuzzy (i.e., partial
volumevoxel) model.To simplify thecomparisonbetweensegmentationresultswe
binarizedthe Montreal phantomby settingall voxels with a probability for brain
(whiteandgrey matter)higherthanor equalto 50% to oneandothervoxelsto zero.

The Montrealphantomdatasetoffers the possibility to simulatedifferencesin
pulsesequence,slice thickness,noise(options: 0, 3, 5, 7, and9% of the standard
deviation of the meanintensityof white matter)andnon-uniformity(RF) (options:
0, 20, and40%resultingin a (varying)RF field of: 1, 0.9-1.1,and0.8-1.2). Three
MRI–T1 datasetswith a slice thicknessof 1 mm wereacquiredusing; i) 3% noise
andanRFof 0%(phantomcode:3n00RF),ii) 3%noiseandanRFof 20%(3n20RF),
andiii) 9%noiseandanRFof 40%(9n40RF).Note:3%noiseandanRFof 20%are
denotedtypical,while 9%noiseandanRFof 40%areextreme(Cocoscoetal.1997).

ThepatientdataareT1-weighted3D gradient-echoMR scans(voxel size1 � 1 �

1 � 2 mm) of 30 patient.Thesepatientsarecasesfrom theDepartmentof Child Psy-
chiatry at the University HospitalUtrechtdiagnosedwith the Gilles de la Tourette
Syndrome,Attention-DeficitHyperactivity Disorder, autistic behavior, and/orOb-
sessive Compulsive Disorder. Upon initial screening,no grossabnormalitieswere
detectedin theMRI data.

2.2.3 Evaluation methodology

Theevaluationof thephantomstudiescanbedonein anobjective fashion,sincethe
segmentationobtainedwith the above methodcanbe comparedwith the binarized
distribution. This referencesetis calledthebinarizedphantomsegmentation.

With patientdataan objective referenceis generallynot available. However,
we hadalreadysegmentedthepatientdatasetsfor visualizationpurposesin another
project(seeChapter6) andwedecidedto usethesesegmentationresultsasreference
setsfor comparison. The referencesegmentationshad beenperformedusing the
supervisedmethodof Höhneasexplainedin Section2.1andall work wasdoneby an
experiencedoperatorwhohadrequiredonaverage15minutestoperformanadequate

†For moredetailsseewebsitehttp://www.bic.mni.mcgill.ca/brainweb
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Figure 2.3 Differenceandsimilarity measuresto compare two binary segmenta-
tion sets,Binary1andBinary2.

segmentationof thebrainfrom MRI data.Thesereferencesetsarecalledsupervised
patientsegmentation.

In order to quantitatively assessthe correspondencebetweentwo binary seg-
mentationsets,we appliedtwo differencemeasures,Additional CACTUS(AC) and
Missing CACTUS (MC), and a Similarity measureS (Zijdenboset al. 1994) (see
Figure2.3).

AC equalsthe fraction of segmentedvoxels in the CACTUS datathat are not
segmentedin the correspondingreferenceset (binarizedphantomsegmentationor
supervisedpatientsegmentation),divided by the overlap, i.e., voxels segmentedin
both sets. MC is the equivalent for segmentedvoxels in the referenceset that are
missingin theCACTUSresults.S expressesthe fractionof overlapdividedby the
total numberof segmentedvoxels in bothfiles; thefactorof 2 ensuresthata perfect
segmentationhasasimilarity valueof 100%.

The qualitative visual inspectionof the visualizationresultswasperformedby
threeneuro-anatomyexperts. Typical examplesof 2D and 3D visualizationsthat
wereused,areshown in Section2.3.

2.3 Results

Intermediateresultsof theCACTUSmethodfor a phantomanda patientdatasetare
shown in Figures2.4and2.5usingrepresentativeslices.FramesA correspondto the
original grey valueslicesandFramesB are the resultof a segmentationusingthe
peakvalue.Comparisonwith theresultsobtainedusinga thresholdvaluesetto one
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A B C D

Figure 2.4 Intermediateresultsof theCACTUSmethodfor thephantomsetwith
extremenoiseand RF inhomogeneity. A representativeslice of the original grey
valuedatais shownin Frame(A).Frame(B) is theresultwhenapplyinga Tlow of 41
(seeFigure 2.2(A))for segmentationof thesegrey valuedata. Frame(C) presents
the segmentationresultwith a Tlow of 42 showingthe exclusionof the undesired
segment(s).Frame(D) is thefinal resultof theCACTUSmethod,i.e., a segmentation
resultusingTlow (42), no Tup wasdetected.Thecirclesin Frame(A) indicatethe
relativelylow grey valueconnectionsthatdefineTlow.

A B C D

Figure 2.5 Intermediateresultsof the CACTUSmethodfor a patient set. See
Figure2.4for anexplanationof theframes.Tlow for Frame(B) is 80,andfor Frame
(C) 81 (seeFigure 2.2). Frame(D) is thefinal resultusingbothTlow (81) andTup

(124). Here, differencesbetweenFrames(C) and (D) showthe importanceof the
upper thresholdto break the linkages owing to relatively high grey values. The
circlesin Frame(A) indicatetherelativelyhigh grey valueconnectionsthat define
Tup.

higher(FramesC) excludesanundesiredsegmentillustratingthe importanceof the
detectedpeak.Owing to high grey valuelinkagessomesegmentsmaystill becon-
nectedto thebrain (seeFigure2.5C), but thesesegmentsareexcludedusingTup as
canbeseenin thefinal resultin Figure2.5D.

Thepresentedslicesclearlyindicatetheconnectionsbetweenthebrainandother
tissues.Theseconnectionsaredetectedin theregiongrowing processanddetermine
thethresholdrange.Tlow andTup aredefinedby arelatively low, resp.highgrey value
connection(seeindicatedcirclesin Figures2.4and2.5).
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Phantom AC MC S
3n00RF 6.0% 0.3% 96.9%
3n20RF 1.0 2.8 98.1
9n40RF 10.3 0.4 94.8

Table 2.1 Differenceand similarity resultsfor the threephantomdatasetswith
respectto thebinarizedphantomsegmentation(seeFigure2.3).

1A 1B 1C 1D 1E

2A 2B 2C 2D 2E

3A 3B 3C 3D 3E

Figure 2.6 Resultsof theCACTUSmethodfor a phantomsetcomparedwith the
binary phantomsegmentation.Top row: Representativeslicesof theoriginal grey
valuedata of the third phantomdata set (highestlevel of noiseand RF inhomo-
geneity).Thesecondrow presentsin grey theoverlapbetweentheCACTUSresult
and the binary phantomsegmentation. Theextra voxelssegmentedby the CAC-
TUSmethodareshownin white. Thethird rowshowsenlargementsof theindicated
detailsin thesecondrow.

2.3.1 Phantomdata

Table 2.1 shows the differenceand similarity measuresof CACTUS for the three
phantomsetscomparedwith the binarizedphantomsegmentation.Similaritiesare
high andwe decidedto presenttheresultingimagesandrenderingsof thephantom
setwith thehighestlevel of noiseandRF inhomogeneities(seealsoFigure2.4 for
intermediateresults).Presentationof the resultsfor thephantomsetwith themore
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A B

Figure 2.7 Comparisonof volumerenderingsfor the high noise, high RF inho-
mogeneityphantomdatasetwith zoomeddetailsof thelongitudinalcerebral fissure.
On theleft (A) thebinarizedphantomsegmentationis usedfor therenderingof the
surfaceof thebrain. On theright (B) theCACTUSresultsareshown.

realisticsettings(3% noiseand20%RF inhomogeneity)wasregardedpointlessbe-
causethedifferencesbetweentheCACTUSsegmentationandthebinarizedphantom
segmentationarevery smallandhardlynoticeablein boththe2D and3D visualiza-
tions.

Despitetheuncommonhigh valuesof noiseandRF non-uniformity, Figures2.6
and2.7 show that the similarity betweenthe binarizedphantomsegmentationand
the CACTUS resultsis high. However, two problemscan be noted. The first is
theinclusionof sinusesandmeninges,especiallyin thelongitudinalcerebralfissure.
Thesecondproblemis theraggedbordercausedby thehigh noisecontent.The2D
imagesand3D renderingsshow that theseproblemshave a limited impacton the
overall visualizationquality.

2.3.2 Patient data

In Table2.2differenceandsimilaritymeasuresarepresentedfor the30patientdatasets.
Theinitial similaritymeasuresof patientsetsXIV andXXIII werenotconsistentwith
therestof thepatientsets.Investigationrevealedthatno peakwasdetectedin case
XIV, whereasin caseXXIII the first peakwasmissed. In Table2.2 the resultsof
thesestudiesafter (manual)reductionof the peakdetectionlevel (seeSection2.4)
areshown.

Thesimilarity measuresof theother28 setsarehigh (averageof 98.0% with a
standarddeviation of 1.3). We selectedthreedatasetsfor presentationof theresults,
i.e., the setswith the lowest(XII), average(XXI, seealsoFigure2.5), andhighest
(XXIX) similarity.
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Patient AC MC S
number

I 6.8% 0.0% 96.6%
II 0.0 0.6 99.6
III 8.4 0.0 95.9
IV 2.4 0.3 98.6
V 3.2 0.0 98.4
VI 8.6 0.0 95.8
VII 4.3 0.0 97.8
VIII 4.8 0.0 97.6
IX 3.5 0.0 97.4
X 1.4 0.5 99.0
XI 5.0 0.0 97.5
XII 11.7 0.0 94.4
XIII 0.0 0.7 99.6
XIV

�

5.6 0.9 96.8
XV 8.3 0.0 95.9
XVI 0.0 2.9 98.5
XVII 0.1 3.7 98.1
XVIII 2.9 0.0 98.5
XIX 2.8 0.2 98.4
XX 0.3 2.6 98.5
XXI 4.2 0.0 97.9
XXII 5.4 0.2 97.2

XXIII
�

3.0 0.0 98.5
XXIV 0.7 0.0 99.6
XXV 2.3 0.0 98.8
XXVI 3.6 0.0 98.2
XXVII 2.1 0.0 98.9
XXVIII 1.0 0.4 99.3
XXIX 0.0 0.2 99.8
XXX 0.2 1.2 99.3

Table 2.2 Resultsfor thepatientdatasets(seealsoTable2.1). Thetwo patients
indicatedwith an asteriskcanbeconsideredoutliers andare explainedseparately
in thetext.
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1A 1B 1C 1D 1E

2A 2B 2C 2D 2E

3A 3B 3C 3D 3E

Figure 2.8 Resultsof the CACTUSsegmentationcompared with the supervised
segmentationusingtheHöhnemethodfor patientdatasetXII (lowestsimilarity).

A B

Figure 2.9 Comparisonof volumerenderingsfor patientdatasetXII (lowestsim-
ilarity) with an enlargementof thelongitudinalcerebral fissure. On theleft (A) the
imagesresultingfromthesupervisedsegmentationusingtheHöhnemethod,on the
right (B) thecorrespondingimageof theCACTUSmethod.

Thedifferencesin thesegmentationsbetweentheCACTUSmethodandthesu-
pervised(Höhne)methodfor caseXII (lowestsimilarity) areshown in Figure2.8.
The differencesare most conspicuousin the vessels(especiallythe sinuses)and
meningeson thesurfaceof thebrain.



2.3Results 17

1A 1B 1C 1D 1E

2A 2B 2C 2D 2E

3A 3B 3C 3D 3E

Figure 2.10 Resultsof theCACTUSsegmentationcomparedwith thesupervised
segmentationusingtheHöhnemethodfor patientdatasetXXI (averagesimilarity).

1A 1B 1C 1D 1E

2A 2B 2C 2D 2E

Figure 2.11 Resultsof theCACTUSsegmentationcomparedwith thesupervised
segmentationusingtheHöhneapproach for patientdatasetXXIX (highestsimilar-
ity).
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A B

Figure 2.12 Volumerenderingsof CACTUSsegmentationsfor two patientsets
with an enlargement. Frame(A) showsresultsfor patient datasetXXI (average
similarity), andFrame(B) patientdatasetXXIX(highestsimilarity).

For casesXXI (averagesimilarity, seeFigure2.10)andXXIX (highestsimilarity,
seeFigure2.11),thedifferencesin thesegmentationsaresmall.Comparisonbetween
therenderingsof theCACTUSsegmentationresultsandthesupervisedsegmentation
resultsusing the Höhneapproachyieldeddifferencesthat were hardly noticeable.
We thereforeonly show the renderingsof the CACTUS segmentationresults(see
Figure2.12).

2.4 Discussion

Little attentionhasbeengivento thedeterminationof Tstart andtheseedpointselec-
tion, becauseno significantproblemswereencounteredwith thesestartingparame-
ters.Tstart waseasilyextractedfrom thehistogramandtheseedpointonly requireda
relatively highgrey valueandalocationsomewherein themiddleof thebrain,which
waseasyto achieve. Furthermore,weusedseveralwhitemattervoxelsasseedpoints
for theregiongrowing processto testthelocationdependency of theseedpoint. The
locationonlyaffectedthebeginningof thegrowthgraphof theprocess.Thegraphsof
thedifferentseedpointsrapidly showedthesamepatternleadingto identicalvalues
for Tlow andTup.

Theapplicabilityof theCACTUSmethoddependsonthesensitivity to theparam-
etersof the morphologicaloperations(numberof erosions/dilationsandthe struc-
turing element)and the peakdetectionalgorithm. Basedon our experienceswith
the Höhneapproachincorporatedinto ANALYZETM we usedtwo erosions,three
geodesicdilations and a 6-voxel structuringelementfor all morphologicalopera-
tions. Testsusingotherparametersfor the HöhneapproachandCACTUS yielded
poorersegmentationresultscomparedwith theselectedsettings.

Thepeakdetectionperformsasimplecomparisonof thepresentnumberof grow-
ing stepswith thenumbersat thepreviousthresholdsettings.An increaseis defined
asa peakif the presentvalueis 1.5 timesthesumof thepreviousfive values.The
constantsweusedwerebasedonobservationsdonewith thefirst four patientsetsand
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provednot very critical, only two casesout of thirty-three(includingphantomsets)
failed. A failurecanbedetectedeasilyby retrospective investigationof thegrowth
graph.For thetwo outliersasatisfactorysegmentationwasobtainedby loweringthe
peakdetectionparameterof 1.5to 1.1. Thisadjustmentwasquickly investigatedon
theothercases,but did notseemto improveoverall results.

Thethresholddetectiondependson thelinkagesbetweenstructures.Small link-
agesowing to the partial volumeeffect andsmall anatomicalstructureshave to be
removedby anerosionstep(seeFigure2.1),astheseinterferewith theregiongrow-
ing process.Moreprecisely, thethresholddetectiondependson linkagesthatremain
presenteven after two erosions. Acquisition characteristics,e.g., slice thickness,
noiseandRF, arelikely to influencethevaluesof parametersastheform andsizeof
themorphologicalstructuringelementor thenumberof erosionsanddilations. The
parametersof CACTUSwereoptimizedusingthefirst fourpatientsets.Thisexplains
thehighersimilarity valuefor themorerealisticphantomdatasetwhencomparedto
the setwith lower RF inhomogeneity. For every acquisitiontechniqueandcharac-
teristicsthe parametersof CACTUS canbe optimisedusingseveral cases.These
settingscanthenbeappliedfor every following caseof thatacquisitiontype.

In thestudieswith patientdata,thesupervisedsegmentationmethodof Höhneis
usedasa reference,notasa goldstandard.Whencomparingbothmethods,wehave
to realizethatCACTUSis in factanautomatedversionof theHöhnetechniqueand
bothwill havesomeidenticalproblems.Firstof all, agradientovertheimagesaffects
bothsegmentationmethodsthesameway. Secondly, theapplicationof erosionand
subsequentgeodesicdilation is a very simpleandpowerful techniquefor removal
of the (thin) connectionsbetweendifferenttissues,but it alsoaffectspossiblelong,
thin intra-tissuestructures.For instance,thecerebellummanifestssomefilament-like
structuresthatareeasilyeroded,but difficult to regainvia dilationswithin athreshold
mask. This wasmostapparentin the top part of the cerebellum(seeFigure2.11
FramesC).

In the majority of presentedcaseswe found that CACTUS segmentedsome
additional tissuesurroundingthe brain (seeAC comparedwith MC in tables2.1
and 2.2). This is not problematicfor the volume visualizationsof the brain sur-
faceby virtue of theusedgrey opacityshaderincorporatedin our volumerendering
packageVROOM (Zuiderveld1995).Thisshaderassignsopacitiesto thegrey value
datain aneighborhoodof thesurfacevoxel (seealso(Levoy 1988))andensuresthat
additionaltissuesurroundingthebrainhaslittle to no impacton thefinal image.

Segmentationof a typical datasetrequiresabouthalf a hour of CPU time on a
processorof an SGI Power ChallengeR10K (MIPS R10000,195 MHz); the speed
can be considerablyimproved by optimizing the implementationand/orusing the
inherentparallelismof thealgorithm.



20 AutomaticSegmentationof theBrain from MRI–T1 Data

2.5 Conclusions

We have developedanautomaticapproachto segmentthecerebralcortex from T1-
weightedMR images.This fully automatedsegmentationmethodCACTUSis based
on the simpleoperationsthresholding,region growing, erosion,andgeodesicdila-
tion.

Theresultsof CACTUSfor patientdatahavebeencomparedto thecorresponding
supervisedmethod.Theresultsarequitesimilar, andin a largenumberof casesvi-
suallyalmostindistinguishable.Furthermore,wehaveusedphantomdatato evaluate
thesegmentationperformanceagainsta gold standard.Theresultswerevery accu-
rate, to the extent that CACTUS might prove adequatelyaccuratefor quantitiative
analysis.
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