Evaluatinga sggmentatioralgorithmis meaningful
for a particular context only. A wayto estimatehe
resultsof amethods to considera completesystem
realizinga specifictask.

N. Ayadhe 1996

Chapter 2

Automatic Segmentationof the
Brain from MRI-T1 Data

Abstract

A methodfor automaticsggmentationof the cerebralcortex from T1-weightedVIR image
datahasbeendeveloped. The startingpoint is a supervisedsegmentationtechniquewhich
hasprovenhighly effective andaccuratdor visualizationpurposesA techniques proposed
to automatethe requireduserinteraction,i.e., defininga seedpoint and a thresholdrange.
The thresholdsare detectedn a region growing processandare definedby the linkagesof
thebrainto othertissues.The methodis first evaluatedon threesimulateddatasetdy com-
paringthe automatedegmentatiorwith the original distributions. The secondevaluationis
on atotal of 30 patientdatasetshy comparinghe automatedgegmentationsvith supervised
segmentationgarriedout by a neuro-anatomyxpertfor visualizationpurposes.The com-
parisonbetweertwo binarysegmentationss performedothquantitatvely andqualitatively.
The automatedegmentation@refoundto be bothaccurateandreproducible The proposed
methodcan, consequentlybe usedas a default segmentationfor visualizationpurposesn
routineclinical procedures.
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2.1 Intr oduction

Segmentationis the groupingof similar voxels into coherentvolumetric structures
which maybe requiredfor quantitatve volumetricanalysis for morphologicalanal-
ysis, or for visualizationpurposes. An importantareais the sggmentationof the
cerebrakorte, e.g., for quantitatve analysisof differentbrainstructuregKohnetal.
1991,Collinsetal. 1992 Kikinis etal. 1992),labelingof cortical structuregSandor
and Leaty 1995), localizationof electrodeson the surface of the brain (Van den
Elsen1993),establishingabnormalgyration(Shentoret al. 1992),andproviding an
anatomicaframavork for functionalstudiesof the cortex (seeChapter7).

Themostwidely appliedsegmentatiortechniquds manualsegmentationyhich
has several disadwantages:i) it generallyrequiresa high level of expertise,ii) it
is time andlabor consumingandiii) it is subjectve andthereforenot reproducible.
Studiegnvestigatinginterandintra-patienvariationsn cerebrafunctionor anatomy
have repeatedishovn theseshortcomingsywhich explainsthedemandor automated
techniquegGerig et al. 1992, Kikinis etal. 1992, Shentonet al. 1992). We focus
on a supervisednethodoriginally proposedby Hohneand Hanson(1992) that is
basednregion growing andmorphologicabperationsTheaim of this chaptelis to
automateheremaininguserinteractionin this establishednethod therebyobtaining
afully automatedegmentatiorof thebrainandevaluatethe segmentatiorresultsfor
visualizationand volume estimationpurposes. We will first give an overvien of
existing region growing basedechniguesn the context of MRI brain segmentation
followedby a morespecificintroductionto our sgmentatiorapproach.

2.1.1 Brain segmentationfrom MR images

In this chapterwe dealwith sggmentationof MR brainimages.In general,simple
sgmentationtechniquedail dramaticallybecausef two disturbingfactors:i) The
MR acquisitionsuffers from imagegradientsand/orRF coil inhomogeneitiesand
i) differentanatomicaktructuresareoftenlinkedto eachotherowing to partialvol-
umeeffects,noise,imagingartefcts,or by connectingissue(theoptic nenes,blood
vesselsgetc). The former factorcanbe compensatedor to someextent by reduc-
ing the non-uniformityof theintensities.To disconnecuinwantedanatomicalinks,
the useof morphologicabperationgerosion/dilation)s rathereffective (Hohneand
Hanson1992).

MRI segmentatiorntechniquesanbe roughly dividedinto: clusteringmethods,
region basedmethods,and edgebasedmethods. For a review on segmentationof
MRI datawe referto Clarke etal. (1995)andNiessen1997).Herewe focuson the
region basedmethodswith region growing asmaincontributor.

In region growing basedechniques sggmentis formedby selectingaseedpixel
and continuouslyaddingneighboringpixels that meetcertain—generall\simple—
requirementse.g., athreshold.Region growing hasthe advantageover thresholding
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thattheresultingobjectswill bespatiallyconnected.

In a classicalpaper Zucker (1976) gave an overview of seseral meige-criteria
for region growing that were proposedn the early literatureon this technique. A
more recentcomparisorof differentapproachesvas given by Jianget al. (1993).
Severaltechniquesave beenreportedfor the useof region growing in medicalim-
ages.Seededegion growving (AdamsandBischof 1994, Justiceet al. 1997) makes
useof statisticalanalysison specifiedvoxelsto steertheregion groving. Changand
Li (1994)useda region growing processwvherethe thresholdsare dynamicallyand
automaticallycomputedusingfeaturehistogramanalysis.

In general,region growing methodssuffer from connectiongo other tissues.
Combinationof region growing with approachesrom mathematicamorphology
(erosion/dilation) has proven rathereffective (Hohneand Hanson1992). Others
have usedaregion growing methodcombinedwith a connectiity thresholdBarillot
etal. 1991)or interactie, semi-automatideak removal (Sekiguchiet al. 1994). A
slightly differentapproacho region growing wasreportedoy Cline etal. (1987)who
performeda surfaceextractionfrom a userspecifiedseedpoint on the surface.Weak
connectingoridgesof afew pixelsin width wereeliminated.

Although several of theseapproachesanbe consideregowerful tools for seg-
mentation,noneof themis fully automaticandinteractionis requiredto performa
seggmentatiortask. This usuallyrequiresa medicalexpertto actively controlthe seg-
mentationprocessandinteractvely correctthe result(s). Oneof the mostattractve
approachess theinteractive segmentatiortechniqueof HohneandHanson(1992Y.
It is basedon region growing andmorphologicaloperationgespeciallyerosionand
geodesidlilation, i.e., dilation within a maskvolume),andrequiresa userdefined
seedpointandathresholdrange.

For theanalysisof medicalvolumedata we have usedtheHdohneapproachncor
poratednto ANALYZE™ (RobbandHansonl1996)to segment,e.g., theaortafrom
CTA (Balmetal. 1997),andthebrainfrom MRI (Chapters3-7). Themethodproved
to bevery practicalfor reason®f speedsimplicity, andintuitivenessThetechnique
first extractsabasevolumefrom adatasetisinganoperatodefinedthresholdrange),
therebyencapsulatinghe requiredobject. A seriesof erosionds appliedto remove
undesirabldinkageswith otherstructures.Subsequentonnectiornto a userdefined
seedpointandgeodesidilation (to counteracthe erosion)resultsin a sggmentation
of therequiredobject. A considerablgartof the procescanbe automatedthereby
achiering anenormouslecreasé time andlaborconsumptiorcomparedo manual
sgmentation.However, the procesgequiredlittle, yet vital interactionfrom an ex-
periencediser i.e., a seedpoint mustbe selectedandathresholdrangemustbe set.
Especiallythelatteris crucialto thesucces®f the process(Zucker 1976,Changand
Li 1994),whichrenderghe sggmentatiorresultssubjectve andnotreproducible.

In this chapterwe proposea methodcalled CACTUS (CompletelyAutomatic

*We will referto thistechniqueasthe Hohneapproach
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Figure 2.1 Sdematicof thealgorithmfor detectionof the lower thresholdT,gy.

ComputerTechniquefor UnsupervisedsegmentationYo automatehe requireduser
interactionof the HohneapproacHor segmentatiorof the brainfrom MRI. We eval-
uatedthe methodfor volume estimationandvisualizationpurposes.In Section2.2
the methodis describecandthe phantomandpatientdatausedfor evaluationof the
methodarepresentedValidationconsistedf the calculationof differenceandsim-
ilarity measure®etweenCACTUS resultsandreferencedata. Furthermorenpeuro-
anatomyexpertsqualitatvely evaluatedthe CACTUSresultsandtheir remarkshave
beenusedthroughoutheresultsanddiscussiorsections.

2.2 Methodsand materials

2.2.1 CACTUS

ThesgmentatiormethodCACTUSfirst selectsa startingthresholdvalue(Tgar) and
aseedooint. For sggmentatiorof thebrainfrom MR imageghis selectioris (in most
caseshptrivial task.

Tgart is determinedy calculatingthesecondeakin thehistogranof grey values
of the MRI data(the first and highestpeakof the histogramrefersto background
voxels). A volumeof possibleseedpointsis definedby thresholdingwith Tga and
applyingtwo erosionswith a 6-voxel structuringelement.A sphericalsearchfrom
themiddleof thedatasets initiatedandthefirst encounteregointin theseedvolume
is marked asthe seedpoint.

ThethresholdrangedetectionhasTg, andthe seedpoint asinputto first detect
the lower threshold(Tiow) andthenthe upperthreshold(Typ) in a similar way. To
detectTiow (Tup) the thresholdsettingdecreaseéincreasesfrom Tgat. The actual
algorithmfor the detectionof Ty (seeFigure 2.1) and Typ consistsof four parts
executedat eachthresholdsetting: 1) thresholding]l) erosion,lll) region growing,
andlV) peakdetection.

In partl theactive thresholdsettingis appliedto extracta basevolumefrom the
grey valuedata.This basevolumeis erodedwice (partll) with a6-voxel structuring
elemento breaksmalllinkages.A regiongrowing procesgpartlll) is initiatedfrom
theseedpoint (or seedvolume,seelater)andgrows onelayerof voxelsat eachitera-
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Figure 2.2 Detectionof Tiow. The numberof growing stepswith a deceasing
thresholdvaluefor a phantom(A) and a typical patient(B) datasetare presented.
For bothcaseghe peakwasdetectedvhich resultedn a Tjq,, 0f 42 for the phantom
and 81 for the patientdata. For resultsof the correspondingsegmentationssee
Figures2.4and2.5.

tion of theregiongrowing processvith thebasevolumeasamask(i.e., nogrowing of
thevolumeoutsidetheerodedasevolumeis permitted).Eachiterationor additionof
onelayerof voxelswill bereferredto asonegrowing step. Eventuallythe growing
stopsfor thatthresholdsettingyielding the correspondingegion growing volume.
Thetotal numberof growing stepss evaluatedn the peakdetectionpart(1V) where
it is comparedvith thegrowing stepsatthe precedinghresholdsettingganumberof
five suficed). Whenno peakis detectedihethresholdsettingis decrease@or Tiow)
or increasedfor Typ) by afixednumber(a stepsizeof 1 is generallyrecommended)
andtheregion growing processs repeatedisingthe currentregion growing volume
astheseedvolume.

To illustrate the peakdetectionprocesswe will focuson the detectionof Tjou.
Figure 2.2 shaws the typical resultsof the region growing processfor a phantom
datasetand a patientdatase{seeSection2.2.2) startingfrom Tgat. Normally, the
procesgerminatesoncea peakis detectedput for illustration purposepeakdetec-
tion wasturnedoff andthe procescontinuesuntil the thresholdsettinghasreached
thevalueone. For boththe phantomandthe patientstudythe peaks(resp.at values
41 and80) areeasilydetectable.

A sharpincreasean the numberof growing stepssignalsthe inclusionof a new
seggmentthrougha linkage betweenwo structuresthe previous thresholdsettingis
selectedasTiow. This is the critical decisionfor the automatedhresholddetection.
The peakdetectionis performedwice to detectTqw andTyp. Crucialin the process
is theuseof erosionswith eachthresholdbeforegronth is permitted.This effectively
removes small linkagescausedby anatomyandthe partial volume effect and thus
ensures dramaticincreasen the numberof iterationsgrowth perthresholdwhena
newx seggmentis incorporated.

We have to notethat Ty is detectedby going upward from Tga: and usingthe
Tiow- Furthermorethe parameteref CACTUS for the region growing, erosionand
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dilation processesvere setto two erosionsthree(is numberof erosionsplus one)
geodesidilationsanda 6-voxel structuringelement.This wasbasecbn information
from the ANALYZE™ referencemanualand our experienceswith seggmentation
procedures.

Thefinal sgmentatioris performedby applyingtheseedpointandthethreshold
range[ Tiow - Typ] for segmentatiorof the brainusingthe Hohneapproach.

2.2.2 Phantomand patient data

Simulationsof MRI datafrom a phantom(Cocoscoet al. 1997)areavailableat the
McConnellBrainimagingCentreattheMontrealNeurologicalnstitute. Eachvoxel
of the phantomcancontainmultiple tissuetypes,thusproviding afuzzy (i.e., partial
volumevoxel) model. To simplify the comparisorbetweersggmentatiorresultswe
binarizedthe Montreal phantomby settingall voxels with a probability for brain
(white andgrey matter)higherthanor equalto 50 % to oneandothervoxelsto zero.

The Montreal phantomdatasebffers the possibility to simulatedifferencesin
pulsesequenceslice thicknessnoise(options: 0, 3, 5, 7, and 9% of the standard
deviation of the meanintensity of 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 datasetsvith a slice thicknessof 1 mm wereacquiredusing;i) 3% noise
andanRF of 0% (phantontode:3n00RF)ji) 3% noiseandanRF of 20%(3n20RF),
andiii) 9% noiseandanRF of 40%(9n40RF) Note: 3% noiseandanRF of 20%are
denotedypical, while 9% noiseandanRF of 40%areextreme(Cocoscaetal. 1997).

ThepatientdataareT1-weighted3D gradient-ech®R scangvoxel sizel x 1 x
1.2 mm) of 30 patient. Thesepatientsare casedrom the Departmenbf Child Psy-
chiatry at the University Hospital Utrechtdiagnosedwith the Gilles de la Tourette
Syndrome Attention-Deficit Hyperactvity Disorder autistic behaior, and/orOb-
sessie Compulsve Disorder Uponinitial screeningno grossabnormalitieswvere
detectedn the MRI data.

2.2.3 Evaluation methodology

Theevaluationof the phantomstudiescanbe donein anobjectve fashion sincethe
sg@mentationobtainedwith the abore methodcanbe comparedwith the binarized
distribution. Thisreferencesetis calledthe binarizedphantomsegmentation.

With patientdataan objective referencels generallynot available. However,
we hadalreadysegmentedhe patientdatasetdor visualizationpurposesn another
project(seeChaptel6) andwe decidedo usethesesegmentatiorresultsasreference
setsfor comparison. The referencesegmentationshad beenperformedusing the
superviseanethodof Hohneasexplainedin Section2.1andall work wasdoneby an
experiencemperatomwhohadrequiredonaveragel 5 minutesto performanadequate

TFor moredetailsseewebsite http://Awwbic.mni.mcgill.ca/brainweb
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Figure 2.3 Differenceand similarity measuesto compae two binary sggmenta-
tion sets,BinarylandBinary?2.

sgmentatiorof thebrainfrom MRI data.Thesereferencesetsarecalledsupervised
patientsegmentation.

In orderto quantitatvely assesghe correspondenceetweentwo binary seg-
mentationsets,we appliedtwo differencemeasuresidditional 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
sgmentedin the correspondingeferenceset (binarizedphantomsegmentationor
supervisegpatientseggmentation) divided by the overlap,i.e., voxels segmentedin
both sets. MC is the equivalentfor segmentedvoxels in the referencesetthat are
missingin the CACTUS results. S expresseshe fraction of overlapdivided by the
total numberof sggmentedvoxelsin bothfiles; thefactorof 2 ensureghata perfect
sgmentatiorhasa similarity valueof 100%.

The qualitative visual inspectionof the visualizationresultswas performedby
three neuro-anatomyexperts. Typical examplesof 2D and 3D visualizationsthat
wereusedareshavn in Section2.3.

2.3 Results

Intermediateesultsof the CACTUS methodfor a phantomanda patientdatasetire
shavn in Figures2.4and2.5usingrepresentate slices.FramesA correspondo the
original grey value slicesand FramesB arethe resultof a segmentationusingthe
peakvalue. Comparisorwith the resultsobtainedusinga thresholdvaluesetto one
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Figure 2.4 Intermediateresultsof the CACTUSmethodfor the phantomsetwith
extremenoiseand RF inhomaeneity A representativeslice of the original grey
valuedatais shownin Frame(A). Frame(B) is theresultwhenapplyinga Tjow 0f 41
(seeFigure 2.2(A)) for segmentatiorof thesegrey valuedata. Frame(C) presents
the sggmentationresultwith a T,y of 42 showingthe exclusionof the undesied
segment(s)Frame(D) is thefinal resultof the CACTUSmethodj.e., a sggmentation
resultusing Tiow (42), no Typ wasdetected.Thecirclesin Frame(A) indicatethe
relativelylow grey valueconnectionghat defineT) oy,

Figure 2.5 Intermediateresultsof the CACTUS methodfor a patientset. See
Figure 2.4for an explanationof theframes.T,,\, for Frame(B) is 80, andfor Frame
(C) 81 (seeFigure 2.2). Frame(D) is thefinal resultusingboth Tjqy (81) and Typ
(124). Here, differencesbetweerF-rames(C) and (D) showthe importanceof the
upper thresholdto break the linkages owing to relatively high grey values. The
circlesin Frame(A) indicatethe relativelyhigh grey valueconnectionsghat define
Tup-

higher(FramesC) excludesan undesiredsegmentillustrating the importanceof the
detectecpeak. Owing to high grey valuelinkagessomesegmentsmay still be con-
nectedto the brain (seeFigure 2.5C), but thesesggmentsare excludedusing Ty, as
canbeseenin thefinal resultin Figure2.5D.
Thepresentedlicesclearlyindicatethe connectiondetweerthebrainandother
tissues.Theseconnectiongredetectedn theregion growing processainddetermine
thethresholdange.Tow andTyp 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 three phantomdatasetswith
respecto thebinarizedphantomsegmentationseeFigure 2.3).
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Figure 2.6 Resultsof the CACTUSmethodfor a phantomsetcompaed with the
binary phantomseymentation.Top row: Repesentativeslicesof the original grey
value data of the third phantomdata set (highestlevel of noiseand RF inhomo-
geneity). Thesecondrow presentsn grey the overlap betweerthe CACTUSresult
and the binary phantomsegmentation. The extra voxelssegmentedby the CAC-
TUSmethodare shownin white Thethird row showsenlagementf theindicated
detailsin thesecondow

2.3.1 Phantomdata

Table 2.1 shaws the differenceand similarity measure®f CACTUS for the three
phantomsetscomparedwith the binarizedphantomsegmentation. Similaritiesare
high andwe decidedto presenthe resultingimagesandrenderingof the phantom
setwith the highestlevel of noiseand RF inhomogeneitie¢seealsoFigure2.4 for

intermediateresults). Presentatiof the resultsfor the phantomsetwith the more
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Figure 2.7 Comparisonof volumerenderingsfor the high noise high RF inho-
maogeneityphantondatasetvith zoomedietailsof thelongitudinalcerebral fissue.
Ontheleft (A) the binarizedphantomsegmentationis usedfor the renderingof the
surfaceof thebrain. Ontheright (B) the CACTUSresultsare shown.

realisticsettings(3% noiseand20% RF inhomogeneitywasregardedpointlessbe-
causehedifferencedetweerthe CACTUSseggmentatiorandthebinarizedphantom
segmentatiorarevery smallandhardly noticeablen boththe 2D and3D visualiza-
tions.

Despitethe uncommorhigh valuesof noiseandRF non-uniformity Figures2.6
and 2.7 shov that the similarity betweenthe binarizedphantomsegmentationand
the CACTUS resultsis high. However, two problemscan be noted. The first is
theinclusionof sinusesandmeningesespeciallyin thelongitudinalcerebrafissure.
The secondoroblemis the raggedbordercausedy the high noisecontent. The 2D
imagesand 3D renderingsshow that theseproblemshave a limited impacton the
overallvisualizationquality.

2.3.2 Patient data

In Table2.2differenceandsimilarity measurearepresentedor the30 patientdatasets.
Theinitial similarity measuresf patientsetsXlV andXXIll werenotconsistentvith

therestof the patientsets. Investigation revealedthat no peakwasdetectedn case
XIV, whereasn caseXXIlll the first peakwasmissed. In Table 2.2 the resultsof

thesestudiesafter (manual)reductionof the peakdetectionlevel (seeSection2.4)

areshawn.

The similarity measure®f the other28 setsare high (averageof 98.0% with a
standarddeviation of 1.3). We selectedhreedataset$or presentatiomf the results,
i.e., the setswith the lowest(XIl), average(XXl, seealsoFigure2.5), andhighest
(XXIX) similarity.
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Patient AC MC S
number
I 6.8% 0.0% 96.6%
I 0.0 0.6 99.6
i 8.4 0.0 95.9
\Y; 2.4 0.3 98.6
\% 3.2 0.0 98.4
VI 8.6 0.0 95.8
VI 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
Xl 5.0 0.0 97.5
Xl 11.7 0.0 94.4
Xl 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 54 0.2 97.2
XX * 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 the patientdatasetgseealso Table 2.1). Thetwo patients
indicatedwith an asteriskcan be consideed outliers and are explainedsepaately
in thetext.
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Figure 2.8 Resultsof the CACTUSsa@mentationcompaed with the supervised
sgmentatiorusingthe Hohnemethodor patientdatasetXIl (lowestsimilarity).

Figure 2.9 Comparisorof volumerenderinggor patientdatasetXIl (lowestsim-
ilarity) with an enlagementof the longitudinalcerebral fissue. Ontheleft (A) the
imagesresultingfromthe supervisedeggmentatiorusingthe Hohnemethodpn the
right (B) thecorrespondingmage of the CACTUSmethod.

The differencesn the sgmentationdbetweerthe CACTUS methodandthe su-
pervised(Hohne)methodfor caseXIl (lowestsimilarity) areshavn in Figure2.8.
The differencesare most conspicuousn the vessels(especiallythe sinuses)and
meningeonthe surfaceof the brain.
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Figure 2.10 Resultof the CACTUSsaegmentationcompaed with the supervised
seggmentatiorusingthe Hohnemethodor patientdatasetXXI (avelage similarity).

Figure 2.11 Resultof the CACTUSsagmentationcompaed with the supervised
s@mentatiorusingthe Hohneappmoad for patientdatasetXX1X (highestsimilar-

ity).
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Figure 2.12 \Wlumerenderingsof CACTUSsegmentationdor two patientsets
with an enlargement. Frame (A) showsresultsfor patient datasetXXl (average
similarity), and Frame(B) patientdatasetXXIX (highestsimilarity).

For casesXXI (averagesimilarity, seeFigure2.10)andXXIX (highestsimilarity,
seeFigure2.11),thedifferencesn theseggmentationgresmall. Comparisorbetween
therendering®f the CACTUSsggmentatiorresultsandthesupervisedegmentation
resultsusing the Hohne approachyielded differencesthat were hardly noticeable.
We thereforeonly shav the renderingsof the CACTUS seggmentationresults(see
Figure2.12).

2.4 Discussion

Little attentionhasbeengivento the determinatiorof Ty, andthe seedpoint selec-
tion, becauseao significantproblemswere encounteredvith thesestartingparame-
ters. Tgart Waseasilyextractedfrom the histogramandtheseedpointonly requireda
relatively highgrey valueandalocationsomavherein themiddleof thebrain,which
waseasyto achieve. Furthermorewe usedseveralwhite mattervoxelsasseedpoints
for theregion growing procesgo testthelocationdependengof the seedpoint. The
locationonly affectedthebeginningof thegrowth graphof theprocessThegraphsof
the differentseedpointsrapidly shaved the samepatternleadingto identicalvalues
for Tiow andTyp.

Theapplicabilityof the CACTUSmethoddepend®nthesensitvity to theparam-
etersof the morphologicaloperationgnumberof erosionsMilationsandthe struc-
turing element)andthe peakdetectionalgorithm. Basedon our experienceswith
the Hohneapproachincorporatednto ANALYZE™ we usedtwo erosions three
geodesidilations and a 6-voxel structuringelementfor all morphologicalopera-
tions. Testsusing other parametergor the Hohneapproachand CACTUS yielded
poorersegmentatiorresultscomparedvith the selectedsettings.

Thepeakdetectiorperformsasimplecomparisorof thepresenhumberof grow-
ing stepswith the numbersatthe previousthresholdsettings.An increasas defined
asa peakif the presentvalueis 1.5 timesthe sumof the previousfive values. The
constantsve usedwerebasedn obsenationsdonewith thefirst four patientsetsand
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proved not very critical, only two casesut of thirty-three(including phantomsets)
failed. A failure canbe detecteckasily by retrospectie investigation of the growth
graph.For thetwo outliersa satishctorysegmentationvasobtainedby loweringthe
peakdetectionparameteof 1.5to 1.1. This adjustmentvasquickly investigatedon
theothercasesbut did notseento improve overall results.

Thethresholddetectiondepend®n the linkagesbetweerstructures Smalllink-
agesowing to the partial volume effect and small anatomicaktructureshave to be
removed by anerosionstep(seeFigure2.1), asthesenterferewith theregion grow-
ing processMore preciselythethresholddetectiondepend®n linkagesthatremain
presenteven after two erosions. Acquisition characteristicse.g., slice thickness,
noiseandRF, arelikely to influencethe valuesof parameterssthe form andsizeof
the morphologicalstructuringelementor the numberof erosionsanddilations. The
parametersf CACTUSwereoptimizedusingthefirstfour patientsets.Thisexplains
the highersimilarity valuefor the morerealisticphantomdatasetvhencomparedo
the setwith lower RF inhomogeneity For every acquisitiontechniqueand charac-
teristicsthe parameter®f CACTUS can be optimisedusing several cases. These
settingscanthenbe appliedfor every following caseof thatacquisitiontype.

In the studieswith patientdata,the supervisegementatiormethodof Hohneis
usedasareferencenotasa gold standardWhencomparingoothmethodswe have
to realizethat CACTUS: s in factan automatedrersionof the Hohnetechniqueand
bothwill have someidenticalproblems Firstof all, agradientovertheimagesaffects
both sgmentatiormethodghe sameway. Secondlythe applicationof erosionand
subsequengeodesidilation is a very simple and powerful techniquefor removal
of the (thin) connectiondetweendifferenttissuesput it alsoaffectspossiblelong,
thin intra-tissuestructuresFor instancethecerebellummanifestsomefilament-like
structureghatareeasilyerodedput difficult to regain via dilationswithin athreshold
mask. This was mostapparenin the top part of the cerebellum(seeFigure2.11
Frame<C).

In the majority of presenteccaseswe found that CACTUS segmentedsome
additionaltissuesurroundingthe brain (see AC comparedwith MC in tables2.1
and 2.2). This is not problematicfor the volume visualizationsof the brain sur
faceby virtue of the usedgrey opacityshadelincorporatedn our volumerendering
package/ROOM (Zuideneld 1995). This shademassignopacitiesto the grey value
datain aneighborhooaf the surfacevoxel (seealso(Levoy 1988))andensureshat
additionaltissuesurroundinghebrainhaslittle to noimpactonthefinal image.

Segmentationof a typical datasetequiresabouthalf a hour of CPUtime on a
processonf an SGI Paver ChallengeR10K (MIPS R10000,195 MHz); the speed
canbe considerablyimproved by optimizing the implementatiorand/orusing the
inherentparallelismof thealgorithm.
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2.5 Conclusions

We have developedan automaticapproacto segmentthe cerebralcortex from T1-
weightedMR images.This fully automategegmentatiormethodCACTUSis based
on the simple operationghresholding region growing, erosion,andgeodesidila-
tion.

Theresultsof CACTUSfor patientdatahave beencomparedo thecorresponding
supervisednethod. The resultsarequite similar, andin alarge numberof casesvi-
suallyalmostindistinguishableFurthermorewe have usedphantomdatato evaluate
the sggmentatiorperformanceagainsta gold standard.The resultswerevery accu-
rate,to the extent that CACTUS might prove adequatelyaccuratefor quantitiatve
analysis.
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