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Abstract An automatednethodfor sggmentingMR headimagesinto brainand
non-brainhasbeendeveloped.lt is very robustandaccurateandhasbeentestedon
thousandsf datasetsfrom awide varietyof scannerandtakenwith awide variety
of MR sequencesThemethod- BET (Brain ExtractionTool) - usesa deformable
modelwhich evolvesto t thebrain's surfaceby the applicationof a setof locally
adaptve modelforces. The methodis very fastandrequiresno pre-registrationor
otherpre-processingpeforebeingapplied. This reportdescribeghe nev method
andgivessomeexampleresultsandalsothe resultsof extensve quantitatve test-
ing against‘gold-standard’handsegmentationandtwo otherpopularautomated
methods.
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1 Intr oduction

Therearemary applicationgelatedto brainimagingwhich eitherrequire,or bene-
t from, theability to accuratelysegmentbrainfrom non-braintissue.For example,
in theregistrationof functionalimagesto high resolutionMR images poth FMRI
andPET functionalimagesoften containlittle non-braintissuebecaus®f the na-
ture of theimaging,whereaghe high resolutionMR imageprobablywill contain
a considerablamount- eyeballs,skin, fat, muscle,etc- andthusregistrationro-
bustnesss improved if thesenon-brainpartsof the image can be automatically
removedbeforeregistration.A secondexampleapplicationof brain/non-brairseg-
mentations asthe rst stagean cortical attening proceduresA third exampleisin
brainatrophyestimationin diseasedubjectsafter brain/non-brairsggmentation,
brainvolumeis measuredt a singletime point with respecto somenormalising



volume suchas skull or headsize; alternatvely, imagesfrom two or moretime
points are comparedfo estimatehow the brain haschangedover time [13, 14].
Note thatin this application tissue-typesegmentations alsousedto help disam-
biguatebrain tissuefrom other partsof the imagesuchas CSF[16]. A fourth
applicationis theremoval of strongghostingeffectswhich canoccurin functional
MRI (eg with EPI - echoplanarimaging). Theseartefictscanconfoundmotion
correction,globalintensitynormalisatiorandregistrationto a high resolutionim-
age. They canhave anintensityashigh asthe “true” brainimage,preventingthe
useof simplethresholdingo eliminatethearteficts, whereasgeometriapproach
suchasthatpresentetherecanremove theeffects(thoughonly from outsideof the
brain).

This reportdescribes completemethodfor achiering automatedrain/non-brain
segmentation.The methoddescribecheredoesnot attemptto modelthe brainsur

faceatthe nest level, for example,following sulci andgyri, or separatingortex

from cerebellumThis ner modellingwould bealaterstagejf requiredafterthe
brain/non-brairsggmentation.

After abrief review of brainextraction,the brainextractionalgorithmis described
in detail,followed by a descriptionof anadditionwhich attemptgo nd the exte-
rior surfaceof theskull. Finally, examplequalitative resultsarepresentediollowed
by theresultsof extensve quantitatve evaluationagains#é5 “gold-standard’hand
sgmentationandcomparisons,singthis data,with two otherpopularautomated
methods.

2 Review

To date,therehave beenthree main methodsproposedor achiezing brain/non-
brain sgmentation;manual, thresholding-with-mgrhology and surface-model-
basedln thisreview thesewill bebebrie y describedcandcompared.

The problem of brain/non-brainsegmentationis a subsetof structuralseggmen-
tation, which aims, for example,to segmentthe major brain structuressuchas
cerebellumgortex andventricles.It is animageprocessingroblemwherea semi-
globalunderstandingf theimageis requiredaswell asalocalunderstandingThis
is oftenmoredif cult thansituationswherepurelylocal or purelyglobalsolutions
areappropriate.For an exampleof the differencebetweenocal andsemi-global
operationstake the nding of “corners”in images. In cleanimageswith clean
sharpcornersa goodsolutionmay be found by applyingsmalllocally-actingop-



eratorsto theimage. However, in the presencef large amountsof noise,or if it

is requiredto nd lesssharpcornersalargerscaleview mustbetaken- for exam-
ple,two edgeanustbede ned overalargerarea,andtheir positionof intersection
found.

Manualbrain/non-brairseggmentatiormethodsare,asa resultof the comple in-
formation understandingnvolved, probablymore accusate thanfully automated
methodsareeverlikely to achieve. Thisis thelevel in imageprocessingvherethis
is mosttrue. At thelowest,mostlocalised level (for example,noisereductionor
tissue-typesggmentation) humansoften cannotimprove on the numericalaccu-
ragy andobjectiity of acomputationaapproachThesamealsooftenholdsatthe
highest,mostglobal, level; for example,in imageregistration,humanscannotin
generaltake in enoughof the whole-imagenformationto improve on the overall
t thata goodregistrationprogramcanachie/e. However, with brain segmenta-
tion, theappropriatesizeof theimage“neighbourhoodiwhichis consideredvhen
outlining the brain surfaceis ideally suitedto manualprocessing.For example,
whenfollowing the external contoursof gyri, differentiatingbetweencerebellum
and neighbouringveins, cutting out optic nenes, or taking into accountunusual
pathology semi-globalcontextual informationis crucialin helpingthe humanop-
timally identify the correctbrainsurface.

Of coursethereareseriousenoughproblemswith manualsegmentatiorto prevent
it from beinga viable solutionin mostapplicationsThe rst is time cost- manual
brain/non-brairsggmentatiortypically takesbetweenl5 minutesand2 hoursper
3D volume. The seconds the requiremenfor sufcient training,andcareduring
segmentationthatsubjectvity is reducedo anacceptabléevel. For exampleeven
a clinical researchewho hasnot beenexplicitly trainedwill belikely to make a
mistale in the differentiationbetweernower cerebellumandneighbouringveins.

Thesecondtlassof brainsegmentatiormethodss thresholding-with-morgology,

e.g.[6]. An initial segmentationinto foreground/backgraud is achiered using
simpleintensitythresholding.Lower andupperthresholdsare determinedvhich
aim to separatehe imageinto very bright parts(e.g. eyeballsand partsof the
scalp),lessbright parts(e.g. braintissue),andthe dark parts(including air and
skull). Thusabinaryimageis produced.In the simplestcasesthe braincannow
bedeterminedy nding thelargestsinglecontiguoushon-backgroundluster A

binarybrainmaskthenresultsithis canbe appliedto theoriginalimage.However,

the brain clusteris almostalwaysconnectedpftenvia fairly thin strandsof bright
voxels,to non-braintissuesuchastheeyeballsor scalp.For example this “bridge”
canbecauseckitherby the optic nene, or simply at pointsaroundthe brainwhere
the dark skull gapis very narrav. Thusbeforethe largestsingleclusteris used,it



mustbe disconnectedrom the non-brainbright tissue. This is normally achiered
by morphologicalltering; thebrightregionsin thebinaryimageareerodedaway
until ary links betweerbrainandnon-brainareeliminated thelargestsinglecluster
is thenchosenandthisis thendilatedby the sameextentasthe erosionhopefully
resultingin anaccuratérainmask.

Thresholding-with-morptiogy methodsaremostlyonly semi-automatedtheuser
is normallyinvolvedin helpingchoosehethreshold(susedin theinitial sgmen-
tation. It is often necessaryo try the full algorithmoutwith a variety of starting
thresholdsuntil agoodoutputis achiered. A secondoroblemis thatit is very hard
to produceageneraklgorithmfor themorphologystagehatwill successfullysep-
aratebrainfrom non-braintissue;it hasproveddif cult to automaticallycopewith

arangeof MR sequenceandresolutionsin generalresultsneedsome nal hand
editing. In part,thisis dueto thefactthatit is hardto implementsituation-speci ¢
logical constraintge.g.,prior knovledgeaboutheadimages)with this approach.

A moresophisticatedersionof theabore approachs givenin [11]. Hereaseries
of thresholdingandmorphologystepsareapplied with eachstepcarefullytunedto
overcomespeci ¢ problemssuchasthethin strandgoining brainto non-brainaf-
ter thresholding Whilst theresultspresentedireimpressie, this methodis highly
tunedto a narrav rangeof imagesequencéypes.A secondelatedexampleis pre-
sentedn [12]. Hereedgedetectionis usedinsteadof thresholdingto separatelif-
ferentimageregions. Next, morphologyis usedto procesgheseregions,in order
to separatehelarge region associatedavith the brainfrom non-brainregions. The
resultingalgorithm canthereforebe more robust than someof the thresholding-
with-morphologymethods;this method(BSE) is usedin the quantitatve testing
presentedelon. A third exampleis thatimplementedn AFNI [4, 15]. Herea
Gaussiammixture modelacrosshe differentimagetissuetypesis tted to thein-
tensity histogramin orderto estimatethresholdsfor the following slice-by-slice
sgmentation.This is followed by a surface-model-basesurfacesmoothing,and
nally with morphological“cleaning-up”. Again, this techniqueis usedin the
guantitatve testingpresentedbelon. Yetanotherexampleis [1], wherehead/non-
headsegmentationis rst performed,usingthresholdingand morphology Next,
anisotropicdiffusionis applied,to reducenoiseand“darken” somenon-brainre-
gions, followed by futher thresholdingand morphology along with a heuristic
methodfor identifying andremaoving theeyes. The nal surfaceis modelledwith
a‘“snale” [8]. Futherexamplescanbefoundin [2, 3, 10].

Thethird classof methodsusesdeformablesuriacemodels;for example se€5, 9].
Hereasuriacemodelis de ned - for example,atessellatedneshof triangles.This
modelis then“ tted” to the brain surfacein theimage. Normally thereare two
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mainconstraintgo the tting - a partwhich enforcessomeform of smoothnessn
the surface (both to keepthe suriacewell-conditionedandto matchthe physical
smoothnessf theactualbrainsurface)anda partwhich ts the modelto the cor
rectpartof theimage- in thiscasethebrainsurface.The tting is usuallyachiered
by iteratively deformingthe surfacefrom its startingpositionuntil an optimal so-
lution is found. This type of methodhasthe adwantageghatit is relatively easy
to imposephysically-basedonstrainton the surface,andthatthe surfacemodel
achievesintegrationof informationfrom a relatively large neighbourhoodround
ary particularpoint of interest;this is thereforeusing semi-globalprocessingas
describedabore. In generalthis kind of approachseemdo be morerobust, and
easierto successfullyautomatethanthethresholding-with-mgrhdogy methods.

3 Method Detail

3.1 Overview of the Brain Extraction Method

We startwith a brief overview of the new method.Firstly, theintensityhistogram
is processedo nd “robust” lower andupperintensityvaluesfor theimage,anda
roughbrain/non-brairthreshold.Thecentre-of-graity of theheadimageis found,

alongwith theroughsizeof the headin theimage.Next a triangulartesselatiorof

aspheres surfaceis initialisedinsidethe brain,andallowedto slowly deform,one
vertex at a time, following forcesthat keepthe surfacewell-spacedand smooth,
whilst attemptingto move towardsthe brain's edge. If a suitably cleansolution
is not arrived at thenthis processs re-runwith a higher smoothnesgonstraint.
Finally, if requiredtheoutersurfaceof theskullis estimatedA graphicabverview

is shawvn in Figurel.

3.2 Estimation of Basiclmage and Brain Parameters

The rst processinghatis carriedout is the estimationof a few simpleimage
parametergp beusedatvariousstagesn subsequerdnalysis.

Firstly, therobustimageintensityminimumandmaximumarefound. Hererohust
meangheeffective intensityextrema,calculatedgnoringsmallnumbersof voxels
which have widely differentvaluesfrom therestof theimage.Thesearecalculated
by lookingattheintensityhistogramandignoringlonglow tailsateachend. Thus,
theintensity“minimum?”, referredto as is theintensitybelon which lies 2% of
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the cumulatve histogram. Similarly, is found. It is oftenimportantfor the

latter thresholdto be calculatedrobustly, asit is quite commonfor brainimages
to containa few high intensity“outlier” voxels; for example,the DC spike from

imagereconstructionpr arteries,which often appeamuch brighterthanthe rest
of theimage. Finally, a roughly choserthresholdis calculatedvhich attemptso

distinguishbetweerbrainmatterandbackground(Notethatbecauséoneappears
darkin mostMRI images,‘background’is takento includebone.)This is simply

setto lie 10%of theway between and

The brain/backgroundhreshold is usedto roughly estimatethe position of the
centreof gravity (COG) of thebrain/headn theimage. For all voxelswith inten-
sity greaterthan , their intensity (“mass”) is usedin a standardveightedsumof
positions.Intensityvaluesareupperlimited at  , sothatextremelybright voxels
do not skew the positionof the COG.

Next the mean“radius” of the brain/headn the imageis estimated.Thereis no
distinctionmadeherebetweerestimatingheradiusof thebrainandthehead- this
estimatds very rough,andsimply usedto getanideaof thesizeof thebrainin the
image;it is usedfor initialising the brainsurfacemodel. All voxelswith intensity
greatetthan arecountedandaradiusis found,takinginto accountvoxel volume,
assuminga sphericabrain.

Finally, the medianintensityof all pointswithin a sphereof the estimatedadius
andcentredon the estimatedCOGis found-

3.3 SurfaceModel and Initialisation

The brainsurfaceis modelledby a surfacetessellatiorusingconnectedriangles.

Theinitial modelis atessellatedpheregeneratedby startingwith anicosahedron
anditeratvely subdviding eachtriangleinto 4 smallertriangles,whilst adjusting

eachvertex's distancefrom the centreto form assphericala suriaceaspossible.

Thisis acommontessellatiorof thesphere Eachvertex has veor six neighbours,
accordingo its positionrelative to the originalicosahedron.

The sphericaltessellatedurfaceis initially centeredon the COG, with its radius
setto half of theestimatedrain/headadius,i.e. intentionallysmall. Allowing the
surfaceto grow to the optimal estimategivesbetterresultsin generalthansetting
theinitial sizeto beequalto (or largerthan)theestimatedrainsize(seeFigure?).
An example nal surfacemeshcanbeseenn Figure2.
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Figure2: Threeviews of a typical suriacemesh,shavn for clarity with reduced
meshdensity

The vertex positionsarein real ( oating point) spacej.e. not constrainedo the
voxel grid points. A majorreasorfor this is that makingincrementalsmall) ad-
justmentsto vertex positionswould not be possibleotherwise. Anotherolvious
advantageis that the imagedoesnot needto be pre-processetb be madeup of
cubicvoxels.

3.4 Main lterated Loop

Eachvertec in thetessellatedurfaceis updateddy estimatingwherebestthatver
tex shouldmove to, in orderto improve the surface. In orderto nd an optimal
solution,eachindividual movementis small,with mary (typically 1000)iterations
of eachcompleteincrementakurfaceupdate. In this context, “small movement”
meanssmallrelative to themeandistancebetweemeighbouringsertices. Thusfor
eachvertex, a smallupdatemovementvector is calculatedusingthe following
steps.

3.4.1 Local SurfaceNormal

Firstly the local unit vectorsurfacenormal is found. Eachconsecutie pair of
[centralvertex]-[neighbourA], [centralvertex]-[neighbourB] vectorsis takenand
usedto form the vector product(seeFigure 3). The vectorsum of thesevectors
is scaledto unit lengthto create . By initially takingthe sumof normalvectors
befoe rescalingto unity, the sumis maderelatively robust; the smallera particu-
lar [centralvertex]-[neighbourA]-[neighbourB] triangleis, the morepoorly con-
ditionedis the estimateof normal direction, but this normalwill contritute less
towardsthesumof normals.



)
1 of the 5 pairs of 1
vectors from the V
central vertex to v

consecutive neighbouring vertices

Figure3: Creatinglocal unit vectorsuriacenormal from all neighbouringver-
tices.

3.4.2 Mean Position of Neighboursand Differ enceVector

The next stepis the calculationof the meanpositionof all verticesneighbouring
the vertex in question. This is usedto nd a differencevector , the vectorthat
takesthe currentvertex to the meanpositionof its neighbourslf this vectorwere
minimisedfor all vertices(by positionalupdates)the surfacewould be forcedto

be smoothandall verticeswould be equallyspaced Also, dueto the factthatthe

surfaceis closedthe surfacewould graduallyshrink.

Next, is decomposedhto orthogonalcomponentsnormalandtangentialto the
local surface;

(1)

and

()

For the 2D case,seeFigure4 (the extensionto 3D is conceptuallytrivial). It is
thesetwo orthogonalvectorswhich form the basisfor the three componentf
theverte<'s movementvector ; thesecomponentsvill becombinedwith relatve
weightings,to createan updatevector for every vertex in the surface. Thethree
component®f arenow described.
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Figure4: Decomposinghe“perfectsmoothnessiector into componentsiormal
andtangentiako thelocal surface.

3.4.3 Update Componentl: Within-Surface Vertex Spacing

The simplestcomponenbf the updatemovementvector is , the component
that is tangentialto the local surface. Its solerole is to keepall verticesin the

surfaceequallyspacedmoving themonly within the surface. Thus  is directly

derved from . In orderto give simple stability to the updatealgorithm, is

not setequalto , but to ; the currentvertex is alwaystendingtowardsthe

positionof perfectwithin-suracespacing(asareall others).

3.4.4 Update Component2: Surface SmoothnessControl

Theremainingtwo component®f actparallelto thelocal surfacenormal. The

rst, ,isderveddirectlyfrom , andactsto move the currentverte into line
with its neighboursthusincreasinghe smoothnessf the suriace. A simplerule
herewould be to take a constanffractionof , in amannerequvalentto that of
the previouscomponent

®3)

where s the fractionalupdateconstant. Most other methodsof surface mod-
elling have taken this approach.However, a greatimprovementcan be madeby
using a nonlinearfunctionof . The primary aim is to smoothhigh curvature
in the surlacemodelmoreheaily thanlow curvature. The reasorfor this is that
whilst high cunatureis undesirablan the brain surface model, forcing surface
smoothingio anextentwhich givesstableandgoodresults(in removing high cur
vature)weightstoo heavily againssuccessfulollowing of thelow cunatureparts
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of the surface. In otherwords, in orderto keepthe surface model sufciently
smoothfor the overallalgorithmto proceedstably thesurfaceis forcedto beover-
smooth,causingthe underestimatiowf curvatureat certainparts,i.e., the“cutting
of corners”.It hasbeenfoundthatthis problemis notovercomeby allowing  to
vary duringtheseriesof iterations(this anaturalimprovementonaconstanupdate
fraction). Insteada nonlinearfunctionis used startingby nding thelocal radius
of cunature, :

— 4

where is the meandistancefrom vertex to neighbouringvertex acrosghe whole
surface- seeFigure5. Now, a sigmoidfunctionof is applied,to nd theupdate
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Figure 5: The relationshipbetweenlocal curvature , vertex spacing andthe
perpendiculacomponenbf the differencevector

fraction:
)

where and control the scaleand offset of the sigmoid. Theseare derived
from a minimumandmaximumradiusof curvature;belov the minimum , heary
smoothingtakes place (i.e., the surface deformationremainsstableand highly
cunvedfeaturesaaresmoothed)whilst abose themaximum |, little surfacesmooth-
ing is carriedout(i.e.,“long slow” curvesarenotoversmoothed)Theempirically
optimisedvaluesfor and aresuitedfor typical geometriesoundin the
humanbrain. Consideratiorof the functionsuggests:

(6)
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and
(7
Forexample seeFigure6. Theresultingsmoothnesgermgivesmuchbetteresults

a
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Figure6: Smoothnessipdatefractionvs local radiusof cunature,given
mm, mm

thana constantupdatefraction, bothin ability to accuratelymodelbrain surface
andin developmentaktability duringthe mary iterations.

3.4.5 Update Component3: Brain SurfaceSelectionTerm

The nal updatecomponent, ,isalsoparallelto , andisthetermwhichactu-
ally interactswith theimage attemptingo forcethesurfacemodelto t tothereal
brainsurface.This termwasoriginally inspiredby theintensitytermin [5]:

(8)

wherethe limits on  control a searchamongstall image points along
the surfacenormal pointing inwardsfrom the currentvertex at , andtaking the
productrequiresall intensitiesto be above a presetthreshold. Thus whilst the
surfacelieswithin thebrain,theresultingforceis outwards.As soonasthesurface
movesoutsideof the brain (e.g.,into CSFor bone),oneor moreelementdnside
the productbecomezero and the productbecomeszero. One limitation of this
equationis thatit canonly pushoutwards- thusthe resultingsurfaceis forcedto
be corvex. A secondlimitation is the useof a single global intensity threshold
; ideally, this shouldbe optimally variedover theimage.

Thus, insteadof the above equation,a much simpler core equationis used,em-
bodyingthe sameidea, but this is then extendedto give greaterrobustnessn a
wider rangeof imagingsequencedr-irstly, alonga line pointinginwardsfrom the
currentvertex, minimumandmaximumintensitiesarefound:

9)
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(10)

where determinesiow farinto the brainthe minimumintensityis searchedor,
and determineshow far into the brain the maximumintensityis searchedor.

Typically, and (this ratio is empirically optimised,and
re ects therelatively larger spatialreliability of the searchfor maximumintensity
comparedvith theminimum). , and areusedto limit theeffect of very dark

or very brightvoxels. Notethattheimagepositionswhereintensitiesaremeasured
arein generalbetweenvoxels aswe areworking in real ( oating point) space-
thusintensityinterpolationneedgo be used,interpolatingbetweeroriginal voxel
intensities. It was found that nearesineighbourinterpolationgave betterresults
than trilinear or higher order interpolations,presumablybecausét is moreim-
portantto have accesdo the original (un-interpolatedandtherefore“unblurred”)
intensitieghanthatthevaluesre ect optimalestimate®f intensitiesatthe correct
pointin space.

Now, is usedto create , a locally appropriateintensity thresholdwhich
distinguishedbetweerbrainandbackground:

(11)

It liesapresefractionof theway betweertheglobalrobustlow intensitythreshold

andthelocal maximumintensity , accordingo fractionalconstant . This
presetconstantis the main parametemwhich BET cantake asinput. The default
valueof 0.5 hasbeenfoundto give excellentresultsfor mostinputimages- with
certainimageintensity distributionsit canbe varied(in the range0 to 1) to give
optimal results. The necessityfor this is rare, and for an MR sequencevhich
requireschanging , onevaluenormallyworksfor all otherimagesakenwith the
samesequence(The only otherinput parameterand one which needschanging
from thedefaultevenlessoftenthan , for example,if thereis very strongvertical
intensityinhomogeneitycauses to vary linearly with  in the image,causing
“tighter” brain estimationat the top of the brain, and “looser” estimationat the
bottom,or vice versa.)Theupdate‘fraction” is thengivenby:

(12)

with the factorof 2 causingarangein valuesof  of roughly-1to 1. If is
lower thanlocal threshold , is negative, causingthe surfaceto move inwards
atthecurrentpoint. If it is higher thenthe suriacemove outwards.

Finally, thefull updatetermis ; theupdatefractionis multiplied by arela-
tive weightingconstant, , andthemeanintervertex distance,. Theweighting
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constansetshebalancéetweerthesmoothnestermandtheintensity-baseterm
- it is found empirically but becauseall termsin BET areinvariantto changesn
imagevoxel size,imagecontrastmeshdensity etc.,this constants nota“w orked-
once”heuristic- it is alwaysappropriate.

3.4.6 Final Update Equation

Thusthetotal updateequationfor eachvertex, is

(13)

3.4.7 SecondPass- IncreasedSmoothing

Oneolviousconstrainbnthebrainsuriacemodelis thatit shouldnotself-intersect.
Althoughit wouldbestraightforvardto forcethis constrainby addinganappropri-
atetermto theupdatezquationjn practicethis checkis extremelycomputationally
expensve asit involves comparingthe positionof eachvertex with thatof every
otherateveryiteration.As it standsthealgorithmalreadydescribedarely(around
5% of imagesYyesultsin self-intersectionA morefeasiblealternatve is to runthe
standardalgorithmandthen performa checkfor self-intersection.If the surface
is found to self-intersectthe algorithmis re-run, with much higher smoothness
constraint(appliedto concae partsof the surfaceonly - it is not necessarjor the
corvex parts)for the rst 75% of the iterations;the smoothnessveighting then
linearly dropsdown to the original level overtheremainingiterations.This results
in preventingself-intersectionn almostall cases.

It hasbeensuggestethattheremightbesomevaluein re-runningBET onits own
output;whilst areasncorrectly“left in” aftera rst runmightgetremovedon sub-
sequentuns,it is our experiencethatthis is notin generakuccessfulpresumably
becauséhe overall algorithmis not designedor this application.

3.5 Exterior Skull Surface Estimation

A few applicationgequirethe estimationof the positionof the skull in theimage.
A majorexampleis in themeasuremerdf brainatrophy[13]. Beforebrainchange
canbe measurediwo imagesof the brain, taken several monthsapart,have to be
registered. Clearly this registrationcannotallow rescaling,otherwisethe overall
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atrophywill be underestimateddowever, becaus®f possiblechangesn scanner
geometryover time, it is necessaryo hold the scaleconstansomeha. This can

be achieved by usingthe exterior skull surface,which is assumedo be relatively

constanin size,asascalingconstrainin theregistration.

In mostMR images the skull appearsrery dark. In T1-weightedimagesthein-
ternalsuriaceof theskullis largely indistinguishablérom the cerebro-spinal- uid
(CSF),which is alsodark. Thusthe exterior surfaceis found. This alsocanbe
dif cult to identify, even for trainedclinical experts,but the algorithmis largely
successfuin its aim.

For eachvoxel lying on the brain surfacefound by BET, a line perpendiculato
thelocal surface pointingoutward,is searchedor the exterior surfaceof theskull,
accordingo thefollowing algorithm:

Searchoutwardsfrom the brain surface,a distanceof 30mm,recordingthe
maximumintensityandits position,andthe minimumintensity

If the maximumintensityis not higherthan , assumehatthe skull is not
measurablat this point, asthereis no bright signal (scalp)on the far side
of the skull. In this casedo not proceedwith the searchat this pointin the
image. This would normally be dueto signallossat animageextreme,for
example,atthetop of thehead.

Find the point at greatesdistancefrom brain surface which haslow in-
tensity accordingto maximisationof theterm . The
rst partweightsin favour of increasedlistancethe secondpartweightsin
favour of low intensity The searchis continuedonly out to the previously
foundpositionof maximumintensity Theresultingpointshouldbe closeto
theexterior surfaceof the skull.

Finally, searchoutwardsfrom the previous point until the rst maximum
in intensitygradientis found. This is the estimatedpositionof the exterior
surfaceof the skull. This nal stagegivesa morewell-de ned positionfor
the surface- it doesnot dependon theweightingsin the maximisedtermin
the previous section,i.e., is moreobjectve. For example,if the skull/scalp
boundaryis at all blurred, the nal positionwill be lessaffectedthanthe
previousstage.

This methodis quite successfulgven whenfairly dark musclelies betweenthe

skull andthe brighter skin and fat. It is also mainly successfuin ignoring the
marrav within thebone,which sometimess quite bright.
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4 Results

4.1 Example Results

Figure 7 shavs an example of surface model developmentas the main loop it-
erates,with a T1-weightedimageasinput, nishing with the estimationshovn
in Figures8 and9. Figures10-12shav exampleresultson T2-weighted proton
densityand EPI (echoplanarimaging,widely usedfor FMRI) images.Figure13
shawvs anexampleestimateof the exterior skull surface.

Figurel4 shavstheresultof runningBET onanEPIFMRI imagewhichis heavily
affectedby ghosting.ClearlyBET hasworkedwell, bothin removing the (outside-
brain)ghosting,andalsoin allowing registration(usingFLIRT [7]) to succeed.

4.2 Quantitati ve Testing Against “Gold-Standard” and Other Meth-
ods

An extensve quantitatve andobjectie testof BET hasbeencarriedout. We used
45MR imagestakenfrom 15 differentscannergmostly 1.5T andsome3T, from 6
differentmanufcturers)usingawide rangeof slicethicknessegbetweerD.8 and
6mm) and a variety of sequence$35 T1-weighted,6 T2-weightedand 4 proton
density). Hand segmentationof theseimagesinto brain/non-braih was carried
out. Thusasimplebinarymaskwasgeneratedrom eachinputimage.Someslices
from anexamplehandsegmentatiorareshavn in thesecondcolumnof Figurel15.
Then,BET andtwo otherpopularautomatednethodg*AFNI” and“BSE”) were
testedagainsthe handsegmentations.

The AFNI method[4, 15], thoughclaimingto befully automatedgave very poor
resultson mostimages(way off the scaleon Figure 16), dueto the failure of the
initial histogram-basedhoiceof thresholdsMuch betterresultswereobtainedoy
settingtheinitial thresholdusingthe simplerbut morerobust methoddescribed

!We de®nedcerebellumandinternal CSF asbrain®- i.e. matchingthe de®nitionsusedby the
methoddested.Structures/tissuesuchassagittalsinus,optic nenes,external CSFandduraareall
ideally eliminatedby all the methodgascanbe con®rmedby their resultson ®idealinputimages),
andalsoby the handsegmentation.

The versionsof thesealgorithmswere: BET version1.1 from FSL version1.3; BSE version
2.09; AFNI version2.29(with modi®cationsdescribedn thetext). All areeasilyaccessiblenthe
internet; to the bestof our knowledge,thesearethe only freely available widely usedstandalone
brain/non-brairsggmentatioralgorithms.
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Figure7: Exampleof surlacemodeldevelopmentasthe mainloop iterates. The
darkpointswithin themodeloutlinearevertices.

Figure8: Examplebrainsurfacegeneratedby BET.
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Figure 9. Examplebrain suriace model (left) and resultingbrain surface (right)
generatedby BET.

Figurell: Examplebrainsurfacefrom a protondensityimage.
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Figure12: Exampleseggmentatiorof anEPIlimage.

Figure 14. Left to right: the original FMRI image; BET outputfrom the FMRI
image;T1-weightedstructuraimage;(failed)registrationwithoutusingBET; suc-
cessfulregistrationif BET is used.
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Figurel5: Left to right: Exampleoriginalwhole-headMR image;handsegmenta-
tion; fully automatidBET masking;handmaskminusBET mask.
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in Section3.2. Theupperthresholdwassetto  andthelower thresholdto 40%
between and . There ned methodis referredto belov as“AFNI*”,

Theresultsof thethreemethodsvereevaluatedusinga simple% errorformulation

of 0.5* 100* volume(totalnonintersection) volume(handnask). The mainre-

sultsfor thefully automatednethodsareshavn ontheleft in Figure16;themean
% error over the 45 imagesis shavn for eachmethod. The meanerror is more

meaningfulthanary robustmeasurde.g.median)becaus@utliersareconsidered
relevant- the methodsneeddo berohustaswell asaccurateo be useful(though
note that using medianvaluesinsteadgivesthe samerelative results). The short
barsshav the resultsfor the 35 T1-weightedinputimagesonly. BET givessig-

ni cantly betterresultsthanthe othertwo methods.Someslicesof atypical BET

seggmentatiod aredisplayedin the third columnof Figure15. The fourth column

shawvs the handmaskminusthe BET mask;in generalBET is slightly overesti-
matingtheboundary(by approximatelyonevoxel, exceptin themorecomplicated
inferior regions),andof coursesmoothingacrossne sulci.

It wasalsoconsideredf interestto investigatethe sametestif initial controlling

parametersvere “hand-optimised”(i.e making the methodsonly “nearly-fully-

optimised”). In orderto carry this outin a reasonablybjectve manner the pri-

mary controlling parameteifor eachmethodwas varied over a wide rangeand
the bestresult(comparingoutputwith handsegmentation)wasrecorded. Fortu-

nately eachmethodhasone controlling parametemwhich hasmuchgreatereffect

on outputthanothers sothe choiceof which parameteto vary wassimple? The
rangeover which eachmethods principal controlling parametemwas varied was
choserby handsuchthatthe extremeswverejust having someusefuleffectin afew

images. Eachmethodwasthenrun with the controlling parameteit 9 different
levels within the rangespeci ed. Theresultsareshavn on theright in Figure 16;

the methodsall improve, to varying degrees. BET s still the bestmethod,just
beatingAFNI*. However, the mostimportantmessagdrom theseresultsis that
althoughBET is the mostaccurateandrobust methodin both tests,it is alsothe
mostsuccessfully'fully automated”jn thatits resultswhenrun fully-automated
arenearlyasgoodasthosewhenit is “hand-optimised”.

Note thatall the abore commenton the quantitatve resultsalsohold whenonly

3Thechoserimagegave anerrorcloseto BET's meanerror

“With BET, the parametewnaried affects the settingof a local brain/non-brairthreshold; in
equationll wasvariedfrom 0.1-0.9. With AFNI*, the settingof the lower intensitythresholdwas
varied;insteadof using40% betweerrobustintensitylimits asdescribedabore, a rangeof 10-70%
was used. With BSE, the 2edgedetectionsigma®,which controlsthe initial edgedetection,was
variedfrom 0.5-1.5.
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Figure16: Mean% errorover 45 MR imagesfor threebrain extractionmethods,
comparedvith handsegmentation;on the left arethe resultsof testingthe fully-
automatednethodspn theright arethe “hand-optimised’results. The shortbars
shav theresultsover only the 35 T1-weightedmages
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the 35 T1-weightedmagesareconsidered.

In theoryit might be possibleto “hand-tune”a methodoncefor a givenMR pulse
sequenceandthe resultingparametershenwork well for all imagesof all sub-
jectsacquiredusingthis sequencelf this werethe casethenpossiblythe results
of AFNI* andBET couldbeviewedassimilarly successfufassuminghatourim-
provementsto AFNI wereimplemented).This is, however, not the case asthere
wasfoundto besigni cant variationin optimalcontrolling parameter$or AFNI*

(within sequenceype).

Finally, notethatresultsfrom a brainextractionalgorithmmayimprove if theim-
ageis pre-processeth certainways, suchaswith anintensityinhomogeneitye-
ductionalgorithm. However, it is our experiencethat the bestintensityinhomo-
geneityreductionmethodsrequire brain extractionto have alreadybeencarried
out.

4.3 Resultsof usingBET in Higher-Level Systems

BET is usedasthe rst stagein the measuremertf longitudinal (two-time-point)
atrophyin the SIENA system(StructurallmageEvaluation,usingNormalisation,
of Atrophy) describedn [13]. Using variousdifferentmethods,including a 40
subject(120 image)dataseta 500 subjectdatasetand a 16 subject(256 image)
datasetthe estimationof percentagdrain volume changeerror (which, amongst
otherthings,is dependenbn the robustnessandaccurag of the brain extraction)
wasfoundto be around0.2%. In all of thesestudiesit was possibleto useBET
in anautomatednanner As mentionedabove, wherethe input parameteneeded
changingfor example,whenprotondensityimageswere analysedthe input pa-
rameterwas setoncefor all subjects,i.e. did not requiretuning for eachnew
subject.

BET is alsousedin the cross-sectiongkingle-time-pointatrophyestimationsys-
temSIENAX. Test-retestesultsof SIENAX shav anerrorof betweerD.5and1%
(of brainvolume,dependingon imagequality) - this hasclearimplicationsabout
the test-retesaccurag of BET. Again, this systemhasbeenrun on hundredsof
datasetsuccessfuly
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5 Conclusion

An automatednethodfor sggmentingMR headimagesinto brainandnon-brain
hasbeendeveloped. It is very robust and accurateand hasbeentestedon thou-
sandsof datasetsfrom a wide variety of scannersand taken with a wide vari-
ety of MR sequencesBET takes about5-20 secondgo run on a modernwork-
stationandis freely available (as a standalongprogramwhich canbe run from
the UNIX commandline or from a simple TCL/TK GUI) as part of FSL, from
www.fmrib.ox.ac  .uk /f sl
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