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Abstract An automatedmethodfor segmentingMR headimagesinto brainand
non-brainhasbeendeveloped.It is veryrobustandaccurateandhasbeentestedon
thousandsof datasetsfrom awidevarietyof scannersandtakenwith awidevariety
of MR sequences.Themethod- BET (Brain ExtractionTool) - usesa deformable
modelwhich evolvesto �t thebrain's surfaceby theapplicationof a setof locally
adaptive modelforces.Themethodis very fastandrequiresno pre-registrationor
otherpre-processingbeforebeingapplied. This reportdescribesthenew method
andgivessomeexampleresultsandalsotheresultsof extensive quantitative test-
ing against“gold-standard”handsegmentationsandtwo otherpopularautomated
methods.
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1 Intr oduction

Therearemany applicationsrelatedto brainimagingwhicheitherrequire,or bene-
�t from, theability to accuratelysegmentbrainfromnon-braintissue.Forexample,
in theregistrationof functionalimagesto high resolutionMR images,bothFMRI
andPETfunctionalimagesoftencontainlittle non-braintissuebecauseof thena-
tureof the imaging,whereasthehigh resolutionMR imageprobablywill contain
a considerableamount- eyeballs,skin, fat, muscle,etc - andthusregistrationro-
bustnessis improved if thesenon-brainpartsof the imagecanbe automatically
removedbeforeregistration.A secondexampleapplicationof brain/non-brainseg-
mentationis asthe�rst stagein cortical�attening procedures.A third exampleis in
brainatrophyestimationin diseasedsubjects;afterbrain/non-brainsegmentation,
brainvolumeis measuredat a singletime point with respectto somenormalising
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volumesuchasskull or headsize; alternatively, imagesfrom two or moretime
pointsarecompared,to estimatehow the brain haschangedover time [13, 14].
Note that in this application,tissue-typesegmentationis alsousedto helpdisam-
biguatebrain tissuefrom other partsof the imagesuchas CSF [16]. A fourth
applicationis theremoval of strongghostingeffectswhichcanoccurin functional
MRI (eg with EPI - echoplanarimaging). Theseartefactscanconfoundmotion
correction,global intensitynormalisationandregistrationto a high resolutionim-
age.They canhave an intensityashigh asthe“true” brain image,preventingthe
useof simplethresholdingto eliminatetheartefacts,whereasageometricapproach
suchasthatpresentedherecanremovetheeffects(thoughonly from outsideof the
brain).

This reportdescribesa completemethodfor achieving automatedbrain/non-brain
segmentation.Themethoddescribedheredoesnotattemptto modelthebrainsur-
faceat the�nest level, for example,following sulci andgyri, or separatingcortex
from cerebellum.This �ner modellingwouldbea laterstage,if required,afterthe
brain/non-brainsegmentation.

After abrief review of brainextraction,thebrainextractionalgorithmis described
in detail,followedby a descriptionof anadditionwhich attemptsto �nd theexte-
rior surfaceof theskull. Finally, examplequalitativeresultsarepresented,followed
by theresultsof extensive quantitative evaluationagainst45 “gold-standard”hand
segmentationsandcomparisons,usingthisdata,with two otherpopularautomated
methods.

2 Review

To date,therehave beenthreemain methodsproposedfor achieving brain/non-
brain segmentation;manual,thresholding-with-morphology and surface-model-
based.In this review thesewill bebebrie�y describedandcompared.

The problemof brain/non-brainsegmentationis a subsetof structuralsegmen-
tation, which aims, for example, to segmentthe major brain structuressuchas
cerebellum,cortex andventricles.It is animageprocessingproblemwhereasemi-
globalunderstandingof theimageis requiredaswell asalocalunderstanding.This
is oftenmoredif�cult thansituationswherepurelylocalor purelyglobalsolutions
areappropriate.For an exampleof the differencebetweenlocal andsemi-global
operations,take the �nding of “corners” in images. In cleanimageswith clean
sharpcorners,a goodsolutionmaybefoundby applyingsmall locally-actingop-
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eratorsto the image. However, in thepresenceof large amountsof noise,or if it
is requiredto �nd lesssharpcorners,a larger-scaleview mustbetaken- for exam-
ple, two edgesmustbede�ned overa largerarea,andtheirpositionof intersection
found.

Manualbrain/non-brainsegmentationmethodsare,asa resultof thecomplex in-
formationunderstandinginvolved, probablymoreaccurate thanfully automated
methodsareever likely to achieve. This is thelevel in imageprocessingwherethis
is mosttrue. At the lowest,mostlocalised,level (for example,noisereductionor
tissue-typesegmentation),humansoften cannotimprove on the numericalaccu-
racy andobjectivity of acomputationalapproach.Thesamealsooftenholdsat the
highest,mostglobal, level; for example,in imageregistration,humanscannotin
generaltake in enoughof thewhole-imageinformationto improve on theoverall
�t that a goodregistrationprogramcanachieve. However, with brain segmenta-
tion, theappropriatesizeof theimage“neighbourhood”which is consideredwhen
outlining the brain surfaceis ideally suitedto manualprocessing.For example,
whenfollowing theexternalcontoursof gyri, differentiatingbetweencerebellum
andneighbouringveins,cutting out optic nerves,or taking into accountunusual
pathology, semi-globalcontextual informationis crucial in helpingthehumanop-
timally identify thecorrectbrainsurface.

Of course,thereareseriousenoughproblemswith manualsegmentationto prevent
it from beingaviablesolutionin mostapplications.The�rst is timecost- manual
brain/non-brainsegmentationtypically takesbetween15 minutesand2 hoursper
3D volume.Thesecondis therequirementfor suf�cient training,andcareduring
segmentation,thatsubjectivity is reducedto anacceptablelevel. For example,even
a clinical researcherwho hasnot beenexplicitly trainedwill be likely to make a
mistake in thedifferentiationbetweenlower cerebellumandneighbouringveins.

Thesecondclassof brainsegmentationmethodsis thresholding-with-morphology,
e.g. [6]. An initial segmentationinto foreground/background is achieved using
simpleintensitythresholding.Lower andupperthresholdsaredeterminedwhich
aim to separatethe imageinto very bright parts(e.g. eyeballsand partsof the
scalp),lessbright parts(e.g. brain tissue),andthe dark parts(including air and
skull). Thusa binary imageis produced.In thesimplestcases,thebraincannow
bedeterminedby �nding thelargestsinglecontiguousnon-backgroundcluster. A
binarybrainmaskthenresults;thiscanbeappliedto theoriginal image.However,
thebrainclusteris almostalwaysconnected,oftenvia fairly thin strandsof bright
voxels,to non-braintissuesuchastheeyeballsor scalp.For example,this“bridge”
canbecausedeitherby theopticnerve,or simplyatpointsaroundthebrainwhere
thedarkskull gapis very narrow. Thusbeforethelargestsingleclusteris used,it
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mustbedisconnectedfrom thenon-brainbright tissue.This is normallyachieved
by morphological�ltering; thebright regionsin thebinaryimageareerodedaway
until any links betweenbrainandnon-brainareeliminated,thelargestsinglecluster
is thenchosen,andthis is thendilatedby thesameextentastheerosion,hopefully
resultingin anaccuratebrainmask.

Thresholding-with-morphology methodsaremostlyonlysemi-automated- theuser
is normallyinvolved in helpingchoosethethreshold(s)usedin theinitial segmen-
tation. It is oftennecessaryto try the full algorithmout with a varietyof starting
thresholdsuntil agoodoutputis achieved.A secondproblemis thatit is veryhard
to produceageneralalgorithmfor themorphologystagethatwill successfullysep-
aratebrainfrom non-braintissue;it hasproveddif�cult to automaticallycopewith
a rangeof MR sequencesandresolutions.In general,resultsneedsome�nal hand
editing. In part,this is dueto thefactthatit is hardto implementsituation-speci�c
logical constraints(e.g.,prior knowledgeaboutheadimages)with thisapproach.

A moresophisticatedversionof theabove approachis givenin [11]. Herea series
of thresholdingandmorphologystepsareapplied,with eachstepcarefullytunedto
overcomespeci�c problems,suchasthethin strandsjoining brainto non-brainaf-
ter thresholding.Whilst theresultspresentedareimpressive, thismethodis highly
tunedto anarrow rangeof imagesequencetypes.A secondrelatedexampleis pre-
sentedin [12]. Hereedgedetectionis usedinsteadof thresholding,to separatedif-
ferentimageregions. Next, morphologyis usedto processtheseregions,in order
to separatethelargeregion associatedwith thebrainfrom non-brainregions.The
resultingalgorithmcanthereforebe morerobust thansomeof the thresholding-
with-morphologymethods;this method(BSE) is usedin the quantitative testing
presentedbelow. A third exampleis that implementedin AFNI [4, 15]. Herea
Gaussianmixturemodelacrossthedifferentimagetissuetypesis �tted to the in-
tensityhistogramin order to estimatethresholdsfor the following slice-by-slice
segmentation.This is followed by a surface-model-basedsurfacesmoothing,and
�nally with morphological“cleaning-up”. Again, this techniqueis usedin the
quantitative testingpresentedbelow. Yet anotherexampleis [1], wherehead/non-
headsegmentationis �rst performed,usingthresholdingandmorphology. Next,
anisotropicdiffusion is applied,to reducenoiseand“darken” somenon-brainre-
gions, followed by futher thresholdingand morphology, along with a heuristic
methodfor identifying andremoving theeyes. The�nal surfaceis modelledwith
a “snake” [8]. Futherexamplescanbefoundin [2, 3, 10].

Thethird classof methodsusesdeformablesurfacemodels;for example,see[5, 9].
Hereasurfacemodelis de�ned - for example,a tessellatedmeshof triangles.This
model is then“�tted” to the brain surfacein the image. Normally therearetwo
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mainconstraintsto the�tting - apartwhichenforcessomeform of smoothnesson
the surface(both to keepthe surfacewell-conditionedandto matchthe physical
smoothnessof theactualbrainsurface)anda partwhich �ts themodelto thecor-
rectpartof theimage- in thiscase,thebrainsurface.The�tting is usuallyachieved
by iteratively deformingthesurfacefrom its startingpositionuntil anoptimalso-
lution is found. This type of methodhasthe advantagesthat it is relatively easy
to imposephysically-basedconstraintson thesurface,andthat thesurfacemodel
achievesintegrationof informationfrom a relatively large neighbourhoodaround
any particularpoint of interest;this is thereforeusingsemi-globalprocessing,as
describedabove. In generalthis kind of approachseemsto be morerobust, and
easierto successfullyautomate,thanthethresholding-with-morphology methods.

3 Method Detail

3.1 Overview of the Brain Extraction Method

We startwith a brief overview of thenew method.Firstly, theintensityhistogram
is processedto �nd “robust” lower andupperintensityvaluesfor theimage,anda
roughbrain/non-brainthreshold.Thecentre-of-gravity of theheadimageis found,
alongwith theroughsizeof theheadin theimage.Next a triangulartesselationof
asphere's surfaceis initialisedinsidethebrain,andallowedto slowly deform,one
vertex at a time, following forcesthat keepthe surfacewell-spacedandsmooth,
whilst attemptingto move towardsthe brain's edge. If a suitablycleansolution
is not arrived at thenthis processis re-runwith a highersmoothnessconstraint.
Finally, if required,theoutersurfaceof theskull is estimated.A graphicaloverview
is shown in Figure1.

3.2 Estimation of BasicImageand Brain Parameters

The �rst processingthat is carriedout is the estimationof a few simple image
parameters,to beusedatvariousstagesin subsequentanalysis.

Firstly, therobust imageintensityminimumandmaximumarefound.Hererobust
meanstheeffective intensityextrema,calculatedignoringsmallnumbersof voxels
whichhavewidely differentvaluesfrom therestof theimage.Thesearecalculated
by lookingattheintensityhistogram,andignoringlonglow tailsateachend.Thus,
theintensity“minimum”, referredto as

���

is the intensitybelow which lies 2% of
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Figure1: BET processing�o wchart.
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the cumulative histogram. Similarly,
�����

is found. It is often importantfor the
latter thresholdto be calculatedrobustly, asit is quite commonfor brain images
to containa few high intensity“outlier” voxels; for example,the DC spike from
imagereconstruction,or arteries,which oftenappearmuchbrighterthanthe rest
of the image.Finally, a roughlychosenthresholdis calculatedwhich attemptsto
distinguishbetweenbrainmatterandbackground.(Notethatbecauseboneappears
darkin mostMRI images,“background”is takento includebone.)This

�

is simply
setto lie 10%of thewaybetween

� �

and
�����

.

The brain/backgroundthreshold
�

is usedto roughly estimatethe positionof the
centreof gravity (COG)of thebrain/headin the image.For all voxelswith inten-
sity greaterthan

�

, their intensity(“mass”) is usedin a standardweightedsumof
positions.Intensityvaluesareupperlimited at

� ���

, sothatextremelybright voxels
do notskew thepositionof theCOG.

Next the mean“radius” of the brain/headin the imageis estimated.Thereis no
distinctionmadeherebetweenestimatingtheradiusof thebrainandthehead- this
estimateis very rough,andsimplyusedto getanideaof thesizeof thebrainin the
image;it is usedfor initialising thebrainsurfacemodel.All voxelswith intensity
greaterthan

�

arecounted,andaradiusis found,takinginto accountvoxel volume,
assuminga sphericalbrain.

Finally, themedianintensityof all pointswithin a sphereof theestimatedradius
andcentredon theestimatedCOGis found-

���

.

3.3 SurfaceModel and Initialisation

Thebrainsurfaceis modelledby a surfacetessellationusingconnectedtriangles.
Theinitial modelis a tessellatedsphere,generatedby startingwith anicosahedron
anditeratively subdividing eachtriangleinto 4 smallertriangles,whilst adjusting
eachvertex's distancefrom the centreto form assphericala surfaceaspossible.
This is acommontessellationof thesphere.Eachvertex has� veor six neighbours,
accordingto its positionrelative to theoriginal icosahedron.

The sphericaltessellatedsurfaceis initially centeredon theCOG,with its radius
setto half of theestimatedbrain/headradius,i.e. intentionallysmall.Allowing the
surfaceto grow to theoptimalestimategivesbetterresultsin generalthansetting
theinitial sizeto beequalto (or largerthan)theestimatedbrainsize(seeFigure7).
An example�nal surfacemeshcanbeseenin Figure2.
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Figure2: Threeviews of a typical surfacemesh,shown for clarity with reduced
meshdensity.

The vertex positionsarein real (�oating point) space,i.e. not constrainedto the
voxel grid points. A major reasonfor this is thatmakingincremental(small)ad-
justmentsto vertex positionswould not be possibleotherwise. Anotherobvious
advantageis that the imagedoesnot needto be pre-processedto be madeup of
cubicvoxels.

3.4 Main Iterated Loop

Eachvertex in thetessellatedsurfaceis updatedby estimatingwherebestthatver-
tex shouldmove to, in orderto improve the surface. In orderto �nd an optimal
solution,eachindividualmovementis small,with many (typically 1000)iterations
of eachcompleteincrementalsurfaceupdate.In this context, “small movement”
meanssmallrelative to themeandistancebetweenneighbouringvertices.Thusfor
eachvertex, a smallupdatemovementvector � is calculated,usingthe following
steps.

3.4.1 Local SurfaceNormal

Firstly the local unit vectorsurfacenormal
�

� is found. Eachconsecutive pair of
[centralvertex]-[neighbourA], [centralvertex]-[neighbourB] vectorsis takenand
usedto form the vectorproduct(seeFigure3). The vectorsumof thesevectors
is scaledto unit lengthto create

�

� . By initially taking thesumof normalvectors
before rescalingto unity, thesumis maderelatively robust; thesmallera particu-
lar [centralvertex]-[neighbourA]-[neighbourB] triangleis, themorepoorly con-
ditioned is the estimateof normaldirection,but this normalwill contribute less
towardsthesumof normals.
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n̂

Figure3: Creatinglocal unit vectorsurfacenormal
�

� from all neighbouringver-
tices.

3.4.2 Mean Position of Neighboursand DifferenceVector

The next stepis the calculationof themeanpositionof all verticesneighbouring
the vertex in question. This is usedto �nd a differencevector � , the vector that
takesthecurrentvertex to themeanpositionof its neighbours.If this vectorwere
minimisedfor all vertices(by positionalupdates),thesurfacewould be forcedto
besmoothandall verticeswould beequallyspaced.Also, dueto thefact that the
surfaceis closed,thesurfacewouldgraduallyshrink.

Next, � is decomposedinto orthogonalcomponents,normalandtangentialto the
local surface;

�����

�

���

�

�	�

�

� (1)

and
��
��
��������� (2)

For the 2D case,seeFigure4 (the extensionto 3D is conceptuallytrivial). It is
thesetwo orthogonalvectorswhich form the basisfor the threecomponentsof
thevertex'smovementvector � ; thesecomponentswill becombined,with relative
weightings,to createanupdatevector � for every vertex in thesurface.Thethree
componentsof � arenow described.
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Figure4: Decomposingthe“perfectsmoothness”vector � into componentsnormal
andtangentialto thelocalsurface.

3.4.3 UpdateComponent1: Within-Surface Vertex Spacing

The simplestcomponentof the updatemovementvector � is ��� , the component
that is tangentialto the local surface. Its sole role is to keepall verticesin the
surfaceequallyspaced,moving themonly within thesurface.Thus ��� is directly
derived from � 
 . In orderto give simplestability to the updatealgorithm, ��� is
not setequalto �


 , but to �



���

; the currentvertex is alwaystendingtowardsthe
positionof perfectwithin-surfacespacing(asareall others).

3.4.4 UpdateComponent2: SurfaceSmoothnessControl

Theremainingtwo componentsof � actparallelto the local surfacenormal. The
�rst, ��� , is deriveddirectly from � � , andactsto move thecurrentvertex into line
with its neighbours,thusincreasingthesmoothnessof thesurface. A simplerule
herewould be to take a constantfractionof � � , in a mannerequivalentto thatof
thepreviouscomponent��� :

��� �
	

�

����� (3)

where 	

�

is the fractionalupdateconstant.Most othermethodsof surfacemod-
elling have taken this approach.However, a greatimprovementcanbe madeby
usinga nonlinearfunction of � � . The primary aim is to smoothhigh curvature
in thesurfacemodelmoreheavily thanlow curvature. The reasonfor this is that
whilst high curvatureis undesirablein the brain surfacemodel, forcing surface
smoothingto anextentwhichgivesstableandgoodresults(in removing high cur-
vature)weightstooheavily againstsuccessfulfollowing of thelow curvatureparts
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of the surface. In other words, in order to keepthe surfacemodel suf�ciently
smoothfor theoverallalgorithmto proceedstably, thesurfaceis forcedto beover-
smooth,causingtheunderestimationof curvatureat certainparts,i.e., the“cutting
of corners”.It hasbeenfoundthatthis problemis notovercomeby allowing 	

�

to
varyduringtheseriesof iterations(thisanaturalimprovementonaconstantupdate
fraction). Instead,a nonlinearfunctionis used,startingby �nding thelocal radius
of curvature,� :

� �

�

�

���

���

�

� (4)

where
�

is themeandistancefrom vertex to neighbouringvertex acrossthewhole
surface- seeFigure5. Now, a sigmoidfunctionof � is applied,to �nd theupdate

sn

sn

l
2r

sn

l

l2

2
= r

= = qcos    

thus

vertex Bvertex A
neighbouring neighbouringq

central vertex

l

r

r r

Figure 5: The relationshipbetweenlocal curvature � , vertex spacing
�

and the
perpendicularcomponentof thedifferencevector,

�

���

�

.

fraction:
	

�

�

�����

�	��

�

����� ��� �

� ���

� � �

���

� (5)

where � and
�

control the scaleand offset of the sigmoid. Theseare derived
from a minimumandmaximumradiusof curvature;below theminimum � , heavy
smoothingtakes place (i.e., the surface deformationremainsstableand highly
curvedfeaturesaresmoothed),whilst above themaximum� , little surfacesmooth-
ing is carriedout (i.e.,“long slow” curvesarenotover-smoothed).Theempirically
optimisedvaluesfor �

�����

and �

�����

aresuitedfor typical geometriesfoundin the
humanbrain.Considerationof the

����

�

functionsuggests:

� �

��� �

�

�����

��� �

�

�����

�

���

� (6)
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and
�

���

� ��� �

�

�����

�

� �

�

�����

�

� (7)

Forexample,seeFigure6. Theresultingsmoothnesstermgivesmuchbetterresults

0.2
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0.8

1

2 3 4 5 6 7 8 9 10

Figure6: Smoothnessupdatefractionvs local radiusof curvature,given �

��� �

�

���

mm, �

�����

��� ����� mm

thana constantupdatefraction, both in ability to accuratelymodelbrain surface
andin developmentalstabilityduringthemany iterations.

3.4.5 UpdateComponent3: Brain SurfaceSelectionTerm

The�nal updatecomponent,��� , is alsoparallelto � � , andis thetermwhichactu-
ally interactswith theimage,attemptingto forcethesurfacemodelto �t to thereal
brainsurface.This termwasoriginally inspiredby theintensitytermin [5]:

�

�

	�


�


������

���

���

�

����

�

��� ���

���

�	�

�

������ �!#"$�

� �

� (8)

wherethe limits on � control a searchamongstall imagepoints
�

�%�

� along
the surfacenormalpointing inwardsfrom the currentvertex at

�

, andtaking the
productrequiresall intensitiesto be above a presetthreshold. Thus whilst the
surfacelieswithin thebrain,theresultingforceis outwards.As soonasthesurface
movesoutsideof thebrain (e.g.,into CSFor bone),oneor moreelementsinside
the productbecomezero and the productbecomeszero. One limitation of this
equationis that it canonly pushoutwards- thustheresultingsurfaceis forcedto
be convex. A secondlimitation is the useof a singleglobal intensity threshold

������ �!&"'�

; ideally, this shouldbeoptimallyvariedover theimage.

Thus, insteadof the above equation,a muchsimplercoreequationis used,em-
bodying the sameidea,but this is thenextendedto give greaterrobustnessin a
wider rangeof imagingsequences.Firstly, alonga line pointinginwardsfrom the
currentvertex, minimumandmaximumintensitiesarefound:

�

�����

�)(+*-,

�

� �

��(

��. �

� �

�

� ���

�

�

� ���

�

� � � � �

���

�

�

� � �

� (9)
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�

�����

�)(

��. �

� �

��( * ,

�

�

�

�����

�

�

� ���

�

� � � � �

���

�

�

� � �

� (10)

where �

� determineshow far into thebraintheminimumintensityis searchedfor,
and �

�

determineshow far into the brain the maximumintensity is searchedfor.
Typically, �

�

�

� �

� �

and �

�

� �

�

���

(this ratio is empirically optimised,and
re�ects therelatively largerspatialreliability of thesearchfor maximumintensity
comparedwith theminimum).

� �

,
� �

and
�

areusedto limit theeffectof verydark
or verybrightvoxels.Notethattheimagepositionswhereintensitiesaremeasured
are in generalbetweenvoxels aswe areworking in real (�oating point) space-
thusintensityinterpolationneedsto beused,interpolatingbetweenoriginal voxel
intensities. It was found that nearestneighbourinterpolationgave betterresults
than trilinear or higher order interpolations,presumablybecauseit is more im-
portantto have accessto theoriginal (un-interpolated,andtherefore“unblurred”)
intensitiesthanthatthevaluesre�ect optimalestimatesof intensitiesat thecorrect
point in space.

Now,
�

��� �

is usedto create
�

� , a locally appropriateintensity thresholdwhich
distinguishesbetweenbrainandbackground:

�

�

�

���

�����

�

� �

�

���
�

�

� �

� (11)

It liesapresetfractionof thewaybetweentheglobalrobustlow intensitythreshold
� �

andthelocalmaximumintensity
�

�����

, accordingto fractionalconstant
�

�

. This
presetconstantis the main parameterwhich BET cantake asinput. The default
valueof 0.5 hasbeenfoundto give excellentresultsfor mostinput images- with
certainimageintensitydistributions it canbe varied(in the range0 to 1) to give
optimal results. The necessityfor this is rare, and for an MR sequencewhich
requireschanging

�
�

, onevaluenormallyworksfor all otherimagestakenwith the
samesequence.(The only otherinput parameter, andonewhich needschanging
from thedefault evenlessoftenthan

�
�

, for example,if thereis verystrongvertical
intensity inhomogeneity, causes

�
�

to vary linearly with � in the image,causing
“tighter” brain estimationat the top of the brain, and “looser” estimationat the
bottom,or viceversa.)Theupdate“fraction” is thengivenby:

	

	

�

� ���

�����

�

�

�

�

�

��� �

�

� �

� (12)

with the factorof 2 causinga rangein valuesof 	

	 of roughly -1 to 1. If
�

�����

is
lower thanlocal threshold

�

� , 	

	 is negative, causingthesurfaceto move inwards
at thecurrentpoint. If it is higher, thenthesurfacemoveoutwards.

Finally, thefull updatetermis
�

�

���

	

	

�

; theupdatefractionis multipliedby a rela-
tiveweightingconstant,

�

�

���

, andthemeaninter-vertex distance,
�

. Theweighting
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constantsetsthebalancebetweenthesmoothnesstermandtheintensity-basedterm
- it is foundempirically, but becauseall termsin BET areinvariantto changesin
imagevoxel size,imagecontrast,meshdensity, etc.,thisconstantis nota“worked-
once”heuristic- it is alwaysappropriate.

3.4.6 Final UpdateEquation

Thusthetotalupdateequation,for eachvertex, is

� �

�

�

�

� 


�

	

�

� �

� �

�

���

	

	

� �

� � � (13)

3.4.7 SecondPass- IncreasedSmoothing

Oneobviousconstraintonthebrainsurfacemodelis thatit shouldnotself-intersect.
Althoughit wouldbestraightforwardto forcethisconstraintby addinganappropri-
atetermto theupdateequation,in practicethischeckis extremelycomputationally
expensive asit involvescomparingthe positionof eachvertex with that of every
otherateveryiteration.As it stands,thealgorithmalreadydescribedrarely(around
5% of images)resultsin self-intersection.A morefeasiblealternative is to run the
standardalgorithmandthenperforma checkfor self-intersection.If the surface
is found to self-intersect,the algorithmis re-run,with muchhighersmoothness
constraint(appliedto concave partsof thesurfaceonly - it is not necessaryfor the
convex parts)for the �rst 75% of the iterations;the smoothnessweighting then
linearlydropsdown to theoriginal level over theremainingiterations.This results
in preventingself-intersectionin almostall cases.

It hasbeensuggestedthattheremightbesomevaluein re-runningBET onits own
output;whilst areasincorrectly“left in” aftera �rst runmightgetremovedonsub-
sequentruns,it is our experiencethatthis is not in generalsuccessful,presumably
becausetheoverall algorithmis notdesignedfor thisapplication.

3.5 Exterior Skull SurfaceEstimation

A few applicationsrequiretheestimationof thepositionof theskull in theimage.
A majorexampleis in themeasurementof brainatrophy[13]. Beforebrainchange
canbemeasured,two imagesof thebrain, takenseveralmonthsapart,have to be
registered.Clearly this registrationcannotallow rescaling,otherwisethe overall
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atrophywill beunderestimated.However, becauseof possiblechangesin scanner
geometryover time, it is necessaryto hold thescaleconstantsomehow. This can
beachieved by usingtheexterior skull surface,which is assumedto berelatively
constantin size,asascalingconstraintin theregistration.

In mostMR images,the skull appearsvery dark. In T1-weightedimagesthe in-
ternalsurfaceof theskull is largely indistinguishablefrom thecerebro-spinal-�uid
(CSF),which is alsodark. Thusthe exterior surfaceis found. This alsocanbe
dif�cult to identify, even for trainedclinical experts,but the algorithmis largely
successfulin its aim.

For eachvoxel lying on the brain surfacefound by BET, a line perpendicularto
thelocalsurface,pointingoutward,is searchedfor theexteriorsurfaceof theskull,
accordingto thefollowing algorithm:

� Searchoutwardsfrom thebrainsurface,a distanceof 30mm,recordingthe
maximumintensityandits position,andtheminimumintensity.

� If the maximumintensity is not higherthan
�

, assumethat the skull is not
measurableat this point, asthereis no bright signal(scalp)on the far side
of theskull. In this casedo not proceedwith thesearchat this point in the
image.This would normallybedueto signallossat an imageextreme,for
example,at thetopof thehead.

� Find the point at greatestdistancefrom brain surface � which haslow in-
tensity, accordingto maximisationof theterm �

�

�

�

�

� �

�

�

� �

�
���

�

� �

� . The
�rst partweightsin favour of increaseddistance,thesecondpartweightsin
favour of low intensity. The searchis continuedonly out to the previously
foundpositionof maximumintensity. Theresultingpointshouldbecloseto
theexteriorsurfaceof theskull.

� Finally, searchoutwardsfrom the previous point until the �rst maximum
in intensitygradientis found. This is theestimatedpositionof theexterior
surfaceof theskull. This �nal stagegivesa morewell-de�ned positionfor
thesurface- it doesnot dependon theweightingsin themaximisedtermin
theprevioussection,i.e., is moreobjective. For example,if theskull/scalp
boundaryis at all blurred, the �nal positionwill be lessaffectedthan the
previousstage.

This methodis quite successful,even when fairly dark musclelies betweenthe
skull and the brighter skin and fat. It is also mainly successfulin ignoring the
marrow within thebone,whichsometimesis quitebright.
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4 Results

4.1 Example Results

Figure 7 shows an exampleof surfacemodel developmentas the main loop it-
erates,with a T1-weightedimageas input, �nishing with the estimationshown
in Figures8 and9. Figures10-12show exampleresultson T2-weighted,proton
densityandEPI (echoplanarimaging,widely usedfor FMRI) images.Figure13
shows anexampleestimateof theexteriorskull surface.

Figure14showstheresultof 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 extensive quantitative andobjective testof BET hasbeencarriedout. Weused
45MR images,takenfrom 15differentscanners(mostly1.5Tandsome3T, from 6
differentmanufacturers),usingawide rangeof slicethicknesses(between0.8and
6mm) anda variety of sequences(35 T1-weighted,6 T2-weightedand4 proton
density). Hand segmentationof theseimagesinto brain/non-brain1 was carried
out. Thusasimplebinarymaskwasgeneratedfrom eachinput image.Someslices
from anexamplehandsegmentationareshown in thesecondcolumnof Figure15.
Then,BET andtwo otherpopularautomatedmethods(“AFNI” and“BSE”) were
testedagainstthehandsegmentations.2

TheAFNI method[4, 15], thoughclaimingto befully automated,gave very poor
resultson mostimages(way off thescaleon Figure16), dueto the failureof the
initial histogram-basedchoiceof thresholds.Muchbetterresultswereobtainedby
settingthe initial thresholdsusingthe simplerbut morerobust methoddescribed

1We de®nedcerebellumandinternalCSFasªbrainº- i.e. matchingthe de®nitionsusedby the
methodstested.Structures/tissuessuchassagittalsinus,optic nerves,externalCSFandduraareall
ideally eliminatedby all themethods(ascanbecon®rmedby their resultson ªidealºinput images),
andalsoby thehandsegmentation.

2The versionsof thesealgorithmswere: BET version1.1 from FSL version1.3; BSE version
2.09;AFNI version2.29(with modi®cationsdescribedin thetext). All areeasilyaccessibleon the
internet; to the bestof our knowledge,theseare the only freely availablewidely usedstandalone
brain/non-brainsegmentationalgorithms.
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Figure7: Exampleof surfacemodeldevelopmentasthe main loop iterates.The
darkpointswithin themodeloutlinearevertices.

Figure8: Examplebrainsurfacegeneratedby BET.
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Figure9: Examplebrain surfacemodel (left) andresultingbrain surface(right)
generatedby BET.

Figure10: Examplebrainsurfacefrom aT2-weightedimage.

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Figure11: Examplebrainsurfacefrom aprotondensityimage.
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Figure12: Examplesegmentationof anEPI image.

Figure13: Exampleexteriorskull surfacegeneratedby BET.

Figure14: Left to right: the original FMRI image;BET output from the FMRI
image;T1-weightedstructuralimage;(failed)registrationwithoutusingBET; suc-
cessfulregistrationif BET is used.
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Figure15: Left to right: Exampleoriginalwhole-headMR image;handsegmenta-
tion; fully automaticBET masking;handmaskminusBET mask.

20



in Section3.2. Theupperthresholdwassetto
� ���

andthelower thresholdto 40%
between

� �

and
� ���

. There�ned methodis referredto below as“AFNI*”.

Theresultsof thethreemethodswereevaluatedusingasimple% errorformulation
of 0.5 * 100* volume(totalnonintersection)/ volume(handmask). Themain re-
sultsfor thefully automatedmethodsareshown on theleft in Figure16; themean
% error over the 45 imagesis shown for eachmethod. The meanerror is more
meaningfulthanany robustmeasure(e.g.median)becauseoutliersareconsidered
relevant - themethodsneedsto berobustaswell asaccurateto beuseful(though
notethat usingmedianvaluesinsteadgivesthe samerelative results). The short
barsshow the resultsfor the 35 T1-weightedinput imagesonly. BET givessig-
ni�cantly betterresultsthantheothertwo methods.Someslicesof a typical BET
segmentation3 aredisplayedin thethird columnof Figure15. Thefourth column
shows the handmaskminusthe BET mask; in generalBET is slightly overesti-
matingtheboundary(by approximatelyonevoxel, exceptin themorecomplicated
inferior regions),andof coursesmoothingacross�ne sulci.

It wasalsoconsideredof interestto investigatethesametestif initial controlling
parameterswere “hand-optimised”(i.e making the methodsonly “nearly-fully-
optimised”). In orderto carry this out in a reasonablyobjective manner, the pri-
mary controlling parameterfor eachmethodwas varied over a wide rangeand
the bestresult (comparingoutputwith handsegmentation)wasrecorded.Fortu-
nately, eachmethodhasonecontrollingparameterwhich hasmuchgreatereffect
on outputthanothers,sothechoiceof which parameterto vary wassimple.4 The
rangeover which eachmethod's principal controlling parameterwasvariedwas
chosenby handsuchthattheextremeswerejusthaving someusefuleffect in afew
images.Eachmethodwasthenrun with the controlling parameterat 9 different
levelswithin therangespeci�ed. Theresultsareshown on theright in Figure16;
the methodsall improve, to varying degrees. BET is still the bestmethod,just
beatingAFNI*. However, the most importantmessagefrom theseresultsis that
althoughBET is the mostaccurateandrobust methodin both tests,it is alsothe
mostsuccessfully“fully automated”,in that its resultswhenrun fully-automated
arenearlyasgoodasthosewhenit is “hand-optimised”.

Note thatall theabove commentson thequantitative resultsalsohold whenonly

3Thechosenimagegave anerrorcloseto BET'smeanerror.
4With BET, the parametervariedaffects the settingof a local brain/non-brainthreshold;

���

in
equation11 wasvariedfrom 0.1-0.9.With AFNI*, thesettingof the lower intensitythresholdwas
varied;insteadof using40%betweenrobust intensitylimits asdescribedabove, a rangeof 10-70%
was used. With BSE, the ªedgedetectionsigmaº,which controlsthe initial edgedetection,was
variedfrom 0.5-1.5.
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Figure16: Mean% errorover 45 MR imagesfor threebrainextractionmethods,
comparedwith handsegmentation;on the left arethe resultsof testingthe fully-
automatedmethods,on theright arethe“hand-optimised”results.Theshortbars
show theresultsoveronly the35 T1-weightedimages
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the35 T1-weightedimagesareconsidered.

In theoryit might bepossibleto “hand-tune”a methodoncefor a givenMR pulse
sequence,andthe resultingparametersthenwork well for all imagesof all sub-
jectsacquiredusingthis sequence.If this werethecasethenpossiblythe results
of AFNI* andBET couldbeviewedassimilarly successful(assumingthatour im-
provementsto AFNI wereimplemented).This is, however, not thecase,asthere
wasfoundto besigni�cant variationin optimalcontrollingparametersfor AFNI*
(within sequencetype).

Finally, notethatresultsfrom a brainextractionalgorithmmayimprove if theim-
ageis pre-processedin certainways,suchaswith an intensityinhomogeneityre-
ductionalgorithm. However, it is our experiencethat the bestintensity inhomo-
geneityreductionmethodsrequirebrain extraction to have alreadybeencarried
out.

4.3 Resultsof usingBET in Higher-Level Systems

BET is usedasthe�rst stagein themeasurementof longitudinal(two-time-point)
atrophyin theSIENA system(StructuralImageEvaluation,usingNormalisation,
of Atrophy) describedin [13]. Using variousdifferent methods,including a 40
subject(120 image)dataset,a 500 subjectdatasetanda 16 subject(256 image)
dataset,theestimationof percentagebrainvolumechangeerror (which, amongst
otherthings,is dependenton therobustnessandaccuracy of thebrainextraction)
wasfound to be around0.2%. In all of thesestudiesit waspossibleto useBET
in anautomatedmanner. As mentionedabove, wherethe input parameterneeded
changing,for example,whenprotondensityimageswereanalysed,the input pa-
rameterwas set oncefor all subjects,i.e. did not requiretuning for eachnew
subject.

BET is alsousedin thecross-sectional(single-time-point)atrophyestimationsys-
temSIENAX. Test-retestresultsof SIENAX show anerrorof between0.5and1%
(of brainvolume,dependingon imagequality) - this hasclearimplicationsabout
the test-retestaccuracy of BET. Again, this systemhasbeenrun on hundredsof
datasetssuccessfuly.
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5 Conclusion

An automatedmethodfor segmentingMR headimagesinto brainandnon-brain
hasbeendeveloped. It is very robust andaccurateandhasbeentestedon thou-
sandsof datasetsfrom a wide variety of scannersand taken with a wide vari-
ety of MR sequences.BET takesabout5-20 secondsto run on a modernwork-
stationand is freely available (as a standaloneprogramwhich can be run from
the UNIX commandline or from a simpleTCL/TK GUI) as part of FSL, from
www.fmrib.ox.ac .uk /f sl
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[9] A. Kelemen,G. Sźekely, and G. Gerig. Elastic model-basedsegmenta-
tion of 3-D neuroradiologicaldatasets. IEEE Trans.on Medical Imaging,
18(10):828–839,1999.

[10] F. Kruggel andD.Y. von Cramen. Alignment of magnetic-resonancebrain
datasetswith thestereotacticalcoordinatesystem.Medical Image Analysis,
3(2):175–185,1999.

[11] L. Lemieux,G. Hagemann,K. Krakow, andF. G. Woermann.Fast,accurate,
andreproducibleautomaticsegmentationof thebrainin T1-weightedvolume
MRI data.MagneticResonancein Medicine, 42(1):127–35,Jul1999.

[12] S. SandorandR. Leahy. Surface-basedlabelingof corticalanatomyusinga
deformabledatabase.IEEETrans.on MedicalImaging, 16(1):41–54,1997.

[13] S.M. Smith,N. De Stefano,M. Jenkinson,andP.M. Matthews. Normalised
accuratemeasurementof longitudinalbrain change. Journal of Computer
AssistedTomography, 25(3):466–475,May/June2001.

[14] S.M. Smith,Y. Zhang,M. Jenkinson,J. Chen,P.M. Matthews, A. Federico,
andN. De Stefano. Accurate,robust andautomatedlongitudinalandcross-
sectionalbrainchangeanalysis.NeuroImage, 2002.In publication.

[15] B.D. Ward. Intrcranial segmentation. Technical report, Medical Col-
lege of Wisconsin, 1999. afni.nimh.nih. gov/a fn i/ docp df/
3dIntracranial. pdf .

[16] Y. Zhang,M. Brady, andS.Smith.Segmentationof brainMR imagesthrough
ahiddenMarkov random�eld modelandtheexpectationmaximizationalgo-
rithm. IEEETrans.onMedicalImaging, 20(1):45–57,2001.

25


