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ABSTRACT

This paperpresentsa statisticalshapemodel for auto-
maticskull strippingof MR brainimages.A surfacemodel
of thebrainboundaryis hierarchicallyrepresentedby a set
of overlappingsurfacepatches,eachof which haselastic
propertiesanddeformationrangethatis learnedfromatrain-
ing set.Themodel’sdeformationis hierarchicalwhichadds
robustnessto local minima. Moreover, the deformationof
themodelis constrainedandguidedby globalshapestatis-
tics. Themodelis deformedto thebrainboundaryby apro-
cedurethatmatchesthelocal imagestructuresandevaluates
thesimilarity in thewholepatchratherthanonasinglever-
tex. Theexperimentalresultsshow highagreementbetween
automaticandsupervisedskull-strippingresults.

1. INTRODUCTION

Skull strippingof brain imagesis usuallya necessaryand
non-trivial procedurefor volume measurement,visualiza-
tion and shapeanalysis. Currently, most of the available
skull-strippingmethodsaremanual,or semi-automatic.Some
automaticskull-strippingandrelatedtopicshavebeenstud-
iedandreportedin [1, 2].

We have previously useda semi-automaticprocedure
[3], which is basedon a sequenceof morphologicaloper-
ations, thresholding,seeding,region growing and manual
editing. In this paper, we usetheresultsfrom thefirst auto-
maticpartof theabove-mentionedmethodasour initializa-
tion, andthendeforma surfacemodel[4] to the boundary
of thebrainin theMR image.Therearetwo characteristics
thatmake thealgorithmrobustandaccurate.

1) A hierarchicalmodelrepresentationanddeformation
strategy is used. We have determinedelasticity variation
along the surfacemodel, which is basedon the statistical
variationof deformationfield betweeninitial andfinal con-
figurationsof thesurfacemodel(c.f. Fig 1). This is imple-
mentedbyahierarchicalrepresentationof themodelsurface
usinga setof overlappingpatcheswith differentelasticities
(c.f. Fig 2). In eachiteration, insteadof deformingeach
vertex on patchseparately, an energy function is evaluated
on a wholepatch. Eachpatchdeformsasa whole to a po-
sition thatmaximizesits overall fit to the data. After each

iteration, eachpatchis split into two overlappingpatches
with similar areasuntil an areathresholdis reached(c.f.
Fig 3). This surfacerepresentationanddeformationstrat-
egy increasesthe chancesof avoiding local minimum and
alsomakesthe deformationadaptive to elasticityvariation
alongthesurfacemodel.

Fig. 1. A typical exampleshowing that somepartsof the
modelhavehigh elasticitythanotherparts.

2) An attribute vector that characterizesthe local im-
agestructureis attachedto eachmodelpoint. This is simi-
lar to the ideaof ’profile’ usedin Active ShapeModel [5].
The attributes in our attribute vector are calculatedfrom
both image intensitiesand edgesin an ellipsoidal neigh-
borhoodaroundeachmodel point. The size of the ellip-
soid is initially large and decreasesgradually. Statistics
of eachattribute vector, which are determinedfrom a set
of alignedbrain samples,arealsoattachedto eachmodel
point. In the initial deformationstages,the algorithm fo-
cuseson attributesthat representrelatively coarseraspects
of theunderlyinganatomy, andprogressively usesfiner at-
tributesbasedon theedgemap.

2. METHODS

2.1. General Formulation

Thegoalof ourautomaticskull strippingalgorithmis to de-
form a surfacemodelto thebrainboundaryin MR images.
The deformationof the surfacemodelwill be constrained



andalsoguidedby prior localshapeinformationthatis cal-
culatedfrom acertainsurfacepatch[4], andby globalshape
statisticsthatis learnedfrom asetof trainingsamples.Each
patchwill bedeformedasawholeto apose,basedonasim-
ilarity criterionthat is integratedon thewholepatch,andis
not evaluatedona singlemodelpoint.
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In theinitial stages,largeweightsareassignedto thepatches
with high elasticity, in orderto make themdeformcloseto
their correspondingpositionsin the imagefirst; theseare
thepatchesfor which the trainingsetindicatesthata large
deformationis necessaryto reachthe brain boundary. A
typical exampleof a patchwith largedeformationrangeis
the cerebellarboundary. This is becauseour initialization,
which includesregion growing and morphologicalopera-
tions, endsup including the cerebellum,which is tightly
packed next to the cerebralhemispheres.Our final skull-
strippedimagesdonot includethecerebellum.During later
stagesof the deformation,the sameweighting is assigned
to all patchesin themodel,sinceat thattimeall thepatches
arecloseto their correspondingpositionsin theimage.The
localenergy term
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composedof two terms,
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and
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is composedof two constraints[4]: 1) a constraint
on localshapesimilarity betweenthemodelsurfaceandthe
currentlydeformedconfiguration;2) theglobalshapecon-
straintby prior knowledgeof shapes.

The dataenergy term
$ = 0�1#0�#� � statisticallymeasuresthe

similarity of local imagestructuresaroundtheposition
� ��� �

in the model and in the studiedimage. The local image
structureis representedby theattributesthatarecalculated
frombothimageintensitiesandedgesin anellipsoidalneigh-
borhoodaroundeachmodelpoint. Thedetaileddescription
of
$ = 0�1#0�#� � is givenin section2.3.

2.2. A hierarchical model representation and deforma-
tion strategy

From our training set, we determinedthe elasticity varia-
tion alongthe surfacemodel; this variationis proportional
to thestatisticalvariationof deformationfield betweenthe
initial andfinal configurationsof thesurfacemodel. In or-
der to performan adaptive deformation,differentpartson
the surfacemodelaredeformedaccordingto their elastic-
ity. This is implementedin a hierarchicalway. Initially,
the surfacemodel is divided into 9 patchesaccordingto
their elasticityandthe topologicalstructureof the surface
model. Thesepatchesareshown in Fig 2 by differentcol-
ors.By dividing themodelsurfaceintoanumberof patches,
eachpatchdeformsindependentlyaccordingto its elasticity.
Thesepatchespartly overlapin orderto maintaindeforma-
tion continuityon thesurface.

Eachpatchisdeformedasawholeto thepositionswhere
thetotalenergy in the

�
-th patch,

$/.-0�1#243�
, is optimalaccord-

ing to a local greedysearch.The rangeof searchfor each
patchis determinedby its elasticcharacteristics.Thispatch
deformationstrategy is more robust than the strategy that
deformseachmodelpoint at eachtime. However, thepro-
poseddeformationstrategy cannotaccuratelyfollow thede-
tails of thebrainboundary, sincetheevaluationof thesimi-
larity is performedon thewholepatch,andthesizesof the
initial patchesaretoo large. To overcomethis, we progres-
sively split eachpatchinto 2 overlappingsub-patcheswith
similar areasin thebeginningof eachiteration. This split-
ting operationcontinuesuntil the areaof the patchis less
thana certainthreshold.Fig 3 demonstratesanexampleof
splittingpatches.Thefirst figurein Fig 3 is theinitial patch
thatis correspondingto thepartof cerebellumin themodel,
thenwith theincreaseof theiterationseachpatchwassplit
into two sub-patches,accordingto thearrows in Fig 3.

Fig. 2. Initial patchesin themodelsurface.

2.3. Attribute vector

An attribute vectorthat characterizeslocal imagestructure
is definedfor eachmodelpoint. Attributesin the attribute
vector capturethe spatialdistribution of imageintensities
andedgesinsideof anellipsoidalneighborhoodthatis cen-
teredon a modelpoint

� ��� �
, with its long axisnormalto the



Fig. 3. A demostrationin splittingpatches.

modelsurface.Thestatisticsof eachattributevectorcanbe
obtainedfrom a setof the alignedsamples,i.e. obtaining
the mean HI ��� � , eigenvectors J �#� � andeigenvalues K �#� � . We
used100 training brains [6], with supervisedskull strip-
ping results. When using the surfacemodel to segment
the brain boundary, the attribute vector I �#� � from the local
imagestructurearoundeachmodelpoint

� ��� �
in an image

is statisticallycomparedwith the attribute vector that has
beenlearnedfrom the trainingsamples.Thesimilarity be-
tweenthemis usedasthe dataenergy term, i.e.

$ = 0�1#0�#� � �
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Two adaptive strategiesare usedin calculatingthe at-
tributesand in evaluatingthe similarity betweenattribute
vectors.First, theattributevectorsarecalculatedin several
scalesof the neighborhood.The sizeof the neighborhood
is initially large, andit evolvesto be very small as the al-
gorithm proceeds.Second,we focuson differentpartsof
the attributesat differentdeformationstages,with initially
focusingon theattributescalculatedfrom theintensitymap
and finally focusingon the attributescalculatedfrom the
edgemap.

Theuseof theattributevectorsenablesusto capturelo-
calgeometricinformation,therebydistinguishingonevoxel
from othersin theimage.It is demonstratedin Fig 4, where
theattributevectorof thepoint indicatedby acrossis com-
paredto theattributevectorsof otherpointsin its neighbor-
hood.Thecolor-codeddifferencemapis shown in theright
figureof Fig 4, wherethebluecolor is usedfor thesmallest
difference,i.e. the highestsimilarity. Fromthis figure,we
canseethecapabilityof the local imageattributevectorto
distinguishlocal structures.

3. EXPERIMENT RESULTS

10randomlyselectedsubjectshavebeenusedto testtheper-
formanceof our algorithmin automaticskull stripping.Fig

Fig. 4. Demonstrationof the attribute vectorsin discrim-
inating local imagestructure. The color codedsimilarity
betweenthe attribute vectorsof a point and its neighbors
is given in the right, with blue indicatinghighestsimilar-
ity. Only theimmediateneighborhoodaroundthepoint in-
dicatedby acrosshassimiliar attributevector. This implies
thatthispointcanbedistinguishedfrom others,basedonits
attributevector.

5 shows two typical results,with thewhite contoursrepre-
sentingthe locationsof thefinally deformedsurfacemodel
in thecross-sectionalMR images.Fig 6 givesaninitial skull
stripping,andthefinal skull strippingresult.

Wealsomeasuredtheaccuracy of ouralgorithmin skull
stripping,by comparingour resultswith supervisedskull-
strippingresults. The differencesbetweentwo skull strip-
ping resultsaredefinedas the maximumdistanceand the
averagedistancebetweenthepointsin thedeformedsurface
modelandtheir nearestboundaryvoxels in the supervised
result. The imagesize is P8QSR8�T�VU�PWQXR8�T�YU ��Z\[ �]� .
For the10 testingbrains,themaximumdistanceis ranging
from 0.94mmto 2.81mm,with mean1.34mmandstandard
deviation 0.74mm. The averagedistanceis rangingfrom
0.0005mmto 0.074mm,with mean0.058mmandstandard
deviation 0.026mm.Comparedto theactualsizeof theim-
age,this error is relatively small andcannotbe observed,
sincemosterrorsare localizedin the CSFaroundthe cor-
tex.

For thecurrentversionof our skull strippingalgorithm,
without any codeoptimizationit takesabout20 minuteson
anSGI CPU(195MHZ).Thealgorithmalwaysfinishesthe
skull strippingin lessthan10 iterations.

4. CONCLUSION AND FUTURE WORK

In thispaper, wehavepresentedastatisticalshapemodelfor
automaticskull strippingof the brain in MR images. The
proposedmethodusedtwo strategies. First, it usesa hi-
erarchicalrepresentationof themodelsurface,usingpartly
overlappingpatches.Thesizeandthenumberof thepatches
evolve with time. At eachiteration,eachpatchdeformsaf-
ter an energy function integratedover the whole patchis
optimized.Thereasonof splitting thesurfaceinto different
overlappingpatchesis to make our deformationalgorithm
adaptiveto elasticityvariationalongthesurfacemodel.Sec-



Fig. 5. Two typical skull strippingresults;white contours
areour results.

Fig. 6. Comparisonon initial andfinal skull strippingre-
sults.

ond,theattributevectorthathierarchicallycharacterizesthe
local imagestructurefrom theimageintensitymapandthe
edgemap,areemployedto deformthesurfacemodelto the
brain boundary, by focusingon different attributesat dif-
ferent deformationstages. In the final deformationstage,
the attributesthat arecorrespondingto the edgesareused,
therebyincreasingtheability of our algorithmto follow the
finer detailsof the brain boundary. Furthermore,both lo-
cal shapeinformationandglobalshapestatisticsareusedto
constrainandguidethedeformationsof thesurfacemodel.

Our futurework includesthedevelopmentof a fastini-
tializationmethodfor ouralgorithm.Wewill designamethod
to extracttheoutlineof theheadfirst, andthenestimatethe
initializationof oursurfacemodelby usingthestatisticalre-
lationshipsbetweentheoutlinesof theheadandthebrain.
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