STATISTICAL SHAPE MODEL FOR AUTOMATIC SKULL-STRIPPING OF BRAIN
IMAGES

Zhigiang Lao Dinggang Shen Christos Davatzikos

Departmenbf Radiology JohnsHopkinsUniversity, Baltimore,Maryland 21287

ABSTRACT

This paperpresentsa statisticalshapemodelfor auto-
matic skull strippingof MR brainimages.A surfacemodel
of the brainboundaryis hierarchicallyrepresentedy a set
of overlappingsurface patches,eachof which haselastic
propertiesanddeformatiorrangethatis learnedrom atrain-
ing set. Themodel'sdeformationis hierarchicalwhichadds
robustnesdo local minima. Moreover, the deformationof
the modelis constrainecandguidedby global shapestatis-
tics. Themodelis deformedo thebrainboundanyy apro-
cedureghatmatcheghelocalimagestructureandevaluates
thesimilarity in thewhole patchratherthanon asinglever
tex. Theexperimentalesultsshav highagreemenbetween
automaticandsuperviseakull-strippingresults.

1. INTRODUCTION

Skull stripping of brainimagesis usually a necessanand
non-trivial procedurefor volume measurementyisualiza-
tion and shapeanalysis. Currently most of the available
skull-strippingmethodsaremanual pr semi-automaticSome
automaticskull-strippingandrelatedtopicshave beenstud-
ied andreportedn [1, 2].

We have previously useda semi-automatiqorocedure
[3], which is basedon a sequencef morphologicaloper
ations, thresholding,seeding,region growing and manual
editing. In this paperwe usetheresultsfrom thefirst auto-
maticpartof the abore-mentionednethodasour initializa-
tion, andthendeforma surfacemodel[4] to the boundary
of thebrainin the MR image. Therearetwo characteristics
thatmale thealgorithmrobustandaccurate.

1) A hierarchicaimodelrepresentatioanddeformation
stratgyy is used. We have determinedelasticity variation
alongthe surfacemodel, which is basedon the statistical
variationof deformationfield betweerinitial andfinal con-
figurationsof the surfacemodel(c.f. Fig 1). Thisis imple-
mentedby ahierarchicatepresentationf themodelsurface
usinga setof overlappingpatcheswith differentelasticities
(c.f. Fig 2). In eachiteration, insteadof deformingeach
vertex on patchseparatelyan enegy functionis evaluated
on awhole patch. Eachpatchdeformsasa wholeto 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 surfacerepresentatiomnd deformationstrat-
egy increaseghe chancesf avoiding local minimum and
alsomakesthe deformationadaptve to elasticity variation
alongthesurfacemodel.

Fig. 1. A typical exampleshaving that somepartsof the
modelhave high elasticitythanotherparts.

2) An attribute vector that characterizeshe local im-
agestructureis attachedo eachmodelpoint. This is simi-
lar to the ideaof 'profile’ usedin Active ShapeModel [5].
The attributesin our attribute vector are calculatedfrom
both image intensitiesand edgesin an ellipsoidal neigh-
borhoodaroundeachmodel point. The size of the ellip-
soid is initially large and decreasegradually Statistics
of eachattribute vector, which are determinedirom a set
of alignedbrain samplesare also attachedo eachmodel
point. In the initial deformationstagesthe algorithm fo-
cuseson attributesthat representelatively coarseraspects
of the underlyinganatomy andprogressiely usesfiner at-
tributesbasedon theedgemap.

2. METHODS

2.1. General Formulation

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



andalsoguidedby prior local shapanformationthatis cal-
culatedfrom a certainsurfacepatch[4, andby globalshape
statisticghatis learnedrom a setof trainingsamplesEach
patchwill bedeformedasawholeto aposepasednasim-
ilarity criterionthatis integratedon thewhole patch,andis
not evaluatedon a singlemodelpoint.

Suppos@modelsurfaceS comprisesn surfacepatches
(S ={F;1 <i < m})intheinitial stagewith n; vertices
onthei-th patchP;, i.e. P, = {v;;]1 <i <m,1 <j <
n; }, wherew; ; isthej-th pointin thei-th patch.Theenegy
functionthatour deformablemodelminimizesis definedas
follows:
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Theweightingparametetw; determinesherelative elas-
ticity givento thei-th patchP;, with thetotalenegy EP**“" .
In theinitial stageslargeweightsareassignedo thepatches
with high elasticity in orderto make themdeformcloseto
their correspondingpositionsin the imagefirst; theseare
the patchedfor which the training setindicatesthata large
deformationis necessaryo reachthe brain boundary A
typical exampleof a patchwith large deformationrangeis
the cerebellaboundary This is becauseur initialization,
which includesregion growing and morphologicalopera-
tions, endsup including the cerebellum,which is tightly
pacled next to the cerebralhemispheres.Our final skull-
strippedimagesdo notincludethecerebellumDuring later
stagesf the deformation the sameweightingis assigned
to all patchesn themodel,sinceatthattime all the patches
arecloseto their correspondingpositionsin theimage.The
localenegy term E; ;, whichis definedfor thepointuv; ;, is
composeaf two terms,E7" 4! and E{4**. Themodelterm
Eg’”fdel is composedf two constraintd4]: 1) a constraint
onlocal shapesimilarity betweerthemodelsurfaceandthe
currentlydeformedconfiguration;2) the global shapecon-
straintby prior knowledgeof shapes.

The dataenegy term E;.f;t“ statisticallymeasureshe
similarity of local imagestructuresaroundthe positionv; ;
in the model andin the studiedimage. The local image
structureis representetby the attributesthatare calculated
frombothimageintensitiesandedgesn anellipsoidalneigh-
borhoodaroundeachmodelpoint. The detaileddescription
of Ef4t* is givenin section2.3.

2.2. A hierarchical model representation and deforma-
tion strategy

From our training set, we determinecdthe elasticity varia-
tion alongthe surfacemodel; this variationis proportional
to the statisticalvariationof deformationfield betweerthe
initial andfinal configurationsof the surfacemodel. In or-
der to performan adaptve deformation,differentpartson
the surfacemodel are deformedaccordingto their elastic-
ity. This is implementedin a hierarchicalway. Initially,
the surface modelis divided into 9 patchesaccordingto
their elasticity andthe topologicalstructureof the surface
model. Thesepatchesareshawn in Fig 2 by differentcol-
ors. By dividing themodelsurfaceinto anumberof patches,
eachpatchdeformsndependentlyccordingoits elasticity
Thesepatchegartly overlapin orderto maintaindeforma-
tion continuity on the surface.

Eachpatchis deformedasawholeto thepositionsvhere
thetotalenegy in thei-th patch,Ef“tCh, is optimalaccord-
ing to a local greedysearch.The rangeof searchfor each
patchis determinedy its elasticcharacteristicsThis patch
deformationstratey is more robust than the strateyy that
deformseachmodelpoint at eachtime. However, the pro-
poseddeformatiorstrateyy cannotaccuratelyffollow thede-
tails of thebrainboundarysincethe evaluationof the simi-
larity is performedon the whole patch,andthe sizesof the
initial patchesaretoo large. To overcomethis, we progres-
sively split eachpatchinto 2 overlappingsub-patchesvith
similar areasin the beginning of eachiteration. This split-
ting operationcontinuesuntil the areaof the patchis less
thana certainthreshold.Fig 3 demonstratean exampleof
splitting patchesThefirst figurein Fig 3 is theinitial patch
thatis correspondingo the partof cerebellunin themodel,
thenwith theincreaseof theiterationseachpatchwassplit
into two sub-patchesaccordingto thearravsin Fig 3.

Fig. 2. Initial patchesn themodelsurface.

2.3. Attribute vector

An attribute vectorthat characterizetocal imagestructure
is definedfor eachmodelpoint. Attributesin the attribute
vector capturethe spatialdistribution of imageintensities
andedgesnsideof anellipsoidalneighborhoodhatis cen-
teredon amodelpointwv; ;, with its long axisnormalto the
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Fig. 3. A demostrationn splitting patches.

modelsurface.The statisticsof eachattribute vectorcanbe
obtainedfrom a setof the alignedsamplesj.e. obtaining
the means; ;, eigervectorse; ; andeigervalues); ;. We
used 100 training brains[6], with supervisedskull strip-
ping results. When using the surface model to segment
the brain boundary the attribute vector s; ; from the local
imagestructurearoundeachmodel point v; ; in animage
is statisticallycomparedwith the attribute vector that has
beenlearnedfrom the training samples.The similarity be-
tweenthemis usedasthe dataenegy term,i.e. E;ijt“ =
(i — 5i5) T eiiNi el (5i5 — Big)-

Two adaptve stratgyies are usedin calculatingthe at-
tributesandin evaluatingthe similarity betweenattribute
vectors.First, the attribute vectorsarecalculatedn several
scalesof the neighborhood.The size of the neighborhood
is initially large,andit evolvesto be very small asthe al-
gorithm proceeds.Second,we focus on different partsof
the attributesat differentdeformationstageswith initially
focusingon the attributescalculatedrom the intensitymap
and finally focusingon the attributes calculatedfrom the
edgemap.

Theuseof theattribute vectorsenablesusto captureo-
calgeometridnformation,therebydistinguishingonevoxel
from othersin theimage.It is demonstratedh Fig 4, where
theattribute vectorof the pointindicatedby a crossis com-
paredto the attribute vectorsof otherpointsin its neighbor
hood. Thecolor-codeddifferencemapis shavn in theright
figureof Fig 4, wherethebluecoloris usedfor the smallest
difference;.e. the highestsimilarity. Fromthis figure, we
canseethe capability of thelocal imageattribute vectorto
distinguishlocal structures.

3. EXPERIMENT RESULTS

10randomlyselectedubjecthave beenusedo testtheper
formanceof our algorithmin automaticskull stripping. Fig

Fig. 4. Demonstratiorof the attribute vectorsin discrim-

inating local image structure. The color codedsimilarity

betweenthe attribute vectorsof a point andits neighbors
is givenin the right, with blue indicating highestsimilar-

ity. Only theimmediateneighborhoodaroundthe pointin-

dicatedby a crosshassimiliar attribute vector Thisimplies

thatthis pointcanbedistinguishedrom others basecnits

attribute vector

5 shows two typical results,with the white contoursrepre-
sentingthe locationsof thefinally deformedsurfacemodel
in thecross-section@R images Fig 6 givesaninitial skull
stripping,andthefinal skull strippingresult.

We alsomeasuredheaccurag of ouralgorithmin skull
stripping, by comparingour resultswith supervisedskull-
strippingresults. The differencesbetweentwo skull strip-
ping resultsare definedas the maximumdistanceand the
averagadistancebetweerthepointsin thedeformedsurface
modelandtheir nearesboundaryvoxelsin the supervised
result. Theimagesizeis 240mm x 240mm x 186mm.
For the 10 testingbrains,the maximumdistanceis ranging
from 0.94mmto 2.81mm,with meanl.34mmandstandard
deviation 0.74mm. The averagedistanceis rangingfrom
0.0005mmto 0.074mmwith mean0.058mmandstandard
deviation 0.026mm.Comparedo the actualsizeof theim-
age, this error is relatively small and cannotbe obsened,
sincemosterrorsarelocalizedin the CSFaroundthe cor-
tex.

For the currentversionof our skull strippingalgorithm,
without any codeoptimizationit takesabout20 minuteson
anSGICPU (195MHZ). The algorithmalwaysfinishesthe
skull strippingin lessthan10iterations.

4. CONCLUSION AND FUTURE WORK

In this paperwe have presented statisticakhapemodelfor
automaticskull stripping of the brainin MR images. The
proposedmethodusedtwo stratayies. First, it usesa hi-
erarchicalrepresentationf the modelsurface,usingpartly
overlappingpatchesThesizeandthenumberof thepatches
evolve with time. At eachiteration,eachpatchdeformsaf-
ter an enegy function integratedover the whole patchis
optimized.Thereasorof splitting the surfaceinto different
overlappingpatchess to make our deformationalgorithm
adaptveto elasticityvariationalongthesurfacemodel.Sec-
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Fig. 5. Two typical skull stripping results;white contours
areourresults.

Fig. 6. Comparisoron initial and final skull strippingre-
sults.

ond,theattributevectorthathierarchicallycharacterizethe
localimagestructurefrom theimageintensitymapandthe
edgemap,areemployedto deformthe surfacemodelto the
brain boundary by focusingon differentattributesat dif-
ferentdeformationstages. In the final deformationstage,
the attributesthat are correspondindo the edgesare used,
therebyincreasinghe ability of our algorithmto follow the
finer detailsof the brain boundary Furthermore pboth lo-
cal shapeanformationandglobalshapestatisticsareusedto
constrainandguidethe deformationf the surfacemodel.
Our future work includesthe developmentof a fastini-
tializationmethodfor ouralgorithm.Wewill designamethod
to extractthe outline of the headfirst, andthenestimatethe
initialization of our surfacemodelby usingthestatisticalre-
lationshipsbetweerthe outlinesof the headandthe brain.
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