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Abstract

This paperdescribes new model-basedeggmentatiortechniquecombiningdesirableproperties
of physicalmodels(shales), shaperepresentatiomy Fourier parametrizationand modelling
of naturalshapevariability. Flexible parametric shapemodelsarerepresentedby a parameter
vectordescribingthe meancontourandby a setof eigenmode®f the parametes characterizing
the shapevariation. Usually the sggmentationprocesss divided into an initial placemeniof
the meanmodelandan elasticdeformationrestrictedto the modelvariability. This, however,
leadsto a separatiorof biologicalvariationdueto a globalsimilarity transformfrom small-scale
shapechange®riginatingfrom elasticdeformationsf thenormalizednodelcontous only. The
performancecanbe considerablyimproved by building shapemodelsnormalizedwith respect
to a small setof stablelandmarkg(AC-PCin our application)andby explaining the remaining
variability amongaserieof imageswith themodelflexibility . Thisway theimageinterpretation
is solved by a new coarse-to-finesegmentationprocedue basedon the set of deformation
eigenmodesinaking a separatenitialization stepunnecessaryAlthough straightforvard, the
extensionto 3-D is severely impededby difficulties arising during the generationof a proper
surfaceparametrizatiofior arbitraryobjectswith sphericatopology Weapplyanewly developed
surfaceparametrizatiomnvhich achieves auniformmappingoetweerobjectsurfaceandparameter
space. The 3-D procedurds demonstrateddy segmentingdeepstructuresof the humanbrain
from MR volumedata.
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1. INTRODUCTION

requiringtediousmanualinteractionby a humanspecialist.

Sgymentationof anatomicalobjectsfrom large 3-D medical
data sets, which result for example from routine magnetic
resonancénaging(MRI) examinationsrepresentsneof the
basicproblemsof medicalimageanalysis. In somelimited
applications, sggmentationcould be achieved by minimal
userinteraction,providing proceduredor the interpretation
of medical sceneswhich can be applied routinely (Gerig
et al., 1991). For generalapplications,howvever, adequate
segmentationcannotbe obtainedwithout expert knowledge,
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Elasticallydeformablemodels(snales)(Kassetal., 1988)
have beenproposedas tools for supportingmanualobject
delineation. While suchproceduresan be extendedto 3-
D (Terzopouloset al., 1988; Cohenet al., 1992), their
initialization becomedlifficult. Most often, theinitial guess
must be very close to the soughtcontour to guaranteea
successfulresult (Neuenschander et al., 1994). While
a careful and time-consuminganalysisis acceptablefor
outlining complex pathologicalobjects,no real justification
for suchaprocedureanbefoundfor thedelineatiorof normal,
healthyorgans,asneededn radiationtreatmenplanning,for
example.
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The primary reasonfor the need of a precise snale
initialization is the presenceof disturbing attractorsin the
image,which do not belongto the actualobjectcontourbut
forcethesnaleintolocalenegy minima. If thedeformatiorof
asnale couldbelimited to shapesvithin thenormalanatomic
variationof organs,suchlocal minimacouldbeavoided.

Elasticallydeformableparametrionodelsoffer a straight-
forwardway for theinclusionof prior knowledgein theimage
interpretationprocessby incorporating prior distributions
on the elastic model parameterdo be estimated. Sucha
procedurehas beenimplemented,for example, by Vemuri
and Radisaljevic (1994) using a hybrid primitive called
deformablesuperquadricgonstructedn a multi-resolution
waveletbaseor by StaibandDuncan(1992a)for deformable
Fouriermodels.

For complex shapesdescribedby a large number of
possblyhighly correlatecparametersheusageof suchpriors
may becometedious. The modal analysisas proposedby
Pentlandand Sclarof (1991) offers a promising alternatve
by changingthe basisfrom the original modellingfunctions
to the eigenmode®f the deformationmatrix. This way the
dominantpartof thedeformationcanbecharacterizethy the
few largesteigenmodesreducingthe dimensionalityof the
object descriptorspacesubstantially Suchmodal analyses
have beensuccessfullyappliedto medicalimage analysis,
for example,by Sclarof andPentland(1994)or Nastarand
Ayache(1994).

Cooteset al. (1993) combinedthe power of parametric
deformableshapedescriptorawith statisticalmodalanalysis.
They use active shapemodels,which strictly restrict their
possibledeformationsaccordingto the statisticsof training
samplesObjectshapesiredescribedy thepointdistribution
model(PDM) (CootesandTaylor, 1992) whichrepresentthe
objectoutline by a subsebf boundarypoints. Theremustbe
aone-to-onecorrespondenceetweerthesepointsin the dif-
ferentoutlinesof thetrainingset. After normalizatiorto size,
orientatiorandpositionthey providethebasisfor thestatistical
analysisof the object shapedeformations. The meanpoint
positionsandtheir modesof variation (i.e. the eigervectors
correspondingo the largesteigervaluesof their covariance
matrix) are usedfor delimiting the objectdeformationgo a
reasonabldinear subspacef the completeparametespace.
They proposeto solve the 3-D shapeanalysisproblemby a
slice-by-sliceapproacHHill etal., 1992)or by extendingthe
PDM conceptfor the descriptionof 3-D shapegHill etal.,
1993). Similar parametrizatiorbasedon point-by-pointcor
respondenceas proposedor the 3-D shapeanalysisof brain
structuredy Martin etal. (1994). By usingthefreevibration
modesof the nodal displacemenmmatrix of an elasticbody;
they even separatghysicaldeformatiormodeswhich canbe
modelledby elasticdeformationmodelsfrom experimental

modesgvaluatedrom statisticabnalysif atrainingsample.

While the idea of restricted elastic deformationof an
averagesurfacemodelis very promising,the parametrization
of shapedy displacemenbf correspondingoints on their
surfaceds notacorvenienttechnique For alargetrainingset
containingmary differentanatomicstructuresthegeneration
of this parametrizatioseemgo beverytediousand,because
of the lack of a reasonablewutomatizationcanbe a source
of errors. A similar modal analysis, however, can be
performedfor other contour parametrizatiortechniquesas
for example for the 2-D Fourier descriptorswhich were
originally proposedby Persoonand Fu (1977) and Kuhl
and Giardina(1982). Staiband Duncanhave demonstrated
segmentationby parametricallydeformableelastic models
for 2-D outlines(Staib and Duncan,1992a)and 3-D object
surfaces(Staib and Duncan,1992b); their 3-D modelwas,
however, limited to starshapedsurfaces. Here,we propose
anovel techniguebasedon modalanalysisof the parameter
vectorof objectcontours,providing the desirablerestriction
of elasticdeformations. The methodusesautomaticshape
parametrizatioffior any surfaceswith sphericatopology thus
avoiding the problemof finding correspondingpointsamong
differentboundaries.

The paperis organizedas follows. Section2 discusses
the new 2-D modalanalysisprocedureandthe model-based
segmentationby restricteddeformation. The procedureis
illustrated with the segmentationof the corpus callosum
structureon mid-sagittal MR imagesof the human brain.
Section3 proposesseveral improvementsof the procedure.
Section 4 generalizesthe methodto 3-D, addressingthe
increasedompleity requiringnew mathematicahndnumer
ical solutions. Section5 finally gives the conclusionsand
future directionsfor the developmentof automatedmodel-
basedsegmentatiortechniques.

2. MODAL ANALYSIS OF 2-D FOURIER MODELS

In this sectionwe first summarizehe mathematic®f Fourier
descriptordfor the parametrizatiorof simple closedcurves,
andtheir usein snale-like elasticmatchingprocedures We
summarizehow to applythemodalanalysigo 30 normalized
outlines of the corpus callosum extracted from 2-D mid-
sagittaMR images.Theproposegrocedurés acombination
of aninitialization usinganaveragemodelbasecon template
matchingtechniquefollowed by an elastic deformationre-
strictedto the major eigenmodes.We demonstratehat this
separationof the similarity transform (translation,rotation
and scaling) from the elastic deformation often leads to
unsatislctory segmentationresults, calling for a modified
segmentationprocesshat provides a unified framework for
initialization andelasticmodelmatching.
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2.1. Parametrization of 2-D contourswith Fourier
descriptors

The contourof a simply connectedbject(without holes)is

representedby a closedcurve with coordinategx(t), y(t)),

with t rangingfrom 0 to 2 x. Thecoordinatdunctionscanbe

expandedn a Fourier series.Restrictingthe seriesto degree

K resultsin the parametriadescription

(x(t,p)>
yt, p)

K
ag ax by cogkt)
<c0>+2<ck dk)'<sin(kt))'

k=1

r(t, p)

The outline is now completelydescribedby the parameter
vector

p:(ao aK,bl...bK,Co...CK,dl...dK)T.

Theparametersanbeeasilycalculatedrom thesampling
points of the outline go, g1, ..., gp With go = gp (we use
maximallydensesamplingof theboundaryasprovidedby the
imageraster).Theresultingparametricshapedescriptioncan
bemadeinvariantundersimilarity transformatiorby shifting,
rotating and scaling accordingto the actual displacement,
orientatiorandsizeof theellipsedeterminedby thefirstdegree
termsof the Fourier series. Similarly, the startingpoint is
moved to a canonicaposition.

2.2. Fourier snakes

The snale techniqueasproposediy Kasset al. (1988)tries
to find the positionof a curve r(t, p), which minimizesthe
enegy

E@) = E(rt. p) = Ei(r(t, p) + Ep(r(t. p)).

By varying p, the curve deformsitself to minimize the
imageenegy

2
Eir) = /0 P(r(t. p)) dt,

searchingor an optimal positionin the image,describedy
the potential P(r(t, p)). A typical choicetakes P(r(t, p))
equalto the negative magnitudeof theimagegradient:

P, p) =— VI p)l,

wherel is thesmoothedmage. Thedeformationterm Ep(r)
is called the internal enegy of the snale and sernes as a
regularizationforce. It restrictsthe elongationand bending
of the snales,andnormally dependson the first andsecond
deriatives of thecuner(t, p).

Staib and Duncan (1992a) proposea different enegy
model, which makes use of the normal direction of the
parametrizedcurve and of the image gradientto achieve
a higher selectvity. Normalizing the image potential by
the contourlengthallows contractionand dilation of curves
without affectingthe enegy function.

2
Eirt,p) = =+ (/0 VI("(LP))-M(LP)“)

on -1
(/o IFCt. Pl dt)

Thesignof theenegy E, (r) will decidebetweersegment-
ing bright objectson a dark backgroundor vice versa. The
polarityof theboundarycanbeneglectedby usingtheabsolute
valueof thedot productin theintegrationterm.

One hasto realizethat cutting the Fourier expansionat
a finite degree already senes as a regularization, leaving
out high frequeng variations of the coordinatefunctions.
However, the internalenegy cannotbe neglected,basically
for two reasons:

e even Fourier modelsof low degreecan generatesharp
cuspsand
e theparametrizeadontourcancrossitself.

Whereasself-crossing®f theoutline areexpensve to detect,
discontinuitiesof thetangenicanbeevaluatedrom the curve
parametrization. At such locations the curvature « (to, p)
andits derivative « (to, p) both becomeinfinite. While high
cunvatureof the boundaryshouldnot be excludeda priori,
the cunvaturederivative is chosento indicatediscontinuities
(seealso Staiband Duncan,1992), providing the following
expressiorfor theinternalenegy of the Fouriersnale:

21
ED(f(tVP))Z/O k2t p)-llF(t. p)|1* dt .

For the minimizationof thetotal enegy functionwe usedthe
E04JBFroutineof the NAG™ library (1988),usinga quasi-
Newton algorithmfor finding an unconstraineaninimum of
afunctionof severalvariables.

2.3. Model-basedsegmentationof the corpus callosum
We testedthe proposedprocedureon a collectionof 30 mid-
sagittalslicesof MRI brainimages. A few imagesfrom the
trainingsetareshowvn in the upperrow of Figurel. Ourgoal
was the automaticsegmentationof the outline of the corpus
callosumfrom grey scaleimages.

2.3.1. Modelbuilding
The corpus callosum outline had to be seggmented and
parametrizedor eachimage of the training set. We used
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Figure 1. Trainingsetfor the analysisof the corpuscallosumon mid-sagittalslicesof MRI braindatasets. The upperrow shavs aregion of
interestof the original slice, the lower row containsthe sggmentedoutlinein a standardizedhvariantconfiguration(Fourier coeficientsup to
degreel00).

(a) (b)

Figure 2. Template-matchingxampleto find a similarity transformbetweerthe meanmodelcurve andthe gradientmagnitudeimage. (a)
Shaws the original image, (b) its Gaussiarsmoothedversion(oc = 5 pixels) and (c) the correspondingCanry gradientmagnitudeimage,
respectiely. In (d) the optimalfit foundby templatematchingis overlaidwith theedgeimage.
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(e)

Figure 3. Sggmentatiorexamples(a—) illustrating segmentatiorfailures. Imagesin thetop row illustratethe initial placemenbf the model
curnwes(usingtemplatematching) thebottomrow showvs the segmentatiorresult. Thesamenitial modelcurve is usedfor thedifferentimages.

the Fouriersnale programasdescribedabore to performthis
task, with a manualinitialization of the optimization. The
segmentatiorresultscanbeseerin thelowerrow of Figurel.
Fourier coeficientsup to degree 100 have beenusedfor the
description. The resultingcontoursof the training sethave
beemormalizedo beinvariantto translationrotation,scaling
andthe startingpoint of the parametrization.

Themeanmodelhasbeendeterminedrom thenormalized
outlinesby simply averagingtheir parameters.In orderto
determinghe majordeformatiormodesdefinedby theabove
training set,we performeda principal componentnalysisof
the covariancematrix of the normalizedFourier coeficients.
As afterthefirst few eigervectorsthe variancebecomewery
small,the few largesteigenmodesiave beentakento build a
flexible modelthat explainsthe biological variability of the
shapeof the corpuscallosumoutline.

2.3.2. Initial placementdf modelcontourby template
matding

A segmentationof the corpus callosumfrom grey-valued
imageshasedn the deformationof the meanmodelrequires
a suitableinitialization. Due to the normalizationof the
Fourier coeficients,the averagemodelonly expresseshape
deformationsup to a similarity transformation. Therefore,
theinitial placemenhasto provide a sufiiciently goodmatch
betweenthe modelandthe edgesin the grey-valuedimage.
A standardemplate-matchingroceduravas choserto solve
this first optimizationproblemby equidistantlysamplingthe
possibleparametersf the similarity transformatiorwithin a
reasonableange. The goodnesof fit was calculatedfor a

Canry edgemap on a relatively large scale,sincethe rigid
transformatiordoesnot allow for elasticshapedeformations.
Figure2 illustratesthe resultof theinitialization by template
matching.Figures2a—cshaw theoriginalimage theGaussian
smoothedimage (¢ = 5 pixels), and the Canry gradient
magnitude,respectiely. Figure 2d presentsan overlay of
theoptimalfit betweermodelcurve andgradientimage.

2.3.3. S@mentatiorby restrictedelasticdeformation
After initialization,we applyamodifiedversionof theFourier
snalesprogram.Insteadof optimizingin the completespace
of the normalizedFourier coeficients, the optimizationhas
beenrestrictedin order to allow only deformationswhich
are prominently representedn the training sample. In
the first stepthe eigervectorsof the parametercovariance
matrix are selectedas a different set of basisfunctionsin
placeof the harmonics. The restrictedvariationis achieved
by choosinga subsetof eigenmodesysually the n largest
onesandcalculatingthe optimizationin thislinearsubspace.
Startingwith theresultof thetemplatematching themodelis
elasticallydeformeduntil it fits (in alocaloptimum)theedges
alongthe objectcontour

The proceduralescribedabore provided satishctory seg-
mentationresultsin mary casesln somecaseshowever, we
foundit difficult to find the correctcontour Figure 3 shovsa
few examplesof unsuccessfudegmentationsAnalysisof the
resultshasshovnthattheseparatiowof thesimilarity transform
(in the initialization step) from the elastic deformationis
mainly responsiblefor this failure. As the models have
beennormalizedbefore the statisticalanalysis,translation,
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rotation and scaling have actually beenexcluded from the
elasticdeformationstep,forbidding minor correctionsof the
similarity transformdeterminedoy the templatematchingin

the initialization step. Restrictingthe deformationsto the
subspaceof the dominanteigenmodesnadethis situation
even worseby not allowing correctionsthroughfree elastic
deformations. This hasled to the large segmentationerrors
demonstratetdy the abose examples.

The following sectiondescribeshow theseproblemscan
be solved by incorporatingthe similarity transforminto the
analysisof biologicalvariability. Thisway all covariationof
the poseand elasticdeformationparametergan be handled
in aconsistentvay, too. Theselectedsolutionalsoavoidsthe
somevhat artificial separatiorof the imageanalysisprocess
intoaninitializationandelastiomatchingJeadingto atwo-step
coarse-to-finsegmentatiorprocedure.

3. IMPROVING FOURIER SNAKE SEGMENTATION

3.1. Alternativeinitialization techniques
One could try different ways to avoid the segmentation
problemsanalyzedn the previoussection.

e The desirablemixing of the effects of similarity trans-
form andelasticdeformationcould be achieved by the
incorporationof eigervaluesbelongingto thethelargest
eigervectorsinto the initialization (templatematching)
procedure However, the dimensionalityof the sampled
searchspacewould becomefar too high and would
create especiallyin view of a generalizatiorio 3-D, an
unacceptableomputationaburden.

e Onecouldalsotry to extendthe parametersf theelastic
deformationwith translation rotationandscaling. This
would leadto a higher dimensionallocal optimization
problemwithout allowing the handlingof the optimiza-
tion of the parameterin onecoherenframework.

e Theselectedptimizationprocedurdindsthenearesto-
caloptimumon ahigh-dimensionastronglynon-comwex
goalfunction. Thismakestheproceduréighly sensitve
to non-desiredocal optima. We are currently experi-
mentingwith alternatve global optimizationtechniques
asfor examplegeneticalgorithmsas proposedby Hill
andTaylor (1992)andthe taboosearch(Reeves, 1993)
borrovedfrom discreteoptimization whichmayprovide
someimprovement.However, oneshouldrealizethatthe
majorproblemdoesotlie in theinitialization procedue.
The templatematchingusually provides a reasonable
first approximationusing the meanmodel, which still
leadsto unsatiséctory resultsdue to the separatiorof
the similarity transformandthe elasticdeformationde-
scribedby theprincipalmodesof theFouriercoeficients.
This problemis addresseth thenext paragraph.

Figure4. Positionof theanteriorcommissuréAC) andtheposterior
commissur¢PC)onamid-sagittaMRI imageslice. Theconnecting
line representtheunit vectorx of theexternalanatomicatoordinate
system.
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Figure 5. The 50 largest eigervalues of the covariance matrix
calculatedromtheFourierparametersf the30curvesin thetraining
set.

3.2. Model incorporating full biological variability

We expectfor imagesrepresentinginatomythatthe relative

position, rotation and size of healthy organsis restricted
in a similar way as their elastic deformation If we could

definea coordinatesystemfixedto the anatomytherewould

be no reasonfor an unrestrictedsimilarity transformwhich

precedeghe elastic matching. The Fourier descriptorsof

theorganoutlinesoriginally containthisinformation but we

suppresst by normalizingthe coeficients. In the caseof

the corpuscallosum,the AC/PCline is a generallyaccepted,
well-detectableggeometricfeatureof the mid-sagittalimages,
whichrepresentsucha standardcoordinatesystem.Theline

from theanteriorto theposteriocommissur¢ AC/PCline) as

illustratedin Figure4 hasbeenmanuallyextractedfor each
imageof thetraining set. After determinatiorof the Fourier
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Figure 6. Theupperrow shavs the segmentedoutlinesof thetrainingsetwith (left) andwithout (right) normalizationof the poseparameters.

Thelowerrow shows the correspondingneanmodels.

coeficients, we apply normalizationonly to fix the starting
pointof thecurve parametrizationThestandardizationf the
images,necessaryor the determinationof the deformation
modes,is basedon a normalizationof the AC/PCline to an
e, unit vector After that,the samestatisticalanalysisof the
testsetcanbe performedaspreviously explained providing a
mearmodel(now includingits relative positionandsizeto the
AC/PCline), andthe deformationmodeswhich incorporate
the parametersf the similarity transformtoo. Theresulting

eigervaluesareplottedin decreasingrderin Figure5. One
canseethattheremainingvariationafterthe 12theigervalue
becomesajligible. Accordingly, all deformationsave been
restrictedto the 12 largesteigervectors.

Figure 6 illustratesthe determinationof the meanmodel
by comparingheresultsusingthe normalizedoutlinesasde-
scribedn theprevioussection(left side)andtheaveragemodel
resultingwithout normalizationpresentedn the anatomical
referencerame(right side). Onecanseethe variationof the
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Figure 7. Thefirst four eigenmode®f the deformationsf the 30
objectsin the training set. The calculationsare basedon contours
representethy Fourier descriptorswhich arenormalizedonly with
respectto the choiceof the startingpoint. The deformationrange
amountgo ++/2 eigervalues.

poseof thetrainingsamplesn theexternalcoordinatesystem.
At thesamedime, muchmorecharacteristichapdeaturesare
retainedn theaverageoutlineif nonormalizatioris performed
beforethetraining.

Figure7 illustratesthe deformationsaccordingto the first
four eigenmodeswith deformationsin the rangeof ++/2
eigervalues. It shavs how the poseand elasticdeformation
parameteraremixedtogetheiin thedominanteigendeforma-
tions.

3.3. Segmentation

The determinationof the AC/PC line now becomesart of

the sggmentationsincethe modelis built basecbn anormal-
ization to theselandmarks. The AC/PCline is determined
manuallyfor theimageunderanalysis. The flexible model,
characterizedby the meancontourandthe eigenmodesnonv

incorporatechangesof the positionand local deformations
of the genericmodel, which makes the initialization step
obsolete. In orderto make the optimizationrobust against
local extremawe appliedatwo-stepcoarseto fine stratey.

In the first stepon the coarselevel we usea procedure
similar to templatematching,aspreviously described.How-
ever, we now usea small setof a few dominantmodesand
calculatethe best matchin this linear subspaceof major
deformationdy equidistantlysamplingheeigervaluesof the
selecteddeformationmodesin areasonableange. This way
the completeparametespaceis explored, andthe result of
thiscoarsesggmentatiorcanbeusedasareliableinitialization

for thefollowing local optimizationstep. Oneshouldrealize
that the larger the numberof eigenmodegarticipatingin

this coarsestep, the better the initial fit will be in the
following step. On the otherhand,the computationaburden
grows exponentiallywith the dimensionalityof the sampled
parametespace. The numberof eigenmodegonsideredn

this step can be selectedby trading the fit quality and the
computationatequirements.

Onthefine level the segmentationis performedin the ho-
mogeneouparametespaceftheeigervectorscorresponding
to the largest eigervalues, nov choosinga larger number
of eigervectorsthan on the coarselevel. Due to the full
incorporationof the parameterf the similarity transform
into the eigendeformationghefine tuning of the modelpose
can be performedwithin the variability determinedby the
training set. Figure 8 shavs the results of the modified
segmentationprocedure,which achieved perfectresultsin
almostall cases.

Oneshouldmentionthat in someapplications,the iden-
tification of the small individual variationsof the contour
outline, which is not representedaven by the whole set of
the eigenmodesis desirable. In this caseour stratgy can
be extendedwith an additional finer level by applying an
unrestricteddeformationof the parametrizednale usingthe
resultof the previoustwo levelsasinitialization.

4. 3-D FOURIER MODELS OF HUMAN BRAIN
STRUCTURES

Ourgoalis thegeneralizatiorof theimproved 2-D procedure
to3-D. Thenewtoolshouldallow awellreproduciblesegmen-
tationof objectsin volumedatawith minimalhumaninterac-
tion. Thissectiondescribeshefirst stepan thisdirection,the
generatiorof 3-D Fourier modelsfrom manuallyseggmented
training data,andthe useof unrestricted3-D Fourier snales
for elasticmatchingin grey-valuedvolumeimages.As in the
previoussectionwefirst summarizehebasicmathematicef
the 3-D Fourier snales, andthenshow first resultson some
MRI braindata. The major problem,finding ahoma@eneous
parametrizationof surfacesof arbitrarily shapedobjects is
solvedbyapplyingaveryrecentlydevelopechew parametriza-
tiontechnique It overcomedimitationsgiven by othersurface
parametrizatiorschemesg.g. the torus topology presented
in Staib and Duncan (1992b). The following description
is guided by the example of sgmentingdeepgrey matter
structureof the humanbrainfrom MR volumedata.

4.1. Description of surfacesby spherical harmonic
functions

The descriptionof the surfacesof simply connected3-D

objectsin anarbitrarybasiscanbe performedsimilarly to the
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Figure 8. Segmentatiorof the corpuscallosumusingthemanuallydeterminedAC/PCline asareferenceoordinatesystenfor modelbuilding
andsegmentation. (a) Shows theinitialization, resultingfrom a coarsematchin the subspacef the largestfour deformationmodes. (b—d)
lllustratesinglestepsof the optimizationin the subspacef thelargest12 deformatiormodes(allowing fine adjustmentsandthefinal result.

2-D case.Thesurfacewill beparametrizedby two variables, degredl andorderm, seeGreinerandDiehl (1964))asabasis,
the 6 and ¢ polar parametersandwill be definedby three the coordinatdfunctionscanbewritten as

explicit functions .
x(0. ¢) rO.6.p) =) > &Y. ).
r(97 ¢) = y(@, ¢) k=0 m=—k
20, ¢) where
Cxpr
Weemphasiz¢hatthisis notaradialfunction. If weselect e =|cm

the sphericaharmonicfunctions(Y,™ denoteghe function of c
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Figure 9. A simplefunctionU < R3, visualizedby facettingthe surfacesin triangles.

We againrestrictecthe expansiorto thefirst K + 1 terms.
Whenthefreevariables) and¢ runover thewholesphere
(e.9.6 =0...m,¢ =0...2r—seeFigure9, left), the point
r(6, ¢) runsover the whole surfaceof our object(Figure9,
right). The sphereQ; is considereda perfectly symmetric
surfacewithout ary singularpointsor preferreddirections.
Thesurfaceis thendescribedy the parameters

P = (&G0 G0t el .oyt eyl
[ o8 NS SUUY Ve 5O L

Onehasto realizethat the Fourier parametrizations just
one possibility for the parametricdescriptionof contours.
Alternative methodsfor exampledeformablesuperquadrics,
have also beenproposedn the literature (Terzopoulosand
Metaxas,1991). Wewould liketo emphasiz¢hatary reason-
ableparametricshapemodelcanbeusedwithin thepresented
formalism. We preferredto use Fourier parametrizatioras
it, in contrastto superquadricsimposesno predetermined
symmetriesupon the object surface and has no preferred
directionsin space.lt is complete;no additionalformalisms
are neededto rotate, translate taper bend, twist or locally
deform the model, as the surface of ary simply connected
objectcanberepresentetb ary degreeof detailin thesimple
yetcomprehensie formalism.

In thefollowing we summarizeéhesurfaceparametrization
procedurewhich is describedn detailin Brechhihler et al.
(1992,1995).

4.2. The surfacedata structure

Medical CT or MRI imagesare examplesof volumetric
data. For each cuboidal cell (volume elementor voxel)
in a certain volume we have one or more measurements.
When sggmentationsucceedspne anatomicalunit can be
characterizedby a binary datavolume,in which every voxel
containseither 1, which meansit belongsto the unit, or 0,
meaningit is in the background The objectis thenthe setof
‘1’ voxelsandcanbe picturedasa collectionof smallcubes,
adoptingthe euberille notion (Hermannet al., 1979). The
surfaceof a voxel objectis a setof unit squaresall parallel
to oneof thethreecoordinateplanesyz, xz or xy. Theedges
andverticesthatboundthefacesarealsopartsof thesurface,
whichis representedsa datastructurethatreflectsgeometry
aswell asneighbourhoodelations.

4.3. Parametrization of closedsurfaces

A key stepin theshapeadescriptiorof asurfaceis its mapping
totheparametespacethespheres. Any pointonthesurface
mustmapto exactly onepoint on the sphereandvice versa.
The locationon the spherecorrespondingo a surface point
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definesthe parametes of the point. It canbe representeas
two polar or threeCartesiarcoordinatesrelatedthroughthe
bijection

sin® cosg
sing sing
cosd

Mappinga surfaceto the sphereassigngparameterso every
surface point; thereforewe call it parametrization The
mappingmustbe continuousj.e. neighbouringpointsin one
spaceanustmapto neighboursn theotherspace.lt is possible
and desirableto constructa mappingthat preseres areas.
Narraving to the cuberille notion, Figure 10 symbolically
illustratesthis mappingof a selectedfacetfrom the object
surfaceto a portionof Q3. It isnotpossiblen generato map
every surfacefacetto a sphericalsquare:distortionscannot
be avoided,but they shouldbeminimal.

It emegesthatthe parametrizationi.e. the embeddingpf
theobjectsurfacegraphinto thesurfaceof theunit spherejs a
constrainedptimizationproblem. Thefollowing paragraphs
define the meaningof variables objective(goal function),
constaintsandstarting valuesin this context.

4.3.1. Variables

The coordinatesof all vertices vary in the optimization.
Using two (e.qg. spherical)coordinatesper vertex would be
the most economicrepresentatiorwith respectto storage
space,but it would malke the equaltreatmentof all spatial
directionsdifficult andposethe problemof discontinuityand
singularitiesin the parameterspace. We prefer Cartesian
coordinatesu, v, w) for representinglocationonthesphere,
introducingone virtual degree of freedomper vertex. The
numberof variabless threetimesthe numberof vertices.

4.3.2. Constaints
Two kinds of equalitiesandonekind of inequality constrain
thevaluesthatthevariablescantake.

(i) Every vertex mustlie on the unit spherein parameter
spacei.e.u’+v2+w? = 1. Thisconstraintompensates
for thevirtual degreeof freedomandforces.

(i) We askfor areapreservation any objectsurfaceregion
mustmapto aregion of proportionalareaonthe sphere.
Weincludeoneconstrainfor eachelementaryacet:the
areaof thesphericahjuadrilateramustbe 4 dividedby
thetotal numberof faces.

(iii) All quadrilateral®nthe spheranustremaincorvex; no
angleay maybecomenegative or exceedr .

4.3.3. Objectivefunction

Thegoalis to minimizethedistortionof thesurfacenetin the
mapping. It musttendto make the shapeof all the mapped
facesassimilar to their original squareform aspossible.To
fulfil this goal perfectly a facetshouldmapto a ‘spherical
square’(seeFigure 10). This canin generalnot be reached
for all facesandwe needto tradeoff betweerthedistortions
madeat differentvertices. We obsere that the ideal shape
of ary face,a sphericalsquareminimizesthe circumference
Z?:o § of ary sphericafjuadrilateralith agivenarea.At the
sametimeit maximizesy_?  coss. Thesewo measureare
similar, but not equivalentif summedover the whole net, as
they tradeoff distortiondifferently Thesecondneasur@un-
ishegoo-longsidesmoreandhonourgoo-shorsidedessthan
thefirst one,whichis a desirableeffect. It is alsosimplerto
calculatethecosineof asideisthedotproduciofitsendpoints.

4.3.4. Startingvalues

Thevariablesn our optimizationarethe positionson theunit
sphereto which the verticesare mapped,andinitial values
meana first rough mappingof the objects surface to the
sphere. It is importantfor the optimizationalgorithm that
thespherebecompletelycoveredwith facesandnoneof them
overlap,evenin the beginning.

Arbitrarily, two verticesarechoseraspolesanda surface
path connectingthem as a date line. Discretizing and
solving the PoissonequationsA® = 0 and A¢p = 0—with
appropriateboundaryconditionsfor the polesand the date
line—yieldsvalues(®, ¢) for eachvertex. Figure1l shavs
the initial parametrizatiorthus definedfor the small object
from Figure10.

Theoptimizationmoves theverticesaroundon thesphere.
The poles lose their special meanings,and all facesget
equalarea. The mappingcorvergesto a stateminimizing
overall distortions. The sameresult is reachedfrom all
pole assignment$modulorotations). Figure 12 presentghe
parametrizatiomesultfor the samesmall object.

4.4. Elastically deformable Fourier surfacemodels
Usingtheparametrisurfacedescriptiompreviouslypresented,
the parametrized-ourier snale conceptcan be generalized
from 2-D to 3-D. The conceptis is similar to the technique
proposedy StaibandDuncan(1992b). However, a surface
can be arbitrarily sampledbasedon the variables¢ and ¢
(thereis no distinguishedorientationor position of poles),
andthe surfaceenegy function cansimilarly be definedand
evaluatedasin the2-D case.Theimagepotentialcanstill use
thecomplete(vectorvalued)gradientinformation

E(r©,¢.m) = i/[AV' (r@.¢,p) -nr@O,¢,m)dA
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Figure 10. Every faceton the objectsurfacemapsto a sphericalquadrilateral.lts sidesaregeodesiarcson the sphere.On the unit spherea
sides is equalto thecorrespondingentreangle. Thequadrilateraln thisillustrationis specialin thatits sidess, . . . s3 areequalandits angles

ap ...z areequal:it is asphericakquare.

Figure11. Optimizationstartsin this state whichis plottedin threeways. (a) Thesurfacenetis plottedin thick linesonthesphericaparameter
space.(b) ¢ andcosp areinterpretedasCartesiarcoordinatesgiving atrue-areaylinder projection. Thehorizontallinesat +-1 arethe poles.
(c) Corversely theglobecoordinategrid is dravn over the object. For comparisonpnevertex is markedwith a blackdotin all diagrams.

wheredA is the surfaceelementandn is the surfacenormal
vector Usinga = dr/d¢ x or/90 = ndA/d¢ d9, we derive

ST NVIr©. 6. p) - ar(©, ¢, p) dp do
JE 2 law©, ¢, p)) | dgp dO

Ei(r) =+

We usethe internal enegy term Ep(r (6, ¢, p)) to avoid
sharpdiscontinuitiesn thesurfacenormals.The cunatureof
thesurfacecanbedescribedy theprincipalcunaturesc; and
K2, Which arecombinecdto

/.2 2
K =4/K] + K5,

creatinga measurefor the cunature at every point on the
surface. As in the 2-D casewe wantto limit its derivative,

resultingin theregularizationterm

T p2m
E.:(r)zfofo IVic(¢,0,p)?- lap. 6, p)||* dp do.

After the definition of the total enegy, the problem is
completelyanalogougo the 2-D case:we have to determine
the parametershat generatea surfacewhich minimizesthis
enegy. We usedexactly the sameminimizationprocedures
asin the2-D case.

For the averagesurfacebeforeand after the deformation,
the mappingwill not meetthe constraintof constantdensity
exactly, norwill it exactlyminimizedistortions.However, the
mappinghasbeenindividually adaptedo eachof thetraining
objectswhicharechoserto spanthewholerangeof expected
biological variability. A smoothinterpolationbetweerthem
can be expectedto reproducecloseto uniform and optimal
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Figure 13. Manualsegmentatiorof theputamenthe caudatenucleusandtheglobuspallidus. Theimagesshowv acoronalslicefrom a3-D data

set(a) with overlay of the contoursof segmentedobjects(b).

parametrizatiorfor the fitted surface. Exactuniformity and
optimality is ameango establishcorrespondencamongthe
objectsof thetrainingset,but it is not crucialfor the success
of theseggmentation.

4.5. 3-D segmentationof deepgrey matter structures
Thetraining setconsistsof a collectionof 30 3-D MRI data
volumesof thehumarbrain,wheredeepgrey matterstructures
(putamen,caudatenucleusand globus pallidus) have been
manuallysggmented Figurel3shovsacoronalslicethrough
oneof thevolumesandtheoutlinesof themanuallysegmented
objects.Inthecaseof theputamerandglobuspallidusonecan
seethatthereis practicallyno grey-level evidenceto separate
the two objects. Only a priori anatomicalknowledge will

allow theirsggmentationwhichclearlydemonstratetheneed
for model-base®-D sggmentatiorprocedures.

The modulesfor 3-D surfaceparametrizatiorand Fourier
description, for the calculationof eigenmodesand for 3-
D segmentationby restrictedelastic deformations,are im-
plementedand ready for testsand validation. Preliminary
resultsdemonstratéwo differentproceduresf the complete
sggmentatiorsystem:

e Figurel4illustratesthegeneratiorof parametricsurface
descriptiongrom binarysegmentations The surfacesof
the putamen(left) andthe caudatenucleus(right) usea
sphericaharmonicapproximatiorup to degree6 and8,
respectiely.
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Figure 14. Parametrizedlescriptionby sphericalharmonicaup to degree8 of the surfaceof deepgrey matterorgans. The putameris shavn
ontheleft, the caudatenucleuson theright. The original voxel objectis overlaidasa wire-framestructureof thevoxel edges.

(b)

(e)

Figure 15. Sgmentatiorof theleft caudatewucleusby 3-D Fouriersnales. Imagesn panela representheinitial placemenbf the 3-D model
asaxial (top) and coronal(bottom)cuts (with sphericalharmonicsup to degree3 with 48 parameters)Panelb shavs the final sggmentation
result. A graphicaldisplayof the elasticallydeformedmodelrepresentingheresultof the 3-D segmentationis shavn to theright (c). Thefinal

optimizationwas basedn sphericaharmonicsup to degree5 (108 parameters).

e Figurel5demonstratethe sggmentatiorof the caudate

nucleusfrom original grey-valuedvolume databy the

3-D Fouriersnale procedure Here theinitial placement
of the model surface was performedautomaticallyby

calculatinganinitial placemenof a sphericaharmonic
surface of low degree (degrees0-3). The imagesin

panelsa and b show the initialization and final result
after elasticdeformationin axial andcoronalcuts. For

theelasticfit we usedsphericaharmonicaipto degreeb.

Panelcillustratesasurfacerenderingof thesegmentation
result. 15—-20minuteswereneededor the elasticfit of

themodelson a Sparcl10/41processar

We are currently calculatingthe surface parametrization
and the descriptionby sphericalharmonicsof all the 30
sgmentations. Based on theseresults, the deformation
eigenmodesfor these objects can be determined. The
segmentationitself, i.e. the initial placementand restricted
elasticdeformationwill becarriedoutwith the Fouriersnale
procedureas shovn in Figure 15. However, optimization
is performedin the subspacef a small setof eigenmodes
ratherthanthe original spaceof the parametersasdiscussed
in section3 for the 2-D case.
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5. CONCLUSIONS

Automatedrobustsegmentatiorof medicaimagesnostoften
needsa priori anatomicalknowledge. Typical casesare
the sggmentationof healthyorgans,which presentrestricted
anatomicablvariability, or the segmentationof organsif only
incompleteevidence for boundariesis given by the grey-
valued images, requiring an ‘intelligent guess’ about the
positionof the objectboundary

Geometricorgan modelsandthe statisticsof their normal
(expectedyariation seento offer apromisingsolutionto this
problem.We proposedheuseof the Fourierparametrization
of our models followed by a statisticalanalysisof a training
set, providing mean organ models and their eigendefor
mations. Elastic fit of the meanmodel in the subspace
of eigenmodesestrictspossibledeformationsand finds an
optimal match betweenthe model surface and boundary
candidates.

Wedemonstratethecompleteproceduravith thedetermi-
nationof theoutlineof thecorpuscallosumona2-D MR slice
of the humanbrain. We have shown thatthe selectionof an
anatomicallydefinedreferencecoordinatesystemallows the
inclusionof thevariationof thespatialpositionandorientation
into the descriptionof the modelvariation. This procedure
providesahomogeneousamenork for thecompleteanalysis,
while addingonly minimal, well defineduserinteractionto
the procedure. The initial placementof the averagemodel
is performedby a coarseelastic deformation defined by
only the largesteigenmodeshelping to drive the following
optimizationinto the‘correct’ local optimum.

In this paperwe presentedoreliminary resultsof a full
3-D generalizatiorof the Fouriersnale procedure While the
modulesareimplementedindreadyfor analysiswestill need
to spendeffort into the3-D modelbuilding. We demonstrated
thatmanuallysegmentedleepgrey matterorgansof thehuman
braincanbedescribedy sphericaharmonicdescriptors We
furtherdemonstratethe applicability of anunrestricted3-D
Fouriersnale procedurdor thesegmentatiorof theseorgans.
In contrastto similar researchprojects,we could overcome
the bottleneckof surfaceparametrizatiorby applyinga new
parametrizationtechnique which provides a homogenous
parametrizationof an arbitrarily shapedsimply connected
object. Further the novel methodrepresentsa true 3-D
extensionof the 2-D procedure which significantly differs
from combiningresultsof a stackof 2-D slices.

Ourultimategoalisto provideanautomate@®-D seggmenta-
tion procedurdghatneedsonly minimal userinteraction.This
manualinteractionwould consistof the selectionof a few
clearly definedlandmarksandcould thereforebe carriedout
alsoby non-eperts. The sgmentationitself would thenrun
fully automatically Suchan elasticdeformationprocedure

restrictedby prior knowledge aboutthe deformationrange
would also find applicationsin tracking problems, where
objectsoncedefinedwith arelatively high expensecould be
automaticallytrackedin dynamicimagesequences.
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