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Abstract

This paper presentsa new techniquefor the automatic
model-basedementationof 3-D objectsfrom volumetric
image data. The developmentloselyfollows the seminal
work of Cootesetal. [5] but presentyariousnew solutions
to comeup with a true 3-D techniquerather than a slice-
by-slice2-D processing Thesggmentatiorsystemincludes
both the building of statistical modelsand the automatic
segmentationof new image data setsvia a restrictedelas-
tic deformationof models. Geometricmodelsare derived
froma samplesetofimage datawhich havebeensegmented
by experts. The surfacesof thesebinary objectsare con-
vertedinto a parametric surfacenet which is normalized
to getaninvariant object-centezd coodinatesystem Sur
facedescriptionsare expandednto seriesof sphericalhar-
monicswhich provide parametricrepresentation®f object
shapes.Gray-level informationis representedy 1-D pro-
filesnormalto the surface Thealignmentis basedon the
well-acceptedterotacticcoordinatesystensincethedriv-
ing applicationis the segmentatiorof brain objects.Shape
statisticsare calculatedfrom the parametric shaperepre-
sentationgrather than from the spatial coodinatesof sets
of points. Afterinitializing themeanshapedn a new dataset
onthebasisof thealignmentcoordinates the modelelasti-
cally deformsin accoidanceto displacementorcesacross
thesurfacebut is restrictedonly by shapedeformationcon-
straints. Thetechnique has beenappliedto segmentleft
andright hippocampasktructuiesfroma large seriesof 3-D
magneticresonancecangdakenfroma scizopheniastudy

1 Intr oduction

Segymentatiorof anatomicabbjectsfrom large 3D med-
ical datasets,obtainedfrom routine MagneticResonance
Imaging (MRI) examinations,for example, representsa
necessaryet difficult issuein medicalimageanalysis.In

somelimited applications,segmentationcan be achiesed
with minimal userinteractionby applyingsimpleandeffi-
cientimageprocessingnethodswhich canbeappliedrou-
tinely [7].

In mary clinical applicationssuchascomputerassisted
neurosugery or radiotheray planning,a large numberof
organshave to be identifiedin the radiologicaldatasets.
While a carefuland time-consuminganalysismay be ac-
ceptabldor outlining complex pathologicabbjectsnoreal
justificationfor sucha procedurecanbe found for the de-
lineationof normal,healthyorgansatrisk.

Delineationof organboundariess alsonecessarin var
ioustypesof clinical studieswherethecorrelationbetween
morphologicalchangesand therapeuticahctionsor clini-
cal diagnosishasto be analyzed. In orderto get statisti-
cally significantresults,a large numberof datasethasto
be segmented.For suchapplicationamanualseggmentation
becomeguestionablenot only becauseof the amountof
work, but alsowith regardto thepoorreproducibilityof the
results.The necessityof obtaininghigh reproducibilityand
the needto increaseefficienoy motivatesthe development
of computerassistedautomategrocedures.

Elasticallydeformablecontourand surfacemodels,so-
calledsnales[8], have beenproposedastoolsfor support-
ing manualobjectdelineation. While suchproceduresan
be extendedto 3-D [24, 3], their initialization is a critical
issue. Most often, the initial guessmustbe very closeto
thesoughtcontourto guaranteea satisfyingresult[14]. An
excellentoverview of elasticallydeformablemodelscanbe
foundin [11]. Theprimaryreasorfor theneedof a precise
snale initialization is the presencef disturbingattractors
in the image. Thesedo not belongto the desiredobject
contourbut forcethesnale into local enegy minima. If the
deformatiorof asnale couldbelimited to shapesvithin the
normalvariationof a classof objectboundariesthe proce-
durewould bemorerohust.

Elastically deformable parametric models offer a
straightforvard way for the inclusion of prior knowledge
in theimagesegmentationprocess.This is doneby incor



poratingprior statisticsto constrainthe variationof the pa-
rameterf the elasticmodel. Suchprocedurediave been
developedby VemuriandRadisaljevic [26] usinga hybrid
primitive calleddeformablesuperquadricsonstructedn a
multi-resolutionwaveletbase or by StaibandDuncan[18]

for deformablerouriermodels.

For complex shapeslescribedy alargenumberof often
highly correlatecparametersheuseof suchpriorsmaybe-
cometedious.Themodalanalysisasproposedy Pentland
and Sclarof [15] offers a promisingalternatve by chang-
ing the basisfrom the original modelingfunctionsto the
eigenmode®f the deformationmatrix. The dominantpart
of the deformationscanthus be characterizedby only the
smalleskeigenmodessubstantiallyeducingthedimension-
ality of the objectdescriptorspace.Methodsusingmodal
analysishave beensuccessfullyappliedto medicalimage
analysisby Sclarof andPentland17] and Nastarand Ay-
ache[13], for example.

Cooteset al. [5] combinedthe power of parametriade-
formableshapedescriptorswith statisticalmodalanalysis.
They useactive shapemodels,which restrictthe possible
deformationausingthe statisticsof training samples.Ob-
ject shapesare describedby the point distribution model
(PDM) [4, 6], which representtheobjectoutlineby a sub-
setof boundarypoints. Theremustbe a one-to-onecor-
respondenceetweenthesepointsin the differentoutlines
of thetraining set. After normalizationto size, orientation
andposition,they provide the basisfor the statisticalanal-
ysis of the objectshapedeformations.The meanpoint po-
sitions and their modesof variation (i.e. the eigervectors
correspondingo thelargesteigervaluesof their covariance
matrix) are usedfor limiting the objectdeformationgo a
reasonablénearsubspacef thecompleteparametegspace.

For a large training set containing several anatomical
structuresthe generatiorof the PDM parametrizatiorbe-
comesverytediousand,becausef thelack of areasonable
automatizationganbe a sourceof errors,suggestinglter
native approachefor form parametrizationStaibandDun-
canhave alreadydemonstratedggmentatiorby parametri-
cally deformableslasticmodelsfor 2-D outlines[18] and3-
D objectsurfaceq19, 20] usingFourierdescriptorsin our
previouswork [21] we combinedhe statisticaimodalanal-
ysiswith parametrizatiolasedon 2-D Fourierdescriptors.
Usingspatialnormalizatiorbasednthegenerallyaccepted
Talairachcoordinatesystenm23] we demonstratethatfully
automaticsegmentationof organ contourson 2-D image
slicescan be achieved. In this previous paperthe feasi-
bility of a 3-D extensionof this methodhasalreadybeen
investigated.We have demonstratedhat basedon a gen-
eralsurfaceparametrizatioschemg?2] the conceptcanbe
generalizedor 3-D organsurfaceswith sphericatopology
usingsphericaharmonicsasshapedescriptors.This paper
summarizeghe basicconceptsof the newly developed3-

D segmentatiorsystemandalsopresentgvaluationresults
usingacollectionof 22 volumetricMR braindatasets.

2 Segmentationconcept

The 3-D sggmentationdiscussedereis basedon a sta-
tistical model,generatedrom a collectionof manuallyseg-
mentedMR imagedatasetsof differentsubjects.The pro-
cessanbedividedinto two majorphasesamodel-hiilding
stageandtheautomaticsegmentatiorof largeseriesof data
sets.

¢ In thetrainingphasetheresultsof interactve sgmen-
tationof sampledatasetsareusedto createa statistical
shapamodelwhichdescribesheaverageaswell asthe
majorlinearvariationmodes.

e The modelis placedinto new, unknovn datasetsand
is elasticallydeformedto optimally fit the measured
data.

The generatiorof the statisticalmodelwill bediscussed
in detail in the following section. The purely geometri-
cal statisticalmodelproposedn our earlierpaper[21] has
beenextendedby incorporatinggray-valuedprofilesacross
the organsurface,implementingthe conceptproposedby
CootesandTaylor[5, 6] to thethird dimension.

The matchingprocessis initialized using the average
geometricalmodel resulting from this training phase. A
two-stagealgorithm, describedn section4, is usedto de-
form this modelto optimally fit the featuresof a new data
set, while still restrictingthe deformationgo the variabil-
ity allowed by the statisticalmodel. This algorithmmakes
full useof the gray-\valueprofilesalongthe surface,which
becomegpossibleonly by using a dual representatiorof
the objectboth as a collection of samplepointsandasa
parametrizedurface.

3 Generation of 3-D statistical model

The conceptproposedn this paperresultsin an auto-
maticselectiorof a large setof labeledsurfacepoints. This
is doneusinga uniform parametrizatiorof closedsurfaces
andby calculatingan invariantobjectcentereddescription
(Brechhuihleretal. [1, 2]). Thealignemenbf parametrized
objectsurfacesapproximatesa correspondencef surface
points. The training setconsistsof a seriesof sggmented
volumetric objects obtainedby experts using interactve
segmentation.

3.1 Interactive expert segmentation

Today’s routine practicefor 3-D segmentationinvolves
slice-by-sliceprocessingof high-resolutionvolume data.



Figure 1. Model building:
tation (a), reconstruction from shape descrip-
tors up to degree one (b), reconstruction up

Interactive segmen-

to degree ten (c) and normalization
space (d).

in object

Working on large series of similar scans, human ob-
senersknowlegablein anatomybecomeexpertsand pro-
ducehighly reliable sggmentationresults,althoughat the
costof aconsiderablamountof time perdataset. Realistic
figuresareseveralhoursto onedaypervolumedatasetfor
only asmallsetof structuresRegionsin 2-D imageslices
correspondingdo cross-sectionsf 3-D objectsareoutlined
andpaintedby aninteractve tool called”slice editor”. The
seriesof binaryregionssegmentedrom consecutie slices
form volumetricvoxel objects.Figure laillustratesthere-
sultof anexpertsegmentatiorof theleft hippocampus.

3.2 Surfaceparametrization

Thesurfaceof a closedvoxel objectis mostoftenstored
asameshbasednverticeshaving threespatialcoordinates,
althoughpresentingwo degreesof freedom. Brechhihler
et al. [2] developeda surfaceparametrizatiorof arbitrary
simply connectedbjectsbasedon thosetwo parameters.
Theembeddingf acornvolutedobjectsurfacein thesurface
of theunit sphereof the parametespacevasformulatedas
aconstrainedhon-lineamptimizationproblem.Themethod
achievesa homogeneoudensityandminimal distortion of
theparametenetprojectedntotheobjectsurface.Further
objectsof similarshapegroduceverysimilarparametenets
(up to arotationin parametespace seebelown) dueto the
uniguenes®f the solution and robustnessof the iterative
optimization[2].

3.3 Sphericalharmonic shapedescriptors

The parametization gives us three explicit func-
tions defining the object surface as x(06,9) =
(x(8,9),y(8,9),2(6,9)). This surface description is
usedto expanda 3-D shapeanto a completesetof spherical
harmonicsTheseriegakesthe form
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Thecoeficientsc" arethree-dimensionalectorswith com-
ponentscy™, ¢y andc,™ with degreel andorderm. A de-
taileddescriptiorcanbefoundin Brechhiihleretal.[2]. All
thec™ with componentgx,y, z) definethevector
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3.4 Surfacecorrespondenceand objectalignment

The surface parametrizationj.e., the representatiorof
the surfaceby a parametenetwith homogeneousells, is
so far only determinedup to a 3-D rotationin parameter
space However, apointto pointcorrespondencef surfaces
of differentobjectswould requireparametersvhich do not
dependdntherelative positionof theparametenet.

The positionandorientationof objectsin original coor
dinatespacehasto be normalizedbeforestartinga compar
ison. For example,parametergor aligning objectscanbe
obtainedby calculatingan object-centeredoordinatesys-
tem. The sggmentatiormethoddescribedn this papercan
incorporatesmall deviations of translationand orientation
into the shapestatistics.This allows usto reproduciblyde-
fine a globalcoordinatesystembasedon a small setof sig-
nificantlandmarks.

Object-centered invariant surface parametrization
The object can be rotated to a canonical position in
parameteispaceby making useof the hierarchicalshape
description provided by spherical harmonic descriptors.
The coeficients of the spherical harmonic function of
differentdegreegrovide ameasuref the spatialfrequengy
constituentsthat composethe structure. As higher fre-
gueny componentareincluded,moredetailedfeatureof
the objectappear To definea standardposition we only
considerthe contribution of the sphericalharmonicsof
degree one, which is an ellipsoid representinghe coarse
elongationof the objectin 3-D space. We rotate the
parameteispaceso that the north pole (6 = 0) will be at
oneendof the shortestmain axis, andthe point wherethe
zeromeridian(¢ = 0) crosseghe equator(d = 11/2) is at



oneendof thelongestmainaxis. Fig. 1(b,c)illustratesthe
location of the middle main axis on the reconstructiorup
to degreeoneandtenrespectiely.

Objectsof similarshapewill getastandargparametriza-
tionwhichbecomegomparable,e., parametecoordinates
(6,) are locatedin similar regions of the object shape
acrossthe set of objects(seeFigure 2). Corresponding
points on different object surfacesare thereforefound by
calculatingacanonicaparametrizatiomatherthanby inter-
active selectionof labeledsetsof 3-D points. The assess-
mentof the quality of point correspondencesyith a view
to potentialimprovementsareresearclyuestion®f current
interest([9, 22, 16)).

Figure 2. Corresponding parameter values for
6=T1/2, @=0,1, and @=11/2,3m/2 (thick lines)
illustrated on an ellipsoid (a) and on three in-
dividual left-hippocampi.

Alignment in object space Our driving applicationis

the automaticsggmentationof brain objects. We begin by

choosingthe standardstereotacticcoordinatesystempro-

posedby Talairachfor global alignmentof the headimage
datasets.Basicfeaturesusedfor alignmentarethe approx-
imation of the interhemisphericfissureby a midsagittal
planeandthe definition of the anteriorand posteriorcom-

missure{AC-PC)(seeFig. 3). Eachdatasetis transformed
into canonicakoordinatedy 3-D rotationandscaling.

3.5 Shapestatistics

After transformatiorio canonicatoordinatestheobject
descriptorsirerelatedto thesamereferencesystemandcan
bedirectlycomparedAn establishegrocedurdor describ-
ing a classof objectsfollows [5], wherethecalculationare
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Figure 3. Stereotactic coordinate system
used for object space normalization

carriedout in the domainof shapedescriptorgatherthan
the Cartesiancoordinatesof pointsin objectspace. The
meanmodelis determinedby averagingthe descriptors;
of theN individual shapegseeFig. 4).
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Eigenanalysiof the covariancematrix X resultsin eigen-
valuesandeigervectorsrepresentinghe significantmodes
of shapevariation.

e ICRURCEL) ©

T = PAPL = (PAY?)(PAY?)T, (4)

wherethe columnsof P; hold the eigervectorsandthe
diagonalmatrix A the eigervaluesh; of Z. Vectorsb; de-
scribethe deviation of individual shapesc; from the mean
shapausingweightsin eigervectorspaceandaregivenbe-
low

cj =T+ Pcb; (5)

Figure5 illustratesthe largesttwo eigenmode®f the hip-
pocampudraining set. Truncatingthe numberof eigen-
modescorrespondingo the eigervaluessortedby size,re-
strictsdeformationgo the major modesof variation. Fig-
ure? illustrateshesquareootof eigervaluessortedby size
(dottedline) andthe component®f onetypical vectorb;.
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Figure 4. lllustration of all 22 left hippocam-
pal structures of the training sets, normaliz ed
and reconstructed from their descriptor s.

3.6 Modeling the gray level environment of sur-
facemodels

Followingthework of Cootesetal. [5, 6] weaugmenthe
geometricshapemodelshy incorporatingnformationabout
thegraylevel ervironmentof the modelsurface.We exam-
ine the statisticsof the imageintensityalong 1-D profiles
orthogonato theobjectsurfaceatadiscretesetof sampling
points. Equalprocessingf eachpartof the modelsurface
is ensuredy choosinga homogeneoudistribution of sam-
pling pointsandprofilesover the 3-D surface.Becausehe
objectsare parametrizedy the two sphericalcoordinates
(6, ¢), the straightforvard methodwould be to usea regu-
lar meshof theseparametersThis, however, would result
in a highly irregular meshon a sphericalsurfacegiving a
densesamplingat the polesand a sparsesamplingalong
theequator(seeFigure8(a)andFigurel(b,c)). A perfectly
regular samplingof a sphericalsurfacedoesnot exist, but
we canfind a goodapproximatiorby icosahedrorsubdvi-
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Figure 5. Largest two modes of variation for
bj = —2y/Aj...2\/Aj. In the middle column,
bj = Orepresents the mean model.

Figure 6. Mean models of left and right tha-
lamus, globus pallidus, putamen and hip-
pocampus.

sion, a techniqueoftenusedin computergraphicsto trian-
gulateanddisplayspherestdifferentscalesThealgorithm
takesanicosahedrorinscribedin a sphereandsubdvides
its facesasshavnin Figure8(b). Thenewly introducedver

ticeslie slightly insidethe sphere so we pushthemto the
surfaceby properlynormalizingtheir distanceto the center
to unity.

We have chosera subdvision of k = 10 which givesus
n=12+30k-1) + 20&2("_2) = 1002 vertices. Com-
putingthe®; and@ valuesateachvertex coordinate of the
subdvidedicosahedromndsubstitutingheminto

X; K |
Xj = Vi = % Z Clelm(ei7(ﬂ)7 (6)
|=

Z =0m=—|
i=1...1002 7)

we obtain a dual descriptionof the object surfaceby the
coordinate®f asetof surfacepointsx;. Theequatiorabove
canbewrittenin amorecompacimatrix form as



Figure 7. Statistics of shape deformation.
The dotted line represents the square root of
eigenvalues /Aj sorted by decreasing size.
The contin uous line illustrates the compo-
nents of an individual vector bj, which de-
scribes the deviation of the shape c; from the
mean shape C.

x = Ac, (8)

wherex representghe coordinatesn object spaceandc
thesphericaharmonicgescriptorsA consistf thefunc-
tion valuesof Y™(8;,@), onefor eachdimension,andde-
scribesthe mappingbetweenshapedescriptionspaceand
objectspacecoordinates.

For everysurfacepointi in eachdatasetj we canextract
a profile wij of np samplepoints. The distancebetween
samplepointsis thelengthof onevoxel edge.The profiles
areorientednormalto the objectsurfaceandcentereditthe
surfacepointsxij, asillustratedin Figure9. For eachsample
pointi we canobtaina meanprofile by averagingover the
sampleobjectsN:

Wi = Wij. 9)

2=
™M z

We calculateany x np covariancematrixmy, whichgives
us a statisticaldescriptionof the expectedprofilesat each
samplepoint.

Cooteset al. [6] proposenormalizedderivative profiles
giving invarianceto uniform scalingof graylevelsandcon-
stantshift. For our applicationshowever, we achievedbest
resultsusing unnormalizedoriginal gray level profiles, as
all our datasetshave beenacquiredunderthe sameimag-
ing conditions.This allows usto avoid theinformationloss
causedy any normalizatiorprocedure.

4 Segmentationby modelfitting

Until now we have only describedhe creationof aflex-
ible 3D modelincluding geometricshape gray level ervi-
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Figure 8. Sampling methods of spherical sur-

faces: regular mesh in spherical coor dinates
(a), icosahedr on subdivision (b).

Figure 9. lllustration of an individual left
hippocampal shape with its profile vectors
shown from the left side of the brain.

ronmentand statisticsaboutnormal shapevariability. We
now performthesegmentatiorstepby elasticallyfitting this
modelto new 3D datasets. Thisis achieved with the fol-
lowing two steps:

e Initialization is doneby transformingthe models co-
ordinatesysteminto thatof the new dataset.

e Thesurfacewill be elasticallydeformeduntil it best
matcheghenew grayvalueenvironment.

4.1 Initialization of segmentation

Sincethemodelhasbeenbuilt basedbn anormalization
to the Talairachcoordinatesystemthe determinatiorof the
symmetryplaneof the brainandthe positionof the AC/PC
line becomesnintegral partof theinitialization. Currently



this is done manuallybut we are planningto replacethe
determinatiorof the symmetryplaneandthe AC/PCline
by automaticmethods[10, 25, 12]. A translationvector
andarotationmatrixarecomputedo transformthemodel’s
coordinatesysteminto theimagespaceof thenew dataset.

4.2 Elastic deformation of modelshape

We introducedwo differentrepresentationsf asurface,
onebasedon the sphericaharmonicdescriptorsanda sec-
ondonebasedon the subdvidedicosahedronWe attempt
to usethe advantage®f bothrepresentations our proce-
dure.Sphericaharmoniadescriptorsverenecessario find
acorrespondendeetweersimilar surfacesandthey alsoal-
low the exactanalyticalcomputatiorof surfacenormalsby
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However, they only represeng globaldescriptionof anob-
ject shape. The surfacepoints, on the otherhand, give a
local representationyhichis essentiato carryout aniter-
ative refinementof the model, aswill be describedn the
next section.Thus,we decidedo keepbothrepresentations
during the matchingprocessthe relationbetweenthe two
beingtractablevia the matrix A.

Calculating displacementdor surfacepoints  After ini-

tialization of the surfacemodelwe calculatethe displace-
mentvectorateachsurfacesamplepointwhichwouldmove
that point to a new position closerto the soughtobject.
Since thereis a model of a gray level profile for each
point,thesearchriesto find anadjacentegionwhichbetter
matcheghis profile. A profile w of lengthl(> np) normal
to the surfaceis extractedat eachmodelpoint. This new

profile is shiftedalongthe modelprofile in discretestepss

to find the positionof the bestmatch. This is givenasthe
squareof the Mahalanobiglistance:

dirana(S) = (W(S) — W) =, (w(s) — W) (11)

wherew(s) representshe sub-intenal of the extractedpro-
file at steps having a length of n,.  The location of the
bestfit is thusthe onewith minimal dZ,,,(S). SUPPOSEpest
is the shift betweenthe two profiles providing the bestfit.
We choosea displacementectordx for eachmodel point
whichis parallelto the profile,in thedirectionof the bestfit
andhasmagnitudesyes;

Adjusting the shapeparameters Having generate®-D
displacementectorsfor eachof then modelpoints

dx = (dX17 dyl; dZ]_, (RN szn), (12)

wethenadjustthe shapegparameterto move themodelsur
facetowardsa new position. Sincerotation,translationand
scaleare alreadyincorporatedn the model statistics,we
do not have to dealwith themseparatelyOf moreconcern
are calculateddisplacementslx, asthesecould freely de-
form theshapeof theobject.In orderto keeptheirresulting
shapeconsistentvith the statisticalmodel,we restrictpos-
sible deformationsy consideringonly the first few modes
of variation. This will be solved by minimizing a sum of
square®f differencedbetweeractualmodelpointlocations
andthe suggestedew positions.

The shapestatistics,asdescribedn section3.5, canbe
expressedy

c=CT+Peb. (13)

Multiplying both sidesof the above equationby A we get
thedualsurfacedescriptiorby a setof surfacepoints:

Ac = AT+ AP:b
X:X"r be,

(14)
(15)

wherePy denotesheproductAP; whichrepresentthema-
trix of modesof shapevariationexpressedn objectcoordi-
natespace RecallthatP. is thematrixof eigervectorsn the
shapealescriptoispacealefinedby thecomponentsf theel-
liptic harmonicdescriptors. Interestingly weightvectors
b; of individual shapeswhich expressthe deviation from
themeanmodel,staythe samen bothshapeepresentation
schemes.

We seekanadjustmentlb to b which causes deforma-
tion in eigenspace&vhich matcheghe optimal deformation
x ascloselyaspossible.

(x+dx) =X+ Px(b+db) . (16)
Subtractingeq.(15)from eq.(16)we get
dx = Pydb . a7

Thisis anoverdeterminedetof linearequationsvherethe
numberof equationg(3n) is muchlarger thanthe number
of variablegthenumberof modesds usuallyrestrictedrom
around5 to 10). Thereforea leastsquarespproximatiorto
thesolutioncanbe obtainedusingstandardinearalgebra.

The entire procedureis repeatedteratively and starts
with the averagemodelsuchthatbi—g = 0. At eachiter-
ationstep,we computea new setof displacementfom the
matchof profilesand updatethe shapedeviation vectorb
until theshapestopsto vary.

Shapeconstraints Thereare two differentkind of con-
straintswe applyto keeptheresultingshapeconsistentvith

theshapemodel.Ontheonehand thereis alimited number
of eigenmodeslueto the smallnumberof individualsand



the restrictionof the numberof modes. And on the other
hand,aftertheweightshave beenupdatedy

bty1 = by +dby, (18)

we constrainthe components; of b usingthe standardie-

viation definedby the statisticalmodel, which is given by

theeigervaluesv/A; (seeFig. 7). Thus,eachcomponenbf

bit+1 lying outsideof theinterval +ay/A; will betruncated,
wheretheconstant is setto 2.

5 Results

Figure 10(a) shaws the initial placementof the left
hippocampusnodel (white line) togetherwith the hand-
segmentedcontour(gray line) on a sagittal2D slice (top)
andasa 3D scene(bottom)viewed from the right side of
thehead.Imagegqb), (c), and(d) show theiterative progress
of thefit. After 100iterationsthemodelgivesa sufficiently
closefit to the data. The modelusedin this examplehad5
degreesof freedom,andthe modelprofileshadtotal length
of 11 samplepointswhile the extractedprofileshada total
lengthof 19 samplepoints. The whole sggmentationpro-
cesdakesabout2 minutesonaSunUltra 1 workstationand
runsfully automaticallyafterinitializing the modelwith a
new dataset.

The above procedurehas beenappliedto all 22 data
setswherethe hippocampusiadbeenmanuallysggmented,
andadditionallyto 8 datasetswhereit hadnot. The per
formanceof the automaticsggmentationhas beentested
by comparisonsvith manually sgmentedobject shapes,
which arewell recognizedisa gold standardjiventhelack
of groundtruth. A representthe modelshapeobtainedby
humanexperts,B the resultof the new model-baseday-
mentation.

The overlap measure(A UB)/(A N B) shown in Fig-
ure 11 is calculatedon binary voxel maps,createdby in-
tersectionof the objectsurfaceswith the voxel grid. The
resultingmeasurés verysensitve to evensmalldifferences
in overlap,bothinsideandoutsideof the objectmodel,and
thereforea strongtestfor segmentationaccurag. For ex-
ample two voxel cubesof avolumeof 10 x 10 x 10shifted
by onevoxel alongthe spacediagonaldirectionresultsin
only a57%overlap(729/1271)althoughthe meandistance
of surfaceds roughly 1 voxel edge.

The calculationof the meandistanceof surfacescanbe
determinedn anelegantway directly from the coeficients
of the sphericalharmonicexpansionusing Parseval’s ex-
pression. We thereforeavoid the discretizationerrorshby
projectingthe surfaceshackto a voxel grid.

o |
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Figure 10. Segmentation results of a left hip-
pocampus on sagittal 2D slices and 3D views
from the left hand side. The images a-d were
taken after 0, 30, 60 and 100 iterations.

where MSD standsfor meansquaed distancemeasured
from theorigin of thecoordinatesystem.

Figurel2nicelyillustrateshow themeandistanceof sur
facesis reducedby the iterative elasticdeformationof the
model. Again, we take the humanexpert's sggmentation
asgroundtruth and compareits surfacewith the result of
the automaticsegmentation. The barsin light grey illus-
tratethe meandistanceof the initialization of the modelin
anew dataset,andthe dark barsthefinal meandistanceof
surfacesto the modelsurface. The horizontalaxislists the
seriesof 21 normal controlsand schizophrenicshat were
usedin this study

6 Conclusions

We presenta new 3-D sggmentatiortechniquethatpro-
vides fully automaticsegmentationof objectsfrom volu-
metricimagedata. Testswith a large seriesof imagedata
demonstratedhat the methodwasrobust and providesre-
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Figure 11. Overlap measure (AUB)/(ANB) in
percentage calculated between manually (A)
and automatic (B) segmented left hippocampi
of 21 individuals. Bars in light grey illustrate
the measure at initialization and in dark grey
after deformation.

producibleresults.

The new techniqueuseselasticdeformationof surface
models,which carry statisticalinformationof normalgeo-
metric shapevariationandstatisticsaboutgray levels near
the objectsurface. Our modelhasbeenderivedfrom a se-
ries of training datasets. Thereby the modelrepresenta
realistic shaperatherthana simple geometric3-D figure.
Furthermore jnformation aboutthe statisticsof a normal
shapeadeformatiorhelpsto constrairanew solution. Thisis
animportantadwantagesince3-D snale andballoontech-
niguesareknown to be proneto elasticallydeformto ary
smoothobjectshape.

Our approachhas beensignificantly influencedby the
researctwork of Cootes,Taylor etal. [5, 6]. However, the
extensionof their 2-D methodto atrue 3-D volumetricseg-
mentationtechniquerequiredvariousnew solutionsto sin-
gle stepsof theprocedure:

Statistical shapemodels: To overcomethe problem of
gettinga reproduciblenteractive definition of a setof
key pointsin 3-D spacetheapproacipresentetherein
proposesan automaticdefinition of surface meshes
with homogeneouslistribution of nodesdefinedin a
standardcanonicaposition.

Object alignment: We definethe positionandorientation
of objectsin aglobalcoordinatesystemwhichis is de-
finedby thetypeof application.Smalltranslationsand
rotationsof objectswith respecto this coordinatesys-
temarepart of the statisticalmodel Thereforewe do
not separate similarity transformfor alignmentand
anelastictransformfor remainingshapedeformations
asin [5].

Dual shaperepresentations: Our approachmakes use of
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Figure 12. Average distances in mm calcu-
lated between manually and automatic seg-
mented left hippocampi of 21 individuals. The
bars in light grey illustrate the mean distance
of the initialization of the model in a new data
set and the dark bars the final mean distance
of surfaces to the model surface . The length
of the hippocampus is about 40 mm.

two shaperepresentationsvhich are usedin a vice-

versafashion,taking advantageof shapedescriptors
holding a compactglobal objectcharacterizatiorand

of a setof surfacepointsgiving accesgo local shape
properties.

Similar to the experienceof Cooteset al. [5] we too
foundthatthe modellingof graylevel informationnearthe
objectboundarieprovidesvaluableadditionalinformation
for a model placementand improves the robustnessand
stability of the optimizationscheme. An early versionof
oursggmentatiorj21] usedanenegy minimizationconcept
similarto standardnale techniquesThis methodwasvery
sensitve to the quality of the initialization, and proneto
be trappedby local enegy minima. The additionaluseof
gray-level profile informationrepresenta strongrestriction
to the numberof possiblesolutionsandwas demonstrated
to berobustevenin the presencef considerablenismatch
betweerinitializationanda new object.

We noticedthatthe corvergenceds fasterif only asmall
numberof modes(usually 5) are involved, while a larger
numberof modes(usually 10) is requiredto find the exact
contour Thus,we planto apply arelaxationmethodwhich
graduallyincreaseshe numberof modes.Thecorvergence
criteriais setby the sizeof the deformatiorof a surface.

Validationsofar hasbeenonly doneby visually compar
ing the automaticsegmentatiorwith the resultsof interac-
tive outlining by experts,(seeFig. 10), whichis acommon
“gold standard’for comparisonsWe arecurrentlyworking
on aquantitatve validationstudy

The setof statisticalmodelsandthe automaticand effi-
cientsggmentatiortechnique(only a few minutesper data



set)opennew possibilitesfor the processing large num-
berof datasetsascollectedin clinical studiesfor example
in schizophreniatudies. This will provide new statistical
modelswith increasedhumberof sampledor normalcon-
trols andfor differentpatientcategories.

Figure6 displaysaveragemodelsof four differentbrain
objects. Thesestatisticalmodelsrepresenthe first step
in building an anatomicalatlasbasedon a setof surfaces
of anatomicalshapes. Whereasthe currentsegmentation
techniquenvould sggmenta seriesof objectsindependently
a future developmentcould provide a combinedmodel-
ing of severalanatomicaktructures.The representationf
anatomicabbjectsby normalizedshapedescriptordurther
exploits its accesgo morphometrigparametersAfter seg-
mentinga new setof imagedata,morphologicalbroperties
of objectsareavailablefor comparatie studies.
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