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Abstract

Wedescribeamethodto automatically�nd thepointcorrespondencesbetweenacollectionof polygonal
genus0 meshes.This correspondencedatais the key for building three-dimensionalstatisticalshape
models,which have a varietyof applicationsin medicalimaging. Our methodis basedon minimizing
a costfunctionthatdescribesthegoodnessof correspondence.Apart from a costfunctionderivedfrom
thedescriptionlength(MDL) of themodel1, wealsoemploy acostfunctionworkingwith arbitrarylocal
features.As anexample,wepresentresultsusingsurfacecurvaturemeasurements.Theentiremethodis
implementedin a collectionof versatileandeasy-to-useITK classes.In additionto anoverview of the
implementation,we presentresultsfor a syntheticanda real-world datasetprocessedwith thesoftware.
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1 Introduction

Sinceits introductionby Cooteset al. [1], Active ShapeModels(ASMs)have becomea popularsegmenta-
tion methodin medicalimaging.Themaindrawbackof theapproachis thepoint correspondenceproblem
in the modelconstructionphase:On every training samplefor the ASM, landmarkshave to be placedin
a consistentmanner. While it is tediousandtime-consumingwork to label the trainingsetsmanually, this
approachis a feasablesolution for 2D modelswith a limited numberof landmarks. In the 3D domain
however, manuallabellingis highly impractical:Not only is therequirednumberof landmarkshigherthan
in the 2D case,dependingon the sampleshapesit becomesincreasinglydif�cult to identify andpinpoint
correspondingpoints,evenfor experts.Severalautomatedmethodsto �nd thecorrespondencesin 3D have
beenpresentedsofar. In a recentcomparison[6], theapproachby Daviesetal. to minimizea costfunction
basedon the minimum descriptionlengthof the resultingstatisticalshapemodel [2] deliveredthe most
promisingresults.Thecorrespondenceoptimizationof this methodwaslater improvedby Heimannet al.
in [4], usinga moreef�cient reparameterizationschemeanda gradientdescentoptimization.In this paper,
wepresenttheimplementationof thiscorrespondenceoptimizationfor theInsightToolkit (ITK) andexplore
thepossibilitiesof alternative costfunctions.

2 Material and Methods

2.1 Statistical shape models

Statisticalshapemodelscaptureshapeinformationfrom asetof labeledtrainingdata.A popularmethodto
describetheseshapesarepoint distribution models[1], whereeachtrainingshapeis speci�edby a setof n
landmarkson thesurface.Applying principalcomponentanalysisto thecovariancematrixof all landmarks
delivers the principal modesof variation pm in the training dataand the correspondingeigenvaluesl m.
Restrictingthemodelto the�rst c modes,all valid shapescanbeapproximatedby themeanshapex̄ anda
linearcombinationof displacementvectors:

x � x̄
�

c

å
m� 1

ympm (1)

In general,c is chosenso that the modelexplainsa certainamountof the total variance,usuallybetween
90%and99%.In orderto describethemodeledshapeandits variationscorrectly, landmarksonall training
sampleshave to belocatedatcorrespondingpositions.

2.2 Correspondence by optimization

A prerequisitefor statisticalshapemodelsis a setof landmarkpoints locatedat correspondingpositions
on all training shapes.In the MDL approachintroducedby Davies et al. [2], thesepointsarecreatedby
minimizingacostfunctionF which is basedon theminimumdescriptionlengthof thegeneratedmodel.In
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thiswork, we useasimpli�ed versionof theMDL asproposedby Thodberg [7], whereF is de�ned as:

F � å
m

L m with L m
�

�

1
�

log � l m �

l cut �

for l m �

l cut

l m �

l cut for l m �

l cut
(2)

l cut is thethresholdthatdetermineswhichmodesareconsideredassystematicvariationsandwhichonesas
noise.

2.3 Alternative cost functions

Generally, thel m in Eq.2 correspondto theeigenvaluesof thelandmarkpositions,i.e. theirspatiallocations.
However, it is also possibleto useany other local featureand minimze a cost function F basedon the
eigenvaluesof thesefeatures.A goodexamplefor this arelocal curvaturemetricsastheonespresentedin
Koenderink[5], namely, the shapeindex S andthe curvednessC. C andS canbe computedasfunctions
of thetwo principalcurvaturesof thesurface.They basicallyareequivalentto a polarrepresentationof the
principalcurvaturesk1 andk2.

C �

2
p

ln � � k2
1

�

k2
2 ���

2 (3)

S �	�

2
p

arctan
k1

�

k2

k1
� k2

(4)

C andS improve thecurvaturemeasurementby decouplingthesizeandshapeaspectsof thecurvature.C
describeshow curved an object is, and is closely relatedto the size. S, on the otherhand,is indicating
theshapeof thesurfacein termsof concavenessandconvexness.This pair of metricsis very suitablefor
measuringcorrespondenceof two surfaces,sincethey provideameansof measuringshapein averyintuitive
way.

It shouldbe notedthat, even thoughwe only presentresultsusingC andS as metricsin this work, our
implementationprovidescomplete�e xibility in thechoiceof featuresto beused.This is achievedby letting
theuserprovide thenumberof featuresperpoint andfeaturevalues,without any constraints.The feature
valuesshouldbecomputedof�ine andstoredin a feature�le for eachobjectin thepopulation.

2.4 Mesh parameterization

To de�ne aninitial setof correspondencesanda meansof manipulatingthemef�ciently, we needa conve-
nientparameterdomainfor our trainingshapes.In orderto minimizecomplexity for theparameterization
of 3D shapes,wewill restrictthediscussionto closedtwo-manifoldsof genus0 (i.e. surfaceswithoutholes
andself-intersections). Objectsof this classaretopologicallyequivalent to a sphereandmostshapesen-
counteredin medicalimagingareof this type(e.g.liver, kidneysandlungs).Thetaskis to �nd aone-to-one
mappingwhichassignseverypointonthesurfaceof themeshauniquepositionontheunit sphere,described
by two parameterslongitudeq 
�� 0 
�
 2p � andlatitudef 
�� 0 
�
 p � .

Along with this article,we provide sourcecodeto createa conformalparameterizationfor a genus0 input
meshbasedon the methoddescribedby Gu et al. in [3]. Alternatively, the classesfor handlingspherical
harmonicsfrom theUNC Neurolib(www.ia.unc.edu/dev/ ) canbeusedfor thesamepurpose,or any other
methodto createasphericalparameterization.

www.ia.unc.edu/dev/
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Figure1: The �rst eigenmodeof the syntheticcuboiddatasetafter landmarkoptimization(rangingfrom
� 2s to

�

2s).

2.5 Optimizing landmark correspondences

With an initial conformalparameterizationwi for eachtraining samplei, we can acquirethe necessary
landmarksby mappinga setof sphericalcoordinatesto eachshape.To optimizethepoint correspondences
with respectto ourcostfunction,two possibilitiesareavailable:Wecaneitherchangetheindividual wi and
maintaina �x edsetof globallandmarksor modify individual landmarksetsY i .

In this work, we optedfor the�rst alternative, which hastheadvantagethatthecorrespondenceis valid for
any setof pointsplacedontheunit sphere.Themodi�cation is performedby warpingtheparameterizations
insidestrictly local regions,modeledby aGaussianenvelopefunction.Directionandamplitudeof thewarp
aredeterminedby thegradientsof thecostfunctionF. For a detaileddescriptionof theapproach,we refer
thereaderto [4].

3 Experiments and Results

3.1 Spatial location based optimization

An in-depthevaluationof the correspondenceoptimizationusinga costfunction basedon the 3D spatial
locationsof verticesfor establishingcorrespondencewasconductedin [4]. As anexample,we supplythe
readerwith oneof the syntheticdatasetsfrom that paper, a collectionof 20 cuboidswith varying aspect
ratio. Thecorrespondenceoptimizationof thesemeshesconvergesin lessthan1000iterations,which takes
approximately15minutesonamoderndesktopPC.Thevariationalongthe�rst modeof theresultingshape
modelis displayedin Figure1 andshows theexpectedbahaviour.

3.2 Local curvature based optimization

Theextendedversionof thepresentedmethodcanuseany numberof local featuresfor establishingcorre-
spondence.The featurevaluesat eachlocationareprovided in input �les. Here,we presentresultsof an
experimentwhereweusedthepreviouslypresentedlocalcurvaturemetricsC andSasour features.Figures
2 and3 show theresultsof this optimization,visualizedsuchthatcorrespondinglocationsacrossthepop-
ulationarecoloredin thesameway. Figure2 shows thef valuecorrespondenceandFigure3 shows theq
valuecorrespondence,wheref andq aretheusualsphericalcoordinates.
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Figure2: The f values of our population after curvature based correspondence is run. Similar colors across the

objects show corresponding f values on each object.

Notethateventhoughwepresentresultsusingonly C andSmetrics,ourtool allowstheusageof any desired
optimizationmetric,or any combinationthereof.This is achievedby makingthecorrespondencebasedon
inputreadthrougha�le, andnot internalcomputations.Thisprovidesgreat�e xibility andenablesexploring
variousshapemetricsandinspectingthequalityof thecorrespondencethey imply, withoutevenmodifying
thecode.

4 Implementation

Althoughtheproposedalgorithmis easierto implementthantheoriginal MDL optimization,doingsostill
is a challengingundertaking.Oneof theearliestproblemsencounteredwasthatITK, while offering a large
variety of 2D and3D image�lters, provides only very limited meshsupport. Most of the functionality
necessaryfor parameterizingmeshes— beginningwith ef�cient accessto vertices,edgesandfaces— had
to beimplementedfrom scratchin diversesubclassesof itk::Mesh . Consequently, therewasa lot of work
to do apartfrom designingthe corecomponentsof the algorithm. An overview of how theseclassesact
togetherin thealgorithmfor automaticmodelbuilding is givenin Fig. 4.

An exampleapplicationto �nd correspondinglandmarksover a setof training meshesis provided along
with theseclassesasa ready-to-usetool. Theonly parametersto this tool arean input list �le, a landmark
�le, andamodelradius.Theinput list �le is asimpletext �le includingthepathsfor all theinputmesh�les
representingthe input objectsin thepopulation.For eachobject,thereshouldbeseparate�les containing
thevertices,thefaces,theparametrization,andthefeatures(if thefeaturesratherthanthespatiallocations
areto beusedfor theoptimization).Eachof these�les shouldhave thesamename,but differentextensions:


 pts for thevertices,
 f cefor thefaces,
 par for theparametrization,and 
 txt for thefeatures.Thelandmark
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Figure3: The q values of our population after curvature based correspondence is run. Similar colors across the

objects show corresponding q values on each object.

�le is a separatemesh�le thatholdsthecoordinatesof thelandmarkprototypeson theunit sphere.Oneof
thesimplestmethodsto createa landmarkmeshis to subdivideoneof theplatonicsolids,e.g.theicosaeder.
Two landmarkmeshes,consistingof 642and2562points,respectively, areprovidedwith theexampledata.
Thelastparameter, themodelradius,is usedto determinethevariancethresholdfor thecostfunction.Note
thattheradiushasto begivenin numberof voxelsto allow avalid interpretationof thenoisein thetraining
data.To run thecorrespondenceoptimizationwith theexamplecuboiddata,thecommandline arguments
shouldbecuboids.txt landmarks642.pts 100.

A detailedoverview of how theexampleapplicationworksis usefulto demonstratehow thevariousclasses
work together. Initially, an instanceof the StatisticalShapeMod el3 DCalc ula tor classis createdand
providedwith a costfunction,which is an instanceof theSimplifiedMDLCostFu nct ion class.Note that
onecaneitherchoosetheStatisticalShapeMod el 3DCalc ula to r classitself andusespatiallocationsasa
metric,or usethesubclassStatisticalShapeMo del 3DCal cul ato rWith Featur es andusearbitrarylocal
features.Next, theinput meshesandthelandmarkmeshareloaded.If a parametrization�le is not already
providedalongwith the input meshes,a suitableinitial parametrizationis computed,eithervia conformal
sphericalparametrizationor via sphericalharmonicsbasisfunctions(the �rst methodis usedin the pro-
vided exampleapplication). Any othermethodthat generatesa sphericalparametrizationcanbe usedas
well. Theresultinginstancesof theSphericalParametriz edTria ngleM esh classarethenprovidedto the
StatisticalShapeMo del 3DCalc ul ato r . After theStatisticalShapeMode l3 DCalcu lat or is updated,
all that remainsto do is to outputthe �nal versionsof themeshes.Additionally, the �nal (corresponding)
parameterizationcanbe queriedfor all input samples.On theseparameterizations,pointswith the same

� f � q
�

valueswill becorresponding.
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Figure4: An overview of thepipelineinvolvedin thealgorithmfor automaticmodelbuilding. Eachtraining
sampleis readfrom disk andparameterizedconformally. Usinga landmarkmeshwhich is alsoreadfrom
disk, shapeswith thesamenumberof verticesarecreated.Thesearealignedby a GeneralizedProcrustes
matchingandscaledto tangentsize. In eachoptimizationstep,all parameterizationsaremodi�ed by the
Gaussianwarp�lter andtheresultswrittenbackto theoriginaldata(dottedline). Subsequently, landmarks
andparameterizationsarerotatedwith thesametransform(i.e. landmarkpositionson thegeneratedmeshes
do notchange),againoverwriting theoriginalvalues.
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5 Conclusions

Wehavepresentedamethodto automatically�nd thecorrespondencesonasetof genus0 meshes,which is
thebasisfor building a3D statisticalshapemodel.For all necessarysteps,from �le IO over thecreationof
aparameterizationup to theactualoptimizationof correspondences,weprovide �e xible, high-performance
andeasy-to-useITK classes.In additionto the standardmethodof minimizing a cost function basedon
thespatiallocationof landmarks,we offer thepossibility to usearbitraryfeatures,e.g. curvaturemetrics.
This collectionof classessubstantiallyeasesthecreationof 3D statisticalshapemodelsandshouldfurther
propagatetheirusein medicalimageanalysis.
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