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Abstract

We describeamethodto automaticallynd thepointcorrespondencédsetweera collectionof polygonal
genus0 meshes.This correspondencdatais the key for building three-dimensionastatisticalshape
models,which have a variety of applicationsn medicalimaging. Our methodis basedon minimizing
a costfunctionthatdescribegshe goodnes®f correspondencépart from a costfunctionderivedfrom
thedescriptiorlength(MDL) of themodel, we alsoemploy a costfunctionworking with arbitrarylocal
features As anexample,we presentesultsusingsurfacecurvaturemeasurementg.heentiremethodis
implementedn a collectionof versatileandeasy-to-uséTK classesln additionto anoverview of the
implementationye presentesultsfor a syntheticandareal-world dataseprocessedvith the software.
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1 Introduction

Sinceits introductionby Cootesetal. [ 1], Active ShapeVodels(ASMs) have becomea popularsegmenta-
tion methodin medicalimaging. The maindravbackof the approachs the point correspondencproblem
in the model constructionphase:On every training samplefor the ASM, landmarkshave to be placedin

a consistenmanner While it is tediousandtime-consumingvork to labelthe training setsmanually this

approachs a feasablesolutionfor 2D modelswith a limited numberof landmarks. In the 3D domain
however, manuallabellingis highly impractical: Not only is the requirednumberof landmarkshigherthan
in the 2D case,dependingon the sampleshapest becomesncreasinglydif cult to identify and pinpoint
correspondingpoints,evenfor experts.Severalautomatednethodgdo nd thecorrespondencen 3D have

beenpresentedofar. In arecentcomparisor 6], theapproactby Daviesetal. to minimizea costfunction
basedon the minimum descriptionlength of the resultingstatisticalshapemodel[2] deliveredthe most
promisingresults. The correspondenceptimizationof this methodwaslaterimproved by Heimannet al.

in [4], usinga moreef cient reparameterizatioachemeanda gradientdescenbptimization.In this papey
we presentheimplementatiorof this correspondenceptimizationfor thelnsightToolkit (ITK) andexplore
the possibilitiesof alternatve costfunctions.

2 Material and Methods

2.1 Statistical shape models

Statisticalshapanodelscaptureshapeanformationfrom a setof labeledtrainingdata.A popularmethodto
describeheseshapesrepoint distribution models[ 1], whereeachtraining shapds speci ed by a setof n
landmarksnthesurface.Applying principalcomponentinalysiso the covariancematrix of all landmarks
delivers the principal modesof variation py, in the training dataand the correspondingeigevaluesl p,.
Restrictingthe modelto the rst ¢ modesall valid shapesanbe approximatedy the meanshapex anda
linearcombinationof displacementectors:

C

X X é. YmPm (1)
m 1

In generalc is chosenso thatthe modelexplainsa certainamountof the total variance,usually between

90%and99%. In orderto describeéhe modeledshapeandits variationscorrectly landmarkson all training

sampledave to belocatedat correspondingositions.

2.2 Correspondence by optimization

A prerequisitefor statisticalshapemodelsis a setof landmarkpointslocatedat correspondingpositions
on all training shapes.In the MDL approachintroducedby Davies et al. [ 2], thesepointsare createdby
minimizing a costfunctionF whichis basednthe minimumdescriptionengthof the generatednodel.In
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thiswork, we usea simpli ed versionof the MDL asproposedy Thodbeg [ 7], whereF is de ned as:
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| cutis thethresholdhatdeterminesvhich modesareconsideredssystematicariationsandwhich onesas
noise.

2.3 Alternative cost functions

Generallythel ,in Eq.2 correspondo theeigetvaluesof thelandmarkpositions;.e. theirspatiallocations.
However, it is also possibleto useary otherlocal featureand minimze a cost function F basedon the
eigevaluesof thesefeatures.A goodexamplefor this arelocal curvaturemetricsasthe onespresentedn

Koenderink[5], namely the shapeindex S andthe curvednes<C. C andS canbe computedasfunctions
of thetwo principalcunaturesof the suriace. They basicallyareequivalentto a polarrepresentatioof the
principalcurvaturesk; andko.
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C andSimprove the curvaturemeasuremenrty decouplingthe sizeandshapeaspectof the curvature.C
describeshow curved an objectis, andis closelyrelatedto the size. S, on the otherhand,is indicating
the shapeof the suriacein termsof concaenessand corvexness. This pair of metricsis very suitablefor
measuringorrespondenaaf two surfacessincethey provide ameansf measuringhapén averyintuitive
way.

It shouldbe notedthat, even thoughwe only presentresultsusing C and S as metricsin this work, our
implementatiorprovidescomplete e xibility in thechoiceof featuredo beused.Thisis achiezedby letting
the userprovide the numberof featuresper point andfeaturevalues,without ary constraints.The feature
valuesshouldbe computedof ine andstoredin afeaturele for eachobjectin the population.

2.4 Mesh parameterization

To de ne aninitial setof correspondenceenda meanof manipulatinghemef ciently, we needa corve-
nientparametedomainfor our training shapes.n orderto minimize compleity for the parameterization
of 3D shapesyewill restrictthediscussiorto closediwo-manifoldsof genus0 (i.e. suriaceswithoutholes
andself-intersections) Objectsof this classaretopologically equivalentto a sphereand mostshapesn-
counteredn medicalimagingareof thistype(e.qg.liver, kidneys andlungs). Thetaskisto nd aone-to-one
mappingwhichassign®very pointonthesurfaceof themeshauniquepositionontheunit spheredescribed
by two parameterfongitudeq 0 2p andlatitudef 0 p.

Along with this article, we provide sourcecodeto createa conformalparameterizatiofor a genus0 input
meshbasedon the methoddescribedby Gu etal. in [3]. Alternatively, the classedor handlingspherical
harmonicgrom the UNC Neurolib (www.ia.unc.edu/dev/ ) canbeusedfor thesamepurposepr ary other
methodto createa sphericaparameterization.
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Figurel: The rst eigenmodeof the syntheticcuboid datasetfter landmarkoptimization(rangingfrom
2sto 2s).

2.5 Optimizing landmark correspondences

With aninitial conformal parameterizationv; for eachtraining samplei, we can acquirethe necessary
landmarkshy mappinga setof sphericalkcoordinateto eachshape.To optimizethe point correspondences
with respecto our costfunction,two possibilitiesareavailable: We caneitherchangeheindividual w; and
maintaina x edsetof globallandmarksor modify individual landmarksetsy ;.

In this work, we optedfor the rst alternatve, which hasthe adwvantagethatthe correspondencis valid for
ary setof pointsplacedontheunit sphere Themodi cation is performedoy warpingthe parameterizations
insidestrictly local regions,modeledby a Gaussiarenselopefunction. Directionandamplitudeof thewarp
aredeterminedvy the gradientsof the costfunctionF. For a detaileddescriptionof the approachwe refer
thereaderto [4].

3 Experiments and Results

3.1 Spatial location based optimization

An in-depthevaluationof the correspondenceptimizationusing a costfunction basedon the 3D spatial
locationsof verticesfor establishingcorrespondenceasconductedn [4]. As anexample,we supplythe
readerwith one of the syntheticdatasetgrom that paper a collectionof 20 cuboidswith varying aspect
ratio. The correspondenceptimizationof thesemeshesorvemesin lessthan1000iterationswhich takes
approximatelyl 5 minutesonamoderndesktopP C.Thevariationalongthe rst modeof theresultingshape
modelis displayedn Figure1l andshavs the expectedbahaiour.

3.2 Local curvature based optimization

The extendedversionof the presentednethodcanuseary numberof local featuresfor establishingcorre-
spondenceThe featurevaluesat eachlocationareprovidedin input les. Here,we presentesultsof an
experimentwherewe usedthe previously presentedbcal cunaturemetricsC andS asourfeatures Figures
2 and 3 shaw theresultsof this optimization,visualizedsuchthat correspondindocationsacrosshe pop-
ulationarecoloredin the sameway. Figure2 shavsthef valuecorrespondencandFigure 3 shaws theq
valuecorrespondenceayheref andq aretheusualsphericakcoordinates.



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.

Notethateventhoughwe presentesultsusingonly C andS metrics,ourtool allows theusageof ary desired
optimizationmetric,or ary combinationthereof. This is achieved by makingthe correspondencleasedon
inputreadthrougha le, andnotinternalcomputationsThis providesgreat e xibility andenablesxploring
variousshapemetricsandinspectingthe quality of the correspondencey imply, without even modifying
thecode.

4 Implementation

Althoughthe proposedalgorithmis easierto implementthanthe original MDL optimization,doingso still
is a challengingundertaking Oneof the earliestproblemsencounteredvasthatI TK, while offering alarge
variety of 2D and 3D image Iters, providesonly very limited meshsupport. Most of the functionality
necessaryor parameterizingneshes— beginningwith ef cient accesgo vertices,edgesandfaces— had
to beimplementedrom scratchin diversesubclassesf itk::Mesh . Consequentlytherewasa lot of work
to do apartfrom designingthe core component®f the algorithm. An overvien of how theseclassesact
togetherin thealgorithmfor automatianodelbuilding is givenin Fig. 4.

An exampleapplicationto nd correspondindandmarksover a setof training meshesds provided along
with theseclassessa ready-to-useool. The only parameterso this tool areaninputlist le, alandmark
le, andamodelradius.Theinputlist le isasimpletext le includingthe pathsfor all theinputmeshles
representinghe input objectsin the population. For eachobject,thereshouldbe separateles containing
thevertices thefacesthe parametrizationandthe featureq(if the featuresatherthanthe spatiallocations
areto beusedfor theoptimization).Eachof theseles shouldhave the samename but differentextensions:
ptsfor thevertices, fcefor thefaces, par for the parametrizationand txt for thefeatures.Thelandmark



Figure 3: The g values of our population after curvature based correspondence is run. Similar colors across the
objects show corresponding ( values on each object.

le is aseparateneshle thatholdsthe coordinate®f thelandmarkprototypeson the unit sphere.Oneof

thesimplestmethoddo createalandmarkmeshis to subdvide oneof the platonicsolids,e.g.theicosaeder
Two landmarkmeshesgonsistingof 642and2562points,respectiely, areprovidedwith theexampledata.
Thelastparameterthemodelradius,is usedto determinghevariancethresholdfor the costfunction. Note

thattheradiushasto be givenin numberof voxelsto allow avalid interpretatiorof the noisein thetraining

data. To run the correspondenceptimizationwith the examplecuboiddata,the commandine aguments
shouldbe cuboids.txt landmarks642.pts 100.

A detailedovervien of how the exampleapplicationworksis usefulto demonstratéow thevariousclasses
work together Initially, aninstanceof the StatisticalShapeMod el3 DQGilc ula tor classis createdand

provided with a costfunction,whichis aninstanceof the SimplifiedMDLCostFu  nct ion class.Notethat

onecaneitherchoosehe StatisticalShapeMod el 3DClc ula to r classtselfandusespatiallocationsasa

metric, or usethe subclasstatisticalShapeMo del 3DCal cul ato rwith Featur es andusearbitrarylocal

features.Next, theinput meshesndthe landmarkmeshareloaded.If a parametrizationle is notalready
provided alongwith the input meshesa suitableinitial parametrizations computed githervia conformal

sphericalparametrizatioror via sphericalharmonicsbasisfunctions(the rst methodis usedin the pro-

vided exampleapplication). Any other methodthat generates sphericalparametrizatiorcan be usedas

well. Theresultinginstance®f the SphericalParametriz edTria ngleMesh classarethenprovidedto the

StatisticalShapeMo del 3DCalc ul ato r. After the StatisticalShapeMode I3 DCdcu lat or is updated,
all thatremainsto dois to outputthe nal versionsof the meshes Additionally, the nal (corresponding)
parameterizatiowan be queriedfor all input samples.On theseparameterizationgointswith the same
f q valueswill becorresponding.



Figure4: An overviev of thepipelineinvolvedin thealgorithmfor automatianodelbuilding. Eachtraining
sampleis readfrom disk andparameterizedonformally Usingalandmarkmeshwhich is alsoreadfrom
disk, shapeswith the samenumberof verticesare created.Thesearealignedby a GeneralizedProcrustes
matchingandscaledto tangentsize. In eachoptimizationstep,all parameterizationare modi ed by the
Gaussiarwarp Iter andtheresultswritten backto the original data(dottedline). Subsequent/ffandmarks
andparameterizationarerotatedwith the sametransform(i.e. landmarkpositionson thegenerateaneshes
do not change)againoverwriting the original values.



5 Conclusions

We have presente@d methodto automaticallynd thecorrespondencem a setof genusd mesheswhichis
thebasisfor building a 3D statisticalshapemodel. For all necessargtepsfrom le 10 overthecreationof
aparameterizationp to the actualoptimizationof correspondencesie provide e xible, high-performance
and easy-to-usdTK classes.In additionto the standardnethodof minimizing a costfunction basedon
the spatiallocationof landmarkswe offer the possibilityto usearbitraryfeaturese.g. cunaturemetrics.
This collectionof classesubstantiallyeaseghe creationof 3D statisticalshapemodelsandshouldfurther
propagateéheir usein medicalimageanalysis.
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