Automatic construction of 3D statistical defor mation
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Abstract. In this papemweintroducethe concepf statisticaldeformatiormod-
els (SDM) which allow the constructionof averagemodelsof the anatomyand
theirvariability. SDMsarebuild by performinga statisticalanalysisof the defor
mationsrequiredto mapanatomicafeaturesn onesubjectnto thecorresponding
featuredn anothersubject.The conceptof SDMsis similar to active shapemod-
els(ASM) which capturestatisticalinformationaboutshapescrossapopulation
but offersseveralnew advantagesFirstly, SDMscanbeconstructedlirectly from
imagessuchasMR or CT without the needfor segmentationwhich is usuallya
prerequisitdor theconstructiorof active shapemodelsInsteadanon-rigidregis-
trationalgorithmis usedto computethedeformationsequiredto establistcorre-
spondencebetweerthereferencesubjectandthe subjectsn thepopulationclass
underinvestigation SecondlySDMsallow the constructiorof anatlasof the av-
erageanatomyaswell asits variability acrossa populationof subjectsFinally,
SDMs take the 3D natureof the underlyinganatomyinto accountby analysing
dense3D deformatiorfieldsratherthanonly the 2D surfaceshapeof anatomical
structuresWe demonstratéheapplicabilityof this new framevork to MR images
of thebrainandshaw resultsfor the constructiorof anatomicamodelsfrom 25
differentsubjects.

1 Introduction

The significantinter-subjectvariability of anatomyandfunction makesthe interpreta-
tion of medicalimagesa very challengingtask. Atlas-basedapproachesddresshis
problemby defininga commonreferencespace Mappingdatasetsinto this common
referencespacenotonly accountgor anatomicakndfunctionalvariationsof individual
subjectsjt alsooffersa powerful framewvork which facilitatescomparisorof anatomy
andfunctionover time, betweersubjectsbetweengroupsof subjectsandacrosssites.
Consequentlya numberof differentelastic[1] andfluid [2, 3] warpingtechniquesave
beendevelopedfor this purpose.A recentreview of different non-rigid registration
techniquesanbe foundin [4]. Traditionalmedicalatlasesontaininformationabout
anatomyandfunction from a singleindividual focusingprimarily on the humanbrain



[5]. Eventhoughthe individualsselectedor theseatlasesnay be considerechormal,
they may represenain extremumof a normaldistribution. To addresghis problem,re-
searcherbave developedvariousprobabilisticandstatisticalapproacheghichinclude
informationfrom a groupof subjectamakingthemmorerepresentatie of the popula-
tion underinvestigation6, 7].

Statisticalmodelsof shapevariability [8] or Active ShapeModels (ASM) have been
successfullyappliedto performvariousimageanalysistasksin 2D and 3D images.In
building thosestatisticalmodels,a setof sgmentationf the shapeof interestis re-
quiredaswell asa setof landmarkshatcanbe unambiguouslyefinedin eachsample
shapeAn extensionof ASMs arethe so-calledActive Appearancéodels(AAM) [9]
which incorporatenot only informationaboutthe spatialdistribution of landmarksbut
alsoaboutthe intensity distribution at the landmarks.Cooteset al. [10] have further
developedthis conceptfor atlasbasedmatching.In a differentapproachWang et al.
[13] suggestedo usestatisticalshapeinformation as priors for a non-rigid registra-
tion. A fundamentaproblemwhen building thesemodelsis the fact thatit requires
the determinatiorof point correspondencesetweernthe differentshapesThe manual
identificationof suchcorrespondenceis a time consumingand tedioustask. This is
particularlytrue in 3D wherethe amountof landmarksrequiredto describethe shape
accuratelyincreasesiramaticallycomparedo 2D applications.

In arecentpaper[11] we have describedan automatedvay of establishingcorrespon-
dencedetweerdifferentshapesia anon-rigidregistrationalgorithm[12]. In this paper
we present naturalextensionof our previousapproachn which we performstatistical
analysisdirectly on the deformationfields requiredto matchdifferentanatomiesThe
resultingmodelsarecalledstatisticaldeformatiormodelsandallow the constructiorof
averagemodelsof theanatomyandtheir variability acrossa populationof subjects.

2 Method

Traditionally, landmarksare anatomicallycharacteristigointswhich canbe uniquely
identifiedacrossa setof individuals.The goalof inter-subjectregistrationis to find the

optimal transformationT; : x — x' which mapsary point x in the anatomyof the

referencesubjectS,. into its correspondingpoint x’ in the anatomyof arny othersub-
jectS; in the populationclass.Assuminga one-to-onecorrespondencef anatomical
structuresacrosssubjectstheregistrationof imageshetweerdifferentsubjectsjieldsa

densesetof so-calledpseudo-landmarks. In our new framewvork we performa principal

componengtnalysig(PCA) on thesepseudo-landmarkshichis equivalentto perform-
ing a PCA on the deformationfields requiredto mapthe anatomyof onesubjectinto

the anatomyof anothersubject.In the following we will describeour new frameawork

in moredetail.

2.1 Non-rigid registration

In practice theanatomicavariability betweersubjectannotbe sufiiciently explained
by anaffinetransformatiorwhichonly accountdor differenceslueto position,orienta-
tion andsizeof theanatomyTo captureheanatomicavariability, it will benecessarjo



employ non-rigidtransformationsuchaselasticor fluid transformationswe areusing
a non-rigid registrationalgorithmwhich hasbeenpreviously appliedsuccessfullyfor
theregistrationof contrast-enhancdoreastMR images[12] aswell asintra-operatie
MR imagesof the brain[14]. This algorithmusesa combinedtransformatioriT’ which
consistof aglobaltransformatioranda local transformation:

T(X) = Tglobal (X) + Tiocal (X) (1)

The global transformationdescribeghe overall differencesbetweenthe two subjects
andis representetby an affine transformationThelocal transformatiordescribesary
local deformationrequiredto matchthe anatomiesf the subjects We have chosena
free-formdeformation(FFD) modelbasedon B-splineswhich is a powerful tool for
modelling 3D deformableobjects.The basicideaof FFDsis to deforman objectby
manipulatingan underlyingmeshof control points.Theresultingdeformationcontrols
the shapeof the 3D objectandcanbe written asthe 3D tensorproductof the familiar
1D cubicB-splines,

3 3
Tiocal(x) = Z Z Z B, (U)Bm(U)Bn(w)ci+l,j+m,k+n (2

wherec denoteghe control pointswhich parameteriséhe transformationTheoptimal

transformatioris foundby minimisinga costfunctionassociatedvith the globaltrans-
formationparameteraswell asthelocal transformatiorparametersThe costfunction

comprisegwo competinggoals:Thefirst term representshe costassociateavith the

voxel-basedsimilarity measurein this casenormalisednutualinformation[15], while

the seconderm correspondso a regularizationtermwhich constrainghe transforma-
tion to besmooth[12].

Theresultingtransformatioril’; mapseachpointin theanatomyof thereferencesubject
S, tothecorrespondingointin theanatomyof subjectS;. Sincethetransformatioril’;
is asum(ratherthana concatenationdf a globalandlocal transformationye needto
removeary dependengof thelocaltransformatiorontheglobaltransformatiorfwhich
is aresultof thedifferentposition,orientationandsizeof eachsubjects anatomy):

x+d(x) = T, (Tgiobar (X) + Tiocal (X)) (3)

Thus,thedeformationd describesheanatomicalariability acrosghe populationclass
in the coordinatesystemof thereferencesubject.

2.2 Construction of Statistical Defor mation M odels

The conceptof statisticaldeformationmodels(SDMs)is closelyrelatedto the ideaof
ASMs. The key differenceis that we apply a principal componenganalysis(PCA) to
the deformatiorfields requiredto maponeanatomyto anotheranatomyratherthanto
correspondingoints: Supposdhatwe have n deformationfields describedasvectors
d;. Thesedeformationfields arethe resultof the non-rigid registrationalgorithmde-
scribedin theprevioussectionandmaptheanatomyof thereferencesubjects, into the



anatomyof the otherindividualsS; in the populationclassunderinvestigation Each
deformationfield d; canbe expressecasa concatenatiomf m 3-D vectorswhich de-
scribethe deformationat eachvoxel in theimageof thereferencesubject.The goal of
SDMsis to approximatehedistribution of d usinga parameterisetinearmodelof the
form

d=d+ &b (4)
whered is theaveragedeformatiorfield,
R i d; (5)
N n i=1 Z

andb is the modelparametewector The columnsof the matrix @ areformedby the
principalcomponent®f the covariancematrix S:

S= 13 (d - a)d - )" ©)

T n-1
e

Fromthis, we cancalculatethe principalmodesof variationof thedeformatiorfield as
theeigervectorsgp; andcorrespondingigervalues); (sortedsothat\; > A; 1) of S.

2.3 Interpretation of Statistical Deformation M odels

A commonproblemencounterealuring the constructionof a model of the average
anatomyis thechoiceof thereferencesubjectto which all othersubjectsareregistered.
Eventhoughthereferencesubjectselectednaybeconsideredormal,it mayrepresent
anextremumof a normaldistribution. Assuminga perfectregistration,the registration
will aligntheanatomyof eachsubjectwith theanatomyof thereferencesubject.Thus,
theaveragemodelwill beconstructedn the coordinatesystenof thereferencesubject.
To remove ary biasof the averagemodeltowardsa particularanatomy we can con-
structthe averagemodelof the anatomyin its natural coordinate system. This natural
coordinatesystemis the coordinatesystemwhich requiresthe leastresidualdeforma-
tion to explain the anatomicalariability acrossall individuals.Basedon a pointx in
the spaceof the referencesubjectwe canfind the correspondingpointx’ in its natural
coordinatesy applyingthe averagedeformatiorvectord:

x' =x +d(x) (7

Within this naturalcoordinatesystemwe cannow studythe anatomicalariability of

the populationclassunderinvestigation Recallthatin eq.(4) the vectorb providesa

parameterisationf the deformationsn termsof its principal modes.Varying the pa-
rametewvectorb will generatalifferentinstance®f the deformatiorfield. By applying
thesedeformatiorfieldsto the averageanatomywe cangenerateénstance®f the class
of anatomyunderanalysis Undertheassumptiorthatthe cloud of deformationvectors
ateachpointfollows a multi-dimensionalGaussiardistribution, the varianceof thei-th

parameterb;, acrosshe populationis givenby eigervalue);. By applyinglimits to the

variationof b;, for instanceb;| < +3+/A;, it canbeensuredhata generatecnatomy
is similar to theanatomiesn thetrainingclass.



Registration L. nucleuscaudateR. nucleuscaudate
Affine 48.86% 41.35%
Non-rigid (20 mm) 62.56% 58.98%
Non-rigid (10 mm) 75.01% 74.75%
Non-rigid (5 mm) 86.73% 85.65%

Table 1. Averageoverlapbetweertheleft andright nucleuscaudateof thereferencesubjectafter
registrationwith all otherindividuals.

3 Reaults

To demonstrateur approactwe have used25 brainMR imagesfrom differentsubjects
with schizophrenido constructa statisticaldeformationrmodelof thebrain. All images
wereacquiredatthe Departmenbf Psychiatryof the UniversityMedical CenterUtrecht
usinga 3D FFE sequenc¢TE = 4.6 ms, TR = 30 ms,flip angle=30°) onal.5T MR
imagingsystem(PhilipsGyroscamACS-NT).Theseémageshaveavoxel sizeof 1 x 1 x
1.2 mm? and200 x 200 x 160 voxels.Outof the 25 subjectsve have randomlyselected
oneindividual which wasusedasthe referencesubject.We have thenregisteredeach
of theremaining24 individualsto this referencesubject.For the non-rigid registration
we have usedcontrol point spacingsof 20 mm, 10 mm and finally 5 mm. In order
to assesshe quality of the inter-subjectregistration,we have calculatedthe overlap
betweena manuallysegmenteddeepstructurein the brain, the nucleuscaudate after
affine and non-rigid registration. The resultssummarisedn Table 1 showv that after
non-rigidregistrationthe averageoverlapbetweerthe nucleuscaudateof thereference
subjectandthoseof the remaining24 individualsis morethan85%. Giventhe size of
thenucleuscaudatehis indicatesa very goodregistration.

Thefirst stepof the constructionof statisticaldeformationmodelsis to build a model
of the averageanatomyof all subjectsafter non-rigid registration.The resultingatlas

constructedn the coordinatesystemof thereferencesubjectis shavn in thetop row of

Figure 1 in form of an averageintensityimagé-. In the secondstepwe have removed
ary biasof the atlastowardsthereferencesubjectby applyingthe averagedeformation
dto theatlas.Theresultingatlasin its natural coordinate systemis shovnin thebottom
row of Figurel. In thisexamplewe canclearlyseethattheaveragereproduceshelarge
ventricularsystemof the subjectchoserasreferencesubject Remaving ary biasof the
atlastowardsthe referencesubjectyields an averagemodelin which the ventricular
systemis significantlysmaller

Thefinal stepof the constructiorof statisticaldeformationrmodelsis the calculationof
the principal modesof variationof the deformationfield which give an indication of
the anatomicalvariability acrossthe populationunderinvestigation.We cangenerate
the modesof variation by varying the shapeparametei; and applying the resulting
deformatiorfield to theatlas.An exampleof thefirst threemodesof variationis shavn
in Figure2. Note, thatin contrastto AAMs [10], our modeldoesnot incorporateary
statisticainformationaboutintensitiesothattheintensitiesof theatlasarenot affected

! For the durationof the review processextendedandanimatedversionsof Figurel and2 are
madeavailableat http://vip.doc.ic.ac.uk/"dr/MICCAI.



Fig. 1. The top row shaws the coronal,axial and sagittalview of the averagebrain atlasof 25
differentsubjectsconstructedn the spaceof the referencesubject.The bottomrow shavs the
coronal,axial andsagittalview of the averagebrain atlasof 25 differentsubjectsconstructedn

naturalatlascoordinatesThis coordinatesystems obtainedby applyingtheaveragedeformation
dtothe coordinatesystemof thereferencesubject.

by the modesof variation. The total numberof modesof variationcorrespondso the
numberof individualsin the populationclassexcluding the referencesubject.In our
examplewe have 24 differentmodesof variationof which the first 10 modesexplain
morethan70%of thecumulative anatomicabariability while thefirst 18 modesexplain
morethan90% of this variability.

Theinterpretatiorof themodesof variationis difficult sincethey arenotonly theresult
of the variability of a single anatomicalstructurebut the resultof the variability of a
large numberof differentanatomicaktructuresaswell astheir inter-relationship.The
interpretationis further complicatedoy the factthata densedeformationfield requires
performinga PCA on a very high dimensionakpace(200 x 200 x 160 = 6.4 million
deformationvectors) Performingthe PCA onthecontrolpointsof the FFD reduceghe
dimensionalitysignificantly(40 x 40 x 32 = 51200 deformatiorvectors)out still yields
a high dimensionalspace.n future experimentswe expectto usea larger numberof
subjectgo allow arobuststatisticalanalysisof the deformatiorfields.

4 Discussion and Conclusions

In this paperwe have presentech nev methodfor the automaticconstructionof sta-
tistical deformationmodels.Thesemodelscanbe usedto build anatlasof the average
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Fig. 2. Instance®of the statisticaldeformationrmodel: Eachimagehasbeengeneratedby varying
the first three modesof variation between—3+/X; (top row) and +3+v/X; (bottom row). The
middlerow correspondso the averagemodel.

anatomyaswell asits variability. This is achieved by performinga principal compo-
nentanalysisof the deformationgequiredto mapthe anatomyof a referencesubject
to all othersubjectsn the population.We have shavn thatthis new methodallows the

constructionof “stable” anatomicaimodelswhich are not dependenbn the choiceof

thereferencesubjectA similarapproachasbeenpursuedy Guimondetal. [7]. Their

approachalsousesaveragedeformationgo constructan atlasof the shapeandinten-
sity. The advantageof the framawork presentedn this paperstemsfrom the factthat
the proposedramenork allows not only to constructan atlasof the averageanatomy
but alsoa modelof the principalmodesof variationof this anatomyThis maybeused
to comparghemorphometric®f anindividual with thoseof agroupor acrosdifferent
groupsof individuals.

In practicethe inter-subjectregistrationof imagesis a very challengingtask and will

leadto registrationerrors.In previous experimentswe have found that our algorithm
yields a registrationaccurag betweenl and2 mm whencomparingdifferentanatom-
ical landmarksacrossindividuals. This comparedo an intra-obserer variability be-
tween0.2 and 0.9 mm for the localisationof anatomicalandmarksWe are currently
investigatingthe effect of theseregistrationerrorson the statisticalanalysisof the de-
formationfields. Finally, animportantassumptiorunderlyingthe conceptof statistical



deformationmodelsis thatof a one-to-onecorrespondencketweerdifferentsubjects.
In caseavherethis doesnot hold it mayleadto singularitiesof the deformationfield.
We arecurrentlyinvestigatinghisin detail.
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