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Abstract. In thispaperwe introducetheconceptof statisticaldeformationmod-
els (SDM) which allow the constructionof averagemodelsof the anatomyand
their variability. SDMsarebuild by performinga statisticalanalysisof thedefor-
mationsrequiredto mapanatomicalfeaturesin onesubjectinto thecorresponding
featuresin anothersubject.Theconceptof SDMsis similar to activeshapemod-
els(ASM) whichcapturestatisticalinformationaboutshapesacrossapopulation
but offersseveralnew advantages:Firstly, SDMscanbeconstructeddirectlyfrom
imagessuchasMR or CT without theneedfor segmentationwhich is usuallya
prerequisitefor theconstructionof activeshapemodels.Insteadanon-rigidregis-
trationalgorithmis usedto computethedeformationsrequiredto establishcorre-
spondencesbetweenthereferencesubjectandthesubjectsin thepopulationclass
underinvestigation.Secondly, SDMsallow theconstructionof anatlasof theav-
erageanatomyaswell asits variability acrossa populationof subjects.Finally,
SDMs take the 3D natureof the underlyinganatomyinto accountby analysing
dense3D deformationfieldsratherthanonly the2D surfaceshapeof anatomical
structures.Wedemonstratetheapplicabilityof thisnew framework to MR images
of thebrainandshow resultsfor theconstructionof anatomicalmodelsfrom 25
differentsubjects.

1 Introduction

Thesignificantinter-subjectvariability of anatomyandfunctionmakesthe interpreta-
tion of medicalimagesa very challengingtask.Atlas-basedapproachesaddressthis
problemby defininga commonreferencespace.Mappingdatasetsinto this common
referencespacenotonly accountsfor anatomicalandfunctionalvariationsof individual
subjects,it alsooffersa powerful framework which facilitatescomparisonof anatomy
andfunctionover time,betweensubjects,betweengroupsof subjectsandacrosssites.
Consequently, anumberof differentelastic[1] andfluid [2, 3] warpingtechniqueshave
beendevelopedfor this purpose.A recentreview of different non-rigid registration
techniquescanbe found in [4]. Traditionalmedicalatlasescontaininformationabout
anatomyandfunction from a singleindividual focusingprimarily on thehumanbrain



[5]. Eventhoughthe individualsselectedfor theseatlasesmaybe considerednormal,
they mayrepresentanextremumof a normaldistribution.To addressthis problem,re-
searchershavedevelopedvariousprobabilisticandstatisticalapproacheswhich include
informationfrom a groupof subjectsmakingthemmorerepresentative of thepopula-
tion underinvestigation[6,7].

Statisticalmodelsof shapevariability [8] or Active ShapeModels(ASM) have been
successfullyappliedto performvariousimageanalysistasksin 2D and3D images.In
building thosestatisticalmodels,a setof segmentationsof the shapeof interestis re-
quiredaswell asa setof landmarksthatcanbeunambiguouslydefinedin eachsample
shape.An extensionof ASMs aretheso-calledActive AppearanceModels(AAM) [9]
which incorporatenot only informationaboutthespatialdistribution of landmarksbut
alsoaboutthe intensitydistribution at the landmarks.Cooteset al. [10] have further
developedthis conceptfor atlasbasedmatching.In a differentapproachWanget al.
[13] suggestedto usestatisticalshapeinformation aspriors for a non-rigid registra-
tion. A fundamentalproblemwhenbuilding thesemodelsis the fact that it requires
thedeterminationof point correspondencesbetweenthedifferentshapes.Themanual
identificationof suchcorrespondencesis a time consumingand tedioustask.This is
particularlytrue in 3D wheretheamountof landmarksrequiredto describethe shape
accuratelyincreasesdramaticallycomparedto 2D applications.

In a recentpaper[11] we have describedanautomatedway of establishingcorrespon-
dencesbetweendifferentshapesviaanon-rigidregistrationalgorithm[12]. In thispaper
wepresentanaturalextensionof ourpreviousapproachin whichweperformstatistical
analysisdirectly on thedeformationfields requiredto matchdifferentanatomies.The
resultingmodelsarecalledstatisticaldeformationmodelsandallow theconstructionof
averagemodelsof theanatomyandtheir variability acrossa populationof subjects.

2 Method

Traditionally, landmarksareanatomicallycharacteristicpointswhich canbeuniquely
identifiedacrossa setof individuals.Thegoalof inter-subjectregistrationis to find the
optimal transformation
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which mapsany point

�
in the anatomyof the

referencesubject��� into its correspondingpoint
���

in the anatomyof any othersub-
ject � �

in the populationclass.Assuminga one-to-onecorrespondenceof anatomical
structuresacrosssubjects,theregistrationof imagesbetweendifferentsubjectsyieldsa
densesetof so-calledpseudo-landmarks. In ournew framework weperformaprincipal
componentanalysis(PCA)on thesepseudo-landmarkswhich is equivalentto perform-
ing a PCA on the deformationfields requiredto mapthe anatomyof onesubjectinto
theanatomyof anothersubject.In thefollowing we will describeour new framework
in moredetail.

2.1 Non-rigid registration

In practice,theanatomicalvariability betweensubjectscannotbesufficiently explained
by anaffinetransformationwhichonly accountsfor differencesdueto position,orienta-
tionandsizeof theanatomy.To capturetheanatomicalvariability, it will benecessaryto



employ non-rigidtransformationssuchaselasticor fluid transformations.Weareusing
a non-rigid registrationalgorithmwhich hasbeenpreviously appliedsuccessfullyfor
theregistrationof contrast-enhancedbreastMR images[12] aswell asintra-operative
MR imagesof thebrain[14]. This algorithmusesa combinedtransformation

�
which

consistsof aglobaltransformationanda local transformation:
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The global transformationdescribesthe overall differencesbetweenthe two subjects
andis representedby anaffine transformation.Thelocal transformationdescribesany
local deformationrequiredto matchthe anatomiesof the subjects.We have chosena
free-formdeformation(FFD) modelbasedon B-splineswhich is a powerful tool for
modelling3D deformableobjects.The basicideaof FFDsis to deforman objectby
manipulatinganunderlyingmeshof controlpoints.Theresultingdeformationcontrols
theshapeof the3D objectandcanbewritten asthe3D tensorproductof thefamiliar
1D cubicB-splines,
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where
A

denotesthecontrolpointswhichparameterisethetransformation.Theoptimal
transformationis foundby minimisingacostfunctionassociatedwith theglobaltrans-
formationparametersaswell asthelocal transformationparameters.Thecostfunction
comprisestwo competinggoals:Thefirst termrepresentsthe costassociatedwith the
voxel-basedsimilarity measure,in thiscasenormalisedmutualinformation[15], while
thesecondtermcorrespondsto a regularizationtermwhich constrainsthetransforma-
tion to besmooth[12].

Theresultingtransformation
� �

mapseachpointin theanatomyof thereferencesubjectH � to thecorrespondingpoint in theanatomyof subject
H �

. Sincethetransformation
� �

is a sum(ratherthana concatenation)of a globalandlocal transformation,we needto
removeany dependency of thelocal transformationontheglobaltransformation(which
is a resultof thedifferentposition,orientationandsizeof eachsubject’sanatomy):

�I)KJL�����1�M�ON �� �"!$#&% � �(���$�/!0#&% �$�����*)+���"!$,-% �'�(���'�
(3)

Thus,thedeformation
J

describestheanatomicalvariability acrossthepopulationclass
in thecoordinatesystemof thereferencesubject.

2.2 Construction of Statistical Deformation Models

Theconceptof statisticaldeformationmodels(SDMs) is closelyrelatedto the ideaof
ASMs. The key differenceis that we apply a principal componentanalysis(PCA) to
thedeformationfieldsrequiredto maponeanatomyto anotheranatomyratherthanto
correspondingpoints:Supposethatwe have P deformationfieldsdescribedasvectorsJ �

. Thesedeformationfields arethe resultof the non-rigid registrationalgorithmde-
scribedin theprevioussectionandmaptheanatomyof thereferencesubject� � into the



anatomyof the other individuals � �
in the populationclassunderinvestigation.Each

deformationfield
J �

canbeexpressedasa concatenationof Q 3-D vectorswhich de-
scribethedeformationat eachvoxel in theimageof thereferencesubject.Thegoalof
SDMsis to approximatethedistributionof

J
usingaparameterisedlinearmodelof the

form JR�TSJU)WVYX
(4)

where
SJ

is theaveragedeformationfield,
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and
X

is themodelparametervector. Thecolumnsof thematrix
V

areformedby the
principalcomponentsof thecovariancematrix \ :

\ � ZP^]_Z
82 � 3 �

�(J � ] SJ`�a�(J � ] SJ��.b
(6)

Fromthis,we cancalculatetheprincipalmodesof variationof thedeformationfield as
theeigenvectorsc � andcorrespondingeigenvaluesd � (sortedsothat d �fe d �/C � ) of \ .

2.3 Interpretation of Statistical Deformation Models

A commonproblemencounteredduring the constructionof a model of the average
anatomyis thechoiceof thereferencesubjectto whichall othersubjectsareregistered.
Eventhoughthereferencesubjectselectedmaybeconsiderednormal,it mayrepresent
anextremumof a normaldistribution.Assuminga perfectregistration,theregistration
will align theanatomyof eachsubjectwith theanatomyof thereferencesubject.Thus,
theaveragemodelwill beconstructedin thecoordinatesystemof thereferencesubject.
To remove any biasof the averagemodel towardsa particularanatomy, we cancon-
structtheaveragemodelof theanatomyin its natural coordinate system. This natural
coordinatesystemis thecoordinatesystemwhich requiresthe leastresidualdeforma-
tion to explain theanatomicalvariability acrossall individuals.Basedon a point

�
in

thespaceof thereferencesubjectwe canfind thecorrespondingpoint
���

in its natural
coordinatesby applyingtheaveragedeformationvector

SJ
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(7)

Within this naturalcoordinatesystemwe cannow studythe anatomicalvariability of
the populationclassunderinvestigation.Recallthat in eq. (4) the vector

X
providesa

parameterisationof the deformationsin termsof its principal modes.Varying the pa-
rametervector

X
will generatedifferentinstancesof thedeformationfield. By applying

thesedeformationfieldsto theaverageanatomywe cangenerateinstancesof theclass
of anatomyunderanalysis.Undertheassumptionthatthecloudof deformationvectors
ateachpoint followsamulti-dimensionalGaussiandistribution,thevarianceof thei-th
parameter, i � , acrossthepopulationis givenby eigenvalue d � . By applyinglimits to the
variationof i � , for instancej i � jlknm@oqp d � , it canbeensuredthata generatedanatomy
is similar to theanatomiesin thetrainingclass.



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

Table 1. Averageoverlapbetweentheleft andright nucleuscaudateof thereferencesubjectafter
registrationwith all otherindividuals.

3 Results

To demonstrateourapproachwehaveused25brainMR imagesfrom differentsubjects
with schizophreniato constructastatisticaldeformationmodelof thebrain.All images
wereacquiredattheDepartmentof Psychiatryof theUniversityMedicalCenterUtrecht
usinga 3D FFEsequence(TE = 4.6ms,TR = 30 ms,flip angle= oBrts ) on a 1.5T MR
imagingsystem(PhilipsGyroscanACS-NT).Theseimageshaveavoxel sizeof ZfuvZfuZBwyx mm

�
and xzr{r|u�xzr{r|uOZ~}Br voxels.Outof the25subjectswehaverandomlyselected

oneindividual which wasusedasthe referencesubject.We have thenregisteredeach
of theremaining24 individualsto this referencesubject.For thenon-rigidregistration
we have usedcontrol point spacingsof 20 mm, 10 mm and finally 5 mm. In order
to assessthe quality of the inter-subjectregistration,we have calculatedthe overlap
betweena manuallysegmenteddeepstructurein the brain, the nucleuscaudate,after
affine and non-rigid registration.The resultssummarisedin Table 1 show that after
non-rigidregistrationtheaverageoverlapbetweenthenucleuscaudateof thereference
subjectandthoseof theremaining24 individualsis morethan85%.Giventhesizeof
thenucleuscaudatethis indicatesaverygoodregistration.

Thefirst stepof the constructionof statisticaldeformationmodelsis to build a model
of the averageanatomyof all subjectsafter non-rigid registration.The resultingatlas
constructedin thecoordinatesystemof thereferencesubjectis shown in thetop row of
Figure1 in form of anaverageintensityimage1. In the secondstepwe have removed
any biasof theatlastowardsthereferencesubjectby applyingtheaveragedeformation�J

to theatlas.Theresultingatlasin its natural coordinate system is shown in thebottom
row of Figure1. In thisexamplewecanclearlyseethattheaveragereproducesthelarge
ventricularsystemof thesubjectchosenasreferencesubject.Removing any biasof the
atlastowardsthe referencesubjectyields an averagemodel in which the ventricular
systemis significantlysmaller.

Thefinal stepof theconstructionof statisticaldeformationmodelsis thecalculationof
the principal modesof variationof the deformationfield which give an indicationof
the anatomicalvariability acrossthe populationunderinvestigation.We cangenerate
the modesof variationby varying the shapeparameteri � andapplying the resulting
deformationfield to theatlas.An exampleof thefirst threemodesof variationis shown
in Figure2. Note, that in contrastto AAMs [10], our modeldoesnot incorporateany
statisticalinformationaboutintensitiessothattheintensitiesof theatlasarenotaffected

1 For thedurationof thereview process,extendedandanimatedversionsof Figure1 and2 are
madeavailableat http://vip.doc.ic.ac.uk/˜dr/MICCAI.



Fig. 1. The top row shows the coronal,axial andsagittalview of the averagebrain atlasof 25
differentsubjectsconstructedin the spaceof the referencesubject.The bottomrow shows the
coronal,axial andsagittalview of theaveragebrainatlasof 25 differentsubjectsconstructedin
naturalatlascoordinates.Thiscoordinatesystemis obtainedby applyingtheaveragedeformation��

to thecoordinatesystemof thereferencesubject.

by the modesof variation.The total numberof modesof variationcorrespondsto the
numberof individuals in the populationclassexcluding the referencesubject.In our
examplewe have 24 differentmodesof variationof which the first 10 modesexplain
morethan70%of thecumulativeanatomicalvariabilitywhile thefirst 18modesexplain
morethan90%of this variability.

Theinterpretationof themodesof variationis difficult sincethey arenotonly theresult
of the variability of a singleanatomicalstructurebut the resultof the variability of a
largenumberof differentanatomicalstructuresaswell astheir inter-relationship.The
interpretationis furthercomplicatedby thefact thata densedeformationfield requires
performinga PCA on a very high dimensionalspace( xzr{rOu�xzrBr�u�Z�}Br � }�w � million
deformationvectors).PerformingthePCAonthecontrolpointsof theFFDreducesthe
dimensionalitysignificantly( �tr�u��{rLu�otx ��� Z�xzrBr deformationvectors)but still yields
a high dimensionalspace.In future experimentswe expectto usea larger numberof
subjectsto allow arobuststatisticalanalysisof thedeformationfields.

4 Discussion and Conclusions

In this paperwe have presenteda new methodfor the automaticconstructionof sta-
tistical deformationmodels.Thesemodelscanbeusedto build anatlasof theaverage
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Fig. 2. Instancesof thestatisticaldeformationmodel:Eachimagehasbeengeneratedby varying
the first threemodesof variation between �1��� �q� (top row) and ����� �q� (bottom row). The
middlerow correspondsto theaveragemodel.

anatomyaswell asits variability. This is achieved by performinga principal compo-
nentanalysisof the deformationsrequiredto mapthe anatomyof a referencesubject
to all othersubjectsin thepopulation.We have shown thatthis new methodallows the
constructionof “stable” anatomicalmodelswhich arenot dependenton the choiceof
thereferencesubject.A similarapproachhasbeenpursuedby Guimondetal. [7]. Their
approachalsousesaveragedeformationsto constructan atlasof the shapeandinten-
sity. The advantageof the framework presentedin this paperstemsfrom the fact that
the proposedframework allows not only to constructan atlasof the averageanatomy
but alsoa modelof theprincipalmodesof variationof this anatomy. This maybeused
to comparethemorphometricsof anindividualwith thoseof agroupor acrossdifferent
groupsof individuals.

In practicethe inter-subjectregistrationof imagesis a very challengingtaskandwill
leadto registrationerrors.In previous experimentswe have found that our algorithm
yieldsa registrationaccuracy between1 and2 mm whencomparingdifferentanatom-
ical landmarksacrossindividuals.This comparesto an intra-observer variability be-
tween0.2 and0.9 mm for the localisationof anatomicallandmarks.We arecurrently
investigatingtheeffect of theseregistrationerrorson thestatisticalanalysisof thede-
formationfields.Finally, animportantassumptionunderlyingtheconceptof statistical



deformationmodelsis thatof a one-to-onecorrespondencebetweendifferentsubjects.
In caseswherethis doesnot hold it may leadto singularitiesof thedeformationfield.
We arecurrentlyinvestigatingthis in detail.
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