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A GENERALAPPROACH TO NONRIGID REGISTRAION:
DECOUPLEDOPTIMIZATION

EduardoSuareZ, RubenCardenes, CarlosAlberola, C.-F Westir?, JuanRuiz-Alzola
' Dep. Seiialesy ComunicacionesUniversidadde Las Paimasde GranCanaria SRAIN

2Dep. Teoiiadela Seial,Universidadde Valladolid, Valladolid, SRAIN
3Harvard Medical SchoolandBrigham& Womens Hospital, Dept. Radiology Boston,USA

Abstract—To a greatextent, the succes®f advancedimage-guidedmed-
ical procedureshingeson non-rigid volumeregistration. For example,non-
rigid registration mustbeappliedin interventional approachesvhereintra-
operative information is usedto update high-quality preoperative data; in
follow-up studiesin order to assesgime-evolution of development; aging,
pathology or treatment; and in many other applications including inter-
subjectvariability and population-basedatlas construction.

In this paper we examineseveral computational schemeghat warps one
volumetric datasetonto another. We also explore the inevitable trade-off
betweenthe computational load and the incorporation of sophisticatedsim-
ilarity measuses necessaryfor multimodal volumes. Estimated deforma-
tion fields are basedon the variational formulation of Partial Derivative
Equations (PDEs), which includes a similarity and a regularization term.
We compare numerical solutionsto this problem using the Euler-Lagrange
equations(EL), the Finite Elementsdiscretization (FE), and DecoupledOp-
timization over the possibledeformations (DO).

Keywords—Registration, Corr elation Coefficient, Finite ElementsMethod,
Euler-Lagrange, Template Matching, Optimization

I. INTRODUCTION

Advancedcomputerassistednterventionsrequire3D warp-
ing methodso performnon-rigid registrationsamongdifferent
volume datasetsan essentialfeatureof interventional proce-
dures[1] wherepreoperatie dataand modelsmustbe updated
usingintraoperatieimagingto successfullynanageaturaland
inducedalterationsof anatomy In casesuchastheseime con-
sumingimageacquisitionand processings curtailedby oper
ating room proceduresandthis obviously limits the guidance
that intraoperatie imagescan provide. In an effort to over-
camethis obstacle,we suggestwarping high quality preoper
ative dataand modelsinto the coordinatesystemof intraoper
ative real anatomy(scannedby an interventionalimaging de-

vice), which, in turn, is usedto guide the sumgical procedure.

Thewarpis obtainedby estimatinga deformatiorfield andthen
non-rigidly adaptingthe proeoperatie datato theinteroperatve
databy non-rigidly registeringthe preoperaite andintraopera-
tive datasetsAdditional applicationgncludefollow-up studies
of the sameindividual by non-rigid registrationof imagedata
(e.g.,developmental2] andagingeffects[3] studies,degener
ative pathology[4] andtreatmen{5] evolution). Nonrigid reg-
istrationis also crucial to intrasubjectcomparison(i.e., in the
constructionof population-basedtlas[6] wheredatasetsrom
differentindividualsmustberelatedto a canonicaframe).Fur-
ther, non-rigid registrationmustincorporatea priory anatomic
knowledgeinto automaticsegmentationalgorithms,suchasin
the frameawork of template-diven segmentationproposedby
Warfieldetal. [7].

Severalapproachebave beenproposefor volumedataregis-
trationthatrely on a multi-resolutiondecompositiorof the vol-
umes.With regardto non-rigid registrationalgorithms,the for-
mulasmustrecognizepotentialmatchedasedn the similarity

of the neighborhoodso correspondingointsin both datasets.

Froma mathematicastandpointthesealgorithmsaretypically

encodedn suchaway thatsimilarity functionsbetweemeigh-
borhoodsaredefined. In general,mary combinationsare pos-
sible for acceptabldevels of the similarity function, although
theinverseproblemof estimatinghedeformatiorfield between
bothdatasetss ill-conceive, a typical problemin regularization
theoryasdefined. For example,to constrainthe numberof so-

lutionsinto asingleonesolution.

An optimalway of including boththe similarity andthe reg-
ularizationconditionsin an operatingequationis to use mod-
els basedon variationalformulationsandon PDEs. For exam-
ple, thewell-known sumof squaredifferencesimilarity func-
tion is usedin [8] with a viscousfluid constraintthat doesnot
needary smalldeformatiorassumptionin [9] with anelasticity
constraint,solving the PDE with the FE method. Denglerand
Schmidt[10] proposedanopticalflow methodwith anelasticity
constraintsolvedwith amultiresolutionpyramidwith FEM dis-
cretization(utilizing thesignof Laplacianpyramidasthematch-
ing features).Anotherusefulsimilarity measuras the correla-
tion index, which considerseighborhood$o be similarif their
intensitiesarerelatedby an affine function. This measurevas
appliedin [11] with an elasticity constraintas regularization;
solvingthe PDE with the Jacobimethod;unlikewisein [12] but
solvingthe PDE teratively with FE.

Thoughtherehasbeensignificanteffortsto solve thenonrigid
registrationproblem therehasbeenrelatively little researclhinto
morecomplec similarity functions,suchasthe mutualinforma-
tion broadlyusedfor rigid registration[13], which areessential
for multimodalregistration.However, arbitrarysimilarity func-
tions(see[14] for exampleskredifficult to beincorporatednto
the computationahlgorithmsdueto their lack of mathematical
tractability This deficieng, fortunately can be compensated
for by directly computingthe similarity (asopposedo apply-
ing aananalyticalderivation of the similarity function). In this
paperwe will framethevariationalproblemasoneof “equiva-
lent optimization”,andsolve it by determiningthe setof voxel
displacementsVe will thecompareheseresultswith thoseob-
tainedusingthe Euler LagrangeequationsandFinite Elements
discretizations.

Il. VARIATIONAL FORMULATION

A commonapproactio nonrigidregistrationliesin establish-

ing thedisplacemenfield J(F) whichminimizesanenegy func-
tional with a similarity andaregularizationtermrelatingto ref-
erenceandcurrentvolumesihatis,

J(a(r) = /D [S(7, @(7)) + R(7, @(F))]di (1)

whereS is the similarity measureand R is the regularization
term. R is usuallya smoothnessonstraint.

In orderto make comparisonswe have chosenthe correla-
tion coeficientasthesimilarity functionandthe sumof squared
partialderivativesof thedisplacemenastheregularizationcon-
straint. Hence,the correlationcoeficient betweentwo random
variablesr andy is definedas:

CC(a,y)? = [T @)
030y
Whereg,,, is the crosscovarianceando,, o, arethe standard
deviationsof z andy respectiely. Inheritin the non-rigidreg-
istration problem, are the intensitiesof two tentatvely corre-
spondingvoxels z andy. The correlationcoeficient is esti-
matedfrom two windows centeredon thosevoxels. However,
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window sizemustbe tradedoff in orderto be local andto har
vesta sufficientnumberof sampledor a meaningfulestimation.
Thecorrelationcoeficientfacilitatessimilarity amongvoxelsif
theintensitiesnsidearerelatedthroughanaffine function.

For theregularizationterm,we use

R =V @}, (3)

where @ is the deformationfield, and which is extensvely
usedin optical flow applicationg[15] and essentiallyimposes
asmoothnessonstrainion thedeformatiorfield.

I1l. DECOUPLED OPTIMIZATION

Fromanumericalpointof view, theminimizationof thefunc-
tional (1), i.e., the estimationof the displacementield, canbe
viewedasanoptimizationproblem,sincethedisplacementec-
torsfor every voxel arethe parametershat mustbe optimized.
Consideredn this way, the functional becomesa function or
costof the setof displacementdhence the minimizationof the
functionalis equivalentto the minimization of a multi-variate
cost. This relationship,in turn, allows usto conducta numeri-
cal searchfor the minimum, thusavoiding the mathematicain-
tractability of complicatedunctionals.Neverthelesspptimiza-
tionis adauntingtaskthatrequiresacleverapproachNoticethe
numberof unknavn parameterss threetimes(in 3D) the num-
ber of voxelsandthe highly nonlineamatureof the functionals
with nontrivial similarity or regularizationterms.

In this paper we proposeherea numericalmethod,general
enoughto deal with ary similarity function or regularization
term basedon the minimizationof (1) consideredasa cost. In
orderto avoid gettingstuckembeddedn local minima, andto
acceleratexecutiontime, we have developeda feasible,initial
solution to the optimization scheme. To this extent, we first
computea displacemenfield by local templatematchingon
high structurepoints and subsequeninterpolation,embbeding
the approachinto a gaussiampyramid. Our implementatiorre-
lies on partof our previouswork, wherethe structuredetection
is basedon the eigenanalysi®f the correlationmatricesof the
gradientof thedatasetst every pointandwe useaKriging [16]
estimatorto make theinterpolation[17], [18]. It is interestingto
notethatthis approachs ableto dealwith generaltensordata,
suchasdiffusiontensorMRI andhenceit allowsthegeneraliza-
tion of the methodproposechereto tensordata. Nevertheless,
for the purposesof this paper ary templatematchingmethod
whichis ableto provide aninitial solutioncanbeused.

Thenumberof dimensionf a 3-d displacementield search
spaces threetimesthe numberof voxels. In orderto save com-
putationalcost, we decouplethe problem searchingfor local
minimaateachvoxel. Theoptimizationalgorithmusedis based
onaQuasi-NevtontechniquecalledBFGS[19] . Separatenini-
mizationof eachvoxel needsknowledgmenbf neighborvoxels,
sominimizationof everyvoxel doesnt provide usthenearesto-
cal minimumin the global searchspace.To avoid this, several
iterationsto thewholedatasetrecarriedout until minimization
reaches consistensolution. To avoid falseoptimizationsthat
the regularizationterm cannotdeal,a medianfilter on eachde-
formationfield componenis carriedout asthe initial field for
thenext iteration.

IV. TWO ALTERNATIVE METHODS

In what follows we comparethe proposedmethodwith the
EulerLagrangeapproactandwith a Finite Elementdiscretiza-
tion. A brief introductionto thesetwo methodss givenbelow.
Both methodsareimplementedisinga gaussiarpyramid.

LFrobenuisorm

A. Euler-Lagrange

The EulerLagrangeMethod consistsof applyingvariational
calculusto equation(1), andobtainingalist of differentialequa-
tionswhich canbe solved iteratively. This procedurés a diffi-
cult taskfor non-trivial similarity measuresand regularization
terms. In the casewe have describedthe similarity measure
andtheregularizationterm have beenapproximatedo first and
secondorderof 4.

UsingEulerLagrangeequationgor theenegy functional(1),
we reachthis linear systemof equationsdefinedas

ay + 2(A11u”+1 + A12Un+1 + A13w"+1) = 202 (ﬂn - Un+1)
ay + 2(A21u"+1 + A220n+1 + A23wn+1) = 202 (5” — Un+1)
a; + 2(Azu™ + Agpv™t 4 Agzw™th) = 207 (@" — w™tY)

wherea; andA;; arethefirst andsecondrdercoeficientsof
the similarity measureespectiely. In matrix form this canbe
depictedas

a+2Aa" ! = 202 (@™ — a™ ) (7)

This equationcan be solved by the iteratve Gauss-Seidel
Methodin which the updatedcomponentf the deformation
field (unt!, vt wnt!) arecomputedrom (u”, v™, w™) in ev-
ery stepusing

1
"t = (A - T (am - 5&‘)

(8)

B. Finite Elements

The Finite Elementsmethod[20] relieson interpolatingthe
solutionusingasnodalpointsthe verticesof a discretizatiorof
the domain,by meansof alinearformulationwherethe values
atthenodalpointsaretheunknawns.

In the 3D case,we have selecteda tetrahedramesh;andin
the 2D casewe have chosera triangularmesh.Therefinement
of themeshis choserasafunctionof thelevel of detailwe have
assumedln amulti-resolutionschemewe generata meshwith
very few trianglesat the top level of theresolutionpyramidand
increasethe numberof trianglesaswe move to higherresolu-
tions.

In orderto accelerat¢themeshgenerationwewill assigrbig-
gerelementdo lessdetailedzonesandsmalleronesto highin-
formationregionsof the dataset.

The algorithmhasbeenimplementedusingfirst and second
order approximationsof the correlationcoeficient. Sincethe
resultsderived from first and secondorderapproximationsare
notsignificantlydifferent,we will only presentesultsfrom first
orderapproximations.

V. RESULTS

In this sectionwe presentthe resultsfor the registration of
severalmedicaldatasetsTo comparghe performancewe have
usedthe samesimilarity measureand the sameregularization
term.

Figurelashavsasmallregionof anaxialprotondensity(PD)
MR imageandfig. 1b shavs the sameregionin a T2 weighted
image,thoughslightly deformedby a syntheticfield. The syn-
thetic field hasbeengeneratedy smoothinga randominitial
vectorfield. Figure2ashaows a detail of the syntheticdeforma-
tion field. Figure2b shows the deformationfield registeredby
usingthe EulerLagrangemethod,with a = 0.8, window size
w = 5, using20iterationsandinitialized with the zerosolution.
Figure2c shavsthedeformatiorfield registeredoy usingthefi-
nite elementanethod with a = 0.8, window sizew = 5, anda
triangularmeshof 312 trianglesand177 nodes.Finally, fig. 2d

(4)
®)
(6)



shaws the deformationfield registeredby usingdecoupledp-
timization, wherethe initial solution hasbeenobtainedusing
templatematchingwith a searchwindow of size wseqrern = 5
anda similarity window of sizews;miiarity = 3. Thelocal op-
timization hasbeenconstrainedo an amplitudeof five pixels,
a = 0.8, andusing7 iterationsto thewholedataset.

-

a) b)
Fig. 1. MRI imagesPD (a)andT2 (b)
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Fig. 2. Syntheticdeformationfield (a) and deformationfields obtainedwith
Finite Elementdqb), EulerLagrangg(c) andoptimization(d)

Figure3ashavs anoverlayof T1lw andT2w MR imagescor-
respondingo two differentpatientsandthe surfacemodelsof
their ventricles. Figure 3b shows the estimateddeformation
field usingthe decoupledoptimizationapproachoverlaid onto
the models. Theyellow ventricleis consideredo be the refer
ence,andthegreenventricleis consideredo bethe current.

In orderto compareheresultsobtainedby thethreemethods,

fig. 4 shows a detail of one coronalsectionof the referencer1
imageandthevectorfieldsonthatsectionwill beprojectedonto

it. Figure4b-dshavstheresultsobtainedor thethreemethods,

EL (a),FE(b) andDO (c), with similar parameterto thoseused
in the previousexperiment.

Fig. 3. Above: ventriclemodelsgeneratedvith the MRI T1 (green)andwith
the MRI T2 (orange)from two different patientsand original images. Below:
Three-dimensionadeformationfield overlaid on a ventriclemodel. Hot colors
meandarge deformations

As a measureof quality, the absolutecorrelationcoeficient
hasbeencomputedn differentcaseswhich summarizegable
1. Resultsfor a syntheticimagenot shavn arealsodisplayed.

V1. CONCLUSIONS AND FURTHER RESEARCH

In this paperwe have introduceda novel approacto general
nonrigid registrationproblemsbasedon DecoupledOptimiza-
tion (DO) solutionto a variationalformulationandit hasbeen
comparedvith two othersolutionsto the samevariationalprob-
lem: EulerLagrange(EL) andFinite Elements(FE). Although
the approachesre quite differentin nature,they all give simi-
lar and meaningfulresultswhenusedwith CorrelationCoefi-
cientasthe similarity measureandeq. (3) astheregularization
term. Themaindifferencedbetweerthesemethodsarerelatedto
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Fig.4. T1 MRI coronalsection(a) anddeformatiorfieldsobtainedwith Euler
Lagrangeb), Finite Elementqc) anddirectoptimization(d)

TABLE |
ABSOLUTE CORRELATION COEFFICIENTS
Registration || Synthetic] T2—PD | T1—T2
Not deformed 1 0.76 0.73
EL 0.84 0.71 0.69
FE 0.80 0.70 0.65
DO 0.85 0.73 0.70

computationatost,andpossibility of incorporatingothersimi-
larity measuresr regularizationterms. The computationatost
of EulerLagrangeis smallerthan Finite Elementsand much
smallerthan Optimization. Neverthelessthe DO methodal-
lows an easyincorporationof ary similarity measuresuchas
mutual information basedones,or regularizationterm. More-
over, its extensionto dealwith multivalueddatais alsopossible,
asit usesalgorithmsdevelopedto dealwith tensordatain order
to getgoodinitial deformationfieldsandthe optimizationsolu-
tion is powerful enoughto incorporatehetensorreorientations.
Neverthelessthisis still somethingve areinvestigatingandthat
will bereportedn aforthcomingpaper

Otherresearctefforts in this areaarefocusedon comparing
with otheroptimizationalgorithms suchasfor examplestochas-
tic, moreefficient in termsof computationaload andwith the
ability of jumping out local optima, andin high performance
implementationgising clustersof low costpersonacomputers
(beavulfs). Our motivationis to obtain a robust and efficient
computationatool which canbeeasilyreconfiguredo dealwith
differentregistrationproblemsin aclinical ervironment.
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