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Abstract

An automatedalgorithmfor framelessregistrationof intra-cranial3D X-ray angiograms(3DXA) to MagneticResonance
(MR) imagesis describedand evaluated. The registrationprocedurestartswith the manualdesignationof a pre-defined
anatomicalpoint in bothmodalities.Then,theregistrationis performedthroughaniterativeprocessthatalternatively estimates
therotationandtranslationusinganoriginal correlationoptimizationscheme.Theevaluationprocedureimpliedcomparisons
with bothmanual(11cases)andstereotacticframebased(9 cases)registration.Theresultsencompassthatmanualregistration
is notaviablemethodof referencefor registeringsuchvolumeswhereasstereotacticframe(or equivalentmeans)is acceptable
for validationpurpose.A maximumerrorof 4 mmwasmeasuredfor ourautomatedalgorithmwhile variationsof up to 5 mm
wereconsideredon theinitial point location.Convergencetimewasbelow 1 minutewhile anaveragetimeof 30minuteswas
requiredto performmanualregistration.Thisvalidationproceduredemonstratesagoodprecisionfor theautomatedalgorithm
whencomparedto astereotacticframebasedmatching.Suchanalgorithmcouldmake theintra-cranialpathologyassessment
morereliable,enableframelessradiotherapy planningof AVMs in 3D, easebiopsyplanningin neurosurgeryor behelpful for
educationalpurpose.
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1 Intr oduction

In thecourseof their dayly practice,interventionalneuroradiologistsandneurosurgeonsmake useof many differentimaging
modalitiesto diagnosepathologies,treat themand follow the patientsup. In particular, the vascularpathologies,suchas
aneurysms,arterio-venousmalformations(AVM) or fistulae,or relatedpathologies,suchasintra-cranialtumors,demandthat
thesurgeonhasa preciseknowledgeof thevasculature,thetissuessurroundingthepathologyandthefunctionalrole of these
regions. Sinceno singlemodality is ableto provide all this informationat once,thesimultaneousanalysisof multiple types
of imagesis required.As a result,theneedfor registrationalgorithmsis becomingmoreandmorecrucial for thehealthcare
community, especiallyfor themanagementof neuropathologies.

Digital SubtractedAngiography(DSA) imagesarethe cornerstoneof interventionalneuroradiology. Lately, neuroradi-
ologistshave beenusingin clinical routineThree-dimensionalX-ray Angiography(3DXA) imagesof thebrainvasculature.
Suchvolumetricimageshave beenprovento bring anactualsupplementaryhelp to thephysician[1, 2]. Eventhoughsome
studiesarestill needed,many previousworksareavailablein aview to performtheregistrationof aDSA imagewith a3DXA
volume[3, 4, 5,6, 7]. While DSA and3DXA provideverypreciseandcompleteinformationonboththeanatomo-morphology
of thevasculatureandthehemodynamics,noknowledgeof theintra-cranialtissuescanbeextractedfrom suchimages.

On the otherhand,MagneticResonance(MR) imagingis a powerful anduniquetool that providesimageswith a very
goodspatialresolutionandanexcellentcontraston thesoft tissuesof the brain. However, theanalysisof thevasculatureis
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hinderedby distortions,flow effectsandthe spatialresolutionis still not high enough. Dedicatedimagingprotocolswere
developedto tacklepartof theseproblems(MagneticResonanceAngiography, MRA) but thepricefor theseimprovementsis
thelossof contraston thebraintissue.

Theability to registera3DXA volumeandanMR examwould thereforehelpperformanaccuratediagnosisof avascular
diseaseandprovide completeinformationto the neurosurgeonsto treat it. Furthermore,numerousworks describewaysto
matchMRI datawith ComputedTomography(CT) volumes,PositronEmissionTomography(PET)orSinglePhotonEmission
ComputedTomography(SPECT)acquisitionsandintra-cranialEchography(US)images.As aconsequence,theMR modality
appearsasa footbridgeto beusedto matchmany imagingmodalities,including3DXA.

2 Material and Methods

2.1 Images

3DXA volumesarereconstructedusinga tomographyalgorithmbasedon a setof about50 DSA images.This setof images
is acquiredon a standardopenC-arm(LCN+, GE MedicalSystems)performinga rotationof about200degreesaroundthe
patient’s headwhile a contrastdyeis injectedin thearteryof interest.Reconstructionsof both internalcarotidandvertebral
arteriesarebeingconsidered.

Thechoicefor theMR acquisitionprotocolwasguidedby two constraints:� in orderfor suchimagesto beof interest,they have to show agoodcontrastfor thebrainsoft tissues;� sincea 3DXA volumeonly depictsthevasculaturedependingon the injectedartery, thebestpossibleaccuracy on the
brain vasculaturewaslooked for so asto provide the registrationalgorithmwith someinformationcommonto both
modalitiesunderstudy.

As previously stated,MRA cannotcomplywith thefirst requirement.As a result,we electeda T1 weightedprotocol(giving
goodcontraston the brain tissue)enhancedby an intra-venousinjection of gadolinium(highlighting the vasculature).MR
imageswereacquiredon two differentsystems(Signa1.5T, GE MedicalSystemsandMagnetomSymphony, SiemensAG)
to accountfor possiblevariationsin imagecharacteristics.High resolutionimages(512x512or 256x256matrix with a slice
thicknessof 1.5mm)wereused.

2.2 Registration techniques

Distortionsin MR areknown to beapotentialproblem.However, sincetheimagedportionof thebodyis relatively small(the
head),we choseto neglect their possibleimpacton theregistration.This mono-patientregistrationproblemcanthereforebe
seenasthe searchfor a rigid-body transform.Basically, threegroupsof methodscanbe lookedover: point-based,feature-
basedandvoxel-basedregistrationalgorithms.

Theuseof externalmarkerspresentsmany drawbacks,especiallyin termsof a highercomplexity for thedataacquisition
andtheimpossibilityto performretrospectiveregistration.On theotherside,manualregistrationis particularlytediousin our
casedueto thedifficulty to identify vesselsin MR.

Sinceonlybloodvesselsarevisiblein a3DXA volume,afeature-basedregistrationmethodwouldrequirethesegmentation
of vesselsin bothmodalities.If this stepwould beratherstraightforwardin 3DXA, thedifficulty of thetaskin a T1 weighted
MR imageis demonstratedby thelackof scientificwork concerningthis MR protocolon oneside,and,on theotherside,the
many differentsolutionsstudiedalongthepastfew yearsto achievethisgoalin MRA acquisitions,whichyetdepicttheblood
vesselsin a ratherclearmanner[8, 9, 10, 11].

Dif ferentrobustsimilarity measureshave beendefinedwhosepowerhasbeendemonstratedfor registeringMR, CT, PET
and SPECTimages[12, 13, 14, 15]. If thesemodalitiesshow sometimesimportantdiscrepancy, the depictionof global
structuressuchastheskull, thecortex or theventriclesin all of thembacksup theefficacy of suchcriteria in theneurocase.
Similarity measuresseemedthe bestavailablemethodsto perform3DXA/MR registration. However, 3 problemshadto be
solved:
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Automated registration of 3D XA images to MR images E. Kerrienet al� initialization: thevasculatureis literally drownedamidstthemassof informationregardingsoft tissuesin MR, which
requiresahint aboutwhereto find it in thismodality;� convergence:thetree-shapeof thevasculaturegeneratesnumerouslocaloptimafor thesimilarity measure;� time: 3DXA volumesarecodedona512 � 512 � 512voxelscubeandMR volumesarecomposedof either124or 174
imageswhich arecodedon a 512 � 512or 256 � 256matrix. This hugevolumeof datahadto beprocessedin a very
shorttime (lessthan3 mn) for thealgorithmto beacceptablein a clinical environment.

In thenext section,thealgorithmwe designedto overcometheseproblemsis described.Section4 reportsthestudythat
wasmadeto validatethe useof a stereotacticframeandto reject the manualregistrationasa methodof referencefor the
matchingof a 3DXA volumewith an MR acquisition. Section5 providesthe resultsof the evaluationof our registration
algorithmin comparisonwith thetechniqueusinga stereotacticframe.

3 Registration algorithm

3.1 Initialization and hypothesis

Theidentificationof a vesselbifurcationon thecircle of Willis is very easyin MR aswell asin 3DXA. This providesa fast
andeasywayto initiatetheregistration:theinternalcarotidbifurcationmustbeindicatedin thecasewheretheinternalcarotid
arteryis shown on the3DXA volume,andthetip of thebasilartreehasbeenchosenin thecasewherea vertebralarterywas
injected.

As a result,we canconsiderwe have a goodestimationof the translationpartof the registration:anerrorof lessthan3
mm shouldaffect it (thesizeof theinternalcarotidarteryis about4-5 mm). Besides,therotationis unknown but, exceptfor
veryexceptionalcases,its angleshouldbewithin

�
30degrees.

Two otherproblemsneedto be addressed.On onehand,the convergencepropertiessuffer from the sparsenessof the
vascularinformationin thevolumes.On theotherhand,theconvergencetime is likely to be long,dueto theamountof data
to process.As aconsequence,thephilosophythatwefollowedin designingthealgorithmconsistedin reducingtheamountof
data,throughreducingtheir dimensionality, while preservingtherelevantinformation.

3.2 Rotation estimation

Let’s first assumethat the translationis perfectly known throughthe knowledgeof a pair of homologouspoints in both
modalities(user-defined). The rotationremainsto be recovered. Let’s call a thick shell any setof voxels locatedbetween
two spherescenteredon thehomologouspair of points.Any suchsetis globally invariantunderany rotationcenteredon this
pair of points.We extractin bothmodalitiesonesuchsetwhich we truncateby removing a conein thedirectionof thenose:
sinusesshow a contrastuptake in MR, which createsa largezonein hypersignalthatattractsthearteriesin theoptimization
process.Figure1 depictssuchthick shellsin a3DXA andanMR volumes.

In bothsetsof voxels,arteriesappearin hypersignal.In a secondstep,a radialMaximumIntensityPixel (MIP) projection
of eachthick shellontotheirexternalsurfaceis performed(figure2(a)).Thesetwo stepsallow for adramaticreductionof data
(voxelsselectionin a thick shellandprojectionontoa surface)while preservingrelevantinformation(radialMIP projection).

A planarmappingof theexternalsphereswasusedto storethe informationresultingfrom theMIP projectionasregular
images.Eachtruncatedspherecanbespannedby two angles:θ varyingin ��� π � π � aroundthex axisandϕ varyingin � 0 � ϕmax�
(seefigure2(b)). A straightforwardrepresentationwould beto definepixel coordinates� i � j 	 suchthat i ∝ θ and j ∝ ϕ. This
representationentailsimportantdistortionsand,asa result,disbalancestheamountof contribution of eachareaof theimage
in thecalculationsof thesimilarity criterion. A so-called“polar” representationwaspreferred:theorigin beingat thecenter
of theimage,θ is thepolaranglein theimageplaneandϕ is proportionalto themodulus(seefigure2(b)).
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(a)3DXA (b) MR

Figure1: Thick shellextraction

(a) MIP projection of a thick
shellon its externalsurface

ϕ
ϕ

max

θ

ϕ θ

ϕ
max

(b) Mappingof theexternalsurfaceontoaplane

Figure2: Mappingof a thick shellontoaplane
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(a)3DXA (b) MR (c) MR aftertophat

Figure3: Exampleresultsof themappingof thick shellsin 3DXA andMR

If we considera point P 
�� x � y � z 	 on the external sphere. The radiusof the sphereis unimportant. As a result, the
correspondingpixel � i � j 	 is determinedby (N is thesizeof theimagein pixels):�
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In thecasewhereϕ 
 0, cosθ andsinθ areundefinedbut thesingularityis easilyovercomeby settingthecorrespondingpixel
at thecenterof theimage

Theinverseformulaecanbedetermined:�
P on theexternalsphere ��� ρ2 
 � 2i

N
� 1� 2 � � 2 j

N
� 1� 2 ���

1 � �����
 ����� ϕ 
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 1
ρ � 2i

N
� 1�

sinθ 
 1
ρ � 2 j

N
� 1� (2)

Onceagain,theseformulaearenot determinedat thecenterof theimage(ρ 
 0) but thecaseis easilyovercome.
Thesedirectandinverseformulaeallow for asimplecalculationof thewarpingimplied in theimageplaneby arotationof

theexternalsphere:pixel � i � j 	 in theimagecorrespondsto point � x � y � z 	 (inverseformulae)which is rotatedto point � x ��� y ��� z ��	
which itself correspondsto pixel � i ��� j ��	 (directformulae).

An exampleof the imagesobtainedthroughthis processis shown on figure 3(a) and3(b): they appearasseenby an
observerwith a2ϕmax visionangle,locatedat thecenterof thethick shells.We canseethattheimagesarestill somewhatdif-
ferent.In orderto enhancetheirsimilarity, asimpletophatoperatoris applied,leadingto imagesasshown onfigure3(c). The
rotationis recoveredby optimizing thecenterednormalizedcross-correlationbetweenthe images,while spanningwarpings
correspondingto rotationsin the3D space.

3.3 Translation estimation

Now assumingwe have a goodestimateof the rotation,theerror in themanualinitialization of the translationmustbecor-
rected.In thatcase,thereis no needfor knowing thewholevolumeinformationto estimatethetranslation:a subvolume,if
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(a) Axial (b) Coronal (c) Sagittal (d) Axial (e) Coronal (f) Sagittal

Figure4: Exampleresultsof MIP projectionsof subcubesin 3DXA (3 on theleft) andMR (3 on theright)

correctlychosen,shouldbeenough.Sincethehomologouspair of point is requiredto correspondto somearterybifurcation,
thelocalshapeof thearteriesconstraintsthetranslationto auniquevalue.As aconsequence,asub-cubeis extractedsurround-
ing themanuallyindicatedpoints: the cubedimensionsarechosenso that the bifurcationis fully containedin the sub-cube
andsothata smallerroron therotationcanhardlybedetected.

Onceagain,theamountof datais further reduced,while keepingall relevant informationregardingarteries,thanksto a
MIP projectionof thecubealongthreeorthogonaldirections:axial,sagittalandcoronal.Examplesof theimagesobtainedare
shown on figure4. Sincetheanalysisis madelocally, thebackgroundin MR is ratheruniform. This resultsin very similar
imagesthatdo not requireany pre-treatment.

Thesimilarity criterionweusedis thesumof thethreecross-correlationscorescalculatedfor theaxial,sagittalandcoronal
imagesrespectively. Thetranslationis recoveredwhenthis criterionis maximal.

3.4 Algorithm scheme

TheEuleranglesareusedasparametersfor theoptimizationstepsof therotationestimation.Thethick shellsaredefinedas
lying betweenspherescenteredon thehomologouspair of pointswith radii of 20mmand40mm. A valueof 150degreesis
usedfor ϕmax. Thetranslationvectoris usedasparametersfor thetranslationrecovery. Sub-cubesof 16mm� 16mm� 16mm
areextracted.Theoverallalgorithmschemeis thefollowing:� initialization: theuseris askedto point thechosenarterybifurcation(internalcarotidbifurcationor tip of thebasilar

artery) in both 3DXA andMR. This providesan initial translationandcenterpointsfor the rotation. The rotationis
estimatedthroughanexhaustivesearchof theoptimalcriterionscorebetweenlow resolutionimagesof thethick shells
(N 
 64)while eachanglevaluevary in ��� 30� 30� degreeseach5 degrees.� optimization: thetranslationandrotationareestimatedin turnover threeloops.

– translation: thesimilarity criterionis thesumof thethreecross-correlationscoresbetweentheaxial,sagittaland
coronalimagesof the sub-cubesrespectively. The cross-correlationscoresareestablishedin the Fourier space,
whichallowsfor a fastexhaustiveoptimizationof thecriterion: translationcomponentsaresearchedfor in � � 5 � 5�
mm in a first step,theamplitudebeingdividedby 2 at eachloop.

– rotation: thesimilarity criterionis thenormalizedcenteredcross-correlation.Theoptimizationis performedusing
a hill-climbing schemealsousedby Studholmeto optimizeentropy-basedcriteria[13], which presentswith very
interestingconvergencetime. Theinitial stepfor thesearchis 5 degrees,dividedby 2 at eachloop. Theprojected
imagedimensionsincreaseat eachloop from N 
 128to N 
 256(last2 loops).

Theaveragecomputationtime wasestimatedto bearound30 seconds(not countingthe time necessaryto load thevolumes
andmanuallyindicatetheinitial pair of points),but no systematicmeasurementswereperformedsincethis time appearedto
befarbelow our requirements(3 mn).
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Repeatability Reproducibility All
Averageerror 4.48 4.94 4.85

Standarddeviation 3.08 3.75 3.62
Maximumerror 11.35 17.03 17.03

Table1: Performanceof themanualregistrationasa methodof reference(figuresaregivenin millimeters)

4 Determination of a registration methodof reference

Prior to beableto validatethis algorithm,we first needto definea measurementmethodthatenablesthecomparisonof the
resultsof two differentregistrationschemes.Then,amethodof referencemustbedetermined.In this regard,two point-based
techniqueswereexamined:thefirst requiresthemanualdefinitionof pairsof homologouspointsin bothmodalities,thesecond
is basedon a stereotacticframe.

4.1 Measurementmethod

Sinceapriori theregionof interestwherethepathologylies in theimagesis unknown,wewish to beableto provideanupper
limit on theerrordoneover thewholevolumeof interest.This volumecanbelimited to theregion of supportof the3DXA,
which representsanintra-cranialarteryand,assuch,is alwayscontainedinsidetheregion imagedin theMR volume.

As a consequence,the measureof comparisonbetweentwo registrationresultsis definedasthe maximumregistration
error performedon the 8 cornersof the cubeenclosingthe 3DXA volume(whoseside is approximately15 cm). In other
words,if the � Ci 	 i !#" 1 $ $ 8 % arethe8 cornersof thecube,theerrorbetweentwo registrationresultsD1 
&� R1 ' T1 � andD2 
&� R2 ' T2 �
is: ( � D1 � D2 	)
 max

i !*" 1 $ $ 8%,+.- R1Ci � T1 � R2Ci � T2 -0/ (3)

4.2 Evaluation of the manual registration asa methodof reference

The manualregistrationallows for retrospective registrationanddo not requireany specialsetupprior to dataacquisition.
Thesepropertiesmakesucha methodveryattractive for validationpurpose.However, this techniqueis veryproneto error, in
particulardueto a lackof pointsandhumanerrorsin determininghomologouspoints.

In orderto evaluateif themanualmethodcouldbetrustedin the3DXA/MR registrationcase,anexperimentwassetup:� 11 pairsof exams(3DXA/MR) wereselectedwhich presentedwith variouspathologies(arterio-venousmalformations,
aneurysms,intra-cranialstenoses);� threeexpertusers,amongwhich2 seniorneuroradiologists(EK, RA andOL) wereaskedto performamanualregistra-
tion on eachcaseby indicating5 pairsof homologouspoints;� eachuserwasrequiredto performtwo manualregistrationsoneachcase:afirst passwasmadeoverthewholesetof 11
patients,thena secondpass.

The repeatabilitywasestimatedby comparingregistrationsperformedby the sameuserusingthe comparisonmeasure
definedin thepreviousparagraph(33 measures).Thereproducibilitywasestimatedby comparingregistrationsperformedby
differentusers(396measures).Theaverage,standarddeviationsandmaximumerrorsaregivenin table1 (in mm).

Theseresultsclearlyshow thatthemanualregistrationmethodcannotbeusedasamethodof referencein orderto validate
anautomatedalgorithmin the3DXA/MR registrationcase.

Anotherinterestingconclusionthatcanbedrawn from this experimentis thattwo matchescannotbedistinguished,in the
averagecase,by ahumanoperator, evena trainedone,if themaximumregistrationerroris below 5 mm.
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pat.#1 pat.#2 pat.#3 pat.#4 pat.#5 pat.#6 pat.#7 pat.#8 pat.#9 All
Average 0.046 0.061 0.011 0.084 0.085 0.077 0.018 0.017 0.034 0.048
Stddev 0.030 0.060 0.004 0.057 0.055 0.032 0.014 0.007 0.013 0.045

Maximum 0.090 0.137 0.016 0.161 0.158 0.114 0.034 0.027 0.049 0.161

Table2: Performanceof theframe-basedregistrationasa methodof reference(figuresaregivenin millimeters)

p. #1 p. #2 p. #3 p. #4 p. #5 p. #6 p. #7 p. #8 p. #9 All
Error 1.38 1.29 1.28 1.70 1.70 1.59 1.12 1.28 1.09 1.38

Table3: Averageerror on the framemarkersat the endof theautomaticdetectionof the framein MR (figuresaregiven in
millimeters)

4.3 Evaluation of the stereotacticframe asa methodof reference

A databaseof 9 pairsof 3DXA/MR examsacquiredwith astereotacticframe(Leksellframe)wasbuilt (8 patients).Automatic
methodswereusedto detecttheframein both3DXA andMR volumes.Nevertheless,thealgorithmusedin MR requiresthe
userto point oneof themarkerson theframe(Leksellframe).As a result,somevariability couldbeexpectedin thatmethod.
In orderto assessits extent,oneuserwasaskedto performtheframedetectionfive timeson eachMR exam.Theregistration
resultsbasedon the framedetectedwerecomparedfor eachpatientusingthemeasurementdefinedabove (10 measuresper
patient).Theaveragemeasure,standarddeviationandmaximumvaluearereportedon table2 for eachpatientandtheoverall
setof measures.

Theresultsareverygood:whenevaluatingaregistrationmethodusingthisframe-basedmatchingtechniqueasareference,
theamountof variationin theresultsthataredueto theimperfectionsof thereferencemethoddo not exceed0.1 millimeter,
which allows for a high significanceof ananalysisof variance.In conclusion,theframe-basedregistrationmethodis a good
referencemethodfor the3DXA/MR registrationproblem.

However, theseresultsdo not demonstratetheabsoluteprecisionof theframe-basedregistrationtechnique.Eventhough
theframe-basedmethodhasbeenshown to berepeatable,theremight exist somebiasor imprecisionin thedetectionof the
markers.Thedistortionsin MR arethemajorconcernhere.Luckily, theautomaticdetectionalgorithmprovidesuswith some
hint abouttheprecisionof the frame-basedregistration: theaverageerror foundon the framemarkersis givenasanoutput.
Sincethemarkersarelocatedat theperipheryof thehead,this measure,thoughnot exactly thesame,canbelinkedwith our
measurementmethod.Thesefiguresarereportedin table3. Theseresultsarenot surprisingsincethevaluesareof thesame
magnitudeasthe resolutionof theMR acquisitions(between1 and1.5 mm). However, they alsomeanthat thecomparison
measureusingtheframe-basedmethodasa referencehasno absolutesignificancewhentheerrorfounddoesnot exceed2 or
3 mm (thestandarddeviationof theerroron theframemarkerswould berequiredto assessthis moreprecisely).

5 Validation of the algorithm

5.1 Experimental setup

In theexperiment,we usedthesamesetof dataasusedto validatethestereotacticframeasa referencemethod.The initial
point wasindicatedin each3DXA volumeon thepredefinedarterybifurcation.Thehomologouspoint in MR wascalculated
by applyingthe rigid-body transformmakingthe matchbetweenthe 3DXA andMR volumesaccordingto the stereotactic
frame.We call thispoint theideal point.

A cloudof 50 pointswasgeneratedfor eachpatient,following a Gaussianrandomdistribution with a standarddeviation
of 1.5 mm: at leastonepoint in eachcloudwaslocatedat morethan5 mm from the ideal point. Thesepointssimulatean
expectedusererrorwhendefiningthe initial point prior to runningthealgorithm. Theautomatedregistrationalgorithmwas
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p. #1 p. #2 p. #3 p. #4 p. #5 p. #6 p. #7 p. #8 p. #9 All
# of failures 27/50 6/50 1/50 33/50 2/50 0/50 0/50 16/50 0/50 85/450

Averageerror 7.80 3.01 2.14 3.07 3.14 3.07 2.21 5.68 2.82 3.31
Stddev 1.39 0.19 0.15 0.28 0.43 1.82 0.28 1.54 0.26 1.74

Table4: Performancesof the automatedregistrationalgorithmcomparedwith the stereotacticframebasedmethod. Error
measures(averageandstandarddeviation)aregivenin millimetersandhavebeencalculatedbyconsideringonly thesuccessful
cases.

run for eachsimulatedpair of pointson eachpatient(450runs)andtheresultcomparedto theregistrationobtainedthanksto
thestereotacticframe,usingour measurementmethod.

5.2 Results

Thisexperimentwasdesignedto assesstheperformanceof thealgorithmin termsof precisionandrobustness.
We evaluatedtherobustnessof thealgorithmthanksto two figures.First, following theresultson themanualregistration

evaluation,we defineda successthresholdfor the algorithm at 10 mm error: trials leadingto an error above 10 mm are
consideredto have failed, othersaresuccesses.Second,the standarddeviation of the error for the successfulregistrations
providesuswith a hint abouttherepeatabilityof theautomatedalgorithm.

Theprecisionof thealgorithmwasevaluatedthroughtheaverageerrormeasuredon thesuccessfulregistrations.
Table4 reportsthevaluesobtainedfor eachpatientandtheoverall dataset. Thealgorithmsucceededwell for 6 patients

out of 9, for a generalsuccessrateof 81.1%. The precisionis very goodon the successfulpatients,around3 mm, andthe
algorithmrobust: the standarddeviation is below 0.5 mm for all successfulpatientsexcept1 (patient#6). If all successful
registrationsareincluded,theaverageerroris of 3.31mm for a standarddeviationof 1.79mm.

Patient#1presentswith a failurerateof 54%.A closerlook at thesedatashow a verybadMR imagequality, in particular
at thecarotidbifurcationwheretheMR signalis almosttotally lost. As a result,the translationestimationis perturbeda lot
andfailsmostof thetime.

Patients#4 and#8 presentwith a failure rateof 66%and32%respectively. The situationhereis different. The images
usedfor the rotationestimationshow two very closearteries(anteriorcerebralarteries).Sinceonly oneof thesearteriesis
imagedin the3DXA volume,thecriterionusedfor rotationestimationformsa surfacewith two mainlocaloptima(theartery
seenin 3DXA is alternatively associatedto oneor theotheranteriorcerebralarteryshown in MR). Thealgorithmis unableto
differentiatebetweenbothoptimaat low resolutionwhich implies that the initialization of the rotationleadsto wrongangle
values. In the caseof patient#4, the local optimaarefurther away from eachotherthanfor patient#8 which explainsthe
higherfailureratein thefirst case,whereastheiterativeoptimizationis ableto correctfor awronginitialization in thesecond
caseandlower this rate.

Finally, patient#6 showsa largestandarddeviation (1.82mm with respectto lessthan0.5mm). For this patient,1 failure
wasreported(errorabove 10 mm) but thedatashow that2 measuresareabove 9 mm, while theremaining48 measuresare
below 3.25mm. This falsepositiveexplainstheoutlier standarddeviation.

6 Discussion

In the courseof this study, we designedan original algorithm, basedon the optimizationof correlationbasedsimilarity
measures,which addressestheproblemstheapriori analysisemphasized:� initialization: the indicationof a homologouspair of pointsby theuserprovidesaneasyway to obtaina prettygood

estimatefor thetranslation;
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Automated registration of 3D XA images to MR images E. Kerrienet al� convergence: the exhaustive searchat low resolutionon the mappingsof the thick shells,enablesto get closeto the
globaloptimalrotation;� time: while wedidnotperformany specificstudyontheconvergencetime,theaveragetimefor theautomatedalgorithm
wasbelow 30seconds,while theexpertuserswhocontributedto thevalidationof themanualregistrationasa reference
method,statedthata minimumtime of 15 minuteswasrequiredto performit on simplecases,with anaveragetime of
30 minutes.

Theautomatedalgorithmwasevaluatedagainstaframe-basedregistrationmethodonasetof clinical data(9 patients).Our
algorithmpresentedwith agoodsuccessrateandverygoodperformancesin termsof precisionandrobustness:themaximum
registrationerror is below 4 mm with a standarddeviation of lessthan0.5 mm. Giving the intrinsic error estimatedon the
stereotacticframearount1 to 1.5mm,this resultmakesour algorithmavalid way to perform3DXA/MR registration.

As a conclusion,the algorithmwe describedin this paperis very promisingfor 3DXA/MR registration. However, our
validationprocedurepinpointedsomeremainingissues.The most importantonethat still needsto be addressedin further
improvementsconcernsthemanagementof local optimain theoptimizationof the rotation. Two waysareunderstudy. On
onehand,thetophatoperatorperturbsthecorrelationsurface:otherhigh-passfiltersshouldbelookedover. Ontheotherhand,
the low resolutionimageis obtainedvia a bilinear interpolation. Local optimashouldbe betterwiped out usingGaussian
smoothingfilter to lowerdown theresolutionof images.

References

[1] R. Anxionnat,S. Bracard,J. Macho,E. da Costa,R. Vaillant, L. Launay, Y. Trousset,R. Roméas,andL. Picard,“3D
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