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Abstract

An automatealgorithmfor framelesgegistrationof intra-cranial3D X-ray angiogramg3DXA) to MagneticResonance
(MR) imagesis describedand evaluated. The registration procedurestartswith the manualdesignationof a pre-defined
anatomicapointin bothmodalities.Then,theregistrationis performedhroughaniterative processhatalternatvely estimates
therotationandtranslatiorusinganoriginal correlationoptimizationscheme The evaluationprocedurémplied comparisons
with bothmanual(11 casespandstereotactidramebased9 cases)egistration. Theresultsencompasthatmanualkegistration
is notaviablemethodof referencdor registeringsuchvolumeswhereastereotactiérame(or equivalentmeans)s acceptable
for validationpurpose A maximumerrorof 4 mmwasmeasuredor our automatedlgorithmwhile variationsof upto 5 mm
wereconsiderean theinitial pointlocation. Corvergencetime wasbelov 1 minutewhile anaveragetime of 30 minuteswas
requiredto performmanualregistration.This validationprocedurelemonstratea goodprecisionfor theautomatedilgorithm
whencomparedo a stereotactidramebasedmatching.Suchanalgorithmcould male theintra-cranialpathologyassessment
morereliable,enableframelessadiotherap planningof AVMs in 3D, easebiopsyplanningin neurosugery or be helpful for
educationapurpose.

Keywords 3D X-ray angiographyMagneticResonancémaging,registration

1 Intr oduction

In the courseof their dayly practice,interventionalneuroradiologistandneurosugeonsmake useof mary differentimaging
modalitiesto diagnosepathologiesreatthemandfollow the patientsup. In particular the vascularpathologiessuchas
aneurysmsarterio-\enousmalformationgd AVM) or fistulae,or relatedpathologiessuchasintra-cranialtumors,demandhat
the sugeonhasa preciseknowledgeof thevasculaturethetissuessurroundinghe pathologyandthe functionalrole of these
regions. Sinceno singlemodality is ableto provide all this informationat once,the simultaneousnalysisof multiple types
of imagesis required.As aresult,the needfor registrationalgorithmsis becomingmoreandmorecrucial for the healthcare
community especiallyfor the managementf neuropathologies.

Digital SubtractedAngiography(DSA) imagesarethe cornerstonef interventionalneuroradiology Lately, neuroradi-
ologistshave beenusingin clinical routine Three-dimensionaX-ray Angiography(3DXA) imagesof the brainvasculature.
Suchvolumetricimageshave beenprovento bring an actualsupplementaryelpto the physician[1, 2]. Eventhoughsome
studiesarestill neededmary previousworksareavailablein aview to performtheregistrationof aDSA imagewith a3DXA
volume[3, 4, 5, 6, 7]. While DSA and3DXA providevery preciseandcompletenformationonboththeanatomo-morphology
of thevasculaturendthe hemodynamicsno knowledgeof theintra-cranialtissuescanbe extractedfrom suchimages.

On the otherhand,MagneticResonancéMR) imagingis a powerful and uniquetool that providesimageswith a very
goodspatialresolutionandan excellentcontraston the soft tissuesof the brain. However, the analysisof the vasculaturdés
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hinderedby distortions,flow effectsandthe spatialresolutionis still not high enough. Dedicatedimaging protocolswere
developedto tacklepartof theseproblems(MagneticResonancéngiography MRA) but the pricefor thesemprovementss
thelossof contrasion thebraintissue.

Theability to registera 3DXA volumeandan MR examwould thereforehelp performanaccuratediagnosisof avascular
diseaseand provide completeinformationto the neurosugeonsto treatit. Furthermore numerouswvorks describewaysto
matchMRI datawith Computedlfomography{CT) volumes PositronEmissionTomography(PET)or SinglePhotonEmission
ComputedlfomographySPECT)acquisitionsandintra-craniaEchographyfUS)images.As aconsequencehe MR modality
appearsasa footbridgeto be usedto matchmary imagingmodalities,including 3D XA.

2 Material and Methods

2.1 Images

3DXA volumesarereconstructedisinga tomographyalgorithmbasedon a setof about50 DSA images.This setof images
is acquiredon a standarcdbpenC-arm(LCN+, GE Medical Systemsperforminga rotationof about200 degreesaroundthe
patients headwhile a contrastdyeis injectedin the arteryof interest.Reconstructionsf bothinternalcarotidandvertebral
arteriesarebeingconsidered.

The choicefor the MR acquisitionprotocolwasguidedby two constraints:

¢ in orderfor suchimagesto beof interestthey have to shov agoodcontrastfor the brainsofttissues

e sincea 3DXA volumeonly depictsthe vasculaturalependingon the injectedartery the bestpossibleaccurag on the
brain vasculaturevaslooked for so asto provide the registrationalgorithmwith someinformationcommonto both
modalitiesunderstudy

As previously stated MRA cannotcomply with thefirst requirementAs aresult,we electeda T1 weightedprotocol(giving
good contraston the brain tissue)enhancedy an intra-venousinjection of gadolinium(highlighting the vasculature).MR
imageswereacquiredon two differentsystemgSignal.5T, GE Medical Systemsand MagnetomSympholy, SiemensAG)
to accountfor possiblevariationsin imagecharacteristicsHigh resolutionimages(512x512or 256x256matrix with a slice
thicknes=f 1.5 mm)wereused.

2.2 Registration techniques

Distortionsin MR areknown to be a potentialproblem.However, sincetheimagedportionof thebodyis relatively small(the
head),we choseto ngglecttheir possibleimpacton the registration. This mono-patientegistrationproblemcanthereforebe
seenasthe searchfor arigid-body transform. Basically threegroupsof methodscanbe looked over: point-basedfeature-
basedandvoxel-basedegistrationalgorithms.

Theuseof externalmarkerspresentsnary dravbacks especiallyin termsof a highercompleity for the dataacquisition
andtheimpossibilityto performretrospectie registration.On the otherside,manualregistrationis particularlytediousin our
casedueto thedifficulty to identify vesselsn MR.

Sinceonly bloodvesselsrevisiblein a3DXA volume,afeature-baserkgistrationmethodwould requirethe sggmentation
of vesseldn bothmodalities.If this stepwould beratherstraightforvardin 3DXA, thedifficulty of thetaskin a T1 weighted
MR imageis demonstratetly thelack of scientificwork concerninghis MR protocolon oneside,and,on the otherside,the
mary differentsolutionsstudiedalongthe pastfew yearsto achieve this goalin MRA acquisitionswhich yetdepicttheblood
vesselsn aratherclearmannel8, 9, 10, 11].

Differentrobustsimilarity measurefave beendefinedwhosepower hasbeendemonstratefbor registeringMR, CT, PET
and SPECTimages[12, 13, 14, 15. If thesemodalitiesshov sometimesmportantdiscrepang, the depictionof global
structuressuchasthe skull, the cortex or the ventriclesin all of thembacksup the efficacy of suchcriteriain the neurocase.
Similarity measureseemedhe bestavailable methodsto perform3DXA/MR registration. However, 3 problemshadto be
solved:
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e initialization: thevasculaturas literally drownedamidstthe massof informationregardingsofttissuesn MR, which
requiresa hint aboutwhereto find it in this modality;

e cornvergence:thetree-shapef thevasculaturgyeneratesumeroudocal optimafor the similarity measure;

e time: 3DXA volumesarecodedona512x 512x 512voxelscubeandMR volumesarecomposeaf either124or 174
imageswhich arecodedon a512x 512 or 256 x 256 matrix. This hugevolumeof datahadto be processedh avery
shorttime (lessthan3 mn) for thealgorithmto be acceptablén a clinical ervironment.

In the next section the algorithmwe designedo overcometheseproblemsis described.Section4 reportsthe studythat
was madeto validatethe useof a stereotactidrame andto rejectthe manualregistrationasa methodof referencefor the
matchingof a 3DXA volumewith an MR acquisition. Section5 providesthe resultsof the evaluationof our registration
algorithmin comparisorwith thetechniqueusinga stereotactidrame.

3 Registration algorithm

3.1 Initialization and hypothesis

Theidentificationof a vessebifurcationon the circle of Willis is very easyin MR aswell asin 3DXA. This providesafast
andeasywayto initiate theregistration:theinternalcarotidbifurcationmustbeindicatedin the casewheretheinternalcarotid
arteryis showvn on the 3BDXA volume,andthetip of the basilartreehasbeenchosernin the casewherea vertebralarterywas
injected.

As aresult,we canconsiderwe have a goodestimationof the translationpartof the registration: an error of lessthan3
mm shouldaffectit (the sizeof theinternalcarotidarteryis about4-5 mm). Besidestherotationis unknown but, exceptfor
very exceptionalcasesits angleshouldbe within +30degrees.

Two otherproblemsneedto be addressed On one hand,the corvergencepropertiessuffer from the sparsenessf the
vasculaiinformationin the volumes.On the otherhand,the corvergencetime is likely to be long, dueto the amountof data
to processAs aconsequencehe philosophythatwe followedin designinghealgorithmconsistedn reducingthe amountof
data,throughreducingtheir dimensionalitywhile preservingherelevantinformation.

3.2 Rotation estimation

Let's first assumethat the translationis perfectly known throughthe knowledge of a pair of homologouspointsin both
modalities(userdefined). The rotationremainsto be recovered. Let's call a thick shell ary setof voxels locatedbetween
two spheresenterecn the homologougair of points. Any suchsetis globally invariantunderary rotationcenteredn this
pair of points. We extractin both modalitiesonesuchsetwhich we truncateby remaoving a conein the directionof the nose:
sinusesshaw a contrastuptale in MR, which createsa large zonein hypersignathat attractsthe arteriesin the optimization
processFigurel depictssuchthick shellsin a3DXA andanMR volumes.

In bothsetsof voxels,arteriesappeain hypersignalln asecondstep,aradial Maximum IntensityPixel (MIP) projection
of eachthick shellontotheir externalsurfaceis performedfigure2(a)). Thesetwo stepsallow for adramaticreductionof data
(voxelsselectionin athick shellandprojectionontoa surface)while preservingelevantinformation(radial MIP projection).

A planarmappingof the externalspheresvasusedto storetheinformationresultingfrom the MIP projectionasregular
images.Eachtruncatedspherecanbe spannedy two angles:0 varyingin [—Tt, 1 aroundthex axisand¢ varyingin [0, dmax
(seefigure2(b)). A straightforvardrepresentatiomould be to definepixel coordinategi, j) suchthati 68 andj O ¢. This
representatioentailsimportantdistortionsand,asa result,disbalanceshe amountof contribution of eachareaof theimage
in the calculationsof the similarity criterion. A so-called‘polar” representatiowaspreferred:the origin beingatthe center
of theimage,B is thepolaranglein theimageplaneand¢ is proportionalto the modulus(seefigure 2(b)).
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(a) 3DXA (b) MR

Figurel: Thick shellextraction

(a) MIP projection of a thick (b) Mappingof the externalsurfaceontoaplane
shellonits externalsurface

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

Figure3: Exampleresultsof the mappingof thick shellsin 3DXA andMR

If we considera point P = (x,y,2) on the external sphere. The radiusof the sphereis unimportant. As a result, the
correspondingixel (i, j) is determinedy (N is the sizeof theimagein pixels):

¢ = arccog—x) ) N )
X = —cpsd: cosH — _.L =3 (1+ ¢maxcose)
y = -sinpcosh & sind = N b (1)
z = singsind sing = % =3 (1— sine)
smd) max

In thecasewhere¢ = 0, cost andsin® areundefinedbut the singularityis easilyovercomeby settingthecorrespondingixel
atthecenterof theimage
Theinverseformulaecanbe determined:

¢ = Pdmax
: 2 : 2 1/2
3P ontheexternalsphere< {pzz (% - 1) + (% - ) } <12 €O P (N h ) 2)
sin = % (% - )

Onceagain.theseformulaearenot determinedat the centerof theimage(p = 0) but the caseis easilyovercome.

Thesedirectandinverseformulaeallow for a simplecalculationof thewarpingimpliedin theimageplaneby arotationof
theexternalspherepixel (i, j) in theimagecorrespond$o point(x,y,2) (inverseformulae)whichis rotatedto point (X,y',Z)
whichitself correspondso pixel (i’, j') (directformulae).

An exampleof the imagesobtainedthroughthis processs shaovn on figure 3(a) and 3(b): they appearasseenby an
obsenerwith a2¢nax vision angle locatedat the centerof thethick shells.We canseethattheimagesarestill somavhatdif-
ferent.In orderto enhanceheir similarity, a simpletophatoperatoiis applied,leadingto imagesasshovn onfigure 3(c). The
rotationis recoveredby optimizing the centerechormalizedcross-correlatiometweenthe images while spanningwarpings
correspondingo rotationsin the 3D space.

3.3 Translation estimation

Now assumingve have a goodestimateof the rotation,the errorin the manualinitialization of the translationmustbe cor-
rected.In thatcase thereis no needfor knowing the whole volumeinformationto estimatethe translation:a subvolume, if
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__-_'

(a) Axial (b) Coronal (c) Sagittal (d) Axial (e) Coronal (f) Sagittal

Figure4: Exampleresultsof MIP projectionsof subcubedn 3DXA (3 ontheleft) andMR (3 ontheright)

correctlychosenshouldbe enough.Sincethe homologouspair of pointis requiredto correspondo somearterybifurcation,
thelocal shapeof thearteriesconstraintghetranslatiorto auniquevalue.As aconsequence sub-cubes extractedsurround-
ing the manuallyindicatedpoints: the cubedimensionsare chosenso thatthe bifurcationis fully containedn the sub-cube
andsothatasmallerrorontherotationcanhardlybedetected.

Onceagain,the amountof datais further reducedwhile keepingall relevantinformationregardingarteries thanksto a
MIP projectionof the cubealongthreeorthogonalirections:axial, sagittalandcoronal. Examplesof theimagesobtainedare
shavn on figure 4. Sincethe analysisis madelocally, the backgroundn MR is ratheruniform. This resultsin very similar
imageghatdo notrequireary pre-treatment.

Thesimilarity criterionwe useds thesumof thethreecross-correlatioscorescalculatedor theaxial, sagittalandcoronal
imagegespectiely. Thetranslationis recoseredwhenthis criterionis maximal.

3.4 Algorithm scheme

The Euleranglesareusedasparametersor the optimizationstepsof the rotationestimation.Thethick shellsaredefinedas
lying betweenspheresenteredn the homologouspair of pointswith radii of 20mmand40mm. A valueof 150degreesis
usedfor dmax. Thetranslationvectoris usedasparametergor the translationrecovery. Sub-cube®f 16mmx16mmx 16mm
areextracted.Theoverall algorithmschemads the following:

e initialization: theuseris asledto pointthe choserarterybifurcation(internalcarotidbifurcationor tip of the basilar
artery)in both 3BDXA andMR. This providesaninitial translationand centerpointsfor the rotation. The rotationis
estimatedhroughan exhaustve searchof the optimal criterion scorebetweernow resolutionimagesof the thick shells
(N = 64) while eachanglevaluevaryin [—30,30] degreeseach5 degrees.

e optimization: thetranslationandrotationareestimatedn turn overthreeloops.

— translation: thesimilarity criterionis the sumof thethreecross-correlatioscoresbetweertheaxial, sagittaland
coronalimagesof the sub-cubegespectiely. The cross-correlatiorscoresare establishedn the Fourier space,
which allows for afastexhaustve optimizationof the criterion: translationcomponentsiresearchedor in [—5, 5]
mmin afirst step,theamplitudebeingdividedby 2 at eachloop.

— rotation; thesimilarity criterionis thenormalizedcentereatross-correlationTheoptimizationis performedusing
a hill-climbing schemealsousedby Studholmeto optimizeentropy-basecdcriteria[13], which presentsvith very
interestingcorvergencetiime. Theinitial stepfor the searchs 5 degreesdividedby 2 ateachloop. The projected
imagedimensionsncreaseat eachloopfrom N = 128to N = 256 (last2 loops).

The averagecomputationtime wasestimatedo be around30 secondgnot countingthe time necessaryo load the volumes
andmanuallyindicatetheinitial pair of points),but no systematianeasurementaereperformedsincethis time appearedo
befarbelov our requirement$¢3 mn).
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Repeatability| Reproducibility| Al
Averageerror 4.48 4.94 4.85
Standardieviation 3.08 3.75 3.62
Maximumerror 11.35 17.03 17.03

Tablel: Performancef the manualregistrationasa methodof referencefiguresaregivenin millimeters)

4 Determination of aregistration method of reference

Prior to be ableto validatethis algorithm, we first needto definea measuremennethodthat enableghe comparisorof the
resultsof two differentregistrationschemesThen,a methodof referencanustbe determinedIn this regard,two point-based
techniquesvereexamined:thefirst requireshemanualdefinitionof pairsof homologousgointsin bothmodalities thesecond
is basedon a stereotactidrame.

4.1 Measurementmethod

Sincea priori theregion of interestwherethe pathologylies in theimagess unknowvn, we wish to beableto provide anupper
limit onthe errordoneover the whole volumeof interest. This volumecanbelimited to theregion of supportof the 3DXA,
which representanintra-cranialarteryand,assuch,is alwayscontainednsidetheregionimagedin the MR volume.

As a consequencehe measureof comparisorbetweentwo registrationresultsis definedasthe maximumregistration
error performedon the 8 cornersof the cubeenclosingthe 3DXA volume (whosesideis approximatelyl5 cm). In other
words,if the (Ci)ic(1..; arethe8 cornersof thecube,theerrorbetweertwo registrationresultsD; = [R|T1] andDz = [Ry|T2]
is:

£(D1,D2) = ieTlaé}{”qu +T1—RCi — T2} 3)

4.2 Evaluation of the manual registration asa method of reference

The manualregistrationallows for retrospectie registrationand do not requirearny specialsetupprior to dataacquisition.
Thesepropertiesmake sucha methodvery attractve for validationpurpose However, this techniqueas very proneto error, in
particulardueto alack of pointsandhumanerrorsin determininghomologougoints.

In orderto evaluateif themanualmethodcouldbetrustedin the 3aDXA/MR registrationcase anexperimentwassetup:

¢ 11 pairsof exams(3DXA/MR) wereselectedvhich presentedvith variouspathologiegarterio-\venousmalformations,
aneurysmsintra-cranialstenoses);

o threeexpertusersamongwhich 2 seniorneuroradiologist$EK, RA andOL) wereasledto performa manualregistra-
tion on eachcaseby indicating5 pairsof homologouspoints;

e eachuserwasrequiredto performtwo manualregistrationson eachcase:afirst passvasmadeoverthewholesetof 11
patientsthena secondpass.

The repeatabilitywas estimatedoy comparingregistrationsperformedby the sameuserusingthe comparisormeasure
definedin the previous paragrapi{33 measures)Thereproducibilitywasestimatedy comparingregistrationsperformedby
differentusery(396 measures)The average standardleviationsandmaximumerrorsaregivenin tablel1 (in mm).

Theseresultsclearlyshav thatthe manualregistrationmethodcannothe usedasa methodof referencen orderto validate
anautomatedhlgorithmin the 3BDXA/MR registrationcase.

Anotherinterestingconclusionthatcanbe dravn from this experimentis thattwo matchesannotbe distinguishedin the
averagecase py ahumanoperatorevenatrainedone,if themaximumregistrationerroris belov 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: Performancef theframe-basedegistrationasa methodof referencgfiguresaregivenin 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 | 159 | 1.12 | 1.28 | 1.09 | 1.38

Table3: Averageerror on the framemarkersat the endof the automaticdetectionof the framein MR (figuresaregivenin
millimeters)

4.3 Evaluation of the stereotacticframe asa method of reference

A databasef 9 pairsof 3DXA/MR examsacquiredwith a stereotactidrame(Leksellframe)washuilt (8 patients).Automatic
methodswereusedto detectthe framein both3DXA andMR volumes.Neverthelessthe algorithmusedin MR requiresthe
userto pointoneof the markerson the frame (Leksellframe). As aresult,somevariability could be expectedn thatmethod.
In orderto asses#s extent,oneuserwasaslkedto performthe framedetectionfive timeson eachMR exam. Theregistration
resultsbasedon the framedetectedverecomparedor eachpatientusingthe measuremerdefinedabove (10 measureper
patient). Theaveragemeasurestandardieviation andmaximumvaluearereportedontable2 for eachpatientandtheoverall
setof measures.

Theresultsareverygood: whenevaluatingaregistrationmethodusingthis frame-basedhatchingeechniqueasareference,
the amountof variationin the resultsthataredueto theimperfectionsof the referencenethoddo not exceed0.1 millimeter,
which allows for a high significanceof ananalysisof variance.In conclusionthe frame-basedegistrationmethodis a good
referencanethodfor the 3BDXA/MR registrationproblem.

However, theseresultsdo not demonstrat¢he absoluteprecisionof the frame-basedegistrationtechnique.Eventhough
the frame-basedanethodhasbeenshavn to be repeatabletheremight exist somebiasor imprecisionin the detectionof the
markers. Thedistortionsin MR arethe majorconcerrhere.Luckily, theautomatiadetectioralgorithmprovidesuswith some
hint aboutthe precisionof the frame-basedegistration: the averageerror found on the framemarkersis givenasan output.
Sincethe markersarelocatedat the peripheryof the head this measurethoughnot exactly the same canbelinked with our
measuremennethod. Thesefiguresarereportedn table3. Theseresultsarenot surprisingsincethe valuesareof the same
magnitudeasthe resolutionof the MR acquisitiongbetweenl and 1.5 mm). However, they alsomeanthatthe comparison
measuraisingthe frame-basednethodasa referencenasno absolutesignificancevhenthe errorfound doesnot exceed?2 or
3 mm (the standardieviation of the error on the framemarkerswould berequiredto assesghis moreprecisely).

5 Validation of the algorithm

5.1 Experimental setup

In the experiment,we usedthe samesetof dataasusedto validatethe stereotactidrameasa referencemethod. Theinitial
pointwasindicatedin each3DXA volumeon the predefinedarterybifurcation. The homologougointin MR wascalculated
by applyingthe rigid-body transformmaking the matchbetweenthe 3DXA andMR volumesaccordingto the stereotactic
frame.We call this pointtheideal point.

A cloudof 50 pointswasgeneratedor eachpatient,following a Gaussiarrandomdistribution with a standarddeviation
of 1.5 mm: at leastonepointin eachcloud waslocatedat morethan5 mm from the ideal point. Thesepointssimulatean
expectedusererrorwhendefiningtheinitial point prior to runningthe algorithm. The automatedegistrationalgorithmwas
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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 | 221 | 568 | 282 | 331
Stddev 139 | 019] 0.15| 028 | 043 | 1.82| 0.28 | 154 | 0.26 | 1.74

Table4: Performancesf the automatedegistrationalgorithm comparedwith the stereotactidrame basedmethod. Error
measuregaverageandstandardieviation)aregivenin millimetersandhave beencalculatedy consideringonly thesuccessful
cases.

run for eachsimulatedpair of pointson eachpatient(450runs)andtheresultcomparedo theregistrationobtainedthanksto
the stereotactidrame,usingour measuremennethod.

5.2 Results

This experimentwasdesignedo assesshe performancef the algorithmin termsof precisionandrobustness.

We evaluatedthe robustnes®f the algorithmthanksto two figures. First, following the resultson the manualregistration
evaluation,we defineda successhresholdfor the algorithmat 10 mm error: trials leadingto an error above 10 mm are
consideredo have failed, othersare successesSecondthe standarddeviation of the error for the successfutegistrations
providesuswith a hint aboutthe repeatabilityof the automatedlgorithm.

The precisionof thealgorithmwasevaluateadthroughthe averageerrormeasurean the successfutegistrations.

Table4 reportsthe valuesobtainedfor eachpatientandthe overall dataset. The algorithmsucceededvell for 6 patients
out of 9, for a generalsuccessateof 81.1%. The precisionis very goodon the successfupatients,around3 mm, andthe
algorithmrobust: the standarddeviation is below 0.5 mm for all successfupatientsexceptl (patient#6). If all successful
registrationsareincluded,theaverageerroris of 3.31mm for a standardeviation of 1.79mm.

Patient#1 presentsvith afailurerateof 54%. A closerlook atthesedatashav avery badMR imagequality, in particular
atthe carotidbifurcationwherethe MR signalis almosttotally lost. As aresult,the translationestimationis perturbeda lot
andfails mostof thetime.

Patients#4 and#8 presentwith a failure rate of 66% and 32%respectiely. The situationhereis different. Theimages
usedfor the rotation estimationshav two very closearteries(anteriorcerebralarteries). Sinceonly oneof thesearteriesis
imagedin the 3DXA volume,thecriterionusedfor rotationestimationformsa surfacewith two mainlocal optima(the artery
seenn 3DXA is alternatvely associatetio oneor theotheranteriorcerebrakrteryshavn in MR). Thealgorithmis unableto
differentiatebetweenboth optimaat low resolutionwhich implies that the initialization of the rotationleadsto wrong angle
values. In the caseof patient#4, the local optimaare further away from eachotherthanfor patient#8 which explainsthe
higherfailureratein thefirst case whereagheiterative optimizationis ableto correctfor awronginitialization in the second
caseandlowerthisrate.

Finally, patient#6 shavs a large standarddeviation (1.82mm with respecto lessthan0.5 mm). For this patient,1 failure
wasreported(errorabove 10 mm) but the datashow that 2 measuresareabore 9 mm, while theremaining48 measuresre
below 3.25mm. Thisfalsepositive explainsthe outlier standardieviation.

6 Discussion

In the courseof this study we designedan original algorithm, basedon the optimizationof correlationbasedsimilarity
measureswhich addressethe problemsthea priori analysissmphasized:

e initialization: theindicationof a homologougair of pointsby the userprovidesan easyway to obtaina pretty good
estimatefor the translation;
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e corvergence: the exhaustve searchat low resolutionon the mappingsof the thick shells,enablego get closeto the
global optimalrotation;

¢ time: while wedid notperformary specificstudyonthecorvergencdime, theaverageimefor theautomatealgorithm
wasbelov 30 secondswhile theexpertusersvho contributedto thevalidationof the manualregistrationasareference
method statedthata minimumtime of 15 minuteswasrequiredto performit on simplecaseswith anaveragetime of
30 minutes.

Theautomatedlgorithmwasevaluatedagainst frame-basedegistrationmethodonasetof clinical data(9 patients).Our
algorithmpresenteavith a goodsuccessateandvery goodperformanceg termsof precisionandrobustnessthe maximum
registrationerroris belov 4 mm with a standarddeviation of lessthan0.5 mm. Giving the intrinsic error estimatedon the
stereotactiéramearountl to 1.5 mm, this resultmakesour algorithmavalid way to perform3DXA/MR registration.

As a conclusion,the algorithmwe describedn this paperis very promisingfor 3DXA/MR registration. However, our
validation procedurepinpointedsomeremainingissues. The mostimportantone that still needsto be addressedh further
improvementsconcernghe managementf local optimain the optimizationof the rotation. Two waysareunderstudy On
onehand thetophatoperatomperturbshe correlationsurface:otherhigh-pasdilters shouldbelookedover. Ontheotherhand,
the low resolutionimageis obtainedvia a bilinear interpolation. Local optimashouldbe betterwiped out using Gaussian
smoothingfilter to lower down theresolutionof images.
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