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Abstract

During aninterventionalneuroradiologyexam, knowing the exactlocationof the cathetetip with re-
spectto the patientcandramaticallyhelpthe physician.An imageregistrationbetweerdigital subtracted
angiographyDSA) imagesandavolumic pre-operatie image(magnetiacesonancer computedomog-
raphyvolumes)is away to infer this importantinformation. This mono-patientmultimodality matching
canbe reducedto finding the projectionmatrix that transformsary voxel of the volume ontothe DSA
imageplane. This modelizationis unfortunatelynot valid in the caseof distortedimages,which is the
casefor DSA images.

A classicalangiographyroom cannow generate8D X-ray angiographwolumes(3DXA). Sincethe
DSA imagesare obtainedwith the samemachine,it shouldbe possibleto deducethe projectionmatrix
from the sensodataindicatingthe currentmachineposition.

We proposean interpolationscheme associatedo a pre-operatie calibrationof the machinethat
allows usto correctthe distortionsin theimageat ary positionusedduringthe examwith a precisionof
onepixel. Thereafterwe describesomecalibrationproceduregndan associateanodelof the machine
thatcanprovide uswith a projectionmatrix atany positionof themachine.

Thus,we obtaina machine-base@iD DSA/3DXA registration. The misregistrationerrorcanbelim-
itedto 2.5mmif thepatientis well centeredwvithin thesystem.This erroris confirmedby avalidationon
aphantomof thevasculartree. This validationalsoyieldsthattheresidualerroris atranslationin the 3D

space.
As aconsequenceheregistrationmethodpresentedh this papercanbeusedasaninitial guesgo an

iterative refiningalgorithm.

Keywords: Digital Subtractedingiography 3D X-ray angiographymultimodality, distortioncorrec-
tion, camerecalibration.

1 INTRODUCTION

In interventionalneuroradiologyit is of highestimportancethatthe physicianknows atany momentwhere
the catheterlies in the body of the patientwith a millimetric precision. This information might be de-
ducedfrom digital subtractecangiography(DSA) imagesthatthe radiologistwould relateto pre-operatie
magnetiocesonancéMR) or computedomography(CT) imagesthanksto his/heranatomicaknowledge.

Many studiesaim at automaticallyperformingthis mono-patientmultimodality registration. The gen-
eralproblemis to find arigid transformationn the caseof 3D/3D registrationor a projectionmatrix in the
caseof 2D/3Dimagematching.Threegroupsof solutionsarise:useof externalmarkers(stereotactiédrame
[6, 9]; bulletsmadeof leador filled with gadolinium gluedon thepatients skin[11], etc.),useof internalor
anatomicamarkers(extractionof imageprimitives: points[7], curves[1, 5], surfaceq3, 6, 10] which are
matchedafterwards),optimizationof voxel similarity measure§[2, 6, 14, 15]). Pre-processing necessary
in orderto at leastcorrectdistortionsthat one may encounteiin mary medicalimaging modalities(DSA
[8], MR [6, 16]).

Thetechniguesisingexternalmarkerseitherareconstrainingor thepatientor lack of precision put they
constitutethe gold standardor imageregistration. The detectionof internalmarkersrequiresa high level
of repeatabilityaccrosglifferentmodalitiesbut the associatedlgorithmsarefastsincethey areworking on
a relatively small numberpoints. Voxel similarity measuresmieedimageswith a high informative content
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(CT, MR) but they aremorerobustsincethey considerthe whole volumedata.Globally, suchregistrations
remainlimited to a pre-or post-operatie use.

In interventionalneuroradiologythefirst intra-operatve multimodality actionconsistgn attemptingto
locatethecathetetip within a3-dimensiona(3D) angiographymage.Thiskind of volumehasaveryweak
informative contentsinceit shavs only bloodvesselsTheinformationlies morein thedisplayedstructures
thanin thevoxelsvalues.RegistrationschemesvereproposedetweerMR angiographfMRA) andDSA
thatusedthefirst two groupsof methodq1, 5, 10, 11]. The CT angiography(CTA) doesnot carryamuch
betterresolutionthanMRA but is closerto DSA, sinceit is alsobasedntheinjectionof a contrastproduct
whichis opaqueo X-rays. Today we canbuild 3D X-ray angiographywolumes(3DXA) from DSAimages
obtainedwith aclassicalangiographyroom.

The 3DXA/2DDSA registrationproblemis slightly differentin the sensehatbothimagesareacquired
with the samemachine andwithout the patientto be displacedbetweernhe two acquisitions.We studied
the possibility to definea modelfor the machineanduseit to infer a 3D/2D registration.We shovedthata
submillimetricprecisioncould not be obtainedandthereforethis solutioncould not be usedwithin a clini-
cal application.However, we could determinethe physicallimits to sucharequiredprecisionandhighlight
theimportantparameterso be especiallylooked afterwhendesigninga machine.Furthermorethe preci-
sionthat sucha matchingbroughtwasenoughto be usedasan initial guessfor aniterative improvement
algorithm.

1.1 Description of the angiography machine

Theangiographyleviceis abiplanangiographyystem_.CN+ (GeneraElectricMedical Systems)We only
studiedthe frontal plane. We canmake out threeseparatarts. The X-ray tube andthe imageintensifier
(I) aregatheredn theimage chain. ThetubeemitsX-raysthatthell receivesafterthey have gonethrough
the patients head. A digital imageis createdandsentto animagevisualizationdigital desk. The Il may
be broughtcloseror fartherfrom the tube,a field of view (FOV) may be choserandtheimageresolution
changed512 or 1024 imagematrix). Theimagechainis mountedon a C-armin orderto changethe
orientationof theimagechainwith respecto the patient. This orientationis classicallydescribedhanksto
two "anatomical’angles(cranio-caudaandright-left) but is physicallydecomposeéh threerotationaxis
(L, C, P;cffigurel). SincetheL angleis of little interestfor interventionalneuroradiologywe decidednot
to takeit into accountin our study

Figurel: Angiographymachineandanatomicabngles

Thepatientlies on atablethatmaybetranslatedhlongthreeorthogonalirections:lateral(Lt), longitu-
dinal (Ln) andheight(Ht). This machineproducedDSA projectiveimagesbut it may alsogenerate8SDXA
volumes. The C-armturnsat high speedaroundthe patients head(rotationalongthe P axis, called spin
acquisition)while the systemtakesabout50 DSA imagesat differentpositions. Theseimagesare usedas
inputsto a tomographyalgorithmwhich builds a 3DXA volume[18]. The size of a voxel within sucha
volumeis 0.3 mm which thusenableshe physicianto seearterieswith aninternaldiameterdesserthan1
mm.

In this study we shall only use512 imagematricessince3DXA volumesare512° andarebasedon
suchimages.We shall consider3 FOV dimensions:30 cm (12 inch), 22 cm (9 inch) and 16 cm (6 inch).
In thesecasesijf the distancebetweerthe Il andthe tube (sourceto imagedistanceSID) is suchthatthe
magnificationfactoris about1.7, an error of onemillimeter will be translatedn the imageplaneinto an
approximateerrorof (respectiely): 3, 4 and5.5 pixels.
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1.2 Model of the angiography machine

We usea decompositiorwhich is classicalin vision: distortion/conicprojection[12, 17]. This approach
wasalsoadoptedior 3DXA [18]. A grid, formedby barsopaqueto X-rays, is usedin orderto estimate
thedistortionfield: at every node(intersectionof two grid bars)the distortionis evaluated.The distortion

field for thewholeimageis thendeterminedy interpolation[8]. Theconicprojectionis expressedhanks
to a3 x 4 matrix [17]. It is calibratedon a phantom(helix) designedor a 3DXA calibration[13]. Both

phantomsareshaownin figure2.

Figure2: Distortedimageof the grid andcorrectedmageof the helix (FOV 30cm)

The sourceof Il distortionshave beenextensiely studiedin Il physics. They mainly dependon the
curvatureof the entrancewindow and the orientationof the Il with respectto the local magneticfield.
Distortionsmustbe correctedor ary imagechainposition,with a protocollessstringentthanthe protocol
usedfor stereotactidSA exams[4]. We proposein section2 to usethe grid on a finite (small) number
of positionsto determinethe distortionfields in theseorientationsbeforethe exam begins andinfer the
distortionfield in the currentpositionfrom themduringthe exam.

In section3, we describea modelof the movementf themachinewhich relatesdatagivenby sensors
to theconicprojectionin the currentposition. As statedn theintroduction,oncethe distortionshave been
correctedpre-processing}he conic projectionprovidesuswith a 2D/3D angiographyegistration.

Lastly, we relate somevalidation madeon a specific phantomand assesghe precisionthat can be
expectedusingsucharegistrationmethod.

2 DISTORTIONS

Thedistortionshave a variablecomponentvhich depend®nly ontheorientationof thell. As aresult,they
vary accordingto anatomicalangles. If we obsene grid imagesduring a spin acquisition,we noticethe
distortionsevolve in a slow andsmoothway. We thenmay be ableto determinethemusinga low degree
interpolation. The estimationof the distortionfield is basedonly on the positionsof the grid nodesin the
image.Theinterpolationwill concernthesepositions.We call a theleft-right angleandf3 the cranio-caudal
angle. The anatomicalpositionsthe C-arm may reachis limited to a € [-90,90] and € [—40,40] in
degrees.

Theerrorwe useis the Euclidiandistancebetweertheinterpolatedhositionof anodeandthe obsened
one.We canthereforecalculatethreedifferenterrors:

o theaverageerror: meanof all errorsfor all nodesn all images
e themaximumerror: maximumof all errorsfor all nodesin all images

e themaximumaverageerror: maximumof the averageerrorscalculatedor eachimage
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In orderto estimatesucherrors,we take imagesof the grid at differentanatomicapositions.We usesome
of themto interpolatethe otherones.Theerrorsonly take into accountinterpolatedmages.

Quadraticinterpolationwas chosen. Differentinterpolationcontrol positionswere tried out. This
shavedthatwe hadto usethe positionsthatlie on thelimits of the parametespacethe quadratidnterpo-
lation usinga = —90,0,90 led to a maximumerror of lessthanone pixel in 30 cm FOV. Otherpositions
yieldederrorsof morethan2 pixelsfor imagesakenoutsideof theangulardomaindeterminedy the con-
trol points. Anotherconstraintguidedour choice: a biquadraticinterpolationrequiresonly 9 positionsto
be calibratedwhich is alreadyheary within a hospitalcontext. The control positionsarethusgivenby the
following set:

{(ac,Bc) s.t. ac € {—90,0,90} andpB. € {—40,0,40}}

We first performedour interpolationusing a linear variation of the interpolatingparametergu,v) with
respecto thevariables(a, B):

u:OH—O(o ot Ve B+Bo
200 2Bo

Whereap = 90 and Bg = 40. In theseconditions,we were able to recover the distortion field at any
anatomicabpositionwith anaverageerrorof 1.69 pixelsanda maximumerrorof 2.11 pixels (30 cmwide
FOV).

With acloserook atthegrid imagesijt canbenoticedthattheevolution of thedistortionss notconstant.
This phenomenoranbe reproducedy letting the (u,v) parametersary in a non-linearway with respect
to (a,B). We canrepresenthis non-linearityasshawvn in figure 3.
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Figure3: Nonlinearevolution of theinterpolationparameteasa function of theangle

We defineda family of functionswhich dependon a paramete, andwhoseevolution is closeto the
obsenedcurve:

_sin(Tx/2A)
ga(X) = W/ZA)

We did nottry to relatethesefunctionsto ary physicalreality. If we putu = ga(a) andv = ga([3), we obtain
a dramaticimprovementof theresultfor A = 1.15. This consituteghe final interpolatingschemewxhose
performancearesummarizedn tablel.

Thedegradationof themaximalerroris notalarmingsinceit is very sensitve to noise.We concludethat
geometriaistortionscanberecoveredwith agoodprecision(aroundonepixel). It is alsoveryimportantto
noticethatit doesnot dependonthe FOV: sincetheregistrationerror shouldbe understoodn millimeters,
therole of thedistortioninterpolationin thewholeregistrationerrorwill bereducedf wework with asmall
FOv.
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Eo Es4
FOV 30 22 16 30 22 16
averageerror 0.607 0.719 0.797| 0.750 0.829 0.866

averagemaximumerror | 1.103 1.270 1434 1.451 1.570 1.693
maximumerror 1.566 1.685 1.992 || 2.627 3.108 3.188

Table 1: Eg is the initial experiment: distortion calibrationasindicatedabove, grid imagestaken for a
between90and90 degreesevery 30 degreesand between40 and40 degreesevery 20 degreegall com-
binationsmade).If we excludethe control positions(ac, Bc), we obtain26 differentpositionsto calculate
our errors. E4 is the sameexperimentrepetedd dayslater but we usedthe control positionsof Eg to inter-
polatethe 26 positionsof E4. This enabledusto assesshe stability of the methodaccrosgime. All errors
aregivenin pixels.

3 CONIC GEOMETRY

Theimagechainis modeledasa camera.Oncethe distortionsarecorrectedthis camerafollows a perfect
conicgeometrywhichis mathematicallyexpressedisa 3 x 4 projectionmatrix. Sensorsndicatetheintrin-

sic stateand positionof theimagechain. We canthereforerelatethe dataprovided by the sensordo the
intrinsic andextrinsic parametersf the projectionmatrix.

3.1 |Intrinsic parameters

The distortionscorrectionprovidesus with imageswhosepixel sizeis perfectlyknown in metricunit and
whoseaxes are orthogonal(we perfectly know the geometryof the grid phantom). We assumehat the
projectionof the optical centeris right in the middle of theimage.On the otherhand,thefocal distanceis
in factthe SID (sensodatum)plusaconstant:

f=SD+a

The SID is known with a millimetric precision. The constantdoesnot dependon the C-armpositionand
couldthereforebe calibrateda priori. We acquiredmary imagesof the helix phantomwith differentSID
valuesyielding samplevaluesfor a. Thefinal valuewe chosefor a wasthemeanof thesesampleg-122.46
mm). The maximumerrormadeon this valuewaslessthan0.5 mm.

Fromnow onwe considemwe perfectlyknow our intrinsic parametersThe estimationof the projection
matrix from a correctedmageof the helix is performedvia a Pavell minimizationover 6 parametergonly
theextrinsics).

3.2 Extrinsic parameters

The extrinsic parameterslescribethe positionof the camerain the helix-relative frame. This frameis not
constantover two different calibrations(the helix might have beendisplaced). We considera reference
positionfor the C-arm: L=P=C=0. (whichis equivalentto a = 3 = 0). Theframerelative to thecameran
thispositionis calledtherefeenceframe If wetake animageof thehelix in this position,we candetermine
aprojectionmatrixwhich is decompose€up to a scalefactor)in intrinsic andextrinsic parameters:

Mo = Io'Eo

The extrinsics £y describethe position of the camerawith respecto the helix. Vice-versa,they give the
positionof the helix in thereferencdrame.

If we do not changethe SID (the intrinsics are kept constant) we obtain for anotherposition of the
machine:

M= I1LE

The extrinsics ‘£ representhe position of the camerawith respectto the helix. As a consequencethe
matrix:

D=7%1E
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is therigid transformationgxpressedn the helix-relatve frame, which givesthe movementof the helix

with respecto the cameralt canbe decomposeihto tablemovementgthe helix translatesvith the table)
andinverseof C-armmovementgthe helix doesnot move whenthe C-armis rotated).\We cannow express
this matrix asa compositionof rotations(C-arm)andtranslationgtable):

D = (RLRpRe) Tt Tin Tt

With R_ =Id, sincewedonotconsideitheL angle.Therotationsrepresenthemovemenbf theC-armalong
its axis P andC. Their orderof applicationis important. The translationggive the movementof the table
alongits threeaxis: Ht, Ln andLt. Their orderof applicationis indifferent. We shallcall a simplemove, a
movementof thetable/C-armalongone of theseb axis. We assumaall simplemovesareindependentlf
thesimplemoveis arotation,it is fully determinedy a unit vectorv andafixedpoint O (axial parameters)
andanangleb (sensodatum).If the simplemoveis atranslationit is fully determinedy a unit vectorv
(axial parametersanda distanced (sensodatum).

The calibrationprocedurdor eachaxisfollows from this equation.Let’s considemwe wantto calibrate
the axisfor a given parameteip. Giventhe matrixin the referenceprojection,we chosetwo symmetrical
positionsaroundthereferenceposition: p,. andp_. Thesdeadto two matricesD, andD_ from whichwe
extracttwo setsof axial parametersa priori knowing whetherthe associatedimplemove is arotationor a
translation.Lastly, we determineanaveragevaluefor the axial parameterérom thesetwo sets.

3.3 Precisionof the calibration

We assumedhatthe 6 simplemoveswereindependentTo make thingsclearer let's considerthe example
of the parametelP (rotation). Two valuesP, and P_ arefixed andthe calibrationof this simple move
is made. In orderto evaluatethe precisionof the calibration,we take imagesof the helix for P=-90to
90 degreesevery 10 degrees which give 18 projectionmatrices. Forming the D matrix for eachof these
positionswe candeterminghe exactcorrespondingaluefor the P angle.The calibrationdoesnotdepend
onthe precisionof the sensorsAs a consequencee cansynthetizethe projectionmatrix for ary of the 18
choserpositions. Comparingthe syntheticmatrix with the actualone (estimatedrom the helix) indicates
theprecisionof the calibration.

3.3.1 Measureof error

We needa properway to comparetwo projectionmatrices(sayM1 andMy): the projectionerror. Givena
point expressedn the helix relative frame, the projectionerror for this pointis the Euclidiandistance,n
theimageplane,betweerits projectionby M; andby M». This erroris thusgivenin pixels. The projection
errorwe considelis the maximumprojectionerrorencountereen pointslocatedin a spherewith a10cm
wide diameter(approximatvely the size of half a brain). We shall denoteE(M;,M3) the projectionerror
betweematricesM1 andMa.

3.3.2 Residualmatrix

The D matrix shouldbe eithera perfectrotationor a perfecttranslation.In fact, we alwayshave aresidual
translation/rotatiomatrix. This residueis only meaningfulin the caseof the P rotation. We modelledthe
residualtranslationasa scraving: translationparallelto the rotationaxis andwhoseamplitudeis propor

tionalto theangleP. ThecoeficientA for this proportionwasaddedn thesetof axial parameterfor the P

angle.

3.3.3 Estimating the averageaxial parameters

Let’s considera simple move correspondingo a parameterp (p € {P.C,Lt,Ln,Ht}) andthe associated
referencepositionpg. Thoughin practicewe usedonly two positionsto performthe calibrationof its axial
parametergp;. and p_), let's assumeve have N suchpositions: { pi }icj1..n- Eachcouple(po, pi)ief1.n
leadsto amatrix D; (seesection3.2)from which we extracttheaxial parameters(Vi, O;) if thesimplemove
is arotation(we shalladdA; for the P axis), andy; in the caseof a translation. Theseare samplesvhich
areusedto infer afinal setof axial parametergv, O and/orA, dependingon the type of the simplemove).
In orderto do so,we tried threesolutions:simpleaveraging,minimizing the error madeon the focal point
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positionand an iterative minimization of the projectionerror. We shall denoteM; the projectionmatrix
correspondingo p; andM/ the projectionmatrix built by consideringthe final averagesetof parameters
andthe value p; of the parameter E; is the projectionerror betweenboth thesematrices(E(M/, M;)). It
givesanindicationof the precisionof the calibrationof the axial parameters.

Simpleaveraging: theV parameteris the normalizedmeanof thev;:

= YV
V= 2
I3 vill

Thisis valid in thecaseof atranslatioraswell asarotation.In thislattercasewe haveto definetheaverage
fixed point to fully determinethe rotationaxis. Let 2 be the planeorthogonalto V and going troughthe
origin of theframe. For eachi, O/ is theintersectiorof 2 with theaxisdefinedby v, andO;. Thefinal fixed
pointis thenexpressedsthe meanof all O/:

=_2i0
0= N

For the P rotation,we considerthe A parameteto be suchthat:

NI
M=

The limitation of this methodis that the abose equationsare not relatedto ary error measure.As a
result,the projectionerrorsk; couldnotbeinterpreted.

Focal point position error:  we assumedhe positionof the camerawasstronglyrelatedto the position
of its opticalcenterC. If C/ is theopticalcenterin M; andC; is thefocal pointin M;, thentheerrorwe want
to minimizeis the sumof the quadraticdistancebetweerthesetwo points:

minimize’y [|C/ —Gil[*

Minimizing this criterionleadsto uniquelydeterminedraluesfor the axial parameters.

We do not take into accountthe directionof the optical axis, which fully determinegwith focal point
position) the position of the camerain space. The useof this criterion led to an error of 1 mm in the
positioningof the optical centerand0.09 degreein the directionof the optical axis (comparingM; to M/
for eachi). This couldleadto afinal projectionerrorof 6 pixels (FOV 30). In practice however, we find a
projectionerrorof 3.26pixels(for the P angle).We interpretedhedifferencebetweerthis actualvalueand
thetheoreticaloneby the compensationf the errormadeon the optical centerpositionby the optical axis
sothatthe cameraalwayslooksatits target.

Iterati ve minimization of the projection error:  we useda Powell algorithmto minimize the projection
error:

minimize maxg;
|

The projectionerror reachedwhenusingall N positions(18 for the P angle)is 2.80 pixels (FOV 30, P

angle). Sincewe cannotin practiceusetoo mary positionsfor the calibration,we performedthe same
estimationusingonly two symmetricalpositionswith respecto the reference.The axial parametersuch
obtainedmplied a projectionerror (calculatedon the N positions)of 2.88 pixels (FOV 30, P angle).Over

all the simple moves,we could not expectmore than 0.1 pixel improvementwhenusingall N positions
comparedo only 2 positions.

As a conclusiontheiterative minimizationof the projectionerror clearly appeardetterthanthefocal
pointmethod.Thesimplemovesarestableenoughfor their axial parameterto bewell estimatedvith only
two positions.As a consequencaye usedthis methodbasedn two positions.
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3.3.4 Results

The projectionerrorsdueto theimprecisionon the axial parameteraresummarizedn thefollowing table:

Axis P C Lt Ln Ht
projectionerror | 2.88 | 2.49| 0.21| 0.61| 0.58

For thetablemovementsthedirectionof thetranslationis well estimatedlt is notthecasefor therotations
eventhoughtheobsenederrorscorrespondo aboutl mm of registrationerror(FOV 30 with magnification
factorof 1.7).

3.4 Precisionof sensordata

Finally, the precisionof sensordatamustbe assessedSensordatacould be inferred from the D matrix.
Using the samesetsof positionsasfor the estimationof the calibrationprecision,the inferredvaluewas
comparedo the onegivendirectly by the sensor We found a maximumerrorof 0.5 degreesfor the P and
C angles.Concerninghetableposition,we founda 2 mm erroron eachaxis.

An errorof 0.5degreedeadsto a 2 pixelsprojectionerror. It is fairly easyto seethatif we carefullyput
our objectat theisocenterof the system(reducethe spherediameterin the projectionerror calculations),
this error becomesunimportant. The table however leadsto 6 pixels error on eachdirection. We should
thereforetry to avoid moving thetable. This canbe donein mostcasesf the patientis well centeredn the
maching(pathologycloseto theisocentelocation).

Thelastsensodatumis the SID. We know its valuewith a1 mm uncertainty Theassociategrojection
erroris only 0.18pixel. Theintrinsic parameterare,asaresult,well estimated.

3.5 Conclusion

We designeda calibrationprocedurefor every parametepf the conic geometryof the imageacquisition.
Theintrinsic parametersiereshovn to bewell estimatedcinddid notinduceary meaningfulmisregistration
error.

Concerningthe extrinsic parametersywe canin somecaseseachan unacceptablerror on the regis-
tration. This is mainly dueto the fact that sensordatafor the table are given in millimeters. A rough
estimationbasedon the obsenederrorsimpliesthatthe C-armshouldpositionthe imagechainwith a pre-
cisionbelonv 1 mm. But evenin this caseassuminghetablepositionis perfectlyknown, thatwould imply
amisragistrationof 1 mm.

As aconclusionjf we take goodcarein positioningthe patientright at theisocenterof the systemwe
might expecta maximumerrorof about7 pixelsin theregistrationprocess.

4 VALID ATION

Overall, we cannotreachthe 1 mm precisionrequiredfor our real-timelocationof the cathetettip during
aninterventionalneuroradiologyexam. If we take goodcarein centeringthe patientwithin the systemwe
might expecta projectionerror of lessthan8 pixels (30 cm wide FOV): 7 pixelsdueto the uncertaintyon
theimagechainlocationin spaceand1 pixel from the distortioninterpolation. This representsibout2.5
mm of 3D registrationerror.

This errortypically lies within the corvergencedomainof mostalgorithmsthatwould aim atiteratively
improve the 2D/3D registration. Furthermorethe only validationwe madeup to this pointis basedon the
helix. This bearstwo main limitations: we cannotinfer a projectionmatrix from ary imageof the helix
(becausef its design) andwe canonly work in a30cmwide FOV (asmallerFOV would notshav enough
bullets for the projectionmatrix estimationto be robust). In orderto validatemore positionsand smaller
FOVs, we useda phantomof the vasculartreeasshawn in figure 4. Basicallywe comparedhe position
of somecharacteristigoints (intersectionof rods)in the imageof the phantomactuallytaken at a given
position,andthe imagegeneratedy reprojectingthe 3D reconstructiorof the phantomby the synthetic
matrix correspondingdo this position(cf figure 4). This methodcannotyield sucha high precisionasthe
comparisormadeabove directly from the helix but theaimis to verify thattheimagewe synthetizealways
consitutesagoodinitial guesdor aregistrationrefinementlgorithm.
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Figure4: Imageof the phantomof thevasculatreethatwe used(left). Syntheticimageobtainedoy repro-
jection of the 3DXA reconstructior(Right). P=60,C=20, L=0, the table hasnot beenmoved, SID=1200
mm, FOV=22cm

We found a maximumerror equivalentto 10 pixelsin a 30 cm wide FOV. An importantresultfrom
this validationis howeverthatwe never obsenedary noticeablesrror neitherin rotationnorin zoom: ary
error could be correctedby tuning the table positionsinput for synthetizingthe projectionmatrix. As a
consequenceherigid transformatiorio be estimatedy a refinementlgorithmin orderto reacha perfect
matchis a simpletranslation:we have only 3 parameterso tune(which canbe doneby changingthetable
position).

Thanksto this validation,we have shavn two importantcharacteristicef our machinebasedregistra-
tion: theresidualerroris atranslationin the 3D spaceandit providesaninitial guesswhichis closeto the
idealsolution.Only a few iterationsof anoptimizationalgorithmactingon 3 parametershouldbeenough
to reacha perfectmatch.

5 DISCUSSION

A 2D/3D registrationis equivalentto the determinationof a projectionmatrix. A distortion correction
of imagesis donein orderto validatethe conic geometryhypothesisnadeon the acquisitionsystem. In
the caseof a 2D DSA/3DXA registration,we caninfer the conic geometryfrom sensordataindicating
the currentpositionof the angiographymachine(C-armandtable),assuminghat this machinehasbeen
properlycalibrated.Furthermoreit is known thatthell physicsmply ahighlevel of distortionsin theDSA
images.Suchdistortionsaredependenbn the positionof the C-arm. Therefore the distortionfield cannot
beapriori estimatedWe proposeaninterpolationschemebasedon alight calibrationprocedureo correct
thedistortionsin ary position. This schemeyieldsanerrorof approximatelyl pixelin theimageplaneand
is stableovertime.

We alsodescribedhe calibrationof the angiographymachine andits associatednethodswhich allow
us to infer a 2D DSA/3DXA registration. If the patientis well centeredwithin the system,this image
matchingis performedwith a 2.5 mm precision. The residualerror is a translationin the 3D spaceand
couldthereforebe easilyandrapidly correctedwith aniterative refiningalgorithm.

We could highlight partsof the machinethat shouldbe improvedin orderto effectively geta better
machine-basethatching.However, the specificationieededo constrainthe C-armwould be very chal-
lenging. Furthermorewe never took into accountthe fact that the patientmight move betweenthe 3D
acquisitionandthe actualimagewe shouldwantto registrateit with. As a conclusiona refinementalgo-
rithm actuallyappearsinasoidable.
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