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Abstract

Duringaninterventionalneuroradiologyexam,knowing theexactlocationof thecathetertip with re-
spectto thepatientcandramaticallyhelpthephysician.An imageregistrationbetweendigital subtracted
angiography(DSA) imagesandavolumicpre-operative image(magneticresonanceor computedtomog-
raphyvolumes)is a way to infer this importantinformation.This mono-patientmultimodalitymatching
canbe reducedto finding the projectionmatrix that transformsany voxel of the volumeonto the DSA
imageplane. This modelizationis unfortunatelynot valid in the caseof distortedimages,which is the
casefor DSA images.

A classicalangiographyroomcannow generate3D X-ray angiographyvolumes(3DXA). Sincethe
DSA imagesareobtainedwith thesamemachine,it shouldbepossibleto deducetheprojectionmatrix
from thesensordataindicatingthecurrentmachineposition.

We proposean interpolationscheme,associatedto a pre-operative calibrationof the machinethat
allows usto correctthedistortionsin theimageat any positionusedduringtheexamwith a precisionof
onepixel. Thereafter, we describesomecalibrationproceduresandanassociatedmodelof themachine
thatcanprovide uswith a projectionmatrix atany positionof themachine.

Thus,we obtaina machine-based2D DSA/3DXA registration.Themisregistrationerrorcanbelim-
itedto 2.5mmif thepatientis well centeredwithin thesystem.Thiserroris confirmedby avalidationon
aphantomof thevasculartree.Thisvalidationalsoyieldsthattheresidualerroris a translationin the3D
space.

As aconsequence,theregistrationmethodpresentedin thispapercanbeusedasaninitial guessto an
iterative refiningalgorithm.

Keywords: Digital SubtractedAngiography, 3D X-ray angiography, multimodality, distortioncorrec-
tion, cameracalibration.

1 INTRODUCTION

In interventionalneuroradiology, it is of highestimportancethatthephysicianknowsatany momentwhere
the catheterlies in the body of the patientwith a millimetric precision. This informationmight be de-
ducedfrom digital subtractedangiography(DSA) imagesthat theradiologistwould relateto pre-operative
magneticresonance(MR) or computedtomography(CT) imagesthanksto his/heranatomicalknowledge.

Many studiesaim at automaticallyperformingthis mono-patient,multimodality registration.Thegen-
eralproblemis to find a rigid transformationin thecaseof 3D/3D registrationor a projectionmatrix in the
caseof 2D/3Dimagematching.Threegroupsof solutionsarise:useof externalmarkers(stereotacticframe
[6, 9]; bulletsmadeof leador filled with gadolinium,gluedonthepatient’sskin[11], etc.),useof internalor
anatomicalmarkers(extractionof imageprimitives:points[7], curves[1, 5], surfaces[3, 6, 10] which are
matchedafterwards),optimizationof voxel similarity measures([2, 6, 14, 15]). Pre-processingis necessary
in orderto at leastcorrectdistortionsthat onemayencounterin many medicalimagingmodalities(DSA
[8], MR [6, 16]).

Thetechniquesusingexternalmarkerseitherareconstrainingfor thepatientor lackof precision,but they
constitutethegold standardfor imageregistration.Thedetectionof internalmarkersrequiresa high level
of repeatabilityaccrossdifferentmodalitiesbut theassociatedalgorithmsarefastsincethey areworkingon
a relatively small numberpoints. Voxel similarity measuresneedimageswith a high informative content
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(CT, MR) but they aremorerobustsincethey considerthewholevolumedata.Globally, suchregistrations
remainlimited to a pre-or post-operativeuse.

In interventionalneuroradiology, thefirst intra-operativemultimodalityactionconsistsin attemptingto
locatethecathetertip within a3-dimensional(3D) angiographyimage.Thiskind of volumehasaveryweak
informativecontentsinceit showsonly bloodvessels.Theinformationliesmorein thedisplayedstructures
thanin thevoxelsvalues.RegistrationschemeswereproposedbetweenMR angiography(MRA) andDSA
thatusedthefirst two groupsof methods[1, 5, 10, 11]. TheCT angiography(CTA) doesnot carrya much
betterresolutionthanMRA but is closerto DSA, sinceit is alsobasedon theinjectionof acontrastproduct
which is opaqueto X-rays.Today, wecanbuild 3D X-ray angiographyvolumes(3DXA) from DSA images
obtainedwith aclassicalangiographyroom.

The3DXA/2DDSA registrationproblemis slightly differentin thesensethatbothimagesareacquired
with thesamemachine,andwithout thepatientto bedisplacedbetweenthe two acquisitions.We studied
thepossibilityto definea modelfor themachineanduseit to infer a 3D/2D registration.We showedthata
submillimetricprecisioncouldnot beobtainedandthereforethis solutioncouldnot beusedwithin a clini-
calapplication.However, wecoulddeterminethephysicallimits to sucharequiredprecisionandhighlight
theimportantparametersto beespeciallylookedafterwhendesigninga machine.Furthermore,thepreci-
sion that sucha matchingbroughtwasenoughto be usedasan initial guessfor an iterative improvement
algorithm.

1.1 Description of the angiography machine

TheangiographydeviceisabiplanangiographysystemLCN+ (GeneralElectricMedicalSystems).Weonly
studiedthefrontal plane.We canmake out threeseparateparts.TheX-ray tubeandthe imageintensifier
(II) aregatheredin the imagechain. ThetubeemitsX-raysthattheII receivesafterthey havegonethrough
thepatient’s head.A digital imageis createdandsentto an imagevisualizationdigital desk. The II may
bebroughtcloseror fartherfrom the tube,a field of view (FOV) maybechosenandthe imageresolution
changed(5122 or 10242 imagematrix). The imagechainis mountedon a C-arm in orderto changethe
orientationof theimagechainwith respectto thepatient.Thisorientationis classicallydescribedthanksto
two ”anatomical”angles(cranio-caudalandright-left) but is physicallydecomposedin threerotationaxis
(L, C, P;cf figure1). SincetheL angleis of little interestfor interventionalneuroradiology, wedecidednot
to take it into accountin ourstudy.
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Figure1: Angiographymachineandanatomicalangles

Thepatientliesona tablethatmaybetranslatedalongthreeorthogonaldirections:lateral(Lt), longitu-
dinal (Ln) andheight(Ht). This machineproducesDSA projective imagesbut it mayalsogenerate3DXA
volumes. The C-armturnsat high speedaroundthe patient’s head(rotationalongthe P axis, calledspin
acquisition)while thesystemtakesabout50 DSA imagesat differentpositions.Theseimagesareusedas
inputsto a tomographyalgorithmwhich builds a 3DXA volume[18]. The sizeof a voxel within sucha
volumeis 0.3 mm which thusenablesthephysicianto seearterieswith an internaldiameterlesserthan1
mm.

In this study, we shall only use5122 imagematricessince3DXA volumesare5123 andarebasedon
suchimages.We shall consider3 FOV dimensions:30 cm (12 inch), 22 cm (9 inch) and16 cm (6 inch).
In thesecases,if the distancebetweenthe II andthe tube(sourceto imagedistanceSID) is suchthat the
magnificationfactoris about1.7, an error of onemillimeter will be translatedin the imageplaneinto an
approximateerrorof (respectively): 3, 4 and5.5pixels.
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1.2 Model of the angiography machine

We usea decompositionwhich is classicalin vision: distortion/conicprojection[12, 17]. This approach
wasalsoadoptedfor 3DXA [18]. A grid, formedby barsopaqueto X-rays, is usedin orderto estimate
thedistortionfield: at every node(intersectionof two grid bars)thedistortionis evaluated.Thedistortion
field for thewholeimageis thendeterminedby interpolation[8]. Theconicprojectionis expressedthanks
to a 3 � 4 matrix [17]. It is calibratedon a phantom(helix) designedfor a 3DXA calibration[13]. Both
phantomsareshown in figure2.

Figure2: Distortedimageof thegrid andcorrectedimageof thehelix (FOV 30 cm)

The sourceof II distortionshave beenextensively studiedin II physics. They mainly dependon the
curvatureof the entrancewindow and the orientationof the II with respectto the local magneticfield.
Distortionsmustbecorrectedfor any imagechainposition,with a protocollessstringentthantheprotocol
usedfor stereotacticDSA exams[4]. We proposein section2 to usethe grid on a finite (small) number
of positionsto determinethe distortionfields in theseorientationsbeforethe exam begins and infer the
distortionfield in thecurrentpositionfrom themduringtheexam.

In section3, wedescribea modelof themovementsof themachinewhich relatesdatagivenby sensors
to theconicprojectionin thecurrentposition.As statedin theintroduction,oncethedistortionshave been
corrected(pre-processing),theconicprojectionprovidesuswith a 2D/3D angiographyregistration.

Lastly, we relatesomevalidation madeon a specificphantomand assessthe precisionthat can be
expectedusingsucha registrationmethod.

2 DISTORTIONS

Thedistortionshaveavariablecomponentwhichdependsonly on theorientationof theII. As a result,they
vary accordingto anatomicalangles. If we observe grid imagesduring a spin acquisition,we noticethe
distortionsevolve in a slow andsmoothway. We thenmaybeableto determinethemusinga low degree
interpolation.Theestimationof thedistortionfield is basedonly on thepositionsof thegrid nodesin the
image.Theinterpolationwill concernthesepositions.Wecall α theleft-right angleandβ thecranio-caudal
angle. The anatomicalpositionsthe C-arm may reachis limited to α ����� 90� 90� and β �	��� 40� 40� in
degrees.

Theerrorweuseis theEuclidiandistancebetweentheinterpolatedpositionof anodeandtheobserved
one.We canthereforecalculatethreedifferenterrors:


 theaverageerror: meanof all errorsfor all nodesin all images


 themaximumerror: maximumof all errorsfor all nodesin all images


 themaximumaverageerror: maximumof theaverageerrorscalculatedfor eachimage
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In orderto estimatesucherrors,we take imagesof thegrid at differentanatomicalpositions.We usesome
of themto interpolatetheotherones.Theerrorsonly take into accountinterpolatedimages.

Quadraticinterpolationwas chosen. Different interpolationcontrol positionswere tried out. This
showedthatwe hadto usethepositionsthatlie on thelimits of theparameterspace:thequadraticinterpo-
lation usingα ��� 90� 0 � 90 led to a maximumerror of lessthanonepixel in 30 cm FOV. Otherpositions
yieldederrorsof morethan2 pixelsfor imagestakenoutsideof theangulardomaindeterminedby thecon-
trol points. Anotherconstraintguidedour choice: a biquadraticinterpolationrequiresonly 9 positionsto
becalibrated,which is alreadyheavy within a hospitalcontext. Thecontrolpositionsarethusgivenby the
following set:


��
αc � βc � s. t. αc � 
 � 90� 0 � 90� andβc � 
 � 40� 0 � 40���

We first performedour interpolationusing a linear variation of the interpolatingparameters
�
u � v� with

respectto thevariables
�
α � β � :

u � α � α0

2α0
et v � β � β0

2β0

Whereα0 � 90 and β0 � 40. In theseconditions,we were able to recover the distortion field at any
anatomicalpositionwith anaverageerrorof 1.69pixelsanda maximumerrorof 2.11pixels(30 cm wide
FOV).

With acloserlook atthegrid images,it canbenoticedthattheevolutionof thedistortionsis notconstant.
This phenomenoncanbereproducedby letting the

�
u � v� parametersvary in a non-linearway with respect

to
�
α � β � . We canrepresentthisnon-linearityasshown in figure3.
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Figure3: Non linearevolutionof theinterpolationparameterasa functionof theangle

We defineda family of functionswhich dependon a parameterA, andwhoseevolution is closeto the
observedcurve:

gA
�
x� � sin

�
πx� 2A�

sin
�
π � 2A�

Wedid not try to relatethesefunctionsto any physicalreality. If weputu � gA
�
α � andv � gA

�
β � , weobtain

a dramaticimprovementof the result for A � 1 � 15. This consitutesthe final interpolatingschemewhose
performancesaresummarizedin table1.

Thedegradationof themaximalerroris notalarmingsinceit is verysensitiveto noise.Weconcludethat
geometricdistortionscanberecoveredwith agoodprecision(aroundonepixel). It is alsovery importantto
noticethatit doesnot dependon theFOV: sincetheregistrationerrorshouldbeunderstoodin millimeters,
theroleof thedistortioninterpolationin thewholeregistrationerrorwill bereducedif wework with asmall
FOV.
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E0 E4

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 1.434 1.451 1.570 1.693
maximumerror 1.566 1.685 1.992 2.627 3.108 3.188

Table1: E0 is the initial experiment: distortioncalibrationas indicatedabove, grid imagestaken for α
between-90and90degreesevery30degreesandβ between-40and40degreesevery20degrees(all com-
binationsmade).If we excludethecontrolpositions

�
αc � βc � , we obtain26 differentpositionsto calculate

our errors.E4 is thesameexperimentrepeted4 dayslaterbut we usedthecontrolpositionsof E0 to inter-
polatethe26 positionsof E4. This enabledusto assessthestability of themethodaccrosstime. All errors
aregivenin pixels.

3 CONIC GEOMETRY

Theimagechainis modeledasa camera.Oncethedistortionsarecorrected,this camerafollowsa perfect
conicgeometrywhich is mathematicallyexpressedasa3 � 4 projectionmatrix. Sensorsindicatetheintrin-
sic stateandpositionof the imagechain. We canthereforerelatethe dataprovidedby the sensorsto the
intrinsic andextrinsic parametersof theprojectionmatrix.

3.1 Intrinsic parameters

Thedistortionscorrectionprovidesuswith imageswhosepixel sizeis perfectlyknown in metricunit and
whoseaxesareorthogonal(we perfectlyknow the geometryof the grid phantom). We assumethat the
projectionof theopticalcenteris right in themiddleof theimage.On theotherhand,thefocal distanceis
in facttheSID (sensordatum)plusaconstant:

f � SID � a

TheSID is known with a millimetric precision.Theconstantdoesnot dependon the C-armpositionand
could thereforebecalibrateda priori. We acquiredmany imagesof thehelix phantomwith differentSID
values,yieldingsamplevaluesfor a. Thefinal valuewechosefor a wasthemeanof thesesamples(-122.46
mm). Themaximumerrormadeon this valuewaslessthan0.5mm.

Fromnow on weconsiderwe perfectlyknow our intrinsic parameters.Theestimationof theprojection
matrix from acorrectedimageof thehelix is performedvia a Powell minimizationover6 parameters(only
theextrinsics).

3.2 Extrinsic parameters

Theextrinsic parametersdescribethepositionof thecamerain thehelix-relative frame. This frameis not
constantover two differentcalibrations(the helix might have beendisplaced).We considera reference
positionfor theC-arm:L=P=C=0.(which is equivalentto α � β � 0). Theframerelative to thecamerain
thispositionis calledthereferenceframe. If wetakeanimageof thehelix in thisposition,wecandetermine
aprojectionmatrixwhich is decomposed(up to ascalefactor)in intrinsicandextrinsicparameters:

M0 ��� 0 � 0

The extrinsics � 0 describethe positionof the camerawith respectto the helix. Vice-versa,they give the
positionof thehelix in thereferenceframe.

If we do not changethe SID (the intrinsicsarekept constant),we obtain for anotherpositionof the
machine:

M ��� 0 �
The extrinsics � representthe position of the camerawith respectto the helix. As a consequence,the
matrix:

D � ��� 1
0 �
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is the rigid transformation,expressedin the helix-relative frame,which givesthe movementof the helix
with respectto thecamera.It canbedecomposedinto tablemovements(thehelix translateswith thetable)
andinverseof C-armmovements(thehelix doesnotmovewhentheC-armis rotated).Wecannow express
thismatrix asa compositionof rotations(C-arm)andtranslations(table):

D � �
RLRPRC � � 1THtTLnTLt

With RL � Id, sincewedonotconsidertheL angle.Therotationsrepresentthemovementof theC-armalong
its axisP andC. Their orderof applicationis important. The translationsgive the movementof the table
alongits threeaxis: Ht, Ln andLt. Their orderof applicationis indifferent.We shallcall a simplemove, a
movementof thetable/C-armalongoneof these5 axis. We assumeall simplemovesareindependent.If
thesimplemoveis a rotation,it is fully determinedby aunit vector �v andafixedpointO (axialparameters)
andanangleθ (sensordatum).If thesimplemove is a translation,it is fully determinedby a unit vector �v
(axial parameters)andadistanced (sensordatum).

Thecalibrationprocedurefor eachaxisfollows from this equation.Let’s considerwe wantto calibrate
theaxis for a givenparameterp. Giventhematrix in the referenceprojection,we chosetwo symmetrical
positionsaroundthereferenceposition: p� andp � . Theseleadto two matricesD � andD � from whichwe
extracttwo setsof axial parameters,a priori knowing whethertheassociatedsimplemove is a rotationor a
translation.Lastly, we determineanaveragevaluefor theaxial parametersfrom thesetwo sets.

3.3 Precisionof the calibration

We assumedthatthe6 simplemoveswereindependent.To make thingsclearer, let’s considertheexample
of the parameterP (rotation). Two valuesP� andP� arefixed and the calibrationof this simplemove
is made. In order to 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
positions,wecandeterminetheexactcorrespondingvaluefor theP angle.Thecalibrationdoesnotdepend
on theprecisionof thesensors.As a consequencewecansynthetizetheprojectionmatrix for any of the18
chosenpositions.Comparingthesyntheticmatrix with theactualone(estimatedfrom thehelix) indicates
theprecisionof thecalibration.

3.3.1 Measureof error

We needa properway to comparetwo projectionmatrices(sayM1 andM2): theprojectionerror. Givena
point expressedin the helix relative frame,the projectionerror for this point is the Euclidiandistance,in
theimageplane,betweenits projectionby M1 andby M2. Thiserroris thusgivenin pixels.Theprojection
errorwe consideris themaximumprojectionerrorencounteredon pointslocatedin a spherewith a 10 cm
wide diameter(approximatively the sizeof half a brain). We shall denoteE

�
M1 � M2 � the projectionerror

betweenmatricesM1 andM2.

3.3.2 Residualmatrix

TheD matrix shouldbeeithera perfectrotationor a perfecttranslation.In fact,we alwayshave a residual
translation/rotationmatrix. This residueis only meaningfulin thecaseof theP rotation.We modelledthe
residualtranslationasa screwing: translationparallelto the rotationaxisandwhoseamplitudeis propor-
tional to theangleP. Thecoefficientλ for thisproportionwasaddedin thesetof axial parametersfor theP
angle.

3.3.3 Estimating the averageaxial parameters

Let’s considera simple move correspondingto a parameterp (p � 

P,C,Lt,Ln,Ht� ) and the associated

referencepositionp0. Thoughin practicewe usedonly two positionsto performthecalibrationof its axial
parameters(p� and p� ), let’s assumewe have N suchpositions:



pi � i � � 1 ! !N " . Eachcouple

�
p0 � pi � i ��� 1 ! !N "

leadsto amatrixDi (seesection3.2)from whichweextracttheaxialparameters:
� �vi � Oi � if thesimplemove

is a rotation(we shall addλi for the P axis),and �vi in the caseof a translation.Thesearesampleswhich
areusedto infer a final setof axial parameters( �v � O and/orλ, dependingon thetypeof thesimplemove).
In orderto do so,we tried threesolutions:simpleaveraging,minimizing theerrormadeon thefocal point
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positionandan iterative minimizationof the projectionerror. We shall denoteMi the projectionmatrix
correspondingto pi andM #i the projectionmatrix built by consideringthe final averagesetof parameters
andthe value pi of the parameter. Ei is the projectionerror betweenboth thesematrices(E

�
M #i � Mi)). It

givesanindicationof theprecisionof thecalibrationof theaxial parameters.

Simpleaveraging: the �v parameteris thenormalizedmeanof the �vi :

�v � ∑i �vi$
∑i �vi

$

Thisis valid in thecaseof atranslationaswell asarotation.In this lattercase,wehaveto definetheaverage
fixed point to fully determinethe rotationaxis. Let % be the planeorthogonalto �v andgoing troughthe
origin of theframe.For eachi, O#i is theintersectionof % with theaxisdefinedby �vi andOi . Thefinal fixed
point is thenexpressedasthemeanof all O#i :

O � ∑i O#i
N

For theP rotation,we considertheλ parameterto besuchthat:

λ � ∑i λi

N

The limitation of this methodis that the above equationsarenot relatedto any error measure.As a
result,theprojectionerrorsEi couldnot beinterpreted.

Focal point position error: we assumedthepositionof thecamerawasstronglyrelatedto theposition
of its opticalcenterC. If C#i is theopticalcenterin M #i andCi is thefocalpoint in Mi , thentheerrorwewant
to minimizeis thesumof thequadraticdistancebetweenthesetwo points:

minimize∑
i

$
C#i � Ci

$ 2

Minimizing thiscriterionleadsto uniquelydeterminedvaluesfor theaxial parameters.
We do not take into accountthedirectionof theopticalaxis,which fully determines(with 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 centerand0.09degreein the directionof the optical axis (comparingMi to M #i
for eachi). This couldleadto a final projectionerrorof 6 pixels(FOV 30). In practice,however, we find a
projectionerrorof 3.26pixels(for theP angle).We interpretedthedifferencebetweenthisactualvalueand
thetheoreticaloneby thecompensationof theerrormadeon theopticalcenterpositionby theopticalaxis
sothatthecameraalwayslooksat its target.

Iterati veminimization of the projection error: we useda Powell algorithmto minimizetheprojection
error:

minimize max
i

Ei

The projectionerror reachedwhenusingall N positions(18 for the P angle)is 2.80 pixels (FOV 30, P
angle). Sincewe cannotin practiceusetoo many positionsfor the calibration,we performedthe same
estimationusingonly two symmetricalpositionswith respectto the reference.Theaxial parameterssuch
obtainedimplied a projectionerror(calculatedon theN positions)of 2.88pixels(FOV 30, P angle).Over
all the simplemoves,we could not expectmore than0.1 pixel improvementwhenusingall N positions
comparedto only 2 positions.

As a conclusion,the iterative minimizationof theprojectionerrorclearlyappearsbetterthanthefocal
pointmethod.Thesimplemovesarestableenoughfor theiraxialparametersto bewell estimatedwith only
two positions.As aconsequence,weusedthis methodbasedon two positions.
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3.3.4 Results

Theprojectionerrorsdueto theimprecisionon theaxial parametersaresummarizedin thefollowing table:

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

For thetablemovements,thedirectionof thetranslationis well estimated.It is not thecasefor therotations
eventhoughtheobservederrorscorrespondto about1 mmof registrationerror(FOV 30with magnification
factorof 1.7).

3.4 Precisionof sensordata

Finally, the precisionof sensordatamustbe assessed.Sensordatacould be inferredfrom the D matrix.
Using the samesetsof positionsasfor the estimationof the calibrationprecision,the inferredvaluewas
comparedto theonegivendirectly by thesensor. We founda maximumerrorof 0.5 degreesfor theP and
C angles.Concerningthetableposition,we founda2 mm erroroneachaxis.

An errorof 0.5degreesleadsto a2 pixelsprojectionerror. It is fairly easyto seethatif wecarefullyput
our objectat the isocenterof the system(reducethe spherediameterin the projectionerrorcalculations),
this error becomesunimportant.The tablehowever leadsto 6 pixels error on eachdirection. We should
thereforetry to avoid moving thetable.This canbedonein mostcasesif thepatientis well centeredin the
machine(pathologycloseto theisocenterlocation).

Thelastsensordatumis theSID. Weknow its valuewith a1 mmuncertainty. Theassociatedprojection
erroris only 0.18pixel. Theintrinsicparametersare,asa result,well estimated.

3.5 Conclusion

We designeda calibrationprocedurefor every parameterof the conic geometryof the imageacquisition.
Theintrinsicparameterswereshown to bewell estimatedanddid notinduceany meaningfulmisregistration
error.

Concerningthe extrinsic parameters,we canin somecasesreachan unacceptableerror on the regis-
tration. This is mainly due to the fact that sensordatafor the table are given in millimeters. A rough
estimationbasedon theobservederrorsimpliesthattheC-armshouldpositiontheimagechainwith a pre-
cisionbelow 1 mm. But evenin this case,assumingthetablepositionis perfectlyknown, thatwould imply
amisregistrationof 1 mm.

As a conclusion,if we take goodcarein positioningthepatientright at theisocenterof thesystem,we
mightexpecta maximumerrorof about7 pixelsin theregistrationprocess.

4 VALID ATION

Overall, we cannotreachthe1 mm precisionrequiredfor our real-timelocationof thecathetertip during
aninterventionalneuroradiologyexam. If we takegoodcarein centeringthepatientwithin thesystem,we
might expecta projectionerrorof lessthan8 pixels(30 cm wide FOV): 7 pixelsdueto theuncertaintyon
the imagechainlocationin spaceand1 pixel from the distortioninterpolation.This representsabout2.5
mm of 3D registrationerror.

Thiserrortypically lieswithin theconvergencedomainof mostalgorithmsthatwouldaimat iteratively
improvethe2D/3D registration.Furthermore,theonly validationwe madeup to this point is basedon the
helix. This bearstwo main limitations: we cannotinfer a projectionmatrix from any imageof the helix
(becauseof its design),andwecanonly work in a30cmwideFOV (asmallerFOV wouldnotshow enough
bullets for the projectionmatrix estimationto be robust). In orderto validatemorepositionsandsmaller
FOVs, we useda phantomof the vasculartreeasshown in figure 4. Basicallywe comparedthe position
of somecharacteristicpoints(intersectionof rods)in the imageof the phantomactuallytaken at a given
position,andthe imagegeneratedby reprojectingthe 3D reconstructionof the phantomby the synthetic
matrix correspondingto this position(cf figure4). This methodcannotyield sucha high precisionasthe
comparisonmadeabovedirectly from thehelix but theaim is to verify thattheimagewesynthetizealways
consitutesagoodinitial guessfor a registrationrefinementalgorithm.
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Figure4: Imageof thephantomof thevasculartreethatweused(left). Syntheticimageobtainedby repro-
jectionof the 3DXA reconstruction(Right). P=60,C=20,L=0, the tablehasnot beenmoved,SID=1200
mm,FOV=22 cm

We found a maximumerror equivalent to 10 pixels in a 30 cm wide FOV. An importantresult from
this validationis however thatwe neverobservedany noticeableerrorneitherin rotationnor in zoom:any
error could be correctedby tuning the tablepositionsinput for synthetizingthe projectionmatrix. As a
consequence,therigid transformationto beestimatedby a refinementalgorithmin orderto reacha perfect
matchis a simpletranslation:we have only 3 parametersto tune(which canbedoneby changingthetable
position).

Thanksto this validation,we have shown two importantcharacteristicsof our machinebasedregistra-
tion: theresidualerroris a translationin the3D space,andit providesaninitial guesswhich is closeto the
idealsolution.Only a few iterationsof anoptimizationalgorithmactingon 3 parametersshouldbeenough
to reachaperfectmatch.

5 DISCUSSION

A 2D/3D registrationis equivalent to the determinationof a projectionmatrix. A distortion correction
of imagesis donein orderto validatethe conic geometryhypothesismadeon the acquisitionsystem.In
the caseof a 2D DSA/3DXA registration,we can infer the conic geometryfrom sensordataindicating
the currentpositionof the angiographymachine(C-armandtable),assumingthat this machinehasbeen
properlycalibrated.Furthermore,it is known thattheII physicsimply ahighlevel of distortionsin theDSA
images.Suchdistortionsaredependenton thepositionof theC-arm.Therefore,thedistortionfield cannot
bea priori estimated.We proposeaninterpolationschemebasedon a light calibrationprocedureto correct
thedistortionsin any position.Thisschemeyieldsanerrorof approximately1 pixel in theimageplaneand
is stableover time.

We alsodescribedthecalibrationof theangiographymachine,andits associatedmethods,which allow
us to infer a 2D DSA/3DXA registration. If the patient is well centeredwithin the system,this image
matchingis performedwith a 2.5 mm precision. The residualerror is a translationin the 3D spaceand
couldthereforebeeasilyandrapidlycorrectedwith aniterativerefiningalgorithm.

We could highlight partsof the machinethat shouldbe improved in order to effectively get a better
machine-basedmatching.However, thespecificationsneededto constrainttheC-armwould bevery chal-
lenging. Furthermore,we never took into accountthe fact that the patientmight move betweenthe 3D
acquisitionandtheactualimagewe shouldwant to registrateit with. As a conclusion,a refinementalgo-
rithm actuallyappearsunavoidable.
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