
FUSION OF X RAY AND GEOMETRICAL DATA IN COMPUTED
TOMOGRAPHY FOR NON DESTRUCTIVE TESTING APPLICATIONS

Ali Mohammad–Djafari
LaboratoiredesSignauxet Syst̀emes(CNRS–SUPELEC–UPS)
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Abstract – X ray computedtomography (CT) is widely
usedin non destructivetesting(NDT) techniques. While
in medicalimaging, classicalmethodsbasedon back pro-
jection (BP) or algebraic reconstructiontechniques(ART)
givesatisfaction,in NDTapplications,dataacquiringcon-
straints are such that thesemethodsdo not give satisfac-
tory results.There is thena needfor extra informationand
other kind of data. In this paper, we consideran X ray
CT image reconstructionproblemusingtwo different kind
of data: classicalX-raysradiographicdataandsomegeo-
metrical informationsand proposenew methodsbasedon
regularization and Bayesianestimationapproach for this
data fusionproblem. Thegeometricalinformationwe use
are of two kind: partial knowledge of valuesin somere-
gionsandpartial knowledgeof theedgesof someotherre-
gions.We showtheadvantagesof usingsuch informations
on increasingthe quality of reconstructionsin a NDT ap-
plication of wide layeredshape(sandwich) structures. We
alsoshowsomeresultsto analyzetheeffectsof someerrors
in thesedataon thereconstructionresults.

Keywords: Computedtomography, Non destructive test-
ing, Bayesiandatafusion,Fusionof radiographicandgeo-
metricdata.

1. INTRODUCTION

A widely usedtechniquein industrial non destructive
testing(NDT) applicationis X ray computedtomography
(CT). While in medicalimaging,classicalmethodsbased
on back projection(BP) or algebraicreconstructiontech-
niques(ART) give satisfaction, in NDT applications,data
acquiringconstraints(limited projectionangles)are such
that thesemethodsdo not give satisfactory results. Very
often then,thereis a needfor extra informationandother
kind of datato obtain satisfactory results. Data fusion is
thenanactiveareaof researchin theseapplications.In this
work, weconsidertheX rayCT imagereconstructionprob-
lemusingtwo differentkind of data:classicalradiographic
(projection)dataandsomegeometricalinformationssuch

as partial knowledgeof materialsin someregionsand/or
thebordersof theseor someotherregions.

Theideaof usinggeometricaldatain CT imagingis not
new. Many workson thesubjecthasbeendonebefore.See
for example[1, 2, 3, 4, 5, 6]. In [1], the authorsproposed
methodsfor using regions bordersfrom geometricaldata
in medicalimagingandtheauthorsin [2, 3, 5, 6] usedthe
knowledgeof someof regionsmaterials.While theapplica-
tion in thefirst referenceconcernsmedicalimaging,theap-
plicationin thesecondreferencesconcernsindustrialNDT.
But, combiningbothregionsandbordersinformationsfrom
anatomicdatais new. We give heresomepreliminaryre-
sultssimulatinga fanbeamCT problemin NDT testingof
metallic layer shapedmedia(sandwichstructures)suchas
thoseof aircraftcontrolsurfaces.Thesestructuresaresuch
thatwe cannothave a full rangeof projectiondataandthe
reconstructionproblemis a strongly ill posedone due to
limited-angleRadontransformnull space.The authorsin
[3, 5] hasalso consideredthis problem,but the proposed
methodby theseauthorsare basedon projectionon con-
vex sets(POCS)whichcannotaccountfor errorsandextra
knowledgeaseasilyas in regularizationor Bayesianesti-
mationtechnique.

This paperis organizedas follows: First, the basicsof
theBayesianapproachfor heterogenousdatafusionis pre-
sented.Then,we focuson thefusionof X ray andgeomet-
rical dataandgive detailsof theproposedmethod.Finally,
we presenta few simulatedexperiencesshowing compar-
isonsof the resultsusing classicalback-projectionor fil-
teredback-projectionmethodswith thoseobtainedby the
proposedmethodeither using or not the geometricdata.
Theseresultsshow theadvantagesof usinggeometricdata
when thosedataareexact andwell registeredwith radio-
graphic data. We also presentsomepreliminary results
showing thesensitivity of theproposedmethodto someer-
rors in geometricaldatadue to imperfectregistrationand
otheruncertainties.



2. BAYESIAN APPROACH FOR DATA FUSION

Assumethat we are observingan unknown quantity �
throughtwo different measurementsystemsandobtained
two setsof data� and � . For example,considera NDT ap-
plicationanda CT imagingsystemwhere � representsthe
imageof absorptioncoefficientsof theobjectunderthetest,� a setof X ray radiographesand � a setof echo-graphic
dataobtainedusinga laseror an ultrasoundprobingsys-
tem.TheX raydataarerelatedto themassdensity� of the
matterwhile the ultrasounddataarerelatedto the acous-
tic reflectivity � of thematterwhich is morerelatedto the
changesof materialmassdensityinsidetheobjectandgives
more informationon the edgesof differenthomogeneous
regions.

Oneapproachproposedandusedby the author[7] and
by othercollaboratorsGautier et al. [8, 6, 9] is basedon
a compoundMarkovian modelwherethe bodyobject � is
assumedto becomposedof threerelatedquantities:����� �
	 ���
��� ��	���	�� �
where � is a binaryvectorrepresentingthepositionsof the
discontinuities(edges)in the body, � a vectorcontaining
the reflectivity valuessuchthatwhen ������� then �������
andwhen ������� then ���
�! "� and  "� . Notethat,in princi-
ple,  "� mustberelatedin someway to changesof density,
i.e.  "�#�%$'&)(*��+�,.-/(*�10 , where$ canbeany monotonicin-
creasingfunction.But, in practice,it is not easyto account
for this dependence.

Usingthismodelvia aBayesianestimationapproach,we
canwrite2 &)�304� 2 & �.	 �504� 2 & �.	��4	6� 0
� 2 & �87 �
	�� 0 2 & �
7 � 0 2 & � 0
andusingtheBayesrule,we have2 & �.	��4	6�97 � 	 ��0�: 2 &)� 	 � 7 �.	��;	�� 0 2 & �.	��
	�� 0� 2 &)� 	 � 7 �.	��;	�� 0 2 & �#7 �4	�� 0 2 & �.7 � 0 2 & � 0
To illustrate this approachmore in details, let make the
following assumptions:< Conditionalindependenceof � and � :2 &=� 	 � 7 �.	6�;	6� 04� 2 &)� 7 � 0 2 &>� 7 �
	�� 04� 2 &=� 7 � 0 2 &)� 7 �50@?< Gaussianprocessfor A", and ACB which resultsto:2 &=� 7 �.D�E B, 04: FHG*IKJ>- ,B6LCMN 7O7 �K-QP�, �87R7 B@S2 &)� 7 � D�E BB 0;: FHG*I J - ,B6LCMM 7O7 �T-UPVB�� 7O7 B S
< Bernoulli processfor � : 2 & � 04: WX YOZ , �\[

Y &]�^-_� Y 0 ,�` [< Gaussianprocessfor � 7 � or equivalentlyfor ��7 � :2 & ��7 � 04:aFHGbIQcd- �e E Bf �hgji���k�	5i � diagl �1, 	 ?H?m? 	 � Won

< Independenceof � and � andaMarkovianmodelfor �87 � :2 & �87 �;	6� 04� 2 & �^7 � 04:pF�G*Iqlr-
st& �87 � 0 n
Note that this hypothesisis not realistic, but it simplifies
this introduction.Then,basedon2 & �.	��;	��u7 � 	 �304: 2 &=� 7 � 0 2 &)� 7 � 0 2 & �87 �
	�� 0 2 & ��7 � 0 2 & � 0
many schemescanbeproposedto estimateeither � or both& �.	 �'0 or equivalently & �.	6�4	�� 0 :< Simultaneousestimationof all the unknowns with the
joint MAP estimation(JMAP):&dv�.	 v�;	 v � 0;� arg wyxCGz �
{ �;{ �5| � 2 & �.	6�4	��u7 � 	 ��0@�< First estimate� and � usingonly � andthenusethemto
estimate� : } &~v ��	 v� 0
� arg wyxCG�h{ � � 2 & �h	6�
7 ��0��v� � arg wyxCG� � 2 & �87 � 	 v�
	 v� 0��< First estimateonly � using � andthenestimate� using v �
andthedata� :} v � � arg wtx\G� � 2 & �u7 �'0��v� � arg wtx\G� � 2 & �^7 � 	 v � 0@�
Otherschemesarepossible[7]. In all theseschemes,the
detectionsteps(estimationof � ) is very difficult andcom-
putationallydemandingdueto theneedof marginalization
and a combinatorialoptimizationalgorithm. One way to
takeoverthisdifficulty is to modeltheobjectonly by &)� 	�� 0
without decomposing� in & ��	�� 0 anymore. However, we
mustcatchthe pulseshapeinformationof � ( �@� is almost
alwaysequalto zeroin homogeneousregionsandcantake
any real value in the bordersof theseregions). This can
be donethrougha betterchoicefor 2 &)�50 . For example,a
generalizedGaussianlaw for 2 &)�50 :2 &)��04:pF�G*I���H-8� X � 7 � � 7 �b�� with �����Q� e 	
in placeof Gaussianlaw whichis thespecialcasefor �/� e .
Thischoice,thanksto long-tailedcharacterof thisdistribu-
tion for thevaluesof � nearto one,givesthepossibilityto
accountfor theconcentrationaroundzeroof thehistogram
of thevaluesof ��� while giving thepossibilityto have large
values.

Basedon this remark,amorerealisticsolutionshasbeen
proposedin previousworks[10, 9,7, 11] whichis described
briefly throughthefollowing scheme:

���� Est. �������� �j�.� � �>�H��3����� � ����� � ����� �� ��¡��� Est. ��¢�£



For thefirst part,with theassumptionsmade,wehavev ��� arg wyx\G� � 2 &=� 7 �30��#� arg w�¤O¥� �"¦ , &=� 7 ��0@�
with ¦b,"&=� 7 �30;� 7R7 �T-QP�B�� 7R7 B;§�¨ X � 7 ��� 7 � ?
When � estimated,wecandetermineeitherabinaryvalued� from it by usinga thresholdvalue © ( ������� , if 7 ��� 73ª ©
and ���
�!� elsewhere),or arealvalued� with ����«Ql � 	 � n by���¬� 7 ��� 7 ­ wtx\G'& 7 ��� 7 0 or any otherpracticalsolution. This
realvalued � canbeconsideredasa blurred(or fuzzy) im-
ageof bordersandedges.

For thesecondpartwhich is theestimationof � given �
and v � thefollowing criterionhasbeenused:v� � arg wyxCG� � 2 & �^7 � 	 v � 0@�
� arg wt¤O¥� �\¦ B & �87 � D v � 0��
with¦®B"& �87 � 	 v � 0;� 7O7 �K-QP¯, �.7O7 B
§°¨ B X � &]�^-_�@�10 7 (*��+�,^-±(²� 7 ��	�����Q� e ?
3. FUSION OF GEOMETRIC INFORMA TION AND

RADIOGRAPHIC DATA

Here,weillustrateanapplicationof theproposedmethod
for thespecialcaseof limited angleCT imagingwherewe
want to includesomegeometricinformation,suchaspar-
tial knowledgeof bordersof differentregionsand/orpartial
knowledgeof materialsin specifiedregionsof thebody in
thereconstructionmethod.

Using somepartial knowledgeof someregionsborders
canbe consideredasa specialcaseof the previous exam-
ple. Actually, in the secondstepof the proposedmethod
in previoussection,we wereusingthe combinationof the
radiographicdata� and � whichcanbeconsideredasage-
ometrical(regionsborders)data. Herewe proposeto add
a new termto this criterion to includesomepartialknowl-
edgeaboutthe valuesof pixels in somespecifiedregions.
Becausethis informationmaybepartialandtheremayalso
be someuncertaintyon it, we useagainprobabilisticap-
proachandmodelthis throughaprobabilitylaw2 & �87 ³ 0;:aF�G*I�´=-^µ � 7 ( � -Q© � 7 � M�¶
where³ is animagecontainingtheattenuationconstantval-
uesof someof theregionsin thebody(notforcibly thesame
regionsfor whichweknow theborders)and · animagein-
dicatingour degreeof confidenceaboutthe knowledgeof
valuesin thoseregions(0 whenno knowledgeand1 when
high confidence).Using this modelandthe discussionsin
previoussections,the BayesianMAP estimationapproach
comesup with the following criterion to optimize to find

the an image v� which will be the resultof fusionof these
data:¦¸& �87 � 	���	�³¹	 ·^04� 7O7 �º-UP�, �87O7 B§�¨ ,h» � &]�^-_�@�10 7 (*��+�,^-±(²� 7 � N§�¨ B » � µ�� 7 (*�8-Q©�� 7 � M (1)

Note that,whenthe hyperparameters¨ , 	 ¨ B�¼ � and ����', 	 �5B_� e
andthe data � and ��	�³ and · aregiven, this

criterion is a convex functionof � . Then,its optimization
canbe doneby any gradientbasedalgorithm. In the fol-
lowing, we show the resultsobtainedby this criterion for
thefollowing situations:
– whenwe do nothaveany geometricaldata & � �a·%�!½50 ;
– whenwe have only the mapof borders� but no region
data &>·%�!½50 ;
– whenwe have only themapof regions(characterizedby
both ³ and · ) but nootherbordersdata & � �V½¹0 ;
– whenwehaveboththeborders� andregionsmaps& ³¹	 ·^0 .
– whenwehaveboththeborders� andregionsmaps& ³¹	 ·.0
but with someerrorsin thosedatato measurethesensitivity
of theresultsto thoseerrors.

In thefollowing, thehyperparameters� , and � B arefixed
eitherto

e
or to �®?R� andthe two regularizationparameters¨ , and ¨ B areadjustedempirically.

We have recentlytestedthe sameproposedmethodin a
medicalimagingwith a fan-beamgeometrywhereweused
anatomicaldataascomplementarydata.

A final remarkconcernsthe adaptationof the criterion
to 2D casewherewe may distinguishbetweenhorizontal,
verticalanddiagonaledges.In thatcasewemayreplacethe
secondterm ¨ ,h» � &j��-¾���10 7 (²��+�,�-�(²� 7 � N of thecriterion(1)
by thefollowing:

¨�¿�ÀX YRZ ,hÁ `3,X� Z , &j�^-UÂ
Y � 0 7 ( Y { ��+�, -±( Y { � 7 � N §

¨¹Ã À `3,X YRZ , ÁX� Z , &j�^-_Ä
Y �Å0 7 ( Y +9, { �8-_( Y +�, { � 7 � N §

¨�¿ Ã À `3,X YRZ ,tÁ `3,X� Z , &j�^-Q�ÅÄ
Y � 0 7 ( Y +9, { ��+�, -±( Y { � 7 � N §

¨5Ã ¿
À `�,X YOZ , ÁX� Z B &j�^-_Äb�
Y �Å0 7 ( Y +�, { ��`3,8-±( Y { � 7 � N 	

where Â Y � , Ä Y � , �ÅÄ Y � and Äo� Y � are,respectively, horizontal,
vertical,first diagonalandseconddiagonalmapedges.The
correspondingparameters̈�¿ , ¨ Ã , ¨�¿ Ã and ¨ Ã ¿ give the
possibilityto balancetheir relativeuncertainties.

4. SIMULA TION EXPERIMENTS

Theapplicationconcernedhereis nondestructivetesting
(NDT) of compositewide sandwichstructureswherewe



may have very limited angleprojections.The reconstruc-
tion problemis thenmoreill conditionedthanthe caseof
wherewecanturn aroundtheobjectunderthetestasis the
casein medicalimaging.

Here,wesimulatedacasewherewecanonly positionthe
X raysourcein averylimitednumberof pointsontheupper
sideof the objectunderthe testandsimulateda fan-beam
geometry, wherefor eachpositionof the source,an array
of 256 CCD element,in a fixed positionat the lower side
of the object, measuresthe amplitudeof attenuatedrays.
Figure1 shows this configuration.

defaultzone

ÆÆÆÆÆÆ Ç
È È ÈÈ ÈÉ É É ÉÉ ÉÉ ÉÉ É Ê

Ë

Ì
Ì�Ì�Ì
Ì�Ì.Ì
Ì�Ì
Ì�Ì�Ì
Ì�Ì
Ì.Ì�Ì
Ì�Ì�Ì
Ì�Ì
Ì.Ì�Ì
Ì�Ì�Ì
Ì�Ì

sourcepositions

detectorspositions

Í Í Í Í Í Í Í Í Í Í ÍÎ Î Î Î Î Î Î Î Î Î Î

Ï Ï Ï Ï Ï Ï Ï Ï
Typical line integrals

Ð Ð Ð Ð Ð Ð Ð Ð Ð Ð Ð Ð Ð
Fig. 1. Geometricalconfigurationof the NDT of wide
sandwichstructuresvia X ray computedtomography.

Weassumethenthatweknow or wecanmeasuretheout-
sideprofileof theobjectusingapulse-echotechniqueusing
eitherultrasoundor a laserbeam.Thus,we mayknow the
exact outsideprofile andthe thicknessof the two external
layers.Figure2 showsthispulse-echoexternalprofilemea-
surementconfiguration.
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Fig. 2. Laseror ultrasoundpulse-echoexternalprofilemea-
surementconfiguration.

Figure 3 shows the original object and the associated
sinogramdata.

Figure 4 shows the reconstructionresultsby classical
back-projectionor filteredback-projectionmethodsusedin
commercialscanners.As it is seenon this figure,thesere-
sultsarenot satisfactory for the datagatheringconfigura-
tion we proposedwherewe arelooking for a high resolu-
tion image &>Ñ\Ò
Ó e"Ô Ño0 from asinogramdatawhichhasonly&j�"�ÕÓ e"Ô Ñ®0 datapoints (256 detectorsand11 sourcepo-
sitions). We alsogive heretwo other resultsobtainedby

optimizingthecriterion¦¸& �87 � 	���	�³ 04� 7R7 �K-UP�, �87R7 B
§�¨ , X � &)(*��+�,8-_(*�10 B
once over IRW and the secondover IRW+ . In both cases,
we useda simple gradientalgorithm, but in the second
case,we imposedthepositivity constraintat eachiteration.
Theseresultsaresignificantlybetterthantheclassicalback-
projectionmethodsthanksto regularizationterms,but they
needmore computations(approximatelytwo times more
computationsthana simpleback-projectionin eachitera-
tion).
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Fig. 3. Original object (top) and the eleven projection
dataeachcorrespondingto one sourceposition (bottom).
The geometry is a fan beam CT, the object space is
discretizedto &)Ñ\ÒTÓ e"Ô Ño0 pixelsandthesinogramdatahas&j�"�tÓ e"Ô Ño0 datapoints(11 X-ray sourcepositionand256
CCD sensors).
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Fig. 4. Reconstructionsby classicalmethods:
a) originalobject, b) projectiondata;
c) back-projection, d) filteredback-projection;
e)quadraticregularizationand f) quadraticregularization
with positivity constraint.



Figure5 showsthereconstructionresultsusinggeometri-
caldata.In thisfigure,a)andb) show theknown regionand
bordersdatawhich areassumedavailable;c) shows there-
sultwhenonly theregiondatain a)hasbeenused;d) shows
the resultwhenonly the bordersdatain b) hasbeenused;
ande) andf) aretwo resultswhenbothregion andborders
datahave beenused.Thesetwo resultshavebeenobtained
for two differentvaluesof confidencefor theregionsvalues
(differentvaluesof ¨ B which is too low at left but it seems
to havegoodvalueat right.
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Fig. 5. Reconstructionsby data fusion with exact ge-
ometricaldata:
a) known regionsdata, b) known bordersdata;
c) Resultsusinga), d) Resultsusingb);
e) and f) Resultsusing both a) and b) for two different
valuesof confidencefor theregionsvalues(differentvalues
of ¨ B which is too low at left but it seemsto have good
valueat right).

Obviously, fusion of more geometricalinformation re-
sultsin moreaccurateresultswhenthegeometricalresults
areexact. Fromthesenumericalexperiments,we alsosee
thatbordersandedgesinformationbringslessinformation
thanthe region values.This canbe seenwhencomparing
theresultsusingonly bordersandedges(5.c)or only region
valuesinformations(5.d).

However, in practicalapplications,we needa first step
of registrationto bring thegeometricalinformationsin the
sameframesof X ray radiographicdata.In previoussimu-
lations,weassumedthatthishasbeendone,beforestarting
thereconstruction.

In thefollowing, wegivesomeresultsto show thesensi-
tivity of theresultson someerrorson thegeometricaldata.

Here,wesimulatedthecasewherethereis anerrorof about
12.5%on the thicknessof the two externallayers(1 pixel
over8).

Figure6 shows the resultsobtainedwith theseerrorsin
the geometricaldatawith the sameconditionswhich are
obtainedtheresultsof thefigure3.
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Fig. 6. Reconstructionsby data fusion with errors in
thegeometricaldata:
a)knownregionswith errors,b) known borderswith errors;
c) resultusinga),d) resultusingb);
e)andf) resultsusingbotha)andb) for two differentvalues
of confidencefor theregionsvalues.Theseresultsareto be
comparedwith thoseof Fig. 5 which wereobtainedwith
exactgeometricaldata.

Comparingtheseresults,we seethat the degradations
due to theseerrorsarenot so crucial if the regularization
parameters̈ , and ¨ B arenot too high. We canalsoremark
that, errorson edgesare lessimportantthanthe errorson
theregion values.This canbeunderstand,because,thein-
formationcontentof the region valuesarehigherthanthe
edgesandborders.

Thereis howeverthepossibilitiesto reducetheseeffects,
by feedbackiterating,i.e. by reestimatingthesegeometri-
cal datafrom the final reconstructionsof the previous re-
sultsandrestartingthedatafusionagainfrom thesenew in-
formationsandwe areworking on it andprobablywe will
presenttheresultsin thefinal paper. However, nothingcan
provetheconvergenceof suchaniterativeprocedure.

In Fig. 7 we presenttheresultsfor thesameobjectwith
an additional default region inside the layeredregion to
show thecapabilityof theproposedmethodto detectsuch
defaults.
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Fig. 7. Reconstructionsresultsfor an object with default
area:a) Objectwith default area,b) 11 projectiondata;c)
back-projection,d) filtered back-projection;e) quadratic
regularization and f) quadratic regularization with pos-
itivity constraint; g) Results using known regions and
h) Resultsusing known borders; i) and j) Resultsusing
both regionsand bordersdatafor two different valuesof
confidencefor the regions values; k), l), m) and n) are
the resultsequivalentto g), h) ,i) andj) but with errorsin
geometricaldata.

Finally, in Fig. 8, wepresentthesameresultsasin Fig.7,
but for amorefavorablesituationwherewehavemoredata
(21 X ray projection data in place of 11). We can see
that the reconstructionresultsare much better than those
in Fig. 7.

5. FUTURE WORKS

We proposethefollowing extensionsto thiswork:< Thefirst is to replacethebinaryvaluedmapof borders� by a real valued ���Ö«�l � 	 � n which will result to a
morerobustcriterionagainsttheerrorsin this map.< Thesecondis to extendthis work in 3D case.< The third andmore importantis to replacethe crite-
rion (1) by a moregeneralone¦4& �87 � 	���	�³¹	 ·.04� 7O7 �º-QP�, �87O7 B§�¨ ,�» � &]�^-_�@�10]×3,"&=(*��+9,.-_(*�Å0§�¨ B » � µ��1×�B"&)(*�#-U©��H0§�¨5Ø » � 7 ( � 7 B

(2)
wherethethird termcanbeof helpfor thecaseswhere
theimageswe arelooking for hasgreathomogeneous
low absorptionmaterials(air), and × , and × B canhave
otherexpressionsthana quadraticor power form. We
think in particularto all thepotentialfunctionalforms
with edgepreservingpropertiessuchas×9&=Ù30;�¯� euÚ ¥�&)Û�Ü\©ÅÂ�&=Ù30]0 	 e¹Ý � § Ù B - e �
which areconvene[12, 13], or×9&=Ù30;�¯�mwt¤R¥�&=Ù B 	 �Å0 	 Ù B ­ &j� § Ù B 0 	 Ú ¥9&j� § Ù B 0��
which arenonconvene[14, 15, 16]. Themainadvan-
tageof doingthis is to usehalf-quadraticoptimization
algorithms[17, 18, 19, 20] andhaving explicit expres-
sion for estimatingedgeswhen the solution is com-
puted. This will give us the possibility to estimatev �
from v� , replacesomeof thevaluesof it by known val-
uesof � and useit againin the next iteration. The
wholereconstructionprocedurewill bethefollowing:
1. Initialize � � � zrÞ | ;
2. Compute� by optimizingthecriterion(2);
3. Computea new valuefor � from � usingtheprop-
ertiesof half-quadraticcriteria;
4. Replacethosea priori known valuesof valuesof� zrÞ | in computed� andreturnto 2 until convergence.

We mayreportsomeof theseresultsin thefinal paper.
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Fig. 8. Reconstructionsresultsfor an object with default
area:a) Objectwith default area,b) 21 projectiondata;c)
back-projection,d) filtered back-projection;e) quadratic
regularization and f) quadratic regularization with pos-
itivity constraint; g) Results using known regions and
h) Resultsusing known borders; i) and j) Resultsusing
both regionsand bordersdatafor two different valuesof
confidencefor the regions values; k), l), m) and n) are
the resultsequivalentto g), h) ,i) andj) but with errorsin
geometricaldata. Theseresultsare to be comparedwith
thoseof Fig. 7. with lessX ray data(11 in Fig. 7 and21
here).

6. CONCLUSIONS

Weillustratedthefeasibilityof aBayesianestimationap-
proachfor datafusionin aNDT applicationusingcomputed
tomographywherewe usedsomegeometricalinformation
to obtainbetterreconstructionresults. We usedtwo kind
of geometricalinformation:partialknowledgeof valuesin
someregions and/orpartial knowledgeof the bordersof
someother regions. We showed the advantagesof using
suchinformationson increasingthe quality of reconstruc-
tions.Wealsoshowedsomeresultsto analyzetheeffectsof
someerrorsin anatomicdataon thereconstructedresults.
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andB. Lavayssìere, Data fusion in the field of non
destructivetesting, MaximumEntropy andBayesian
Methods. Kluwer Academic Publ., SantaFe, NM,
K. Hansonedition,1995.



[9] S. Gautier, Fusionde donńeesgammagraphiqueset
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