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Abstract — X ray computedtomagraphy (CT) is widely
usedin non destructivetesting (NDT) techniques. While
in medicalimaging, classicalmethodshasedon bad pro-
jection (BP) or algebraic reconstructiortechniques(ART)
givesatisfactionjn NDT applications,dataacquiringcon-
straints are sud that thesemethodsdo not give satisfac-
tory results.Ther is thena needfor extra informationand
other kind of data. In this paper we consideran X ray
CT image reconstructiomproblemusingtwo different kind
of data: classicalX-raysradiographicdataand somegeo-
metrical informationsand proposenew methodsbasedon
regularization and Bayesianestimationapproach for this
data fusionproblem. The geometricalinformationwe use
are of two kind: partial knowledg of valuesin somere-
gionsand partial knowledg of the edgesof someotherre-
gions. We showthe advantayesof usingsud informations
on increasingthe quality of reconstructionsn a NDT ap-
plication of wide layered shape(sandwit) structuies. We
alsoshowsomeresultsto analyzethe effectsof someerrors
in thesedataon thereconstructiomesults.

Keywords: Computedtomography Non destructve test-
ing, Bayesiardatafusion, Fusionof radiographicandgeo-
metricdata.

1. INTRODUCTION

A widely usedtechniquein industrial non destructve
testing(NDT) applicationis X ray computedtomography
(CT). While in medicalimaging, classicalmethodsbased
on back projection(BP) or algebraicreconstructiortech-
niques(ART) give satishction,in NDT applications data
acquiring constraints(limited projectionangles)are such
that thesemethodsdo not give satisactory results. Very
often then, thereis a needfor extra informationandother
kind of datato obtain satisictoryresults. Datafusion is
thenanactive areaof researclhin theseapplicationsin this
work, we consideithe X ray CT imagereconstructiomprob-
lem usingtwo differentkind of data:classicakadiographic
(projection)dataand somegeometricalinformationssuch

as partial knowledge of materialsin someregions and/or
thebordersof theseor someotherregions.

Theideaof usinggeometricablatain CT imagingis not
new. Many worksonthe subjecthasbeendonebefore.See
for example[1, 2, 3, 4, 5, 6]. In [1], the authorsproposed
methodsfor using regions bordersfrom geometricaldata
in medicalimagingandthe authorsin [2, 3, 5, 6] usedthe
knowledgeof someof regionsmaterials While theapplica-
tion in thefirst referenceconcernsnedicalimaging,theap-
plicationin thesecondeferencesoncernsndustrialNDT.
But, combiningbothregionsandborderdanformationsfrom
anatomicdatais new. We give heresomepreliminaryre-
sultssimulatingafanbeamCT problemin NDT testingof
metallic layer shapednedia(sandwichstructuressuchas
thoseof aircraftcontrolsurfaces.Thesestructuresaresuch
thatwe cannothave a full rangeof projectiondataandthe
reconstructiorproblemis a stronglyill posedone dueto
limited-angleRadontransformnull space.The authorsin
[3, 5] hasalso consideredhis problem,but the proposed
methodby theseauthorsare basedon projectionon con-
vex sets(POCS)which cannotaccounffor errorsandextra
knowledgeaseasilyasin regularizationor Bayesianesti-
mationtechnique.

This paperis organizedasfollows: First, the basicsof
the Bayesiarapproactfor heterogenoudatafusionis pre-
sented.Then,we focuson the fusionof X ray andgeomet-
rical dataandgive detailsof the proposednethod.Finally,
we presenta few simulatedexperienceshoving compar
isonsof the resultsusing classicalback-projectionor fil-
teredback-projectionrmethodswith thoseobtainedby the
proposedmethodeither using or not the geometricdata.
Theseresultsshav the advantage®f usinggeometricdata
whenthosedataare exact and well registeredwith radio-
graphicdata. We also presentsome preliminary results
shaving the sensitvity of the proposednethodto someer-
rors in geometricaldatadue to imperfectregistrationand
otheruncertainties.



2. BAYESIAN APPROACH FOR DATA FUSION

Assumethat we are observingan unknovn quantity «
throughtwo different measuremensystemsand obtained
two setsof datay andz. For example,consideraNDT ap-
plicationanda CT imagingsystemwherex representshe
imageof absorptiorcoeficientsof theobjectunderthetest,
y asetof X ray radiographesnd z a setof echo-graphic
dataobtainedusing a laseror an ultrasoundprobing sys-
tem. The X ray dataarerelatedto themassdensityzx of the
matterwhile the ultrasounddataare relatedto the acous-
tic reflectvity » of the matterwhich is morerelatedto the
change®f materialmassdensityinsidetheobjectandgives
more information on the edgesof differenthomogeneous
regions.

Oneapproachproposedand usedby the author[7] and
by othercollaboratorsGautieretal. [8, 6, 9] is basedon
a compoundMarkovian modelwherethe body objecto is
assumedo be composeaf threerelatedquantities:

o={z,r}={z,q,a}

wheregq is abinaryvectorrepresentinghe positionsof the
discontinuities(edges)in the body, a a vectorcontaining
the reflectvity valuessuchthatwheng; = 0 thenr; = 0
andwheng; = 1 thenr; = a; anda;. Notethat,in princi-
ple, a; mustberelatedin someway to changesf density
i.e. a; = g(xj41 — x;), whereg canbeary monotonicin-
creasingunction. But, in practice,it is noteasyto account
for thisdependence.

Usingthis modelvia aBayesiarestimatiorapproachye
canwrite

p(o) = p(z,r) = p(x,a,q) = p(z|a,q) p(a|q) p(q)
andusingthe Bayesrule, we have
p(z,a,qly, z)x p(y, z|z,a,q) p(x,a,q)
= p(y, 2|z, a, q)p(z|a, q)p(alq)p(q)

To illustrate this approachmore in details, let make the
following assumptions:
¢ Conditionalindependencef y andz:

p(y, 2|z, a,q) = p(y|z) p(z|a, q) = p(y|z) p(z|r).
e Gaussiarprocesdor €; andes whichresultsto:

pylz;of) o exp | -5z |ly — Haz||?
p(zlr;03) o exp | -5z ||z — Hor|?
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o Gaussiarprocesdor r|q or equialentlyfor a|q:
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¢ Independencef  anda andaMarkovianmodelfor z|q:

p(z|a,q) = p(x|q) o exp [-U(z|q)]

Note that this hypothesisis not realistic, but it simplifies
thisintroduction.Then,basecdn

p(z, a,q|y, z) x p(y|z) p(z|a) p(z|a, q) p(a|q) p(q)

mary schemeganbeproposedo estimateeithera or both
(z,7) orequvalently(x, a, q):
e Simultaneousestimationof all the unknovns with the
joint MAP estimation(JMAP):

(8,8,) = ay_max

mia’ ’z
anax {p(z,a,qly,2)}

¢ Firstestimateg anda usingonly z andthenusethemto
estimater:

o Firstestimateonly ¢ usingz andthenestimater usingq
andthedatay:

q
z

Otherschemesare possible[7]. In all theseschemesthe
detectionsteps(estimationof q) is very difficult andcom-
putationallydemandingdueto the needof maiginalization
and a combinatorialoptimizationalgorithm. One way to
take overthisdifficulty is to modeltheobjectonly by (r, x)

without decomposing- in (g,a) arymore. However, we
mustcatchthe pulseshapeinformationof r (r; is almost
alwaysequalto zeroin homogeneougegionsandcantake
ary real valuein the bordersof theseregions). This can
be donethrougha betterchoicefor p(r). For example,a
generalizedsaussiaraw for p(r):

(@,a) = angrmax {pr(q,a|2)}
= agmax {p(x|y,a,q)}

= agmax {r(q|2)}
= angmax {p(z|y,q)}

p(r) < exp _O‘Z Ir;|? with 1< 8 <2,
J

in placeof Gaussiataw whichis thespeciakaseor 5 = 2.
This choice thanksto long-tailedcharacteof this distribu-
tion for the valuesof 8 nearto one,givesthe possibilityto
accountfor the concentratioraroundzeroof the histogram
of thevaluesof r; while giving the possibilityto have large
values.

Basedonthisremark,amorerealisticsolutionshasbeen
proposedn previousworks[10, 9, 7, 11] whichis described
briefly throughthefollowing scheme:

|51
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For thefirst part,with theassumptionsnade we have
7 = agmax {p(r|z)} = agmin {Ji(r|2)}

with
Ti(r|z) = ||z = Hor|P + XY |rl°
J

Whenr estimatedye candeterminesitherabinaryvalued
g from it by usingathresholdvalues (g; = 1, if |r;| < s
andg; = 0 elsavhere),or arealvaluedg with ¢; € [0, 1] by
g; = |rj|/ max(|r;|) or ary otherpracticalsolution. This
realvaluedq canbeconsideredisablurred(or fuzzy) im-
ageof bordersandedges.

For the secondpartwhich s the estimationof « giveny
andq thefollowing criterionhasbeenused:

z = agmax {p(z|y,q)} = argmin {J>(z|y; )}
with

Jo(xly, @) = |ly — Hiz||> + X2 Y (1 — gj)lzj — 517,
i
1<p<2.

3. FUSION OF GEOMETRIC INFORMATION AND
RADIOGRAPHIC DATA

Here,weillustrateanapplicationof theproposednethod
for the specialcaseof limited angleCT imagingwherewe
wantto include somegeometricinformation, suchas par
tial knowledgeof bordersof differentregionsand/orpartial
knowledgeof materialsin specifiedregionsof the bodyin
thereconstructiomethod.

Using somepartial knowledgeof someregionsborders
canbe consideredas a specialcaseof the previous exam-
ple. Actually, in the secondstepof the proposedmethod
in previous section,we were usingthe combinationof the
radiographiaatay andg which canbeconsideredsage-
ometrical(regionsborders)data. Herewe proposeto add
anew termto this criterionto include somepartial knowl-
edgeaboutthe valuesof pixelsin somespecifiedregions.
Becausehis informationmaybe partialandtheremayalso
be someuncertaintyon it, we useagainprobabilisticap-
proachandmodelthis througha probability law

p(z|s) o< exp [—pjlz; — 517]

wheres is animagecontainingtheattenuatiorconstantal-
uesof someof theregionsin thebody(notforcibly thesame
regionsfor whichwe know theborderslandu animagein-
dicating our degreeof confidenceaboutthe knowledgeof
valuesin thoseregions(0 whenno knowledgeand1 when
high confidence).Using this modelandthe discussionsn
previous sectionsthe BayesianMAP estimationapproach
comesup with the following criterion to optimizeto find

the animageZ which will be the resultof fusion of these
data:

J(w|y7q737l"‘) _||y H1$||2
+ A 21— gyl — x4l
+ A2 Z NJ|$J - sjlﬁz

Note that, whenthe hyperparameter;, A > 0 and1 <
B1, P2 < 2 andthe datay andgq, s and i aregiven, this
criterionis a corvex function of . Then,its optimization
canbe doneby ary gradientbasedalgorithm. In the fol-
lowing, we show the resultsobtainedby this criterion for
thefollowing situations:

—whenwe do nothave ary geometricablata(q = p = 0);
— whenwe have only the map of bordersq but no region
data(u = 0);

—whenwe have only the mapof regions(characterizedy
both s andu) but no otherbordersdata(q = 0);
—whenwe have boththebordersy andregionsmaps(s, u).
—whenwe have boththebordersg andregionsmaps(s, )
but with someerrorsin thosedatato measure¢hesensitvity
of theresultsto thoseerrors.

In thefollowing, thehyperparameters, andg, arefixed
eitherto 2 or to 1.1 andthe two regularizationparameters
A1 and ). areadjustedempirically.

We have recentlytestedthe sameproposedmethodin a
medicalimagingwith afan-beangeometrywherewe used
anatomicablataascomplementarylata.

A final remarkconcernsthe adaptationof the criterion
to 2D casewherewe may distinguishbetweenhorizontal,
verticalanddiagonakdgesin thatcasewe mayreplacehe
seconderm\; Y- (1—g;)|z;41 —=;|°* of thecriterion(1)
by thefollowing:

(1)

M N-1
MDD (=Rl jn —i|* +
i=1 j=1
-1 N
Ay Z Z (1 = vii)|®iy1,j — Tiya Jl
i=1 j=1
M—-1N-1
Mo D D (L= qug)lzspr i — 2| +
i=1 j=1
M—-1 N
Aow D> (1= vgij)lwitsjo1 — zij|?,
i=1 j=2

whereh;;, vij, qui; andug;; are,respectiely, horizontal,
vertical,first diagonalandsecondliagonalmapedges.The
correspondingparameters\y,, A,, An, and A, give the
possibilityto balancetheir relative uncertainties.

4. SIMULATION EXPERIMENTS

Theapplicationconcernedhereis nondestructve testing
(NDT) of compositewide sandwichstructureswherewe



may have very limited angle projections. The reconstruc-
tion problemis thenmoreill conditionedthanthe caseof
wherewe canturn aroundthe objectunderthetestasis the
casein medicalimaging.

Here ,we simulatedacasewvherewe canonly positionthe
X raysourcan avery limited numberof pointsontheupper
side of the objectunderthe testandsimulateda fan-beam
geometry wherefor eachposition of the source,an array
of 256 CCD element,in a fixed positionat the lower side
of the object, measureghe amplitudeof attenuatedays.
Figurel shavsthis configuration.

Poenn,

*

sourcepositions

detectorgositions

oo\,ooooo}ﬂo\-o

Typicalline integ als

defaultzone

Fig. 1. Geometricalconfigurationof the NDT of wide
sandwichstructuressia X ray computedomography

We assumehenthatwe know or we canmeasuregheout-
sideprofile of theobjectusingapulse-echaechniqueusing
eitherultrasoundor a laserbeam.Thus,we may know the
exact outsideprofile andthe thicknessof the two external
layers.Figure2 showsthis pulse-ech@xternalprofile mea-
surementonfiguration.

Laseror ultrasoundpulse-e¢chsource-detectguositions

Fig. 2. Laseror ultrasoundoulse-ech@xternalprofile mea-
surementonfiguration.

Figure 3 shaws the original object and the associated

sinogramdata.

Figure 4 shaws the reconstructionresultsby classical
back-projectioror filtered back-projectiormethodsusedin
commercialscannersAs it is seenon this figure, thesere-
sultsare not satiskctoryfor the datagatheringconfigura-
tion we proposedvherewe arelooking for a high resolu-
tionimage(64 x 256) from asinogramdatawhich hasonly
(11 x 256) datapoints (256 detectorsand 11 sourcepo-
sitions). We also give heretwo otherresultsobtainedby

optimizingthecriterion

J(@ly,q,8) = |ly — Hiz|* + A1 > _ (241 — 7;)°

J

once over R" andthe secondover R}. In both cases,
we useda simple gradientalgorithm, but in the second
casewe imposedthe positivity constraintat eachiteration.
Theseresultsaresignificantlybetterthantheclassicaback-
projectionmethodghanksto regularizationterms,but they

needmore computationg(approximatelytwo times more
computationghan a simple back-projectionn eachitera-

tion).

250

Fig. 3. Original object (top) and the eleven projection
dataeachcorrespondingo one sourceposition (bottom).
The geometryis a fan beam CT, the object spaceis
discretizedo (64 x 256) pixelsandthe sinogramdatahas
(11 x 256) datapoints(11 X-ray sourcepositionand256
CCD sensors).

Fig. 4. Reconstructionby classicaimethods:

a) original object, b) projectiondata;

¢) back-projection, d) filteredback-projection;
e)quadratiaegularizationand f) quadratiaegularization
with positivity constraint.



Figure5 shavsthereconstructiomesultsusinggeometri-
caldata.In thisfigure,a) andb) shav theknown regionand
bordersdatawhich areassumeawailable;c) shovs there-
sultwhenonly theregiondatain a) hasbeenused;d) shows
theresultwhenonly the bordersdatain b) hasbeenused;
ande) andf) aretwo resultswhenbothregion andborders
datahave beenused.Thesetwo resultshave beenobtained
for two differentvaluesof confidencdor theregionsvalues
(differentvaluesof A, whichis toolow atleft but it seems
to have goodvalueatright.

Here,we simulatedhecasewherethereis anerrorof about
12.5%on the thicknessof the two externallayers(1 pixel
over 8).

Figure 6 shavs the resultsobtainedwith theseerrorsin
the geometricaldatawith the sameconditionswhich are
obtainedtheresultsof thefigure 3.
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. Fig. 6. Reconstructionsby data fusion with errors in
! thegeometricabata:
50 100 150 220 250 50 100 150 20 20 . . . .
) f a) known regionswith errors,b) known borderswith errors;
e

Fig. 5. Reconstructionsby data fusion with exact ge-
ometricaldata:

a) knownregionsdata, b) known bordersdata;

¢) Resultsusinga), d) Resultsusingb);

e) and f) Resultsusing both a) and b) for two different
valuesof confidencdor theregionsvalues(differentvalues
of Ay which is too low at left but it seemsto have good
valueatright).

Obviously, fusion of more geometricalinformation re-
sultsin moreaccurateesultswhenthe geometricaresults
areexact. Fromthesenumericalexperimentswe alsosee
thatbordersandedgesnformationbringslessinformation
thanthe region values. This canbe seenwhencomparing
theresultsusingonly bordersandedgeg5.c)or only region
valuesinformations(5.d).

However, in practicalapplicationswe needa first step
of registrationto bring the geometricainformationsin the
sameframesof X ray radiographiadata.In previoussimu-
lations,we assumedhatthis hasbeendone,beforestarting
thereconstruction.

In thefollowing, we give someresultsto shav the sensi-
tivity of theresultson someerrorsonthe geometricatata.

c) resultusinga), d) resultusingb);

e) andf) resultsusingbotha) andb) for two differentvalues
of confidencdor theregionsvalues.Theseresultsareto be
comparedwith thoseof Fig. 5 which were obtainedwith

exactgeometricabata.

Comparingtheseresults,we seethat the degradations
dueto theseerrorsare not so crucial if the regularization
parameterg; and\,; arenottoo high. We canalsoremark
that, errorson edgesare lessimportantthanthe errorson
theregion values.This canbe understandhecausethe in-
formation contentof the region valuesare higherthanthe
edgesandborders.

Thereis howeverthepossibilitiesto reducetheseeffects,
by feedbackiterating,i.e. by reestimatinghesegeometri-
cal datafrom the final reconstruction®f the previous re-
sultsandrestartinghe datafusionagainfrom thesenew in-
formationsandwe areworking on it and probablywe will
presentheresultsin thefinal paper However, nothingcan
prove the corvergenceof suchaniterative procedure.

In Fig. 7 we presenthe resultsfor the sameobjectwith
an additional default region inside the layeredregion to
shaw the capability of the proposedmethodto detectsuch
defaults.
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Fig. 7. Reconstructionsesultsfor an objectwith 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) Resultsusing known regions and
h) Resultsusing known borders;i) andj) Resultsusing
both regions and bordersdatafor two differentvaluesof
confidencefor the regions values; k), 1), m) and n) are
the resultsequivalentto g), h) ,i) andj) but with errorsin
geometricabata.

Finally, in Fig. 8, we presenthesameresultsasin Fig.7,
but for amorefavorablesituationwherewe have moredata
(21 X ray projectiondatain placeof 11). We can see
that the reconstructiorresultsare much betterthan those
in Fig. 7.

5. FUTURE WORKS

We proposehefollowing extensiongo thiswork:

e Thefirstisto replacehebinaryvaluedmapof borders
q by arealvaluedg; € [0,1] which will resultto a
morerobustcriterionagainstheerrorsin this map.

e Theseconds to extendthiswork in 3D case.

e The third and more importantis to replacethe crite-
rion (1) by amoregeneralbne

J(zly,q,s,1) =|ly — Hiz||?
+ A1 21— g5)d1 (241 — 2;5)
+ A2 20 pida (i — ;)
+ A3 32 5]
()

wherethethird termcanbeof helpfor thecasesvhere
theimageswe arelooking for hasgreathomogeneous
low absorptiommaterialgair), and¢; and¢, canhave
otherexpressionghana quadraticor power form. We
think in particularto all the potentialfunctionalforms
with edgepreservingpropertiessuchas

¢(u) = {21n(cosh(u)), 2v1+u2-—2}
whicharecorvene[12, 13], or

¢(u) = {min(u®,1), «’/(1+u?), In(l+u”)}
which arenoncorvene[14, 15, 16]. Themainadwan-
tageof doingthisis to usehalf-quadratioptimization
algorithmg[17, 18, 19, 20] andhaving explicit expres-
sion for estimatingedgeswhen the solutionis com-
puted. This will give usthe possibility to estimateg
from Z, replacesomeof thevaluesof it by known val-
uesof g anduseit againin the next iteration. The
wholereconstructiorprocedurewill bethefollowing:
1. Initialize ¢ = ¢(®;

2. Computezx by optimizingthe criterion(2);

3. Computea new valuefor g from x usingthe prop-
ertiesof half-quadraticriteria;

4. Replacethosea priori known valuesof valuesof
q'? in computedg andreturnto 2 until convergence.

We mayreportsomeof theseresultsin thefinal paper
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Fig. 8. Reconstructionsesultsfor an objectwith 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) Resultsusing known regions and
h) Resultsusing known borders;i) andj) Resultsusing
both regions and bordersdatafor two differentvaluesof
confidencefor the regions values; k), 1), m) and n) are
the resultsequivalentto g), h) ,i) andj) but with errorsin
geometricaldata. Theseresultsareto be comparedwith
thoseof Fig. 7. with lessX ray data(11in Fig. 7 and21
here).

6. CONCLUSIONS

Weillustratedthefeasibility of a Bayesiarestimatiorap-
proachfor datafusionin aNDT applicationusingcomputed
tomographywherewe usedsomegeometricainformation
to obtain betterreconstructiorresults. We usedtwo kind
of geometricainformation: partial knowledgeof valuesin
someregions and/or partial knowledge of the bordersof
someotherregions. We shaved the advantagesof using
suchinformationson increasingthe quality of reconstruc-
tions. We alsoshavedsomeresultsto analyzetheeffectsof
someerrorsin anatomiadataon thereconstructedesults.
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