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ABSTRACT

In this paper, we consideran X ray computedtomography(CT)
imagereconstructionproblemusing two differentkinds of data:
classicalX-rays radiographicdata and somegeometricalinfor-
mationscoming from anatomicalatlas and proposenew meth-
ods basedon Bayesianestimationapproachfor this data fusion
problem. We usedtwo kinds of anatomicalinformation: partial
knowledgeof valuesin someregionsandpartialknowledgeof the
edgesof someotherregions. We showedtheadvantagesof using
suchinformationsonincreasingthequalityof reconstructions.We
alsoshowedsomeresultsto analyzetheeffectsof someerrorsin
anatomicdataon thereconstructedresults.
key words: Bayesiandatafusion,Computedtomography, Fusion
of radiographyandanatomicdata.

1. INTRODUCTION

Datafusion is oneof theactive areaof researchin many applica-
tionssuchasnondestructive testing(NDT), geophysicalimaging,
radio-astronomyandmedicalimaging. We considerthe caseof
this lastapplicationwith anX raycomputedtomography(CT) im-
agereconstructionproblemusingtwo differentkind of data:clas-
sical radiographic(projection)dataand somegeometricalinfor-
mationscomingfrom anatomicalatlassuchaspartial knowledge
of theanatomicregionsand/orthebordersof theseregions.

The ideaof usinganatomicaldatain medicalCT imaging is
not new. Many works on the subjecthasbeendonebefore. See
for example[1, 2, 3, 4, 5, 6]. In [1], theauthorsproposedmethods
for usingregionsbordersfrom anatomicaldatain medicalimaging
andtheauthorsin [2, 3, 5, 6] usedtheknowledgeof someof re-
gionsthemselves.While theapplicationin thefirst referencecon-
cernsmedicalimaging, the applicationin the secondreferences
concernsindustrialnon destructive testing. But, combiningboth
regionsandbordersinformationsfrom anatomicdatais new. This
work is still in development.We give heresomepreliminaryre-
sultssimulatingafanbeamCT problemwith morelimited number
of X ray data. A few resultsshow comparisonsof the resultsus-
ing classicalback-projectionor filtered back-projectionmethods
with thoseobtainedby the proposedmethodeither usingor not
the anatomicdata. Theseresultsshow the advantagesof using
anatomicdatawhenthesedataareexactandwell registeredwith
radiographicdata. Somepreliminaryresultsshow alsothesensi-
tivity of the proposedmethodto someerrorsin anatomicaldata
dueto imperfectregistrationandotheruncertainties.

2. BAYESIAN APPROACH FOR DATA FUSION

2.1. Fusion of homogeneous data

Assumethatweareobservinganunknown quantity � throughtwo
differentmeasurementsystemsandobtainedtwo setsof data� and

� . Assumingthatbothmeasurementsystemsarelinear, we have� �����	� ��

� �� ����� ��
�� �
where� � and ��� characterizethesesystemsand � � and � � their
respective errors.

For example,consideranX ray tomographyproblemwhere�
representsthemassdensityof theobjectandwhere� and � repre-
sentrespectively a high resolutionprojectionanda low resolution
projection.

We canusedirectly theBayesianapproachto solve this prob-
lem by writing down theposteriorlaw:��� ��� ��� ��� � ��� ��� ��� ��� ��� ������ ��� ���
Actually, themaindifficulty hereis to assign��� ��� ��� ��� and��� ��� .
If we assumethat theerrorsassociatedto the two setsof dataare
independentthenwe have ��� ��� ��� ��� � ��� � � ��� ��� ��� ��� , andif we
assumeto beableto assign��� � � ��� , ��� ��� ��� and��� ��� . thenwecan
computetheposterior��� ��� ��� ��� . andthecalculationcanbedone
moreeasily. For thepurposeof illustrationassumethefollowing:� �� 
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Indeed,assumethatthehyper-parameters� $ �� �U$ �� � D �?G � aregiven.
Thenwecanuse,for example,theMAP estimate,givenby:V� � arg WQX / �ZY ��� ��� ��� ���U[� arg W]\_^ � Ya` � ��� � ` � � ���b
 ` � � ����
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However, in practicalapplications,the datacomefrom different
processesandit is moredifficult to relatethe two setsof datadi-
rectly to thesameunknown quantity.

2.2. Fusion of non homogeneous data

Considera morerealisticdatafusionproblem,wherewehave two
differentkindsof data.As anexampleassumea tomographicim-
agereconstructionproblemwherewehaveasetof data� obtained
by anX rayanda setof data � obtainedby anultrasoundprobing
system. The X ray dataarerelatedto the massdensity � of the
matterwhile theultrasounddataarerelatedto theacousticreflec-
tivity j of thematterwhichis morerelatedto thechangesof mate-
rial massdensityinsidetheobjectandgivesmoreinformationon
thebordersof differenthomogeneousregions.



One approachproposedand usedby the author [7] and by
other collaboratorsGautier et al. [8, 6, 9] is basedon a com-
poundMarkovianmodelwherethebodyobject k is assumedto be
composedof threerelatedquantities:kl� Y j�� ��[ � Ynm �Uo�� ��[
wherem is abinaryvectorrepresentingthepositionsof thediscon-
tinuities(edges)in thebody, o a vectorcontainingthereflectivity
valuessuchthatwhen peqr�ts then u<qv�ts andwhen peqw�yx thenu q �.z q and z q mustberelatedin somewayto changesof density,
i.e.{ �E| q?} � ( | q � , where{ canbeany monotonicincreasingfunc-
tion. But, in practice,it is noteasyto accountfor thisdependence.

With thismodelwe canwrite��� k � � ��� � �eo�� m � � ��� ��� o�� m � ��� o � m � ��� m �
andusingtheBayesrule,we have��� � �eo�� m � ��� ����, ��� ��� ��� � �Uo�� m � ��� � �Uo�� m �� ��� ��� ��� � �Uo�� m � ��� ��� o�� m � ��� o � m � ��� m �
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Then,basedon��� � �Uo�� m � ��� ����, ��� � � ��� ��� ��� o � ��� ��� o�� m � ��� o � m � ��� m �
we proposedthe following schemesto estimateeither � or both� � �Uj � or equivalently � � �eo�� m � :~ Simultaneousestimationof all theunknownswith thejoint MAP
estimation(JMAP):� V� � Vo�� Vm � � arg WQX /� �>� o � m�� Y ��� � �Uo�� m � ��� ���e[~ Firstestimatem ando usingonly � andthenusethemto estimate� : � � V m � Vo � � arg WQX /m � o Y ��� m �Uo � ���e[V� � arg WQX /� Y ��� ��� ��� Vo�� Vm �U[~ First estimateonly m using � andthenestimate� using

V m and
thedata� : � V m � arg WQX /m Y ��� m � ���e[V� � arg WQX /� Y ��� ��� ��� Vm �U[
Otherschemesarepossible[7]. In all theseschemes,the detec-
tion steps(estimationof m ) is very difficult andcomputationally
demandingdueto theneedof marginalizationandacombinatorial
optimizationalgorithm. Oneway to take over this difficulty is to
modeltheobjectonly by � j�� ��� without decomposingj in � m �Uo �
anymore. However, we must catchthe informationon j which
is almostalwaysequalto zero(in homogeneousregions)andcan
take any real value in the bordersof theseregions. This canbe

down throughabetterchoicefor ��� j � . For example,ageneralized
Gaussianlaw for ��� j � :��� j ��,.-0/21L�<(�� � q � u<q � �d� with x��
��� � i
(in placeof Gaussianlaw which is thespecialcasefor ��� � ), can
beusedto translatethisconcentrationaroundzerowhile giving the
possibility to have largevalues,thanksto long-tailedcharacterof
this distribution for thevaluesof � nearto one.

Basedon this remark,a morerealisticsolutionshasbeenpro-
posedin previousworks[10, 9, 7, 11] which is describedbriefly.

2.3. Proposed method

Usethe ultrasounddata � to detectthe locationsof someof the
boundariesanduseX raydatato makeanintensityimagepreserv-
ing thepositionsof thesediscontinuities:

�4�) Est. �) V j �) peq�� � �7� �¡�¢%£ � � � � � � �) V m V m �)� �) Est. �) V�
For thefirst part,with theassumptionsmade,we haveV j]� arg WQX /j Y ��� j � �b�e[ � arg W]\_^j YA` � � j � ���e[
with ` � � j � ��� � �_� �l( ���?j �_� � 
�¤ � q � u<q � � i
When j estimated,wecandetermineeitherabinaryvaluedm from
it by peql�¥x , if � u<q ��¦y§ and peqB�¨s elsewhere,or a real valuedm with p qQ© J sd�nx M by p q � � u q � ª WQX / � � u q � � or any otherpractical
solution. This real valued m can be consideredas a blurred (or
fuzzy) imageof bordersandedges.

For thesecondpartwhich is theestimationof � given � andV m thefollowing criterionhasbeenused:V� � arg WQX /� Y ��� ��� ��� V m �e[ � arg W]\_^� Y9` � � ��� � + V m �e[
with` � � ��� ��� Vm � � �_� � ( �	� ���_� � 
�¤ ��« q � x ( p q �'� | q0} � ( | q � � i

3. FUSION OF GEOMETRIC INFORMATION AND
RADIOGRAPHIC DATA

Here,we illustrateanapplicationof theproposedmethodsfor the
specialcaseof CT medical imaging wherewe want to include
somegeometricinformationsuchaspartialknowledgeof borders
of differentregionsand/orpartialknowledgeof materialsin speci-
fied regionsof thebodyin thereconstructionmethod.Theideaof
usinganatomicalinformationin computedtomographyis notnew.
Many workson thesubjecthasbeendonebefore.Seefor example
[1, 11, 2]. Usingsomepartialknowledgeof someregionsborders
canbeconsideredasaspecialcaseof thepreviousexample.Actu-
ally, in thesecondstepof theproposedmethodin previoussection,
we wereusingthecombinationof the radiographicdata � and m
which canbe consideredasa geometrical(regionsborders)data.
It hasalsobeenusedin [1] in medicalimaging.Usingsomepartial
knowledgeaboutthe exact valuesof pixels in somespecifiedre-
gionshasalsobeenusedrecently[2]. But, combiningbothregion
andborderinformationsfrom anatomicdatais new.

In the following, we assumeto have sinogramdata � anda
binarymap m containingthebordersof someof theregionsin the
bodyand ¬ animagecontainingtheattenuationconstantvaluesof
someof theregionsin thebody(not forcibly thesameregionsfor
whichweknow theborders)and ­ animageindicatingourdegree
of confidenceaboutthe knowledgeof valuesin thoseregions(0
whenno knowledgeand1 whenhigh confidence).Basedon the
MAP Bayesianapproachandthediscussionsin previoussections,



weproposethefollowing criterionto optimizeto find theanimageV� which will betheresultof fusionof thesedata:` � ��� ��� m �<¬K�e­ � � �_� � ( � � ���_� � 
�¤ � « q � x ( peq �'� | q0} � ( | q � � :
�¤ � « q�® q � | q (¯§ q � � 8
(1)

Notethat,whenthehyperparameters¤ � � ¤ ��°hs and x���� � �%������
andthedata� and m �?¬ and ­ aregiven,thiscriterionis aconvex

functionof � . Then,its optimizationcanbedoneby any gradient
basedalgorithm.In thefollowing, weshow theresultsobtainedby
this criterionfor thefollowing situations:
– whenwedo nothave any anatomicaldata � m �±­�� " � ;
– when we have only the map of borders m but no region data� ­�� " � ;
– whenwe have only themapof regions(characterizedby both ¬
and ­ ) but no otherbordersdata � m � " � ;
– whenwehave boththebordersm andregionsmaps� ¬K�e­ � .

In the following, thehyperparameters��� and � � arefixedei-
therto

�
or to x i x andthetwo regularizationparameters¤ � and ¤ �

areadjustedempirically.
The object is a known numericalphantomin CT which has

beenproposedby SheppandLogan[12, 13,14]. This is a � �A²=³µ´�a²a³ � image. The sinogramdatais obtainedby simulatinga fan
beamtomographywith 64detectorsand128angularpositionsover
0 and360degreesfor thesource.Theopeninganglefor thesource
is 30.4 degrees. The distancebetweenthe sourceandthe center
of the object is 600 mm andthe dimensionsof the reconstructed
imageis (400mm

´
400mm).

Figure1 showstheoriginalobjectandtheassociatedsinogram
data.Figure2 shows thereconstructionresultsby classicalback-
projectionor filteredback-projectionmethodsusedin commercial
scanners.As it is seenon this figure,theseresultsarenotsatisfac-
tory for the datagatheringconfigurationwe proposedwherewe
arelooking for a high resolutionimage � �A²=³Q´Z�A²a³ � from a sino-
gramdatawhichhasonly � x �=¶�´�³a· � datapoints(64detectorsand
128sourcepositionsuniformly distributedin 0,

� ¸
). We alsogive

heretwo otherresultsobtainedby optimizingthecriterion` � ��� ��� m �<¬ � � �T� � ( � � �f�_� � 
g¤ � � q �E| q0} � ( | q � �
onceover IR� and the secondover IR� } . In both cases,we used
a simplegradientalgorithm,but in the secondcase,we imposed
the positivity constraintat eachiteration. Theseresultsaresig-
nificantlybetterthantheclassicalback-projectionmethodsthanks
to regularizationterms,but they needmorecomputations(approxi-
matelytwo timesmorecomputationsthanasimpleback-projection
in eachiteration).

Figure 3 shows the reconstructionresultsusing geometrical
data. In this figure,a) andb) show theknown region andborders
datawhich areassumedavailable;c) shows the resultwhenonly
theregion datain a) hasbeenused;d) shows theresultwhenonly
thebordersdatain b) hasbeenused;ande) andf) aretwo results
when both region and bordersdatahave beenused. Thesetwo
resultshave beenobtainedfor two differentvaluesof confidence
for the regionsvalues(differentvaluesof ¤ � which is too low at
left but it seemsto have goodvalueat right.

Obviously, fusion of moregeometricalinformationresultsin
moreaccurateresultswhenthegeometricalresultsareexact. Un-
fortunately, in practicalapplications,we needa first stepof regis-
trationto bringthegeometricalinformationsin thesameframesof
X rayradiographicdata.In previoussimulations,weassumedthat
this hasbeendone,beforestartingthereconstruction.

In thefollowing, we give someresultsto show thesensitivity
of the resultson someerrorsof registration. Herewe simulated
thecaseswherethegeometricalatlasdataareobtainedwith some
errorson theorientationof someof theknown regions(5 degree).

Figure4 shows the resultsobtainedwith theseerrorsin the
geometricaldatawith thesameconditionswhich areobtainedthe
resultsof thefigure3. In this figure,a) andb) show theerrorsin
regionsandborders.

Comparingtheseresults,we seethat thedegradationsdueto
theseerrorsarenot socrucial if the regularizationparameters¤ �
and ¤ � arenot toohigh.

Thereis however the possibilitiesto reducetheseeffects,by
feedbackiterating,i.e. by reestimatingthesegeometricaldatafrom
the final reconstructionsof theprevious resultsandrestartingthe
datafusionagainfrom thesenew informations.But, nothingcan
begivenon theconvergenceof suchaniterative procedure.

4. CONCLUSIONS

Weillustratedthefeasibilityof aBayesianestimationapproachfor
a medicalcomputedtomographywherewe usedsomeanatomical
informationto obtainbetterreconstructionresults. We usedtwo
kind of anatomicalinformation: partial knowledgeof valuesin
someregionsandpartial knowledgeof thebordersof someother
regions.Weshowedtheadvantagesof usingsuchinformationson
increasingthe quality of reconstructions.We alsoshowed some
resultsto analyzethe effectsof someerrorsin anatomicdataon
thereconstructedresults.
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B. Lavayssìere,“Fusiondedonńeesradiographiquesetultra-
sonores,envued’uneapplicaionencontr̂olenondestructif,”
Clermont-Ferrand,May 1995, Secondinternationalwork-
shopon inverseproblemsin electromagnetismandacoustic.

[7] A. Mohammad-Djafari, “Probabilisticmethodsfor datafu-
sion,” in MaximumEntropy and BayesianMethods, Boise,
ID, Aug. 1997.

[8] S. Gautier, G. Le Besnerais,A. Mohammad-Djafari, and
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Fig. 1. Original object(left) andits sinogramdata(right). Thege-
ometryis a fanbeamCT, theobjectis � �A²a³Q´��A²=³ � andthesino-
gramdatais � x �a¶µ´�³a· � .
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Fig. 3. Reconstructionsby datafusion(exactgeometricaldata):a)
known regionsdata, b) known bordersdata;
c) Resultsusinga), d) Resultsusingb);
e) andf) Resultsusingboth a) andb) for two differentvaluesof
confidencefor theregionsvalues(differentvaluesof ¤ � which is
too low at left but it seemsto have goodvalueat right.
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Fig. 2. Reconstructionsby classicalmethods:a) back-projection
b) filteredback-projection c) quadraticregularizationand d)
quadraticregularizationwith positivity constraint.
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Fig. 4. Reconstructionsby datafusionwith errorsin thegeomet-
rical data: a) known regionswith errors,b) known borderswith
errors;c) resultusinga), d) resultusingb); e) andf) resultsusing
both a) andb) for two differentvaluesof confidencefor the re-
gionsvalues.Theseresultsareto becomparedwith thoseof Fig. 3
which wereobtainedwith exactgeometricaldata.


