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ABSTRACT

In this paper we consideran X ray computedtomography(CT)
imagereconstructiorproblemusing two differentkinds of data:
classicalX-rays radiographicdata and some geometricalinfor-
mationscoming from anatomicalatlas and proposenev meth-
ods basedon Bayesianestimationapproachfor this datafusion
problem. We usedtwo kinds of anatomicalinformation: partial
knowledgeof valuesin someregionsandpartialknowledgeof the
edgesof someotherregions. We shaved the advantagef using
suchinformationsonincreasinghequality of reconstructionsWe
alsoshaved someresultsto analyzethe effectsof someerrorsin
anatomicdataon thereconstructedesults.

key words: Bayesiardatafusion, ComputedomographyFusion
of radiographyandanatomicdata.

1. INTRODUCTION

Datafusionis oneof the active areaof researchn mary applica-
tionssuchasnondestructie testing(NDT), geophysicalmaging,
radio-astronomyand medicalimaging. We considerthe caseof
thislastapplicationwith anX ray computedomography(CT) im-
agereconstructiorproblemusingtwo differentkind of data:clas-
sical radiographic(projection)dataand somegeometricalinfor-
mationscomingfrom anatomicaktlassuchaspartial knovledge
of theanatomicaregionsand/orthe bordersof theseregions.

The ideaof usinganatomicaldatain medicalCT imagingis
not newv. Many works on the subjecthasbeendonebefore. See
for example[1, 2, 3, 4,5, 6]. In [1], theauthorsproposednethods
for usingregionsbordersrom anatomicatiatain medicalimaging
andthe authorsin [2, 3, 5, 6] usedthe knowledgeof someof re-
gionsthemseles. While the applicationin thefirst referencecon-
cernsmedicalimaging, the applicationin the secondreferences
concernsndustrial non destructve 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 resultsshav comparison®f the resultsus-
ing classicalback-projectionor filtered back-projectiormethods
with thoseobtainedby the proposedmethodeither using or not
the anatomicdata. Theseresultsshav the adwantagesof using
anatomicdatawhenthesedataare exactandwell registeredwith
radiographicdata. Somepreliminaryresultsshaw alsothe sensi-
tivity of the proposedmethodto someerrorsin anatomicaldata
dueto imperfectregistrationandotheruncertainties.

2. BAYESIAN APPROACH FOR DATA FUSION

2.1. Fusion of homogeneous data

Assumethatwe areobservinganunknavn quantityz throughtwo
differentmeasuremergystemsandobtainedwo setsof datay and

z. Assumingthatbothmeasuremergystemsarelinear, we have

y=Hiz+e
z=Hsx + €3

whereH ; and H ; characterizéhesesystemsande; ande. their
respectie errors.

For example,consideran X ray tomographyproblemwherex
representthemassdensityof the objectandwherey andz repre-
sentrespectrely a high resolutionprojectionanda low resolution
projection.

We canusedirectly the Bayesiarapproacho solwe this prob-
lem by writing down the posteriodaw:

_ Py, zl) p(x)
p(aly. z) = PLEL

Actually, themaindifficulty hereis to assignp(y, z|x) andp(x).
If we assumehatthe errorsassociatedo the two setsof dataare
independenthenwe have p(y, z|x) = p(y|x) p(z|x), andif we
assumeo beableto assigrp(y|x), p(z|x) andp(x). thenwecan
computethe posteriorp(x|y, z). andthe calculationcanbe done
moreeasily For the purposeof illustrationassumehefollowing:

€1 ~ N(0,01T) — p(ylz;of) o exp [~ |y — Hial?]

€2 ~ N(0,031) — p(z|x; 03) x exp [—2—1§|z — Hyzx|?
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z ~ N(m,T) — p(xz|m,X) x exp [—i[x — m]'S [z — m]]

Indeed assumehatthehyperparameter¢o?, o2, m, ) aregiven.
Thenwe canuse,for example,the MAP estimategivenby:

o= agmaxe {p(z|y, z)}
= algmina,- {J((D) =J1 (113) —+ Jz(fl}) + Jg(w)}

with

(@) = Felly — Hizll, (@) = 5|z - Haal* and

Js(z) = iz — m]'S" [z — m).

However, in practicalapplicationsthe datacomefrom different
processeandit is moredifficult to relatethe two setsof datadi-
rectly to the sameunknavn quantity

2.2. Fusion of non homogeneous data

Considera morerealisticdatafusion problem,wherewe have two

differentkinds of data.As anexampleassumea tomographidm-

agereconstructiomproblemwherewe have a setof datay obtained
by anX ray andasetof dataz obtainedby anultrasoundorobing
system. The X ray dataarerelatedto the massdensityz of the
matterwhile the ultrasounddataarerelatedto the acoustiareflec-
tivity » of thematterwhichis morerelatedto thechange®f mate-
rial massdensityinsidethe objectandgivesmoreinformationon

thebordersof differenthomogeneousegions.



One approachproposedand usedby the author[7] and by
other collaboratorsGautier et al. [8, 6, 9] is basedon a com-
poundMarkovian modelwherethebodyobjecto is assumedo be
composedf threerelatedquantities:

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

wheregq is abinaryvectorrepresentinghe positionsof thediscon-

tinuities (edges)n thebody, a avectorcontainingthe reflectvity

valuessuchthatwheng; = 0 thenr; = 0 andwheng; = 1 then

r; = a; anda; mustberelatedin somewayto change®f density

i.eg(z;j+1 — z;), whereg canbeary monotonicincreasingunc-

tion. But, in practice|t is noteasyto accountor this dependence.
With this modelwe canwrite

p(0) = p(z, a,q) = p(z|a,q) p(alq) p(q)
andusingthe Bayesrule, we have
p(®,a,qly, z) x p(y,z|z,a,q)p(z,a,q)
=p(y, 2|z, a, q) p(x|a, q) p(alq) p(q)
We illustratethis approachby makingthefollowing assumptions:

¢ Conditionalindependencef y andz:

p(y, 2|z, a,q) = p(y|z) p(z|a, q) = p(y|z) p(z|r).
e Gaussianaws for €; andes which resultsto:

p(yle;of) x  exp [~ lly — Hizl?]

p(2lr;of) o< exp |5l llz - Horl?]

n
e Bernoullilaw for g:  p(q) o > ¢i' (1 —q:)'
i=1

i=
e Gaussiaraw for r|q or equvalentlyfor a|q:

p(alq) x exp [—LatQa] , Q=diadq, ..., qn]
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e Independencef  anda anda Markovian modelfor x|g:

p(zla, q) = p(z|q) o exp[-U(zx|q)]
Then,basecn

p(z,a,q|y, 2) x p(y|z) p(z|a) p(z|a, q) p(alq) p(q)

we proposedhe following schemedo estimateeitherz or both
(z,r) orequivalently(z, a, q):

e Simultaneousgstimatiorof all theunknavnswith thejoint MAP
estimation(JMAP):

(@,a,9) = ag max {p(z,a,qly,2)}
o Firstestimatag anda usingonly z andthenusethemto estimate
T

@,8) = agmax{p(q, alz)}

e First estimateonly g using z andthenestimatex usingq and
= agmax {p(ql2)}

thedatay:
q
Z = agmax{p(z|y,q)}

Otherschemesarepossible[7]. In all theseschemesthe detec-
tion steps(estimationof q) is very difficult and computationally
demandinglueto the needof mamginalizationanda combinatorial
optimizationalgorithm. Oneway to take over this difficulty is to
modelthe objectonly by (7, ) withoutdecomposing: in (g, a)
arymore. However, we must catchthe informationon » which
is almostalwaysequalto zero(in homogeneousegions)andcan
take ary real valuein the bordersof theseregions. This canbe

down throughabetterchoicefor p(r). For example,ageneralized
Gaussiaraw for p(r):

p(r) o exp [—az |Tj|3] with 1<g<2.
J

(in placeof Gaussiaraw whichis thespecialcasefor 8 = 2), can
beusedto translatehis concentratiormroundzerowhile giving the
possibility to have large values thanksto long-tailedcharacteiof
this distribution for the valuesof 8 nearto one.

Basedon this remark,a morerealisticsolutionshasbeenpro-
posedn previousworks[10, 9, 7, 11] whichis describedbriefly.

2.3. Proposed method

Usethe ultrasounddata z to detectthe locationsof someof the
boundariesnduseX ray datato make anintensityimagepreserv-
ing the positionsof thesediscontinuities:

q—
Y

z s |Est|— 7 qj:#ﬁjl) —q Est. |2

For thefirst part,with theassumptionsnade we have
7 = agmax {p(r|2)} = agmin {1 (r|2)}

with Ji(rlz) = ||z = Hor|” + X Irl”.
J

Whenr estimatedye candetermineeitherabinaryvaluedq from
it by g; = 1,if |r;| < sandg; = 0 elsavhere,or arealvalued
q with g; € [0,1] by g¢; = |r;|/ max(|r;|) or ary otherpractical
solution. This real valuedg canbe consideredas a blurred (or
fuzzy) imageof bordersandedges.

For the secondpartwhich is the estimationof = giveny and
g thefollowing criterionhasbeenused:

¢ = agmax {p(z|y,§)} = agmin {/>(z|y; 7)}
with
Ta(2|y, @) = [ly — Haz||” + X2 355 (1 — g;)lwjn — 257,

3. FUSION OF GEOMETRIC INFORMATION AND
RADIOGRAPHIC DATA

Here,we illustratean applicationof the proposednethodsor the
specialcaseof CT medicalimaging wherewe want to include
somegeometricgnformationsuchaspartial knowledgeof borders
of differentregionsand/orpartialknovledgeof materialsn speci-
fied regionsof thebodyin thereconstructiommethod.Theideaof
usinganatomicalnformationin computedomographyis notnew.
Many workson the subjecthasbeendonebefore.Seefor example
[1, 11, 2]. Usingsomepartialknowledgeof someregionsborders
canbeconsideredsaspecialcaseof thepreviousexample.Actu-
ally, in thesecondstepof theproposednethodn previoussection,
we were usingthe combinationof the radiographicdatay andgq
which canbe considerechs a geometricalregionsborders)data.
It hasalsobeenusedin [1] in medicalimaging.Usingsomepartial
knowledgeaboutthe exact valuesof pixelsin somespecifiedre-
gionshasalsobeenusedrecently[2]. But, combiningbothregion
andborderinformationsfrom anatomicdatais new.

In the following, we assumeo have sinogramdatay anda
binarymapg containingthe bordersof someof theregionsin the
bodyands animagecontainingthe attenuatiorconstanwaluesof
someof theregionsin the body (not forcibly the sameregionsfor
whichwe know thebordersyandy animageindicatingour degree
of confidenceaboutthe knowledge of valuesin thoseregions (0
whenno knowledgeand 1 whenhigh confidence).Basedon the
MAP Bayesiamapproachandthe discussionén previoussections,



we proposehefollowing criterionto optimizeto find theanimage
z whichwill betheresultof fusionof thesedata:

J(w|y7qa s, Il) = ||y - H1$||2+)\1 Z](l - qj)lxj‘f‘l - ',I:J'lBl
X2 3 pilwy — 5%

@)
Notethat,whenthehyperparameters;, A» > 0andl < 31,82 <
2 andthedatay andg, s andu aregiven,thiscriterionis acorvex
functionof x. Then,its optimizationcanbe doneby ary gradient
basedalgorithm.In thefollowing, we shawv theresultsobtainecby
this criterionfor thefollowing situations:
—whenwe do nothave ary anatomicablata(q = p = 0);
— whenwe have only the map of bordersq but no region data
(k=0);
—whenwe have only the mapof regions(characterizedby both s
andp) but no otherbordersdata(q = 0);
—whenwe have boththebordersq andregionsmaps(s, ).

In the following, the hyperparameter8; andg3. arefixed ei-
therto 2 orto 1.1 andthetwo regularizationparameters; and\»
areadjustecempirically.

The objectis a knovn numericalphantomin CT which has
beenproposedyy SheppandLogan[12, 13,14]. Thisis a (256 x
256) image. The sinogramdatais obtainedby simulatinga fan
beamtomographywith 64 detector@and128angularpositionsover
0 and360degreedor thesource. Theopeninganglefor thesource
is 30.4 degrees. The distancebetweenthe sourceandthe center
of the objectis 600 mm andthe dimensionsof the reconstructed
imageis (400mm x 400mm).

Figurel shavstheoriginal objectandtheassociatedinogram
data. Figure 2 shaws the reconstructiorresultsby classicaback-
projectionor filtered back-projectiormethodsusedin commercial
scannersAs it is seenonthisfigure, theseresultsarenot satishic-
tory for the datagatheringconfigurationwe proposedwvherewe
arelooking for a high resolutionimage (256 x 256) from a sino-
gramdatawhich hasonly (128 x 64) datapoints(64 detectorand
128sourcepositionsuniformly distributedin 0, 27). We alsogive
heretwo otherresultsobtainedoy optimizingthecriterion

J(2ly, q,8) = |ly — Hiz|” + A Y (2j41 — 25)°

J

onceover R® andthe secondover R%.. In both caseswe used
a simplegradientalgorithm, but in the secondcase,we imposed
the positiity constraintat eachiteration. Theseresultsare sig-

nificantly betterthanthe classicaback-projectiormethodshanks
toregularizationterms but they needmorecomputationgapproxi-

matelytwo timesmorecomputationshanasimpleback-projection
in eachiteration).

Figure 3 shaws the reconstructiorresultsusing geometrical
data. In this figure,a) andb) shav the known region andborders
datawhich areassumedwailable; c) shavs the resultwhenonly
theregion datain a) hasbeenused;d) shavs theresultwhenonly
thebordersdatain b) hasbeenused;ande) andf) aretwo results
when both region and bordersdatahave beenused. Thesetwo
resultshave beenobtainedfor two differentvaluesof confidence
for the regionsvalues(differentvaluesof A which is too low at
left but it seemdo have goodvalueatright.

Obviously, fusion of more geometricainformationresultsin
moreaccurateesultswhenthe geometricakesultsareexact. Un-
fortunately in practicalapplicationswe needa first stepof regis-
trationto bringthegeometricalnformationsin the sameframesof
X rayradiographidata.In previoussimulationswe assumedhat
this hasbeendone beforestartingthereconstruction.

In the following, we give someresultsto shav the sensitvity
of the resultson someerrorsof registration. Here we simulated
the casesvherethe geometricahtlasdataareobtainedwith some
errorson the orientationof someof theknown regions(5 degree).

Figure 4 shaws the resultsobtainedwith theseerrorsin the
geometricabatawith the sameconditionswhich areobtainedthe
resultsof thefigure 3. In this figure, a) andb) shawv the errorsin
regionsandborders.

Comparingtheseresults,we seethat the degradationsdueto
theseerrorsarenot so crucial if the regularizationparameters\;
and). arenottoo high.

Thereis however the possibilitiesto reducetheseeffects, by
feedbackterating,i.e. by reestimatinghesegeometricatiatafrom
the final reconstruction®f the previous resultsandrestartingthe
datafusion againfrom thesenew informations. But, nothingcan
be givenon the corvergenceof suchaniterative procedure.

4. CONCLUSIONS

Weillustratedthefeasibility of a BayesiarestimatiorapproacHor
amedicalcomputedomographywherewe usedsomeanatomical
informationto obtainbetterreconstructiorresults. We usedtwo
kind of anatomicalinformation: partial knowledge of valuesin
someregionsand partial knovledgeof the bordersof someother
regions. We shavedthe adwantage®f usingsuchinformationson
increasingthe quality of reconstructions.We also shaved some
resultsto analyzethe effects of someerrorsin anatomicdataon
thereconstructedesults.
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Fig. 1. Original object(left) andits sinogramdata(right). Thege-
ometryis afanbeamCT, the objectis (256 x 256) andthesino-
gramdatais (128 x 64).

e)
Fig. 3. Reconstructionby datafusion (exactgeometricatlata):a)
known regionsdata, b) known bordersdata;
c) Resultsusinga), d) Resultsusingb);
e) andf) Resultsusingboth a) andb) for two differentvaluesof
confidenceor theregionsvalues(differentvaluesof A2 whichis
toolow atleft but it seemdo have goodvalueatright.
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) d)
Fig. 2. Reconstructiondy classicalmethods:a) back-projection
b) filtered back-projection c¢) quadraticregularizationand d)
quadraticregularizationwith positivity constraint.

e) f)
Fig. 4. Reconstruction®y datafusionwith errorsin the geomet-
rical data: a) known regionswith errors,b) knowvn borderswith
errors;c) resultusinga), d) resultusingb); e) andf) resultsusing
both a) and b) for two differentvaluesof confidencefor the re-
gionsvalues.Theseresultsareto becomparedvith thoseof Fig. 3
which wereobtainedwith exactgeometricalata.




