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Abstract

Thanksto its ability to yield functionally-basednforma-
tion, thethree-dimensiongl3D) SPECTimagerytechnique
hasbecomea greathelp in the diagnosticof cerebroascu-
lar diseasesNeverthelessdueto the imagingprocessthe
3D SPECTimagesare blurred and consequentlytheir in-
terpretationby the clinician is often difficult. In orderto
improve theresolutionof theseimagesandthento facilitate
their interpretation,we proposeherein,to extend a recent
imageblind decorwolution technique(calledthe NAS-RIF
technique)n orderto improve boththe spatialandtheinter-
slice resolutionof SPECTvolumes. This schemerequires
apreliminarystepin orderto find the supportof the object
to berestored.In this paper we proposeto solve this prob-
lem thanksto anunsupervise@D Markovian sggmentation
technique.This methodhasbeensuccessfullytestedon nu-
merousreal and simulatedbrain SPECTvolumes,yielding
very promisingrestoratiorresults.

1 Introduction

3D SPECT (Single Photon Emission ComputedTomog-
raphy) imagesare obtainedby the detectionof radiation-
s (gammarays) coming from radioactive isotopesinject-
edin the humanbody. Contraryto othermedicalimaging
techniquessuchasX-ray, CT (ComputefTomography)M-

RI (MagneticResonancémaging), etc., this imagerypro-
cessis able to give functionally ratherthan anatomically-
basedinformation, such as the 3D metabolicbehaior of

humanbrain, by visualizing the level of blood flow of a
setof cross-sectionaimages. This study of regional Cere-
bral Blood Flow (rCBF) canaid in the diagnosticof cere-
brovasculadiseasesge.g.,Alzheimers diseaseParkinsons
diseaseegtc.) by indicatinglower, or abnormalhigher, 3D

metabolicactivity in somebrainregions.
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Due to the imaging process SPECTsuffers from poor
spatialresolutionmainly owing to the 3D scatteringof the
emitted photons. Consequentlyresulting3D SPECTim-
agesarevery blurredandtheir interpretatiorby the nuclear
physicianis often difficult and subjectve. If the objectto
be visualizedis smallcomparedo the source-to-collimator
distance this degradationphenomenomay be considered
to be shift-invariant[1] and, neglectingnoise,this onecan
be modeledby a 3D convolution processhetweenthe true
undistorted3D imageandthetransferfunction of theimag-
ing system(alsocalledthe PointSpread-unctionor PSF).

In orderto improvethe spatialresolutionof SPECTvol-
umes,someauthorshave thusinvestigatedhe SPECTim-
agedeblurringproblemby neglectingtheinter-sliceblur and
by approximatinghis transferfunctionwith a 2D symmet-
ric Gaussiarfunction [2, 3] or by consideringan a priori
known PSF[4]. In this context, classicaMWienerfilter tech-
niques[1, 2] or maximumentropy filter-baseddecowolu-
tion techniquel4] have thenbeenproposedo achiese this
decowolutionprocedurendsignificantresolutionmprove-
mentshave beennoticed[1, 2, 4]. Neverthelesslet usnote
thatthesemethodglon't take into accountheinter-sliceblur
inherentto this 3D SPECTimageryprocessandare sensi-
tive to the assumptiormadeon the natureof the blurring
function. In our applicationsvherelittle is known aboutthe
PSF it canturn outto be morerelevantto estimatedirectly
the PSFrom the obsenedinputimage.This problemof si-
multaneouslhestimatingthe PSFandrestoringanunknown
imageis calleda“blind decowolution” problem.RecenD
decowolution techniquesxist, suchasthe NAS-RIF algo-
rithm, andcanalsobeefficiently extendedn the3D SPECT
imagerycontet. Thesetechniquesequireto find, in a pre-
liminary step,the supportof the objectto be restored. In
this paper we proposeto solve this problemthanksto an
unsupervise@D Markovian segmentatiortechnique.

This paperis organizedasfollows. Section2 describes
the proposed3D extensionof the NAS-RIF decorvolution
technique. In Section3, we detail the 3D unsupervised
Markovian segmentatioralgorithmallowing to find the sup-
port of the objectto be restored.Decorvolution resultson
phantomsandreal SPECTvolumesaregivenin Section4.



2 3D Deconvolution Method

In our application the degradationof a SPECTvolumecan
berepresentedstheresultof a corvolution of thetruevol-
umewith a 3D blurring function (the PSF),plusanadditive
term to model the noisefrom the physicalsystem. If the
imagingsystemis assumedo be linear andshift invariant,
this degradationprocesscanthen be expresseddy the fol-
lowing linearmodel,

g($5y7z) = f(w)y5z) *h($5y7z) +n(w’y5'z)7

where g(z,y, z) is the degradedor blurred 3D image,
f(z,y, z) is theundistortedrue 3D image,h(z, y, z) is the
PSFof the imaging systemand n(z,y, z) is the corrupt-
ing noise(assumeadditive in our model). In this notation,
thecoordinategz, y) representhediscretepixel spatiallo-
cations, z the slice location and * designateghe 3D dis-
cretelinear corvolution operator The 3D blind decorvo-
lution problemconsiststhenin determiningf(x,y, z) and
h(z,y, z) giventheblurredobsenrationg(z, y, z).

Whenthe objectto be recoveredis imagedagainsta u-
niform or a noisy background,a commonly usedmethod
for solving a 2D blind decowolution problem consistsin
minimizing an error metric that optimizesthe form of the
restoredmageandthe PSF(or its inverseto fit thevarious
constraintsa priori known, ontheform of thesolution;typ-
ically positivity andknown supportof the object. Thesteep-
estdescenbr conjugategradientmethodarethengenerally
usedto achieve optimization[5, 6]. In our application,the
true undistortedrCBF map of a humanbrain consistsof a
finite supportimagedagainsta noisy backgroundiueto the
PoissomoisephenomenonAssumingthatthis supportis a
priori known or previously estimatedwe canusea 3D ex-
tensionof suchdecomolutiontechniquegor improving both
spatialandinter-sliceresolutionof SPECTvolumes.

In this context, the recentNon-negativity and Support
constraintRecursve InverseFiltering (NAS-RIF) algorith-
m [5] canefficiently beextended We canderive a3D exten-
sion of this techniqueby simply consideringa 3D variable
FIR filter u(z,y, z) of dimensionN, x N, x N, with the
blurred SPECTvolume pixels g(z, y, z) asinput (cf. Fig.
1). Theoutputof thisfilter givesan estimateof eachcross-
sectional2D true image f(z,y,z = k) (with & € [1, K]
and K is the numberof trans\ersalslicesin the volume).
Eachresultingestimatioris passedhroughanonlinearfilter
which usesa non-expansve mappingto projectthe estimat-
ed 2D imageinto the spacerepresentinghe known char
acteristicsof the true image. The differencebetweenthis
projectedimage f. (z,y, 2 = k) and f(z,y, z = k) is used
asthe error signal to updatethe variablefilter u(z,y, 2).
Fig. 1 givesanoverview of thepropose®D-extended\NAS-
RIF decorvolution algorithm. Eachcross-sectionakD im-
ageis assumedo be non-ngyative with known support.The

costfunctionusedin the decowolution procedureof the k™
trans\ersal2D imageis definedas,

Te =2 f2(m,y,z=k)(1—59r(f(w,y,z=k)))
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wheref(z,y,2) = g(x,y, 2) * u(z,y, 2), andsgr(f) = -1
if f<0andsgn(f)=1if f>0. Dy andDy, is the set
of all pixelsof g(z,y, z = k) insideandoutsidethe region
of supportrespectiely. Thevariable~ in the third termis
nonzeroonly when L; is zero, i.e., the backgroundcolor
is black. The third termis usedto constrainthe parameter
away from thetrivial all-zeroglobalminimumfor this situa-
tion. Theauthorshave shown in [5] thatthe above equation
is corvex in the 2D casewith respectto u. This property
remainstruein the 3D casesothatcornvergenceof thealgo-
rithm to theglobal minimumis ensuredisingthe conjugate
gradientminimizationroutine[5]. Let us notethata fully
3D decorvolution schemewould consistin minimizing di-
rectly the costfunction J = Zszl Jr. NeverthelessJy
andJ beingcorvex andthe global minimum beingensured
in bothcasedy theconjugategradientoptimizationroutine,
the estimatedsolutionsarethusidentical.

A
£ (xy,2=k)

NL

Image
Estimate

/

u(x,y,z) -+
Y B(x,y,2=k)

g(x,y,z)

Blurred
Image

e(x,y,z=k)

Optimization
Algorithm

Figurel: 3D extensionof the NAS-RIF algorithm.

3 Support determination method

In the 2D case,the supportcan be roughly approximated
by the smallestrectanglecontainingthe entire object[5].
In orderto automaticallydeterminethis rectangulaframe,
someof the proposednethodsarebasedon hold-outmeth-
ods[5], or inspiredby the constraintassessmerglgorithm
proposedn [7]. Thesemethodsare reliable for assessing
the optimal 2D rectangulasupportbut cannotbe easilyex-
tendedin orderto definea moreaccuratesggmentation.An
alternatve approacttonsistsn exploiting theresultof a 3D
unsupervisedlarkoviansegmentatiorusingatwo steppro-
cess:first, a parameteestimationstepin which we have to



estimatehe MRF modelparameterThen,asecondstepde-
votedto the sggmentationitself basedon the valuesof the
estimatecparameters.

To this end, we considera couple of random fields
Z = (X,Q), whereG = {Gs,s € S} representshefield
of obsenationslocatedon the 3D lattice S consistingof K
lattices Sy of N sitess (associatedo the NV pixelsof each
trans\ersalslice of thevolume),and X = {X,,s € S} the
labelfield (relatedto the K x N classlabels X, of a sey-
mentedvolume). Eachaforementionedabel is associated
to a specificbrainanatomicatissueor region of the SPECT
volume; the “CSF” areadesignateghe region thatis nor-
mally dueto the lack of radiations.In this MRF modelpa-
rameterestimationand sggmentationproblems,this region
designateshe brain region filled with CerebrospinaFluid
(without blood flow and thus without radiation) and also
the areaoutsidethe brain region. The “white matter” and
“grey matter” (brightestregion) areassociatedo a low and
ahigherlevel of bloodflow respectiely [8]. EachG takes
its valuein {0, ..., 255} (256 grey levels),andeachX; in
{e1 ="CSF", eo ="white matter’, e3 ="grey matter"}.

Thedistributionof (X, G) is definedfirstly, by prior dis-
tribution Px (), supposedo be Markovian and secondly
by the conditionallikelihoodsPy, , x, (9s/xs) whoseshape
andparametewector®, ) dependsnthe concernedlass
label z,. In orderto take into accountthe Poissonnoise
phenomenotinherentto the SPECTimagingprocessn the
“CSF” areawemodelPg, /x, (9s/e1), by aexponentialaw
[3] with parametery, namely;(1/a) exp[—(gs/a)]. To de-
scribethebrightnesswithin the“white matter’andthe“grey
matter” regions,we modelthe conditionaldensityfunction
for thesetwo regions by two different Gaussianaws [3].
The obsenable G is calledthe “incompletedata” whereas
Z constituteghe“completedata”.

Estimation Step

In orderto determine® = (®(.,), P(c,), P(cy)), We USEthe
Iterative ConditionalEstimation(ICE) algorithm. This esti-
mationprocedurg9] relieson anestimator® (X, G) of the
“completedata”. This iterative methodstartsfrom aninitial
parametenvector % and generates sequencef param-
etervectorsleadingto the optimal parametersin the least
squaresensewith thefollowing iterative scheme,
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wherez;),i = 1,...,n arerealizationsof X dravnaccord-
ing to the posteriordistribution Px,(z/g, ®'). In order
to decreas¢he computationaload, we cantake n =1 with-
out altering the quality of the estimation[9]. Finally, we
canusethe Gibbssampleralgorithm[10] to simulatereal-
izationsof X accordingo theposteriordistribution. For the
local a priori modelof the Gibbs sampley we adopta 3D

isotropic Pottsmodelwith a first orderneighborhood11].
In this model,therearethreeparametersienoteds; , 32, 33,
called “the cliqgue parameters’11], and associatedo the
horizontal, vertical, and trans\ersebinary cliquesrespec-
tively 3. Given this a priori model, the prior distribution
Px (z) canbewritten as,

Px(z) = exp (— Z Bt (1 — 5(%,%)));

<s,t>

wheresummatioris takenover all pairsof spatialandinter-

level neighboringsitesand ¢ is the Kronecler delta func-

tion. In orderto favor homogeneousegionswith no priv-

ilegedorientationin the Gibbssamplersimulationprocess,
we choose3,; = 81 = B2 = B3 = 1. Finally, ®+1 is

computedrom ®!7! in thefollowing way,

e Stochastic Step: usingthe Gibbssampleyonerealiza-
tion z is simulatedaccordingto the posteriordistribu-
tion Px/c(z/g), with parametevector®?l.

e Estimation Step: the parametewector P11 is esti-
matedwith the Maximum Likelihood (ML) estimator
of the“completedata” correspondindo eachclass:

olf Ni= #{s€S : z;=e1} isthenumberof pixelsof

the “CSF” area,the ML estimator® ., of « is given

by [12] d(m,g) = (I/Nl) ESES:CL‘SZGI 9gs-

olf No= #{SES : .’175:62} andN3=#{S€S :

xs = ez} pixelsarelocatedin the “white matter”and

“grey matter” regions respectiely, the corresponding
ML estimatorof eachclassis given by the empirical

meanandthe empiricalvariance.For instancefor the

“white matter”classwe have for <i>(62) ,

. 1
ig) =5 D 9
2 SES:xs=es
. 1 N
6% (x,9) = m Z (95 — f1)*.

SES:x,=e2

* Repeauntil convergenceis achieved; i.e.,if &P+
®[! we returnto StochastiStep.

Fig. 2 andTable 1 representhe estimateddistribution
mixture andcorrespondingstimatesf the SPECTvolume
shavnin Fig. 3.

Segmentation Step

Basedon theseestimateswe can computea 3D Marko-
vian sggmentationof SPECTvolumes. In this framework,
the Markovian segmentationcan be viewed as a statisti-
cal labeling problem accordingto a global Bayesianfor-
mulationin which the posteriordistribution Px,g(x/g) o

SCliquesaresubset®f site(s)which aremutualneighborg11].
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Figure2: Imagehistogramof the picturereportedin Fig. 3
(solid curve) andestimatedorobability densitymixture ob-
tainedwith the ICE procedurdgdottedanddashedturves).

Occurence probability

0 50 100 250

ICE Procedure

<1>f(i”€al) 0.52(7) 11y
q)f(i”ea;) 0.26(r) 100(,) 648(,2)
@f(":za;) 0.22(5) 172, 383(s2)

Table 1: Estimatedparametergor the SPECTvolumere-
portedin Fig. 3. =« standsfor the proportionof the three
classewvithin thevolume. o aretheexponentialaw param-
eter ;4 ando? arethe Gaussiaraw parameters.

exp —U(zx, g) hasto bemaximized11]. Thecorresponding
posteriorenegy is,

U(w,g) = Z _lnPGs/Xs (gs/ms)

N .
UlE;,g)
+ > Ba (1-b(@e ),
5s,t> ,
Ua(z)

whereU; expressesheadequag betweerpbsenationsand
labels,and U, representshe enegy of the a priori mod-
el. We usethe deterministiclterated Conditional Modes
(ICM) algorithm[11] to minimizethis enegy function. Fig.

3 displaysexamplesof unsupervisedhree-classegmenta-
tion. In this sgmentationthe “CSF”, the “white matter”
andthe “grey matter”arerepresentethy a dark,agrey, and
a white region respectiely. The supportD is then deter

minedsimply by the setof pixelsbelongingto thewhite and
grey matterclasses.

4 Experimental results

The effectivenessof this 3D blind decorwvolution method
was testedon several SPECT volumes composedof 64
trans\ersalslices of 64 x 64 pixels with 256 grey levels.
Thosepresentedhereinare only a few examples. The ini-
tial inverseFIR filter requiredby the NAS-RIF algorithmis
the Kronecler deltafunction[5] andthe sizeof thisinverse
filter is 3 x 3 x 3 pixels. Besideswe have usedy = 0 be-
causethe backgroundof SPECTimagesis not completely
black. The computationatoston a standardSunSpar@ is
about20 seconddor the supportdeterminatiorof thewhole
volumeand30 seconddor the blind decorvolution of each
cross-sectiondmage.

Fig. 4 presentan exampleof SPECTvolumeblind de-
convolution. The algorithmcorvergesto a very good esti-
mateof thesolutionwithouta priori informationonthe PSF
andallows to noticeablyimprove the resolutionof the orig-
inal SPECTvolume. Fig. 5 shows the resolutionimprove-
mentobtainedby the 3D-extendedversionof the NAS-RIF
algorithmoverits 2D versionfor agivencross-sectionam-
age. Fig. 6 shavs an exampleof sagittaland coronalsec-
tions of the original anddecomwolvedbrain SPECTvolume
whosecross-sectionadliceshave beenpresentedn Fig. 4.
Theimprovementof theinter-sliceresolutionis alsoclearly
visible.

The effectivenes®f this decorvolutiontechniqués also
testedon a real SPECTphantom(i.e., a physicalplexiglas
headphantonfilled with radioactve materialandmeasured
by a SPECTsystem)for which the groundtruth of this segy-
mentedphantomis exactly known andthusfor which the
performancef our proposednethodcanthenbe objective-
ly judged.Fig. 7 presentexamplesof blind decowolutions
on this SPECTphantom. We can notice that this SPECT
volumeis lessnoisy andlessblurredthanthe real SPECT
volumepreviously processeddueto severalfactorssuchas
adifferentdoseof radioactve isotopescontainedn eachu-
niform region of this SPECTphantoma longeracquisition
time, the stillnessof this simulatedbrain duringthe SPEC-
T processegtc.). In orderto fully assesshe succesf this
restoratiorprocedurewe usethe specificevaluationcriteria
proposedn [4], basedntheestimatiorof thetwo following
measures:

(i) Firstly, the averagecontrastof theimage,definedby
C = (1 — my/ms), wheremy andmg are the meanof
thepixel valuein the“white matter’and“grey matter’area
respectiely.

(il) Secondlytheimagemottle M = paMs + p3 M3. Mo
andM; designatéheratio of the standardieviation of pixel
valuesto the meanin the “white matter”and“grey matter”
arearespectrely. p> andps designatéheproportionof pixel
belongingto eachclass.

This last parametenllows to measuraghe amplification



of the noiseand/ormeasureahe presencef undesirablear
tifactsthat can be createdby the decowvolution procedure
in a uniform region of thereal SPECTphantom.A reliable
SPECTimagerestorationtechniquewill thenallow to en-
hancethecontrasiof theimagewith little increasen mottle,
i.e., without amplifying too muchthe noiseand/orwithout
creatingfalseartificial features(technically anincreaseby
afactorof 1.1 —1.2 of the original mottle of theimagere-
mainsacceptablé thecontrasenhancemeris significantly
increased4]). Dueto the differenceof thicknesshetween
the cross-sectionaslices of the real and segmentedphan-
tom, theseaborementionedneasuresre estimatedon the
whole 3D phantomafter this one hasbeenregistered[13]
onthe groundtruth of the sgmentedpohantonvolume. Our
proposedrestorationtechniqueallows a contrastenhance-
mentfrom 9% to 21% betweertheoriginalanddecomwolved
SPECTphantomalongwith an acceptablemplificationof
themottleby afactorof 1.18 (from 17% to 20%). Thisrep-
resentsa significantimprovementin image quality with a
very small penaltyandattestthe validity of this restoration
method.

Finally, we have alsotestedour 3D decorvolution tech-
nigue on a cross-sectionatlice of a syntheticSPECTvol-
ume. In orderto simulateat bestthe typical characteristics
of real brain SPECTimages,we have re-createdhreeho-
mogeneousegions and addedthe correspondingioisefor
eachones,accordingto the grey level distribution already
estimatedon a real brain SPECTvolume (cf. Fig. 2 and
Table1). We have alsoaddeda 3D Gaussiarblur in order
to simulatethe 3D scatteringof the emittedphotons.Fig. 8
shavsthe obtaineddecowolutionresult. Theresolutionim-
provementis visible andthe proposedproceduraallow effi-
ciently to recover high frequencieof the undistortednon-
convolved)image.

Figure 3: Exampleof an unsupervise®D Markovian sey-
mentatiorof abrain SPECTvolumeusingthe|CM algorith-
m andbasedon the parametergstimateddy the ICE proce-
dure. Top: realbrain SPECTvolume (two centraltrans\er-
salslices).Bottom: three-clas$arkovian sggmentations.

5 Conclusion

In this papemwe have shavn thata 3D extensionof theNAS-

RIF decomwolution procedurenoticeablyimprovesthe res-
olution of 3D SPECTimagesand can be a greathelp to

facilitate their interpretationby the nuclearphysician. We

have alsoshavn thatthis 3D blind decowolutiontechnique
givessuperiorperformancehanits 2D versionandcanef-

ficiently exploit the resultof a 3D unsupervisedarkovian

segmentatiorin orderto find the exactsupportof the object
to be restored. Finally, this 3D blind decorvolution tech-

nigue combinedwith this unsupervisegegmentationleads
to arestoratiorprocedurehatis completelydatadrivenand

really compatiblewith an automaticprocessingdf massie

amountsof 3D SPECTdata.

& 8

Figure 4. Examplesof humanbrain SPECT volume de-
convolution given by the 3D-extendedversionof the NAS-
RIF algorithmcombinedwith the Markovian segmentation-
basedsupportfindingalgorithm. Top: threeconsecutiereal
cross-sectionaBPECT slices. Bottom: decowolution re-

sults.
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Figure5: Examplesof humanbrain SPECTcross-sectional
imagedecormvolutions. (a) Original SPECTcross-sectional
humanbrainimage. (b) Decorvolution resultgiven by the
3D-extendedversionof the NAS-RIF algorithm(inversefil-
tersizeis 3x3 x3). (c) Decorvolutionresultgivenby its 2D
version(inversefilter sizeis 5x5). Bothdecomwolutionmeth-
odsrequirethe samecomputationaload andare combined
with the proposedVarkovian sgmentation-basedupport-
finding algorithm.




Figure6: Exampleof sagittal(a) andcoronal(b) sectionsof
the original (top) and decorwolved (bottom) brain SPECT
volumewhosecross-sectionaliceshave beenpresentedn

Fig. 4.

Figure 7: Examplesof decorolution obtainedby our 3D
blind decomvolution techniqueon two cross-sectionadlices
of a SPECT phantom. Top: real cross-sectionaSPECT
phantomslices.Bottom: decowolutionresults.

€Y (b) (©
Figure 8: Example of decowolution result on a cross-
sectionalslice of a syntheticSPECTvolume. (a) Ground
truth of the sggmentedsyntheticslice. (b) SyntheticSPECT
slice. (c) Decorvolutionresult.
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