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Abstract
Thanksto its ability to yield functionally-basedinforma-
tion, thethree-dimensional(3D) SPECTimagerytechnique
hasbecomea greathelp in the diagnosticof cerebrovascu-
lar diseases.Nevertheless,dueto the imagingprocess,the
3D SPECTimagesare blurred and consequentlytheir in-
terpretationby the clinician is often difficult. In order to
improvetheresolutionof theseimagesandthento facilitate
their interpretation,we proposeherein, to extend a recent
imageblind deconvolution technique(calledthe NAS-RIF
technique)in orderto improveboththespatialandtheinter-
slice resolutionof SPECTvolumes. This schemerequires
a preliminarystepin orderto find thesupportof theobject
to berestored.In this paper, we proposeto solve this prob-
lem thanksto anunsupervised3D Markoviansegmentation
technique.This methodhasbeensuccessfullytestedon nu-
merousreal andsimulatedbrainSPECTvolumes,yielding
verypromisingrestorationresults1.

1 Introduction
3D SPECT (Single Photon Emission ComputedTomog-
raphy) imagesare obtainedby the detectionof radiation-
s (gammarays) coming from radioactive isotopesinject-
ed in the humanbody. Contraryto othermedicalimaging
techniques,suchasX-ray, CT (ComputerTomography),M-
RI (MagneticResonanceImaging),etc., this imagerypro-
cessis able to give functionally rather than anatomically-
basedinformation, suchas the 3D metabolicbehavior of
humanbrain, by visualizing the level of blood flow of a
setof cross-sectionalimages.This studyof regionalCere-
bral Blood Flow (rCBF) canaid in the diagnosticof cere-
brovasculardiseases(e.g.,Alzheimer’sdisease,Parkinson’s
disease,etc.) by indicating lower, or abnormalhigher, 3D
metabolicactivity in somebrainregions.

1Acknowledgements : TheauthorsthankINRIA (Institut Na-
tional de la Rechercheen Informatiqueet Automatique,France)
for financialsupportof thiswork (postdoctoralgrant).Theauthors
arealsogratefulto Jean-PaulSoucy andChristianJanicki(CHUM,
Universityof Montreal)for having providedtheSPECTimages.

Due to the imagingprocess,SPECTsuffers from poor
spatialresolutionmainly owing to the 3D scatteringof the
emittedphotons. Consequently, resulting3D SPECTim-
agesarevery blurredandtheir interpretationby thenuclear
physicianis often difficult andsubjective. If the object to
bevisualizedis smallcomparedto thesource-to-collimator
distance,this degradationphenomenonmay be considered
to be shift-invariant[1] and,neglectingnoise,this onecan
be modeledby a 3D convolution processbetweenthe true
undistorted3D imageandthetransferfunctionof theimag-
ing system(alsocalledthePointSpreadFunctionor PSF).

In orderto improvethespatialresolutionof SPECTvol-
umes,someauthorshave thusinvestigatedthe SPECTim-
agedeblurringproblemby neglectingtheinter-sliceblur and
by approximatingthis transferfunctionwith a 2D symmet-
ric Gaussianfunction [2, 3] or by consideringan a priori
known PSF[4]. In this context, classicalWienerfilter tech-
niques[1, 2] or maximumentropy filter-baseddeconvolu-
tion technique[4] have thenbeenproposedto achieve this
deconvolutionprocedureandsignificantresolutionimprove-
mentshave beennoticed[1, 2, 4]. Nevertheless,let usnote
thatthesemethodsdon’t takeintoaccounttheinter-sliceblur
inherentto this 3D SPECTimageryprocessandaresensi-
tive to the assumptionmadeon the natureof the blurring
function. In ourapplicationswherelittle is known aboutthe
PSF, it canturn out to bemorerelevantto estimatedirectly
thePSFfrom theobservedinput image.Thisproblemof si-
multaneouslyestimatingthePSFandrestoringanunknown
imageis calleda“blind deconvolution” problem.Recent2D
deconvolution techniquesexist, suchastheNAS-RIF algo-
rithm, andcanalsobeefficiently extendedin the3D SPECT
imagerycontext. Thesetechniquesrequireto find, in a pre-
liminary step,the supportof the object to be restored. In
this paper, we proposeto solve this problemthanksto an
unsupervised3D Markoviansegmentationtechnique.

This paperis organizedasfollows. Section2 describes
the proposed3D extensionof the NAS-RIF deconvolution
technique. In Section3, we detail the 3D unsupervised
Markoviansegmentationalgorithmallowing to find thesup-
port of the objectto be restored.Deconvolution resultson
phantomsandrealSPECTvolumesaregivenin Section4.
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2 3D Deconvolution Method
In our application,thedegradationof a SPECTvolumecan
berepresentedastheresultof a convolutionof thetruevol-
umewith a 3D blurring function(thePSF),plusanadditive
term to model the noisefrom the physicalsystem. If the
imagingsystemis assumedto be linear andshift invariant,
this degradationprocesscanthenbe expressedby the fol-
lowing linearmodel,�����	��
����������������
���������	���	��
����������������
�������
where ��������
�� !� is the degraded or blurred 3D image,�����	��
����� is theundistortedtrue3D image, �	���	��
����� is the
PSFof the imaging systemand �����	��
����� is the corrupt-
ing noise(assumedadditive in our model). In this notation,
thecoordinates���	��
"� representthediscretepixel spatiallo-
cations,  the slice location and � designatesthe 3D dis-
cretelinear convolution operator. The 3D blind deconvo-
lution problemconsiststhen in determining��������
����� and��������
#� !� giventheblurredobservation ��������
����� .

Whentheobjectto be recoveredis imagedagainsta u-
niform or a noisy background,a commonlyusedmethod
for solving a 2D blind deconvolution problemconsistsin
minimizing an error metric that optimizesthe form of the
restoredimageandthePSF(or its inverse)to fit thevarious
constraints,a priori known,ontheform of thesolution;typ-
ically positivity andknown supportof theobject.Thesteep-
estdescentor conjugategradientmethodarethengenerally
usedto achieve optimization[5, 6]. In our application,the
true undistortedrCBF mapof a humanbrain consistsof a
finite supportimagedagainsta noisybackgrounddueto the
Poissonnoisephenomenon.Assumingthatthis supportis a
priori known or previously estimated,we canusea 3D ex-
tensionof suchdeconvolutiontechniquefor improving both
spatialandinter-sliceresolutionof SPECTvolumes.

In this context, the recentNon-negativity and Support
constraintsRecursive InverseFiltering (NAS-RIF) algorith-
m [5] canefficiently beextended.Wecanderivea3D exten-
sion of this techniqueby simply consideringa 3D variable
FIR filter $ ���	��
����� of dimension%'&)(*%,+�(*%,- with the
blurredSPECTvolumepixels ��������
�� !� as input (cf. Fig.
1). Theoutputof this filter givesanestimateof eachcross-
sectional2D true image .��������
#� /�10"� (with 03254768� 9;:
and 9 is the numberof transversalslicesin the volume).
Eachresultingestimationis passedthroughanonlinearfilter
whichusesa non-expansivemappingto projecttheestimat-
ed 2D imageinto the spacerepresentingthe known char-
acteristicsof the true image. The differencebetweenthis
projectedimage .� NL

������
#� <�=0"� and .�����	��
���>�=0"� is used
as the error signal to updatethe variablefilter $ ������
�� !� .
Fig. 1 givesanoverview of theproposed3D-extendedNAS-
RIF deconvolution algorithm. Eachcross-sectional2D im-
ageis assumedto benon-negativewith known support.The

costfunctionusedin thedeconvolutionprocedureof the 0 th

transversal2D imageis definedas,?!@ �BAC &ED +GFIHEJ�K LNM .��OP���	��
���,�Q0"�"R 6TS sgn� .�����	��
���'��0"���U V
�WAC &8D +XFIH J�K LNMY .�����	��
"��S[Z

B \ O �^];_�A` C &8D +aD -bF $ ������
�� !�cSd6fe O �
where .�c���	��
�������Q��������
�� !��� $ ���	��
����� , andsgn�g���h�[Si6
if �kj�l andsgn�m������6 if �kn�l . oqp @br and osp @ r is the set
of all pixelsof ��������
#� t�u0"� insideandoutsidetheregion
of supportrespectively. The variable ] in the third term is
nonzeroonly when Z

B is zero, i.e., the backgroundcolor
is black. The third term is usedto constrainthe parameter
awayfrom thetrivial all-zeroglobalminimumfor thissitua-
tion. Theauthorshave shown in [5] thattheaboveequation
is convex in the 2D casewith respectto $ . This property
remainstruein the3D casesothatconvergenceof thealgo-
rithm to theglobalminimumis ensuredusingtheconjugate
gradientminimizationroutine[5]. Let us notethat a fully
3D deconvolution schemewould consistin minimizing di-
rectly the cost function

? �wvyx@�zc{ ?!@
. Nevertheless,

?!@
and

?
beingconvex andtheglobalminimumbeingensured

in bothcasesby theconjugategradientoptimizationroutine,
theestimatedsolutionsarethusidentical.
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Figure1: 3D extensionof theNAS-RIF algorithm.

3 Support determination method
In the 2D case,the supportcan be roughly approximated
by the smallestrectanglecontainingthe entire object [5].
In orderto automaticallydeterminethis rectangularframe,
someof theproposedmethodsarebasedon hold-outmeth-
ods[5], or inspiredby the constraintassessmentalgorithm
proposedin [7]. Thesemethodsare reliable for assessing
theoptimal2D rectangularsupportbut cannotbeeasilyex-
tendedin orderto definea moreaccuratesegmentation.An
alternativeapproachconsistsin exploiting theresultof a3D
unsupervisedMarkoviansegmentationusingatwo steppro-
cess:first, a parameterestimationstepin which we have to



estimatetheMRF modelparameter. Then,asecondstepde-
votedto the segmentationitself basedon the valuesof the
estimatedparameters.

To this end, we considera couple of random fields¤ �¥��¦§��¨©� , where ¨ª�¬«¨©®¯� °t2=±³² representsthefield
of observationslocatedon the3D lattice ± consistingof 9
lattices ± @

of % sites ° (associatedto the % pixelsof each
transversalsliceof thevolume),and ¦´�3«f¦ ® � °µ2[±³² the
label field (relatedto the 9 (©% classlabels ¦ ® of a seg-
mentedvolume). Eachaforementionedlabel is associated
to aspecificbrainanatomicaltissueor regionof theSPECT
volume; the “CSF” areadesignatesthe region that is nor-
mally dueto the lack of radiations.In this MRF modelpa-
rameterestimationandsegmentationproblems,this region
designatesthe brain region filled with CerebrospinalFluid
(without blood flow and thus without radiation)and also
the areaoutsidethe brain region. The “white matter” and
“grey matter” (brightestregion) areassociatedto a low and
a higherlevel of bloodflow respectively [8]. Each ¨ ® takes
its valuein «l¶�G·f·G·�� UP¸8¸ ² (

UP¸E¹
grey levels),andeach¦ ® in«º { � “CSF” ��º O � “white matter”� ºa»¼� “grey matter”² .

Thedistributionof ��¦§��¨©� is defined,firstly, byprior dis-
tribution ½c¾ ����� , supposedto be Markovian andsecondly,
by theconditionallikelihoods½c¿	À�Á ¾ À �Â� ®XÃ � ® � whoseshape
andparametervector Ä C & À F dependson theconcernedclass
label ��® . In order to take into accountthe Poissonnoise
phenomenoninherentto theSPECTimagingprocessin the
“CSF” area,wemodel ½c¿ À Á ¾ À �Â�P® Ã º { � , by aexponentiallaw
[3] with parameterÅ , namely; �Æ6 Ã Å ��ÇXÈhÉ�47S©�Â�P® Ã Å �N: . To de-
scribethebrightnesswithin the“white matter”andthe“grey
matter” regions,we modeltheconditionaldensityfunction
for thesetwo regions by two different Gaussianlaws [3].
The observable ¨ is calledthe “incompletedata” whereas¤

constitutesthe“completedata”.

Estimation Step
In orderto determineÄ �3� Ä CËÊ�Ì F � Ä CËÊÆÍ F � Ä CËÊNÎ F � , we usethe
IterativeConditionalEstimation(ICE) algorithm.This esti-
mationprocedure[9] relieson anestimator .Ä ��¦§� ¨©� of the
“completedata”.This iterativemethodstartsfrom aninitial
parametervector Ä p Ï r andgeneratesa sequenceof param-
etervectorsleadingto the optimal parameters,in the least
squaressense,with thefollowing iterativescheme,Ä p ÐGÑ {Nr � 6� 4 .Ä ��� C { F �Æ�"���ÓÒfÒGÒ� .Ä ��� C7Ô F ���h�N:g�
where� C7Õ F ��Ö×�Ø6P�G·f·G·X��� arerealizationsof ¦ drawnaccord-
ing to the posteriordistribution ½ ¾ Á ¿ ��� Ã �#� Ä p Ð r � . In order
to decreasethecomputationalload,we cantake �>�Ù6 with-
out altering the quality of the estimation[9]. Finally, we
canusethe Gibbssampleralgorithm[10] to simulatereal-
izationsof ¦ accordingto theposteriordistribution. For the
local a priori modelof the Gibbssampler, we adopta 3D

isotropicPottsmodelwith a first orderneighborhood[11].
In thismodel,therearethreeparametersdenotedÚ { � Ú O � Ú » ,
called “the clique parameters”[11], and associatedto the
horizontal, vertical, and transversebinary cliques respec-
tively 3. Given this a priori model, the prior distribution½ ¾ ���#� canbewrittenas,½ ¾ ���#�Û�ÓÇXÈhÉ _ SWAÜ ® D ÝIÞ Ú ® Ý Y 6TS[ßh����®a��� Ý � \ e �
wheresummationis takenoverall pairsof spatialandinter-
level neighboringsitesand ß is the Kronecker delta func-
tion. In order to favor homogeneousregionswith no priv-
ilegedorientationin the Gibbssamplersimulationprocess,
we chooseÚ ® Ý � Ú { � Ú O � Ú » �à6 . Finally, Ä p ÐGÑ {Nr

is
computedfrom Ä p Ð r in thefollowing way,á Stochastic Step: usingtheGibbssampler, onerealiza-

tion � is simulatedaccordingto theposteriordistribu-
tion ½ ¾ Á�¿ ��� Ã �"� , with parametervector Ä p Ð r .á Estimation Step: the parametervector Ä p ÐGÑ {Ir

is esti-
matedwith the Maximum Likelihood(ML) estimator
of the“completedata”correspondingto eachclass:â If % { �äãå«a°�2æ±èç8�#®"�tº { ² is thenumberof pixelsof
the “CSF” area,the ML estimator .Ä CéÊ Ì F of Å is given
by [12]: .Å �����Æ�"�Û�ê�Æ6 Ã % { �¶v ® HPë�ì & À z Ê Ì �P® .â If % O �íãå«a°�2/±3çc�#®��îº O ² and % » �Qãµ«¯°<2k±3ç��®ï�îº » ² pixels are locatedin the “white matter” and
“grey matter” regions respectively, the corresponding
ML estimatorof eachclassis given by the empirical
meanandtheempiricalvariance.For instance,for the
“white matter”class,wehave for .Ä CËÊ Í F ,

.ð����	�Æ�"��� 6% O A® HPëhì & À z ÊNÍ � ® �.ñ O!���	�Æ�"��� 6� % O Sd6� A® HPëhì & À z ÊNÍ �Â� ® S .ð��ÆOP·
á Repeatuntil convergenceis achieved; i.e., if .Ä p ÐGÑ {Nræòó.Ä p Ð r , we returnto StochasticStep.

Fig. 2 andTable1 representthe estimateddistribution
mixtureandcorrespondingestimatesof theSPECTvolume
shown in Fig. 3.

Segmentation Step
Basedon theseestimates,we can computea 3D Marko-
vian segmentationof SPECTvolumes. In this framework,
the Markovian segmentationcan be viewed as a statisti-
cal labeling problem accordingto a global Bayesianfor-
mulationin which the posteriordistribution ½ ¾ Á ¿ ��� Ã �h�©ô

3Cliquesaresubsetsof site(s)whicharemutualneighbors[11].
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Figure2: Imagehistogramof thepicturereportedin Fig. 3
(solid curve) andestimatedprobabilitydensitymixtureob-
tainedwith theICE procedure(dottedanddashedcurves).

ICE ProcedureÄ finalCËÊ�Ì F l"· ¸8U CËõ F 6P6 CËö FÄ finalCËÊ Í F l"· UE¹ CËõ F 6l8l CË÷ F ¹Eø!ù C7ú Í FÄ finalCËÊNÎ F l"· U8U CËõ F 6¯û U CË÷ Fýü ù ü C7ú Í F
Table1: Estimatedparametersfor the SPECTvolume re-
portedin Fig. 3. þ standsfor the proportionof the three
classeswithin thevolume. Å aretheexponentiallaw param-
eter. ð and ñ O aretheGaussianlaw parameters.

ÇXÈhÉ�S>ÿq���	�Æ�"� hasto bemaximized[11]. Thecorresponding
posteriorenergy is,

ÿq�������h� � A® HPë S ��� ½c¿	À�Á ¾ À ���P® Ã ��®��
� ��� �	 Ì C &ED 
�F� AÜ ® D ÝIÞ Ú ® Ý _ 6TS*ßh���#®a��� Ý � e
� ��� �	 Í C &fF

�
where ÿ {

expressestheadequacy betweenobservationsand
labels,and ÿ O representsthe energy of the a priori mod-
el. We use the deterministicIteratedConditional Modes
(ICM) algorithm[11] to minimizethisenergy function.Fig.
3 displaysexamplesof unsupervisedthree-classsegmenta-
tion. In this segmentation,the “CSF”, the “white matter”
andthe“grey matter”arerepresentedby a dark,a grey, and
a white region respectively. The support o is then deter-
minedsimplyby thesetof pixelsbelongingto thewhiteand
grey matterclasses.

4 Experimental results

The effectivenessof this 3D blind deconvolution method
was testedon several SPECT volumes composedof

¹8ø
transversal slices of

¹Eø ( ¹Eø
pixels with

UP¸E¹
grey levels.

Thosepresentedhereinareonly a few examples. The ini-
tial inverseFIR filter requiredby theNAS-RIF algorithmis
theKroneckerdeltafunction[5] andthesizeof this inverse
filter is ü ( ü ( ü pixels. Besides,we have used]=�1l be-
causethe backgroundof SPECTimagesis not completely
black. Thecomputationalcoston a standardSunSparc2 is
about

U l secondsfor thesupportdeterminationof thewhole
volumeand ü l secondsfor theblind deconvolution of each
cross-sectionalimage.

Fig. 4 presentsanexampleof SPECTvolumeblind de-
convolution. The algorithmconvergesto a very goodesti-
mateof thesolutionwithouta priori informationonthePSF
andallows to noticeablyimprovetheresolutionof theorig-
inal SPECTvolume. Fig. 5 shows theresolutionimprove-
mentobtainedby the3D-extendedversionof theNAS-RIF
algorithmoverits 2D versionfor agivencross-sectionalim-
age. Fig. 6 shows an exampleof sagittalandcoronalsec-
tionsof theoriginal anddeconvolvedbrainSPECTvolume
whosecross-sectionalsliceshave beenpresentedin Fig. 4.
Theimprovementof theinter-sliceresolutionis alsoclearly
visible.

Theeffectivenessof thisdeconvolutiontechniqueis also
testedon a real SPECTphantom(i.e., a physicalplexiglas
headphantomfilled with radioactivematerialandmeasured
by a SPECTsystem)for which thegroundtruth of this seg-
mentedphantomis exactly known and thus for which the
performanceof our proposedmethodcanthenbeobjective-
ly judged.Fig. 7 presentsexamplesof blind deconvolutions
on this SPECTphantom. We can notice that this SPECT
volumeis lessnoisy andlessblurredthanthe real SPECT
volumepreviouslyprocessed(dueto severalfactorssuchas
a differentdoseof radioactive isotopescontainedin eachu-
niform region of this SPECTphantom,a longeracquisition
time, thestillnessof this simulatedbrainduring theSPEC-
T process,etc.). In orderto fully assessthesuccessof this
restorationprocedure,weusethespecificevaluationcriteria
proposedin [4], basedontheestimationof thetwo following
measures:

(i) Firstly, theaveragecontrastof the image,definedby� � �Æ6qS� O Ã � » � , where � O and � » are the meanof
thepixel valuein the“white matter”and“grey matter”area
respectively.

(ii) Secondly, theimagemottle � ��� O � O ���!» � » . � O
and � » designatetheratioof thestandarddeviationof pixel
valuesto themeanin the “white matter”and“grey matter”
arearespectively. � O and� » designatetheproportionof pixel
belongingto eachclass.

This lastparameterallows to measurethe amplification



of thenoiseand/ormeasurethepresenceof undesirablear-
tifactsthat canbe createdby the deconvolution procedure
in a uniform region of therealSPECTphantom.A reliable
SPECTimagerestorationtechniquewill thenallow to en-
hancethecontrastof theimagewith little increasein mottle,
i.e., without amplifying too muchthe noiseand/orwithout
creatingfalseartificial features(technically, an increaseby
a factorof 68·Ë6�Sk68· U of the original mottle of the imagere-
mainsacceptableif thecontrastenhancementis significantly
increased[4]). Due to the differenceof thicknessbetween
the cross-sectionalslicesof the real and segmentedphan-
tom, theseabovementionedmeasuresareestimatedon the
whole 3D phantomafter this onehasbeenregistered[13]
on thegroundtruthof thesegmentedphantomvolume.Our
proposedrestorationtechniqueallows a contrastenhance-
mentfrom ��� to

U 6 � betweentheoriginalanddeconvolved
SPECTphantomalongwith an acceptableamplificationof
themottleby a factorof 68·Ë6 ù (from 6¯û � to

U l � ). This rep-
resentsa significantimprovementin imagequality with a
very small penaltyandattestthevalidity of this restoration
method.

Finally, we have alsotestedour 3D deconvolution tech-
niqueon a cross-sectionalslice of a syntheticSPECTvol-
ume. In orderto simulateat bestthe typical characteristics
of real brain SPECTimages,we have re-createdthreeho-
mogeneousregionsandaddedthe correspondingnoisefor
eachones,accordingto the grey level distribution already
estimatedon a real brain SPECTvolume(cf. Fig. 2 and
Table1). We have alsoaddeda 3D Gaussianblur in order
to simulatethe3D scatteringof theemittedphotons.Fig. 8
showstheobtaineddeconvolutionresult.Theresolutionim-
provementis visible andtheproposedprocedureallow effi-
ciently to recover high frequenciesof theundistorted(non-
convolved)image.

Figure3: Exampleof an unsupervised3D Markovian seg-
mentationof abrainSPECTvolumeusingtheICM algorith-
m andbasedon theparametersestimatedby theICE proce-
dure. Top: realbrainSPECTvolume(two centraltransver-
salslices).Bottom: three-classMarkoviansegmentations.

5 Conclusion
In thispaperwehaveshown thata3D extensionof theNAS-
RIF deconvolution procedurenoticeablyimprovesthe res-
olution of 3D SPECTimagesand can be a greathelp to
facilitate their interpretationby the nuclearphysician. We
havealsoshown thatthis 3D blind deconvolutiontechnique
givessuperiorperformancethanits 2D versionandcanef-
ficiently exploit theresultof a 3D unsupervisedMarkovian
segmentationin orderto find theexactsupportof theobject
to be restored. Finally, this 3D blind deconvolution tech-
niquecombinedwith this unsupervisedsegmentationleads
to arestorationprocedurethatis completelydatadrivenand
really compatiblewith an automaticprocessingof massive
amountsof 3D SPECTdata.

Figure 4: Examplesof humanbrain SPECTvolume de-
convolution givenby the3D-extendedversionof theNAS-
RIF algorithmcombinedwith theMarkoviansegmentation-
basedsupportfindingalgorithm.Top: threeconsecutivereal
cross-sectionalSPECTslices. Bottom: deconvolution re-
sults.

(a) (b) (c)
Figure5: Examplesof humanbrainSPECTcross-sectional
imagedeconvolutions. (a) Original SPECTcross-sectional
humanbrain image. (b) Deconvolution resultgivenby the
3D-extendedversionof theNAS-RIFalgorithm(inversefil-
tersizeis ü ( ü ( ü ). (c) Deconvolutionresultgivenby its 2D
version(inversefilter sizeis

¸ ( ¸ ). Bothdeconvolutionmeth-
odsrequirethesamecomputationalloadandarecombined
with the proposedMarkovian segmentation-basedsupport-
findingalgorithm.



(a) (b)
Figure6: Exampleof sagittal(a) andcoronal(b) sectionsof
the original (top) anddeconvolved (bottom) brain SPECT
volumewhosecross-sectionalsliceshave beenpresentedin
Fig. 4.

Figure7: Examplesof deconvolution obtainedby our 3D
blind deconvolution techniqueon two cross-sectionalslices
of a SPECTphantom. Top: real cross-sectionalSPECT
phantomslices.Bottom: deconvolutionresults.

(a) (b) (c)
Figure 8: Example of deconvolution result on a cross-
sectionalslice of a syntheticSPECTvolume. (a) Ground
truthof thesegmentedsyntheticslice. (b) SyntheticSPECT
slice.(c) Deconvolutionresult.
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