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Abstract
In positron emissiontomography, transmissionscansare

used to correct the acquireddata for the effect of photon
attenuation.Thenoisepresentin thetransmissionmeasurement
oftenhasa significanteffect on thesignalto noiseratio of the
final attenuationcorrectedimageof thetracerdistribution.

This study evaluates the effect of different attenuation
correctionstrategies on the performanceof humanobservers
in a tumor detection task. The four strategies considered
are: no attenuationcorrection,multiplication with the count
ratio of blank and transmissionsinograms,reprojectionof
a maximum-likelihood reconstruction,and reprojection of
a maximum-a-posteriorireconstructionof the transmission
sinogram. Performancein tumor detectionwas quantifiedas
the contrastat which the numberof errors increasedbeyond
20%. No statisticallysignificantdifferencewasfoundbetween
classicalattenuationcorrectionandmaximum-likelihoodbased
correction. With maximum-a-posterioribased attenuation
correctionperformancewas significantly betterthan with the
othermethods.

I . INTRODUCTION

Several authors have reported that maximum-likelihood
(ML) andmaximum-a-posteriori(MAP) reconstructionleadsto
highquality reconstructions,bothin emissionandtransmission
tomography[1, 2, 3]. ML-algorithmshave beenmainly used
in emissiontomography, but there is an increasinginterest
in its applicationfor transmissiontomography. However, in
particular for transmissiontomography, there is still a need
for careful quantitative measurementof the effect of such
algorithmsondiagnosticaccuracy.

An important application of ML-reconstruction of
transmission scans is in the computation of attenuation
correction factors in PET. Currently, PET is often used
in combination with ��� F-fluorodeoxyglucose(FDG) for
oncological examinations. In many cases,the aim is the
detectionof possiblemetastases,the presenceof which may
have a significant effect on further treatment. Since tracer
accumulationtendsto be increasedin the tumor tissue, the
tumoris imagedasa hot spot.Therefore,we have designedan
experimentto evaluatethe influenceof ML-basedattenuation
correctionon tumordetectionby humanobservers.

1This work is supportedby the Flemish Fund for Scientific
Research(FWO), grantnumberG.0106.98.P. Dupontis post-doctoral
researcherof theFWO.

I I . ATTENUATION CORRECTION ALGORITHMS

In this study four attenuationcorrection strategies have
beencompared.Thestrategiesareappliedto two-dimensional
sinograms (dimensions: detector position and projection
angle).

The first strategy is to simply ignore attenuation, a
strategy often appliedin clinical practiceto avoid the lengthy
transmissionstudy.

The secondstrategy is to apply the classicalattenuation
correctiontechnique: �
	�
� ����
� ���� �����
� �� � � (1)

where
� 	� is the attenuationcorrection factor for sinogram

pixel � , �� is theblanksinogram,
�� is themeasuredtransmission

sinogram,
�� is a two-dimensionalGaussiansmoothingkernel

and � denotesconvolution. It is assumedthat the blank
sinogramhas been scaledto compensatefor differencesin
acquisitiontime. Smoothingis requiredto suppressthe noise
in the transmissionsinogram,but excessive smoothingresults
in artifacts[4].

The third strategy is to computethe attenuationcorrection
factors by reprojecting a reconstructionof the attenuation
image. This approachensuresthat the attenuationcorrection
factorsform aconsistentset,implying thatsomenoisehasbeen
removed. Whendonewith filtered backprojection(FBP), the
noiseon the resultingattenuationcorrectionfactorsdecreases
significantly, but theeffect on theattenuationcorrectedimages
is very small [5]. McKee et al. [6] derived an approximate
expressionfor the signal to noise ratio in the reconstructed
emission image, predicting no noise suppressionwhen
attenuationcorrection factors are producedby reprojection
from FBP. Thereasonis thatthenoiseremovedby reprojection
from FBP would alsohave beenremovedby applyingFBP to
the emissiondatacorrectedwith “raw” attenuationcorrection
factors.Thederivationassumesnoise-freeemissiondataanda
uniformtransmissionsinogram,but evenwhentheseconditions
arenotmet,reprojectionfrom FBPis notveryeffective[7].

However, ML reconstructioncan be expectedto have a
marked effect, since it dealswith noise in a different way,
takinginto accountthePoissonnatureof thetransmissiondata.
ML-based attenuationcorrection factors were computedas
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Here, # � ! is the relative contribution of pixel D to the
projection value of sinogrampixel � , �' is the reconstructed
attenuationimage,

6
is the numberof rows or columnsin

the reconstructionand
4

is a relaxation factor. Equation
(3) representsa single iteration from our gradient ascent
maximum-likelihood algorithm for transmissiontomography
[7, 8, 9]. Fessleret al. [10] derived a classof algorithmsfor
transmissiontomographywith provenconvergenceunderideal
conditions,and identified the convex algorithm proposedby
Langeet al. [11] asa memberof thatclass.It turnsout thatthe
algorithm(3) with

4 � � convergesto anothermemberof that
class(eq(34) in [10]) closeto thesolution. In thefew testswe
carried out, convergencesrate of algorithm (3) and Lange’s
convex algorithmweresimilar.

Thefourth strategy is to computetheattenuationcorrection
factors by forward projecting a MAP reconstructionof the
transmissiondata:�:E � � ����� �� ����
� �F! # % ! ' ! � �*)+ (5)'-,/.10! � '(! 2 4 ; � # � ! =?� � � 9 ; � # � ! � � 2$G&HJI�KL"MG L&N6 ; � # � ! =?� � � 9 4 GPOQHJI�KL"MG L ON (6)

The prior distribution R combinesan a-priori distribution of
absoluteattenuationcoefficients and a smoothingprior. The
prior of attenuationcoefficientswasa four-modaldistribution,
with peaksat 0.095cmS-� (combiningsoft tissueand bone),
0.032and0.019cmS-� (lung tissue)and0 cmS-� (air). Thetwo
modesfor thelungcounteractexcessivesmoothingin thelungs
(whicharevery inhomogeneousin reality). For theGibbsprior
thefunctionproposedby GemanandMcClure[12] wasused,to
avoid smoothingoverstrongedges.Theweightsof bothpriors
(thehyperparameters)have beendeterminedempiricallyusing
a few independentsimulationsandwerekept constantfor the
simulationspresentedhere. Several other priors with similar
featureshavebeenreportedin theliterature[3, 10, 13, 14].

For the iterative methods,computationswere accelerated
using the ordered subsetsmethod [15]. Becausenoise
propagation tends to increasewith increasing number of
subsets, we used a scheme with a gradually decreasing
numberof subsets,finishing with a few true ML iterations.
A high numberof iterationswas appliedto obtain ”effective
convergence”,with goodresolutionnearthetumorin thelungs.
For the ML-method (3) the equivalent of 200 unaccelerated

iterations were applied. For the MAP-method (6), which
converges faster, this numberwas 128. In both cases,the
relaxationcoefficient

4
wassetto 1.

For themethods(1),(2)and(5) a singleparameterremains:
the width (full width at halve maximum) of the Gaussian
smoothingkernel � . In the experimentsdescribedbelow,
we usedvaluesof 0, 4.8, 8 mm and 13 mm for the classical
methodand the ML-method. For the MAP-method,only the
widths0, 4.8and8 mmwereapplied:theprior suppresseshigh
frequency noise,so thereis no needfor excessive smoothing.
Together with the non-attenuationcorrected strategy, this
resultedin 12differentmethods.

I I I . EXPERIMENTS

A. Importanceof thenoisemodel
It is well known that FBP-reconstructedtransmission

images suffer from streak artifacts when the measurement
statisticsarelow. In a first experiment,the importanceof the
inclusion of an accuratenoise model into the reconstruction
algorithmhasbeenverified. Froma Shepp-Logantypeobject,
the transmissionsinogram

�� wascomputedandPoissonnoise
wasadded.A noise-freeblanksinogram

��
wasassumed.Three

different reconstructionimageswere computed. 1) FBP of
the sinogram

�T
, computedas

T � �VUXW � � �ZY � � � . 2) Maximum-
likelihood expectationmaximization (MLEM) for emission
tomography[16] appliedto

T � . This is theoreticallynot exact,
sinceMLEM assumesPoissonnoiseon the sinogram,and

�T
doesnot obey Poissonstatistics.However, MLEM is known to
be a robust algorithm. 3) ML-reconstructionfor transmission
tomography(eq3), appliedto

�� and
��
.

B. Effectonattenuationcorrection
The effect of eachof the 12 methodson tumor detection

was assessedby quantifying the performanceof 6 human
observers in a tumor detectiontask. PET transmissionand
emissionimageshave beensimulated. The 12 methodswere
appliedto compute12 differentsetsof attenuationcorrection
factors. The attenuationcorrectedemissionsinogramswere
reconstructedwith FBP. In this work, we have not studiedthe
effectof usingMLEM for theemissionreconstruction.

1) Simulations

A pair of two-dimensional attenuation and activity
distributionswasderivedfrom a registeredsetof CT andPET��� F-FDG imagesfrom the samepatient[17, 18]. In this pair,
the PET imagehad beenresampledto the CT pixel size. A
slicethroughthethoraxwasselected.

An attenuation phantom (at CT-resolution: 0.82 mm
pixel size) was createdby manually editing the CT slice to
compensatefor truncationnear the arms, and replacing the
Hounsfieldunitswith appropriatelinearattenuationcoefficients
for 511KeV. This wasdoneby linearly scalingtheHounsfield
unitssuchthattheresultingaveragesoft tissueattenuationwas
0.095 cmS[� . Consequently, the simulatedattenuationmap
showeda realisticinhomogeneity.



To createtheactivity distribution with thesameresolution,
the CT imagewasthresholdedin order to separatebone,soft
tissue,fat, lung andair. The resultingregionswerecopiedto
thePETimageandthemeantraceruptakein eachof theregions
wasdetermined.An activity phantomwascreatedby assuming
thattraceruptake in eachof theregionswashomogeneousand
equalto themeanvalueobtainedfrom thePETscan.Resulting
lung to soft tissueactivity ratiowas0.71.

Sixteen versions of the phantom were produced by
introducinga singletumorat 16 differentpositions,all located
near the right lateral thoracic wall. Eight of thosewere in
the right lung, the eight othersin the soft tissue. Attenuation
mapswere adaptedaccordingly, sincetumor attenuationwas
assumedto be equalto averagesoft tissueattenuation. Size
of the tumor in the slice was 1 cm

�
. The attenuationand

activity distributionswith all 16 tumorsareshown in figure1.
Thedifferencebetweenactivity in tumorandbackgroundwas

Figure1: Thesoftwarephantom:attenuation(left) andactivity (right)
distributions.All 16 tumorsareshown, in eachsimulationonly oneof
thesetumorsis present.

decreasedfrom 3 times soft tissueactivity to 0.34 times soft
tissueactivity in 31stepsusinga factorof 0.93.

acttumor � actbackg

2]\_^a`cb dB\ � ^
acttissuee � � `:b/bfb�\B` (7)

Here, � is the contrastindex andbackg correspondsto lung or
soft tissue. Defining contrastastumor to backgroundactivity
ratio, thecontrastdecreasesin soft tissuefrom 4 to 1.34,while
thecorrespondingcontrastsin lung areslightly higherbecause
thebackgroundis lower. For eachcontrastindex, eightdifferent
imageswereproduced,four with a lung tumor andfour with
a soft tissuetumor, suchthat all sixteentumor positionswere
presentin theimagesfor two consecutivecontrasts.Thisresults
in 248imagesfor eachmethod.Sinogramswerecomputedwith
a resolutionof 0.82mm andafterwardsrebinnedinto matrices
of 150 pixels

^
256 angleswith a pixel sizeof 3.3 mm. The

sinogramsweresmoothedto simulatea resolutionof 5 mm for
the transmissionand6 mm for theemissionscans.Noisewas
superimposedusing a pseudo-randomgeneratorwith Poisson
characteristics,andassumingatotalof

\cbhgi^ � `kj
incidentcounts

for thetransmissionscan(which would have beenmeasuredin
absenceof attenuation),and

g�b lm^ � ` j
countsfor theemission

scan.Thesevaluesaresimilar to an8 minutetransmissionscan
anda 15 min emissionscanon our 2D PETcamera.Thefinal
emissionsinogramswerecorrectedfor attenuationusingeachof
the12 methods,andreconstructedwith filteredbackprojection
without low-passfilter.

2) Userinterface

An interactive program was written to evaluate tumor
detectionperformance. A separateinteractive sessionwas
performed for each attenuationcorrection method. The
programpresentedall the imagesfrom a singlemethodto the
observer in orderof decreasingtumor-to-backgroundcontrast.
Theeight imageswith thesamecontrastindex werepresented
in randomorder. The observer could adjust the width of a
2D Gaussianconvolution maskappliedduring imagedisplay,
selectthe zoomfactor, andchosethe lookup tableandselect
its parameters.Theobserver specifiedthe tumorpositionby a
mouseclick. Whenperformancedecreasedbelow a threshold
the sessionwasterminated.Eachtime the eight imagesfor a
particularcontrasthadbeenscored,theobserver wasinformed
aboutthenumberof wronganswers.

Startingwith easilydetectabletumorseffectively introduces
a learning phase, during which the observer learns where
to look for the tumorsand what artifactsmay show up with
the particular attenuationcorrectionmethod. It also allows
terminating the sessionwhen contrasthas becometoo low,
avoiding to wastetime detectinginvisible tumors. Sincethere
are 16 possibletumor positions,the probability of obtaining
3 or more correct answersin eight imagesby guessingis
about1 %, so the procedurewas expectedto allow accurate
measurementof performanceasa measureof contrast. “Real
time” smoothing eliminates the filtering of the emission
imagesasa parameter. The fact that the observer knows that
exactly onetumor is presenteliminatesall higher level image
interpretationor thresholdingby the observer. This is an
advantage,sinceif somethresholdingis applied,the threshold
mustbe madeexplicit andmustbe variedover a large range
in a receiver operatingcharacteristicanalysis. Making this
mentalthresholdexplicit is difficult anderrorsin doingsolead
to increasedvariability.

3) Statisticalanalysis.

From each sessionthe fraction of correct answersas a
function of decreasingcontrastwas extracted. This function
was median filtered to obtain a curve decreasingnearly
monotonicallyfrom 1 to about0.25.Thepointwherethecurve
droppedbelow 0.8 was usedas the measureof performance
(this thresholdwas judged to yield reproducableresults in
a few test sessions). Thus, the outcomeof the experiment
is reducedto a matrix of twelve rows (the methods)and six
columns(the observations). Analysisof variancefor repeated
measurementswith Scheffé post-hoc testing was applied,n]o `cb `kp wasconsideredsignificant.

IV. RESULTS

A. Importanceof thenoisemodel
Figure2 shows thereferenceimageandthereconstructions

with FBP, MLEM for emissionand ML gradientascentfor
transmission. For the ML-methods, 200 iterations were
applied. As could be expected, the log-likelihood was
systematicallyhigher for the ML-gradient ascentimagethan



Figure 2: Reconstructionsof a simulatedtransmissionsinogram.
Top-left: original image, top right: FBP, bottom left: MLEM for
emissionandbottomright: ML-gradientascentfor transmission.

Figure 3: Top left FBP reconstructionwith noise-freeattenuation
correction. Right, from top to bottom: FBP reconstructionwithout
attenuationcorrection,with classicalcorrection(8 mm smoothing),
with ML-based correction (0 mm smoothing) and with MAP-
basedcorrection(0 mm smoothing). Left: FBP, ML and MAP
reconstructionsof thetransmissionsinogram.

for the MLEM imageat the sameiterationnumber. Both the
FBP andMLEM imagesuffer from streakartifacts,which are
not presentin the ML-gradient ascentimage. This suggests
that usingthe appropriatenoisemodelhasa significanteffect
on theresultingimage.

B. Effectonattenuationcorrection
Figure 3 shows some typical imagesobtainedwith the

differentmethods.

Figure4: Contrast(tumorto tissueactivity ratio)of 80%performance
obtainedby the observers for eachof the methods. Each symbol
correspondsto a single observer. The methodis indicatedas “cl”
(classical),“ML”, “MAP” and “nocorr” (no attenuationcorrection),
followed by the width of the smoothing mask. Lower contrast
indicatesbetterperformance.

Figure4 plots the performancemeasures(contrastat 80%
performance)for thesix observersandthetwelvemethods.For
all observers,a singlesessionrequiredlessthan10minutes.

Analysis of variancefor repeatedmeasurementsindicated
thatsignificantdifferenceswerepresent(p = q ^ � ` Ssr ). The
resultsof Scheffé post-hocanalysisare tabulated in table 1,
significantp-valuesareprintedin bold.

V. DISCUSSION

Themainconclusionsfrom figure4 andtable1 arethatt Maximum-likelihood based attenuation correction
does not improve tumor detectionperformancewhen
comparedto theclassicalapproach.t Maximum-a-posteriori based attenuation correction
significantly improves tumor detection relative to all
othermethods.

The first experiment shows that ML reconstructionfor
transmissionproducesattenuationmapswith fewer artifacts,
when comparedto FBP or MLEM reconstructionof the
log-converted data. We attributed this to the use of an
appropriatenoisemodel. Sinceseparationof noiseandsignal
seemssuperior for the ML-gradient ascent reconstruction,
reprojectionof this reconstructionwas expectedto improve



Table1
Scheffé post-hocanalysis,evaluatingif theperformancedifferencesshown in figure4 aresignificant.Methodsaredenotedasin figure4.

Thresholdwassetatp u 0.05,smallerp-valuesarein bold.

Classic ML-method MAP-method no corr
FWHM mm 0 4.8 8 13 0 4.8 8 13 0 4.8 8 -
cl 0 - 0.048 0.011 0.074 0.002 0.014 0.068 0.134 0.000 0.004 0.003 0.442
cl 4.8 0.048 - 0.984 0.878 1.000 1.000 1.000 1.000 0.029 0.004 0.234 0.072
cl 8 0.011 0.984 - 0.939 1.000 1.000 1.000 1.000 0.005 0.045 0.282 0.004
cl 13 0.074 0.878 0.939 - 1.000 0.999 0.994 1.000 0.037 0.003 0.155 0.261
ml 0 0.002 1.000 1.000 1.000 - 1.000 1.000 1.000 0.004 0.043 0.142 0.054
ml 4.8 0.014 1.000 1.000 0.999 1.000 - 1.000 1.000 0.009 0.015 0.211 0.032
ml 8 0.068 1.000 1.000 0.994 1.000 1.000 - 1.000 0.189 0.034 0.677 0.363
ml 13 0.134 1.000 1.000 1.000 1.000 1.000 1.000 - 0.088 0.004 0.389 0.174
map0 0.000 0.029 0.005 0.037 0.004 0.009 0.189 0.088 - 1.000 0.878 0.000
map4.8 0.004 0.004 0.045 0.003 0.043 0.015 0.034 0.004 1.000 - 0.989 0.004
map8 0.003 0.234 0.282 0.155 0.142 0.211 0.677 0.389 0.878 0.989 - 0.009
nocorr 0.442 0.072 0.004 0.261 0.054 0.032 0.363 0.174 0.000 0.004 0.009 -

the attenuationcorrectionfactors. Yet, the secondexperiment
did not reveal a performancedifferencebetweenML-based
attenuationcorrectionandtheclassicalmethod(whichusesthe
noisyraw data).A possibleexplanationis thattheML method
tradesin streaks(which are not compatiblewith the model)
for high frequency pointwisenoise(which is allowed by the
model).Thisnoisepropagatesinto theemissionimage;finding
a hotspotin thishigh frequency noiseis still difficult.

Figure4 alsoshowsthatnotapplyingattenuationcorrection
results in a performanceworse than that obtained with
any other method (except for the classicalmethod without
smoothing,never usedin clinical practice).This is in apparent
contrastto findings of Stroobantset al. [19] in mediastinal
stagingof non-smallcell lungcancer, andImranet al. [20] in a
patientgroupwith varioustumors,who reportedno difference
in tumor detection. However, the mediastinumis a region of
homogeneousattenuation,rather different from the location
usedin ourexperiment.Thestudyby Imranetal wasrestricted
to lesionsdetectedin X-CT scansandscintigrams,which may
not have formed a sufficiently challengingdata set to find
the performancedifferenceobserved in our simulationstudy.
Bengelet al. [21] andImran et al. [20] reportedan increased
tissue to backgroundratio in uncorrectedimages. Note,
however, that tumor detection performanceis proportional
to signal to noise ratio rather than to tumor to background
ratio. In non-attenuationcorrectedimages,the backgroundis
artifactuallydecreasedandis often evencloseto zero,but the
noiseis still present.

Separateanalysis of our data for lung tumors and for
soft tissue tumors (data not shown) indicated that observer
performancewas lower for lung tumors than for soft tissue
tumors. In soft tissue, the performanceof the three MAP
methodswassimilar to that of the classicalandML methods
with strongsmoothing. The classicaland ML methodswith
low smoothingresultedin poorerperformance,similar to that
of applying no correction. Separatingthe data resultedin

relatively small data sets, the performancedifferenceswere
not significant. The observed tendenciesseemto confirm that
performancedifferencesarelower in regionsof homogeneous
attenuationbecausesmoothing is more effective, and may
explain thedifferentfindingsreportedby Stroobantsetal. [19].

Consequently, overallobserverperformancewasdominated
by detectionof smalldenselungtumors.Attenuationcorrection
may increasecontrastin thesetumors,becauseit compensates
for theself-attenuationof thetumor, which is muchhigherthan
that of the surroundinglung tissue. The simulationrepresents
a somewhat extremecase,though,becausesomelung tumors
haveadensitylowerthansofttissue(e.g.broncheo-alveolarcell
carcinoma),andbecausebreathingmay reducethe resolution
of the transmissionscan,renderingattenuationcorrectionless
effective. Consequently, performancedifferencesareexpected
to besomewhatsmallerwhentestedin a heterogeneouspatient
group.

MAP basedattenuationcorrectionresultedin best tumor
detectionperformancefor both tumor types. The Gibbsprior
allows smoothingof homogeneousregions, while preserving
important image detail such as small denseregions in the
lung. This approachactually combinesreconstructionand
segmentation. Several authors have used segmentationof
FBP-reconstructedattenuationmapsas a strategy to strongly
reducenoisein the attenuationcorrectionfactors[22, 23, 24].
Incorporatingthe segmentationinto the reconstructionhasthe
additional advantagethat the segmentationresult is checked
against the original unprocesseddata, reducing the risk of
segmentationerrors.

VI. CONCLUSION

Our simulationindicatesthat maximum-a-posterioribased
attenuationcorrectionhasabeneficialeffectontumordetection,
whencomparedto otherattenuationcorrectionmethodsor no
attenuationcorrection.
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