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Abstact

In positron emissiontomography transmissionscansare
usedto correct the acquireddata for the effect of photon
attenuationThenoisepresentn thetransmissiomeasurement
often hasa significanteffect on the signalto noiseratio of the
final attenuatiorcorrectedmageof thetracerdistribution.

This study evaluatesthe effect of different attenuation
correctionstratgies on the performanceof humanobsenrers
in a tumor detectiontask. The four stratgies considered
are: no attenuationcorrection, multiplication with the count
ratio of blank and transmissionsinograms, reprojection of
a maximum-likelihood reconstruction,and reprojection of
a maximum-a-posteriorireconstructionof the transmission
sinogram. Performancen tumor detectionwas quantifiedas
the contrastat which the numberof errorsincreasedeyond
20%. No statisticallysignificantdifferencewasfoundbetween
classicahttenuatiorcorrectionandmaximum-likelihoodbased
correction. With maximum-a-posterioribased attenuation
correctionperformancewas significantly betterthan with the
othermethods.

. INTRODUCTION

Several authors have reported that maximum-likelihood
(ML) andmaximum-a-posterio(MAP) reconstructioteadsto
high quality reconstructiondyothin 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 thereis still a need
for careful quantitatve measuremenbf the effect of such
algorithmson diagnosticaccurag.

An important application of ML-reconstruction of
transmissionscans 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 mary cases,the aim is the
detectionof possiblemetastaseshe 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
correctionontumordetectionby humanobsenrers.

1This work is supportedby the Flemish Fund for Scientific
ResearcifFWO), grantnumberG.0106.98 P. Dupontis post-doctoral
researcheof the FWO.

[I. ATTENUATION CORRECTION ALGORITHMS

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

The first stratgy is to simply ignore attenuation, a
stratgyy often appliedin clinical practiceto avoid the lengthy
transmissiorstudy

The secondstratgy is to apply the classicalattenuation
correctiontechnique:
' (5 7%):

where A{ is the attenuationcorrection factor for sinogram
pixel i, bis the blanksinogramg is the measuredransmission
sinogram,s’ is a two-dimensionalGaussiarsmoothingkernel
and ® denotescorvolution. It is assumedthat the blank
sinogramhas been scaledto compensatdor differencesin
acquisitiontime. Smoothingis requiredto suppresghe noise
in the transmissiorsinogram,but excessve smoothingresults
in artifacts[4].

1)

The third strat@y is to computethe attenuatiorcorrection
factors by reprojectinga reconstructionof the attenuation
image. This approachensureghat the attenuationcorrection
factorsform a consistenset,implying thatsomenoisehasbeen
removed. When donewith filtered backprojection(FBP), the
noiseon the resultingattenuationcorrectionfactorsdecreases
significantly but the effect on the attenuatiorcorrectedmages
is very small [5]. McKee et al. [6] derived an approximate
expressionfor the signal to noiseratio in the reconstructed
emission image, predicting no noise suppressionwhen
attenuationcorrection factors are producedby reprojection
from FBPR. Thereasoris thatthe noiseremovedby reprojection
from FBP would alsohave beenremoved by applying FBP to
the emissiondatacorrectedwith “raw” attenuationcorrection
factors.Thederivationassumesoise-freeemissiondataanda
uniformtransmissiorsinogram put evenwhentheseconditions
arenot met,reprojectionfrom FBPis notvery effective [7].

However, ML reconstructioncan be expectedto have a
marked effect, sinceit dealswith noisein a different way,
takinginto accounthe Poissomatureof thetransmissiordata.
ML-based attenuationcorrection factors were computedas
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Here, ¢;; is the relative contribution of pixel j to the
projection value of sinogrampixel ¢, f is the reconstructed
attenuationimage, N is the numberof rows or columnsin
the reconstructionand « is a relaxation factor Equation
(3) representsa single iteration from our gradient ascent
maximume-likelihood algorithm for transmissiontomography
[7, 8, 9]. Fessleretal. [10] derived a classof algorithmsfor
transmissiotomographywith provencorvergenceunderideal
conditions, and identified the corvex algorithm proposedby
Langeetal. [11] asa memberof thatclass.It turnsoutthatthe
algorithm(3) with a = 1 corvergesto anothememberof that
class(eq(34)in [10]) closeto thesolution. In thefew testswe
carried out, corvergencesrate of algorithm (3) and Langes
corvex algorithmweresimilar.

Thefourth stratey is to computethe attenuatiorcorrection
factors by forward projectinga MAP reconstructionof the
transmissiordata:
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The prior distribution M combinesan a-priori distribution of
absoluteattenuationcoeficients and a smoothingprior. The
prior of attenuatiorcoeficientswasa four-modaldistribution,
with peaksat 0.095cm~! (combiningsoft tissueand bone),
0.032and0.019cm™! (lungtissue)and0 cm! (air). Thetwo
modedor thelung counteracexcessve smoothingn thelungs
(which areveryinhomogeneoum reality). For the Gibbsprior
thefunctionproposedy GemarandMcClure[12] wasusedto
avoid smoothingover strongedges.Theweightsof both priors
(the hyperparameterd)ave beendeterminecempirically using
a few independensimulationsand were kept constantfor the
simulationspresentechere. Several other priors with similar
featureshave beenreportedn theliterature[3, 10, 13, 14].

For the iteratve methods,computationswere accelerated
using the ordered subsetsmethod [15].  Becausenoise
propagationtends to increasewith increasing number of
subsets, we used a schemewith a gradually decreasing
numberof subsets finishing with a few true ML iterations.
A high numberof iterationswas appliedto obtain "effective
convergence” with goodresolutionnearthetumorin thelungs.

iterations were applied. For the MAP-method (6), which
cornverges faster this numberwas 128. In both cases,the
relaxationcoeficienta wassetto 1.

For themethodg1),(2) and(5) a singleparameteremains:
the width (full width at halve maximum) of the Gaussian
smoothingkernel s. In the experimentsdescribedbelow,
we usedvaluesof 0, 4.8, 8 mm and 13 mm for the classical
methodandthe ML-method. For the MAP-method,only the
widths0, 4.8and8 mmwereapplied:the prior suppresseligh
frequeng noise,so thereis no needfor excessie smoothing.
Together with the non-attenuationcorrected stratey, this
resultedn 12 differentmethods.

[11. EXPERIMENTS

A. Importanceof the noisemodel

It is well known that FBP-reconstructedransmission
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-Logartype object,
the transmissiorsinogramy’ was computedand Poissonnoise
wasadded.A noise-freeblank sinogramb wasassumedThree
different reconstructionimageswere computed. 1) FBP of
the sinogramt, computedast; = In(b;/y;). 2) Maximum-
likelihood expectation maximization (MLEM) for emission
tomography{16] appliedto ¢;. This is theoreticallynot exact,
sinceMLEM assumedPoissonnoise on the sinogram,and ¢
doesnot obey Poissorstatistics.However, MLEM is known to
be a robust algorithm. 3) ML-reconstructionfor transmission
tomography(eq3), appliedto g’andE.

B. Effecton attenuationcorrection

The effect of eachof the 12 methodson tumor detection
was assessedy quantifying the performanceof 6 human
obsenrersin a tumor detectiontask. PET transmissionand
emissionimageshave beensimulated. The 12 methodswere
appliedto computel?2 differentsetsof attenuationcorrection
factors. The attenuationcorrectedemissionsinogramswere
reconstructedavith FBP In this work, we have not studiedthe
effectof usingMLEM for theemissiornreconstruction.

1) Simulations

A pair of two-dimensional attenuation and actiity
distributionswasderived from a registeredsetof CT andPET
18F-FDG imagesfrom the samepatient[17, 18]. In this pair,
the PET imagehad beenresampledo 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
compensatdor truncationnearthe arms, and replacing the
Hounsfieldunitswith appropriatdinearattenuatiorcoeficients
for 511KeV. Thiswasdoneby linearly scalingthe Hounsfield
units suchthatthe resultingaveragesoft tissueattenuatiorwas
0.095cm~!. Consequentlythe simulatedattenuationmap

For the ML-method (3) the equivalent of 200 unaccelerated shovedarealisticinhomogeneity



To createthe activity distribution with the sameresolution,
the CT imagewasthresholdedn orderto separatédone,soft
tissue,fat, lung andair. The resultingregionswere copiedto
thePETimageandthemeantraceruptale in eachof theregions
wasdetermined An actiity phantomwascreatedy assuming
thattraceruptale in eachof the regionswashomogeneouand
equalto themeanvalueobtainedrom the PET scan.Resulting
lung to softtissueactiity ratiowas0.71.

Sixteen versions of the phantom were produced by
introducinga singletumor at 16 differentpositions,all located
nearthe right lateral thoracicwall. Eight of thosewere in
the right lung, the eight othersin the soft tissue. Attenuation
mapswere adaptedaccordingly sincetumor attenuationwas
assumedo be equalto averagesoft tissueattenuation. Size
of the tumor in the slice was 1 cn?. The attenuationand
actiity distributionswith all 16 tumorsareshawn in figure 1.
The differencebetweenactiity in tumorandbackgroundvas

Figurel: Thesoftwarephantom:attenuatior{left) andactiity (right)
distributions.All 16 tumorsareshavn, in eachsimulationonly oneof
thesetumorsis present.

decreasedrom 3 times soft tissueactiity to 0.34 times soft
tissueactvity in 31 stepsusingafactorof 0.93.

actumor = aChackgt 3 X 0.93° x actiggyet = 0---30 (7)

Here,i is the contrastindex andbadg correspondso lung or
soft tissue. Defining contrastastumor to backgroundactiity
ratio, the contrastdecreasem soft tissuefrom 4 to 1.34,while
the correspondingontrastsn lung areslightly higherbecause
thebackgrounds lower. For eachcontrasindex, eightdifferent
imageswere produced four with a lung tumor and four with
a soft tissuetumor, suchthatall sixteentumor positionswere
presentn theimagedor two consecutie contrastsThisresults
in 248imagedor eachmethod.Sinogramsverecomputedwith
aresolutionof 0.82mm andafterwardsrebinnedinto matrices
of 150 pixels x 256 angleswith a pixel sizeof 3.3 mm. The
sinogramswveresmoothedo simulatea resolutionof 5 mm for
the transmissiorand6 mm for the emissionscans.Noisewas
superimposedising a pseudo-randongeneratomith Poisson
characteristicandassumingtotal of 3.2 x 109 incidentcounts
for the transmissiorscan(which would have beenmeasuredn
absencef attenuation)and2.4 x 108 countsfor the emission
scan.Thesevaluesaresimilarto an8 minutetransmissiorscan
anda 15 min emissionscanon our 2D PET camera.Thefinal
emissiorsinogramsverecorrectedor attenuatiorusingeachof
the 12 methodsandreconstructeavith filtered backprojection
without low-pasdilter.

2) Userinterface

An interactve program was written to evaluate tumor
detectionperformance. A separateinteractve sessionwas
performed for each attenuation correction method. The
programpresenteall the imagesfrom a single methodto the
obsenrerin orderof decreasingumorto-backgroundontrast.
The eightimageswith the samecontrastindex werepresented
in randomorder The obsenrer could adjustthe width of a
2D Gaussiarcornvolution maskappliedduring imagedisplay
selectthe zoomfactor, and chosethe lookup table and select
its parametersThe obsenrer specifiedthe tumor positionby a
mouseclick. Whenperformancelecreasedbelon a threshold
the sessiorwas terminated. Eachtime the eightimagesfor a
particularcontrasthadbeenscoredthe obsener wasinformed
aboutthe numberof wronganswers.

Startingwith easilydetectabléumorseffectively introduces
a learning phase, during which the obsenrer learns where
to look for the tumorsand what artifacts may shav 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
measurememnf performanceasa measureof contrast. “Real
time” smoothing eliminates the filtering of the emission
imagesas a parameter The fact that the obsener knows that
exactly onetumoris presenteliminatesall higherlevel image
interpretationor thresholdingby the obserer. This is an
adwantagesinceif somethresholdings applied,the threshold
mustbe madeexplicit and mustbe varied over a large range
in a recever operatingcharacteristicanalysis. Making this
mentalthresholdexplicit is difficult anderrorsin doingsolead
to increasedariability.

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. The point wherethe curve
droppedbelon 0.8 was usedas the measureof performance
(this thresholdwas judged to yield reproducableresultsin
a few test sessions). Thus, the outcomeof the experiment
is reducedto a matrix of twelve rows (the methods)and six
columns(the obsenations). Analysisof variancefor repeated
measurementwith Schefé post-hoc testing was applied,
p < 0.05 wasconsideredignificant.

V. RESULTS

A. Importanceof the noisemodel

Figure2 shavs thereferencémageandthe reconstructions
with FBR, 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 ascentimage than



Figure 2: Reconstruction®f a simulatedtransmissionsinogram.
Top-left: original image, top right: FBR bottomleft: MLEM for
emissiorandbottomright: ML-gradientascenfor 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
reconstructionsf thetransmissiorsinogram.

for the MLEM imageat the sameiterationnumber Both the
FBP andMLEM imagesuffer from streakartifacts,which are
not presentin the ML-gradientascentimage. This suggests
that usingthe appropriatenoisemodel hasa significanteffect
ontheresultingimage.

B. Effecton attenuationcorrection

Figure 3 shavs some typical imagesobtainedwith the
differentmethods.
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Figure4: Contrast{tumorto tissueactivity ratio) of 80%performance
obtainedby the obserers for eachof the methods. Each symbol
correspondgo a single obserer. The methodis indicatedas “cl”
(classical),"ML”, “MAP” and “nocorr” (no attenuationcorrection),
followed by the width of the smoothingmask. Lower contrast
indicatesbetterperformance.

Figure4 plots the performancemeasuregcontrastat 80%
performancejor the six obsenersandthe twelve methods For
all obseners,asinglesessiomrequiredlessthan10 minutes.

Analysis of variancefor repeatedneasurementmdicated
thatsignificantdifferencesverepresen{p=6 x 10~°). The
resultsof Schefé post-hocanalysisare takulatedin table 1,
significantp-valuesareprintedin bold.

V. DISCUSSION
Themainconclusionsrom figure 4 andtable 1 arethat

e Maximum-likelihood based attenuation correction
does not improve tumor detection performancewhen
comparedo theclassicabpproach.

¢ Maximum-a-posteriori based attenuation correction
significantly improves tumor detectionrelative to all
othermethods.

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



Tablel
Schefé post-hocanalysis gvaluatingif the performancaelifferenceshavn in figure 4 aresignificant.Methodsaredenotedasin figure4.
Thresholdwassetatp < 0.05,smallerp-valuesarein bold.

Classic ML-method MAP-method no corr

FWHM mm | O 4.8 8 13 0 4.8 8 13 0 4.8 8 -

clo - 0.048 | 0.011 | 0.074| 0.002 | 0.014 | 0.068| 0.134 | 0.000 | 0.004 | 0.003 | 0.442
cl4.8 0.048 | - 0.984| 0.878 | 1.000| 1.000 | 1.000| 1.000| 0.029 | 0.004 | 0.234| 0.072
cl8 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
mapO0 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 attenuatiorcorrectionfactors. Yet, the secondexperiment
did not reveal a performancedifferencebetweenML-based
attenuatiorcorrectionandthe classicaimethod(which useshe
noisyraw data).A possibleexplanationis thatthe ML method
tradesin streaks(which are not compatiblewith the model)
for high frequeng pointwise noise (which is allowed by the
model). This noisepropagateto theemissionmage;finding
ahotspotin this high frequeng noiseis still difficult.

Figure4 alsoshawvs thatnot applyingattenuatiorcorrection
results in a performanceworse than that obtained with
ary other method (except for the classicalmethod without
smoothing hever usedin clinical practice).Thisis in apparent
contrastto findings of Stroobantset al. [19] in mediastinal
stagingof non-smalicell lung cancerandimranetal. [20] in a
patientgroupwith varioustumors,who reportedno difference
in tumor detection. However, the mediastinumis a region of
homogeneousttenuation,rather different from the location
usedin our experiment.Thestudyby Imranetal wasrestricted
to lesionsdetectedn X-CT scansandscintigramswhich may
not have formed a sufiiciently challengingdata set to find
the performancedifferenceobsened 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-attenuatiorrorrectedmages,the backgrounds
artifactuallydecrease@ndis often even closeto zero, but the
noiseis still present.

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

relatively small data sets, the performancedifferenceswere
not significant. The obsenedtendencieseemto confirm that
performancealifferencesarelower in regionsof homogeneous
attenuationbecausesmoothingis more effective, and may
explainthe differentfindingsreportedoy Stroobant®tal. [19].

Consequentlyoverall obserer performancevasdominated
by detectiorof smalldensdungtumors.Attenuationcorrection
may increasecontrastin thesetumors,becausét compensates
for the self-attenuatiomf the tumor, whichis muchhigherthan
that of the surroundingung tissue. The simulationrepresents
a somavhat extremecase,though,becausesomelung tumors
have adensitylowerthansofttissug(e.g.broncheo-aleolarcell
carcinoma),and becauseébreathingmay reducethe resolution
of the transmissiorscan,renderingattenuatiorncorrectionless
effective. Consequentlyperformancelifferencesareexpected
to besomevhatsmallerwhentestedn a heterogeneousatient
group.

MAP basedattenuationcorrectionresultedin besttumor
detectionperformancédor both tumor types. The Gibbs prior
allows smoothingof homogeneousegions, while preserving
important image detail such as small denseregions in the
lung. This approachactually combinesreconstructionand
segmentation. Several authors have used segmentation of
FBP-reconstructedttenuationmapsas a strat@y to strongly
reducenoisein the attenuatiorcorrectionfactors[22, 23, 24].
Incorporatingthe segmentationinto the reconstructiorhasthe
additional advantagethat the segmentationresult is checled
againstthe original unprocessedlata, reducing the risk of
sementatiorerrors.

V1. CONCLUSION

Our simulationindicatesthat maximum-a-posteriorbased
attenuatiorcorrectiorhasabeneficiakffectontumordetection,
whencomparedo otherattenuatiorcorrectionmethodsor no
attenuatiorcorrection.
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