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Abstract—Image reconstruction in emission tomography may
benefit from the use of anatomical side information obtained
with other imaging modalities in the same subject. One way to
implement this, is to use the anatomical image for defining the
a-priori distribution in a maximum-a-posteriori reconstruction
algorithm. In this contribution, we use the PET-SORTEO Monte
Carlo simulator to evaluate three different anatomical priors for
PET brain imaging, using MRI for the anatomical image. The
priors are: 1) a prior based on a segmentation of the MRI image;
2) the joint entropy prior; 3) a prior (proposed by Bowsher et
al. [1]) that encourages smoothness within a position dependent
neighborhood, computed from the MRI image. The two latter
priors do not rely on an explicit segmentation, which makes them
more generally applicable than a segmentation-based prior. The Fig. 1. The phantom. Left column: simulated noise-free MRI-imag
three priors produced a compromise between noise and bias that Three central columns: the tissue classes for gray mattetewhatter and
was significantly better than that obtained with post-smoothed cerebrospinal fluid. Last column: the PET attenuation images.

MLEM. The performance of the joint entropy prior was slightly
worse than that of the other two priors. In contrast to the joint
entropy prior, the Bowsher prior is easily tuned and does not jmage thus avoiding the need for explicit segmentation. In
pose convergence problems due to local maxima. [9] it was shown that the mutual information based prior
may introduce bias, a problem which is avoided by using
|. INTRODUCTION the joint entropy (JE) instead (i.e. by deleting the margina
L ) ) entropy term in the mutual information). Bowsher et al [1]
When the finite spatial resolution of the PET system i§qn4sed a prior which encourages smoothing over an anatomy

modelled during maximum likelihood reconstruction, the reyenendent neighborhood, defined by selecting a set of most
construction algorithm will automatically apply recovergr-  gimijar neighbors in the anatomical image. In this studse¢h

rection. However, because very high spatial frequencies habriors are studied: the A-prior used in A-MAP [7], the joint

been lost dl_Jring detection, and b_ecaus_e high frequen(_:'res @ntropy prior [9] and the Bowsher-prior [1]. The priors are
verge slowlier than low frequencies, this recovery COIGELt ¢, q)ated with realistic PET simulations created with tEGP

is imperfect and produces Gibbs over- and undershoots Ne¥RTEQ Monte Carlo simulator [10], which has been care-
edges. The anatomy-based prior can be used to apply smogily ajidated [11] and has been used by several other asitho
ing within the tissues but not across the tissue boundarl% define the ground truth for the simulated brain images,
This reduces or eliminates the Gibbs over- and undershowé used the segmentations from the BrainWeb database at
near the tissue boundaries, making the edges steeper andyihgsjj University (Montreal, Canaday), [12], [13] to geneza
activity within the different tissues smoother. If there @s |ojistic software PET brain phantoms. The performance of
strong correspondence between anatomy and tracer UPRRKE priors was assessed using a normal brain phantom and
(as is usually the case, in particular in brain imaging)nthe, prain phantom with reduced PET tracer uptake in multiple
the resulting PET image will have lower noise and |mprove&ay matter lesions, which are not visible in the MRI-image.
guantification. The use of a finite resolution model during1 these simulations, it was assumed that the registratiamse
reconstruction is essential, to ensure that the sharp oi@sd poveen PET and MRI are negligible, no attempt was done
promoted by the prior are not in conflict with the smootly, eyajyate robustness in the presence of registratiomserro

boundaries observed in the data. _ _in contrast to the work presented in [4], [14]. We believesthi
Many maximum-a-posteriori (MAP) or penallzed-l|keI|hoodassumptiOn is reasonable for brain imaging with PEF-
algorithms have been proposed for PET or SPECT recgipg.

struction with anatomical information [2]-[6]. Baete et al

[7] evaluated a method called A-MAP, which is based on

a segmented MRI image. Such methods produce excellent

results if an accurate (and well registered) segmentaton/y: Brain images

available. Somayajula et al [8] proposed a prior based onFigure 1 shows some images from the BrainWeb database,

mutual information between the PET image and the anatomieeald the attenuation map that was derived from it. The mean
image of 27 high resolution T1-weighted gradient-echo MRI

1 Nuclear Medicine, K.U.Leuven, B-3000 Leuven, BelgiutrBiospective scans of the same volunteer has been segmented in many
Inc, Montreal, Quebec, Canada.
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the GM value. In addition, a smoothing Markov prior could

be applied to all other tissues. This A-prior was designed
for reconstruction of images with nhormal WM and possible
GM lesions. Because the A-prior has a global maximum,
the posterior can be optimized with simple gradient ascent
algorithms.

The JE-prior is obtained by deleting the marginal entropy
terms in mutual information, and was found to yield less bias
in the reconstructed emission images [9]. In contrast to the
A-prior, the joint entropy prior does not need a segmentatio
it operates directly on the anatomical image. Because it is
computed from the joint histogram, it ignores correlations
_ _ _ _ o _ between neighboring voxels. On the other hand, it has the
ot e el e o ke g POtenial 10 collect information over large distances, a
is enclosed in a 20 mm diameter sphere. might be a strength if large organs with uniform tracer uptak

are present. It favors piecewise constant images. A problem
is that this prior has local maxima: the final reconstruction
classes also include bone, skin etc, providing at leastaine | depends on the initial image and on the optimisation algorit
for every voxel in the image. The BrainWeb also provides The Bowsher prior was proposed in [1]. It is a smoothing
simulated MRI-scans with or without noise for this softwar®larkov prior operating on a position dependent neighbodhoo
brain phantom. The noise free MRI-image is shown in tHé has the following essential parameters:
figure (left). A PET activity distribution was created by firs 1) the definition of a neighborhoal¥,
assigning a single label to each voxel, including labels for 2) a similarity metricS(«;, ax) for the anatomical image,
combinations of GM and WM, and of GM and CSF. Next, 3) the number of neighbor® that must be selected for
the activity was set to 12500 Bg/ml in GM, 3125 Bg/ml each voxel;.

in WM, 0 Bg/ml in air, CSF and bone, and 1000 Ba/ml in et X be the PET image with voxel values;,j = 1...J,

all other tissues. Attenuation coefficients were assigned ghg o the registered anatomical image with voxel values

. 2’
bone, 0.096033/cm for CSF, and 0.098530/cm for brain apggq N; of a; is scanned, computing the similarity metric

all other tissues. The activity and attenuation images We o)),k € N;,. The B voxels with the highest similarity
sampled with voxels of x 1 x 1 mn?’. _ are selected, this set containing these selected voxels-is d
The priors have been evaluated for the normal brain, aRgted B,. The smoothing Markov prior in the PET image is
for a brain with hypointense gray matter lesions which weigien restricted to\;, k € B,. Bowsher et al used the absolute
invisible to the MRI. Twenty lesions were created by disitib gifference to compute the similarit(a;, a) = —|o; —axl,
ing 20 spheres with a diameter of 20 mm in the brain (Sefd considered neighborhoods of different sizes. In thigwo
Fig. 2). The tracer uptake of the gray matter inside eachrsphge followed the same approach. This method does not rely
was reduced with 25%, the activity of the other classes wgg a segmentation of the anatomical image. If the Markov
unaffected. Consequently, the actual volume of the lesias Worior is based on a convex energy function (as is the case for
different in every lesion (ranging from 0.91 to 2.42°9mand  the quadratic, Huber and relative difference priors), tten

much smaller than the volume of the sphere. Bowsher-prior has a global maximum.
To compute the MAP image, the heuristic but effective
B. Anatomical priors gradient ascent algorithm proposed in [15] was used. To

, i ) accelerate convergence, a scheme with gradually decgeasin

The A—pr_|or was described previously [7]. It assumes th"‘Humber of subsets was applied. For the JE-prior, we attampte
segmentation images of GM, WM and CSF are availablg, 5,6iq convergence to an undesired local maximum by
The s.egmentatlon' images contain valugs betwegn 0 an dually increasing the weight of the prior.
denoting the fraction of the voxel that is occupied by tha
particular label. In CSF, a Gaussian intensity prior is sgupl _
that favors a reconstructed value of zero. Also in WM, & Parameter tuning
Gaussian intensity prior is applied. However, for WM, the Each of the priors has several parameters, which should
mean WM intensity is not fixed in advance, but estimatdoe well tuned for a useful performance comparison. For the
during MAP reconstruction. In GM, a smoothing Markov priotuning, a simple analytical 3D PET simulator was used. This
is applied; we used the relative difference prior with= 0 simulator uses a ray tracing projector, which models the
[15], which means that there is no increased tolerance fgelaresolution by a 3D Gaussian convolution with a full width
edges. For voxels containing a mixture of GM and either Widt half maximum (FWHM) of 4.0 mm in the transaxial planes
or CSF, it is assumed that the WM or CSF concentration &d a FWHM of 5.45 mm in the axial direction. It also models
the same as in pure WM or CSF voxels. Consequently, fattenuation, but ignores scatters and randoms. Because the
those voxels, the MAP algorithm only needs to determimeconstructions used the same projector/backprojedteret



was an exact match of the resolution between simulation a . T T
reconstruction.

Two noisy PET acquisitions were simulated, one for th
normal brain and one for the brain with the 20 lesions. Bot
sinograms were reconstructed with the MAP using the diffe
ent priors and different parameters for each prior. To etalu
the results, a figure of meri’OMcy, v Was computed as
follows:

=)
T
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where GM80 represents all voxels that belong for more th: [ "
80% to the gray mattemngpgo is the number of elements
in GM80, /\§V is the reconstructed activity in voxglfor the
normal brain and\’"""¢ is the corresponding true activity, . .
“GM activity” is the true activity in GM. A similar score X-resolution Z-resolution
FOMeg,1, is computed for the reconstructions of the brail
with lesions. HoweverFOMgn, v and FOMegyy 1, are ex-
pected to produce very similar values, because the number
lesion voxels is much smaller than the number of normal Gl
voxels. To assess the quality of the reconstructed lesaiss,
a contrast is computed:

a
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— ,  Fig. 3. Sinogram resolution determined with a point sourca lieal Siemens

GM activity PET HR+ scanner and in the one simulated by PET Sorteo. The gmince
(2) s positioned near the edge of the field of view, where thelutisn effects

where M represents the mean value of lesioim the recon- 3@ Most dramatic.

struction of the brain with lesions, and" is the corresponding

mean value for the reconstruction of the normal brain. Thg. ijependent Poisson realisations of a 1 min brain s¢an. T

superscriptrue denotes the corresponding true values. Thegg | reconstruction images are corrected for the mean decay
scores were combined in the final figure of merit that was ussglgF over 30 min

for optimizing the parameters:

1 20 <()\ZN _ S\IL) _ (j\lN,true - j\lL,true)

=1

FOM}? + FOM,, FOMZ2 [
FOM — \/ GM,N GM.L & 3) E. Reconstruction Parameters
4 2 In clinical routine, anatomical information is only usedspo
S ) reconstruction by inspection of fused (registered) images
D. Realistic simulation PET and MRI. Hence, post-smoothed maximum-likelihood

The brain PET-scan was also simulated with the Mongxpectation-maximisation (MLEM) images [17] will be com-
Carlo simulator PET-SORTEO, which takes into account ghuted to enable comparison with the current image quality.
significant physical effects of the PET acquisition [10]1]1 The images were reconstructed with a transaxial pixel size o
For this study, a realistic model of the system spatial iggmi  2.25 mm and a plane separation of 2.425 mm. To accelerate
is required, because the mismatch between the true syswwnvergence, ordered subsets (OS) are used with a gradually
resolution and the one used during reconstruction is erdecteduced OS iteration scheme [18]: %036, 2 x 24, 2 x 16,
to have a direct impact on the accuracy of the reconstrustio@ x 1 (global iterations< number of subsets). A 3D isotropic
Point source measurements were performed in the Siem&maussian smoothing filter with a full width at half maximum
Ecat HR+ scanner of the K.U. Leuven, and simulated wii-WHM) varying between 1 and 10 mm, in steps of 1 mm,
PET-SORTEO. Good agreement was obtained. A result fomas applied after reconstruction.
point source near the edge of the field of view is shown in The MAP-reconstructions with anatomical priors used the
Fig. 3. These experiments confirm that the mismatch betwesame iteration scheme. A-MAP was started from a fast
the true system resolution and the shift-invariant GaunssiMLEM reconstruction image (1 iteration over 36 subsets). A-
model of the (back)projector is similar for a true PET-syste MAP needs a segmented anatomical image, hence A-MAP-
and for PET-SORTEO. reconstructions were carried out using the known exact seg-

A 30 min '8F-FDG PET-scan was simulated. The countsientation, but also with a segmentation computed with the
in the resulting sinogram were randomly distributed ove3PM-software [16] from the simulated noiseless MRI-scan, a
30 sinograms. Because the simulated sinogram is subjectwll as from a simulated noisy MRI-scan (5% noise calculated
Poisson noise (ensured by PET-SORTEO), the 30 sinograrakative to the brightest tissue). The parameters to bedtane



the Markov weights of the priors applied to GM, WM, CSHor the normal brain reconstructions, and in a similar way fo

and other tissues. Also the size of the Markov neighborhooelconstructions of the brain with lesions. The % bias and %

can be changed. noise on the contrast in the lesion VOIs can be calculated
In order to avoid convergence to an undesired local maxiy replacing A" by (A — X"y and AN py

mum, the JE-reconstruction was initiated with a homogexsneo@if\””“e - Xf’"“e) in expressions (6) and (7).

starting image, and the weight of the JE-prior was gradually

increased at every full iteration over 36 subsets. For a fair I1l. RESULTS

comparison with A-MAP, an extra full iteration over 36 sutsse p  Reconstruction Images

was included in the iteration scheme. The influence on theB d the"OM of i 3). th timal iSotropi
GM activity and the lesion contrast of different values foe t ased on ot equation (3), the optimal isotropic
JE-weight, the number of bins for the PET and MRI imagg24ss!an post-smooth filter was found to have a FWHM of
(might be different) and the width of the Parzen window t mm. Fig. 4(a) and (b) show three orthogonal slices through
be applied to the PET intensities (see [9]) was evaluatethusi ¢ unproc_ess_ed and 6 mm FWHM pos_,t-smoothed .MLEM
bp ( 3D a1y reconstruction image of a PET-SORTEO simulated 1 min FDG

equation (3). i ) } .
The Bowsher-reconstruction was started from the sanF T scan of the brain phantom with 20 lesions, respectively.

fast MLEM reconstruction image as A-MAP. Tuning of this ie former image is very noisy, whereas the latter is fairly

algorithm was limited to varying the Markov weight, thesmOOth'

size of the neighborhood and the number of selected nei h—AS expected, very nice images were obtained with A-MAP-

bors. Two neighborhoods were compared, namely a spheri (}qonstruction using the perfect MRI segmentation (Fig)4(

3x3x3 neighborhood containing 18 possible neighbors, a e different tissue classes can clearly be discriminated,

a spherical %5x5 neighborhood with 80 possible neighborslgecause the activity was encouraged to be spread within the

All neighbors were assigned the same weight, equal to o gsue classes only. To yield this image, the Markov weights

Both the JE-prior and Bowsher-prior were computed using th&r M, WM, CSF and other were set to 225, 1000, 1000 and
pri W prioft W puted using A 3x3x3 Markov neighborhood with 26 neighbors was

noise-free simulated MRI-scan, and once more using the/no
selected.

simulation. Using the JE-prior enhances the visual contrast, detail and
. . i guantification of the GM activity compared to post-smoothed
F. Bias-Noise Analysis MLEM. The white matter suffers from a lumpy activity
To compare the various reconstruction algorithms, a biagistribution as the JE-prior tries to explain the noise by
noise analysis was performed for the reconstructed gratemassigning small groups of voxels the same activity. During
activity and for the activity and contrast in the lesion VOlsreconstruction, the JE-weight was linearly increased to<35
based on the reconstruction images of the 30 noisy PE". The JE-histogram was computed using 7 bins for the
SORTEO sinograms. PET image, 25 bins for the MRI image and a Gaussian Parzen
To study the image quality in the GM voxels, the percentag@indow with a standard deviation of 0.9 pixels.
(%) mean absolute bias was calculated, by first averaging therhe simulated data were reconstructed with a small and
bias in every GM80 voxel over all noisy reconstructions, angrge Bowsher neighborhood. For the former, the 4 most
next taking the mean over the absolute values of all GM&@milar (in the MRI) of the 18 neighbors were selected and a

voxels: Markov weight of 150 was assigned. For the latter, 9 of the 80
100 80 (AN _y\Notruey neighbors were selected in combination with a Markov weight
"GM80 ZjeGMSO 30 of 25. Both images show a high level of detail in the GM and

%meanpias;,; y|=

GM activity a fairly homogeneous activity distribution in WM and CSF.
(4) Using a larger neighborhood slightly improves the resotuti
with AN the activity in voxelj in the reconstruction image in the GM. Most lesions in the GM can be discerned from
of the n-th noisy sinogram of the normal brain, and the both images. The locations can be verified in Fig. 2 (bottom),
absolute value of. The % noise is calculated as: because the same slices were selected for visualisation.

30 Ny(n)_ 5% *;‘V‘(n) 2 . . .
100 ZjeeMsoanl(;gJ -—"=%'—)>  B. Bias-Noise Analysis GM
GM activity The unproce;sed MLEM image had a relatively hjgh mean
5) absolute bias in the GM voxels (see Fig. 5 (red diamond)),
Similar formulae could be expressed for the brain with lesio Which first decreased and then increased again when applying
The % bias and % noise on the activity in the lesion VOI3 Post-smooth filter with 1 mm to 6 mm FWHM (green

%noise;n N =

are defined as: squares). The noise reduc_ed from 95% to 14%.
| 30 YN.(m)_ yNitrue The A-MAP-reconstruction based on perfectly segmented
%biaseszv:%z":{]i, N 100 6) MRI data (black plusses) has low med#riag and slightly
' Y sdrue lower noise than post-smoothed MLEM. However, using im-
1y ()\Ny(")_i 530 XN’("))Q perfect (SPM) seg_mentation data doubled thg rﬂbi;ni and
6N0iSqes, = 29 £un=1\"" 30 £en=1"" 100(7) guadrupled the noise (black stars). The JE-prior (pinkg#ss

X;Vv”“e performs slightly worse than the ideal A-prior reconstinrct



Post-sm. MLEM ~ A-MAP perf. segm. A-MAP SPM segm. Joint entropy (JE)  Bowsher 4 of 18 Bowsher 9 of 80

)

~

Fig. 4. Example reconstruction images of a PET-SORTEO sindilatsmin FDG-PET scan of a brain with hypointense lesions ugiegsimulated noiseless
MRI. The following reconstruction algorithms were used: N)EM, (b) post-smoothed MLEM (6 mm FWHM), (c) A-MAP using pertacsegmented MRI

information, (d) A-MAP using SPM segmented MRI information) j@nt entropy, (f) Bowsher using 4 out of 18 neighbors, agiiBowsher using 9 out of
80 neighbors.

100 ’5 ‘F\'W‘LE‘F%‘ T T T T ] the 20 lesions. The bars indicate +/- 1 standard deviatimn, t
— ] illustrate the variation over the lesions. The dashed carti
80T+ A—MAP perf. segm. N line denotes zero bias.
¥ A—MAP SPM segm. . From these results, it shows that MLEM (red diamonds) suf-
o 60 [+ Joint entropy ] fers from the highest noise level in the lesions. The anatami
5 [ & Bowsher 4 of 18 ] priors all approach the low noise level of 6 mm FWHM post-
; ok * b smoothed MLEM (green squares). The noise behaviour is very
H . similar in the lesion VOIs of the normal brain and those of
I the brain with lesions.
20r " ] The bias behaves somewhat differently in the two phantom
I N 1 images, when using an anatomical prior. For MLEM, a neg-
e ative bias is observed for both images, and post-smoothing
0 ° 10 15 20 25 introduced extra bias. However, A-MAP with perfect seg-

% mean |bias| mentated MRI data (black plusses), JE (pink plusses) and

Fig. 5. Bias-noise analysis of the activity in the GM voxefstime normal both Bowsher reconstruct!ons (dark b!ue tr.langles andt ligh

bra.in.-The percentage mean absolute bias is plotted withecesip the blu? crosses) have very limited qggauye b{as in the .normal

percentage noise for the different tested reconstructigorithms. brain and small to moderate positive bias in the brain with
lesions, indicating that some of the surrounding GM agtivit
is smoothed into the lesion VOIs. The JE and the Bowsher

In comparison with post-smoothed MLEM, it reduced theeconstruction using the large neighborhood suffer masnfr

mean |biag by 60% at the cost of a bit more noise. Botlpositive bias. A-MAP using SPM segmented MRI data has

Bowsher-priors (dark blue triangles and light blue cropsesomewhat less negative bias than unprocessed MLEM in both

slightly outperform the ideal A-prior reconstruction. Tlaeger cases.

neighborhood further reduced the me#rag (light blue

crosses). All evaluated anatomical priors yielded a deeréa

mean |biag in the GM. Most of them also reached a similaD. Bias-Noise Analysis Lesion Contrast

or even lower noise level, except for the A-prior using SPM _ ) ) )
segmentation. Fig. 6(c) shows the bias-noise plot for the contrast in the

Fig. 5 shows the results for the normal brain, but those slgsion VOIs. We defined the contrast in a lesion VOI as the dif-
the brain with lesions are almost identical. Also the resulf€rence between the mean activities in that VOI in the normal
obtained from using noisy MRI data were very similar (nq@rain image and in. the brain image with Ie§ions. The t'rer'1ds
shown). in the noise behaw_our of tht_a various _algorlthms are s_lmllar

to those observed in the lesion VOIs in the separate images
) . ] ) (Fig. 6(a) and (b)). MLEM has the highest noise level (red
C. Bias-Noise Analysis Lesion VOIs diamond), which is strongly reduced by the post-smoothing

In Fig. 6, the % noise in the lesion VOIs is plotted witHilter (green square). Again, the noise on the contrast in the
respect to the % bias for (a) the normal brain and (b) the brdasion VOIs is only slightly higher when using an anatomical
with lesions. The symbols depict the mean value averaged opeior for regularisation instead of a post-smoothing filter
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(a) % bias vs. % noise in lesion VOIs (normal brain) (b) % bias vs. % noise in lesion VOIs (diseased brain) (c) % bias vs. % noise on contrast in lesion VOIs

Fig. 6. Bias-noise analysis of the activity in the lesion ¥@4) in the normal brain and (b) in the brain with lesions, ahthe contrast in the lesion VOIs
(c). The percentage bias is plotted with respect to the peage noise for the different tested reconstruction aflgors.

MLEM (red diamond) and A-MAP using perfectly seg- The Bowsher-prior also produced a better lesion contrast
mented MRI data (black plus) yield the lowest bias on thdan the joint entropy prior. This is probably because the
contrast, whereas post-smoothed MLEM almost halves tBewsher prior operates locally, while the joint entropyopri
contrast. JE-reconstruction (pink plus) also loses a bayesh operates on all image intensities simultaneously, disdiga
of the contrast. The two Bowsher priors and the A-prior usirtfeir positional information. The moderate decrease of 25%
an SPM segmentation perform intermediately in terms of.biga the lesions turned out to be very challenging for the

Both the bias-noise results for the lesion VOIs and for ttjeint entropy prior, because this decrease was similar ¢o th
lesion contrast were very similar when using the noisy ax$teamplitude of the noise in the GM voxels. We were unable to
of the noiseless MRI data. Therefore, the plots were omittéidld a combination of parameters (number of bins, width of
here. the Parzen window, weight of the prior) that produced a bette
IV. DISCUSSION cpntrast thqn the one shown in Fig._ 6(c). If the _number of

' histogram bins was increased to obtain a better lesionasmtr

In these simulations, we have assumed that the registratjs)se propagation deteriorated, because the prior thexpet
errors are negligible, which is a reasonable assumption {pe noise as small isolated clusters in the joint histogram.
rigid registration of FDG PET and MRI in brain imaging. Theyqditional problem of the joint entropy prior is the presenc
reconstruction uses a shift invariant resolution modelilevh ot |ocal maxima. For this brain image, the best results were
the PET-SORTEO simulator produces a realistic shift variagpizined by starting the iterations from a uniform image,
resolution as illustrated in Fig. 3. For A-MAP, realisticgse rather than from an MLEM-reconstruction, and by gradually
mentation errors were obtained by segmenting the simulai;ﬁ@reasing the weight of the prior.

MRI image with the SPM software package. For these reasonsy, contrast to the joint entropy prior, the Bowsher prior

we believe that the results of this study are clinically vef®. popaves more predictably, and its parameters are more easil

As illustrated in Fig. 5, the anatomical priors yield anneq. n addition, because this prior yields a unique magim
excellent reconstruction of the gray matter, with a bias®0 ¢, he objective function, convergence is not a problem.

performance clearly superior to that of post-smoothed MEEM:onsequently, we will further study this prior for clinical
reconstruction. In the normal image, there is a perfect matﬁpplications.
between gray matter activity and anatomy. Consequently, by
further increasing the weights of the prior, bias and nomme c
probably be further decreased in Fig. 5. However, this would V. CONCLUSION
result in a poorer reconstruction of the cold gray matteptes
in the diseased brain. These cold lesions are invisible én th
anatomical image, and with increased weight of the prior
there will be increased smoothing over the lesion bound
within the gray matter.

The reconstruction image quality of the lesions can best
appreciated in Fig. 6(c), which shows the difference in mean
reconstructed lesion value between normal and diseased bra REFERENCES
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outperformed the other methods. However, when a realisti€ll JE Bowsher, H Yuan, LW Hedlund et al., TG Turkington, G Akai, A
. . . . . Badea, WC Kurylo, CT Wheeler, GP Cofer, MW Dewhirst, GA Johnson
imperfect segmentation is used, Fig. 5 and 6(c) indicate tha “Using MRI information to estimate F18-FDG distributions iat flank
the Bowsher-prior can outperform A-MAP. tumors”, IEEE Nucl Sci Symp Conf Record, 2004, pp 2488-2492.

Three anatomical priors were evaluated in a realistic sim-
lation of PET brain imaging with FDG, coregistrered to
RI. All three priors outperformed post-smoothed MLEM.
a{'¥|e prior previously proposed by Bowsher et al seems to have
Hbe best potential for this clinical application.



(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]
(23]

[14]

[15]

[16]

[17]

(28]

B Lipinski, H Herzog, E Rota Kops et al., Oberschelp, HWillér-
Gartner, “Expectation maximization reconstruction of pasitemission
tomography images using anatomical magnetic resonance infonhat
|EEE Trans Med Imaging, vol. 16, no. 2, pp. 129-136, 1997.

A Rangarajan, IT Hsiao, G Gindi, “A Bayesian joint mixtufeame-
work for the integration of anatomical information in functa image
reconstruction”J Math Imaging Mision, vol 12, pp 199-217, 2000.

C Comtat, PE Kinahan, JA Fessler et al., “Clinically fddsireconstruc-
tion of 3D whole-body PET/CT data using blurred anatomichkls”,
Phys Med Biol vol 47 pp 1-20, 2002

S Kulkarni, P Khurd, | Hsiao, et al., “A channelized Hdteg observer
study of lesion detection in SPECT MAP reconstruction usingtom-
ical priors”, Phys Med Biol vol 52, pp 3601-3617, 2007

X Ouyang, WH Wong, VE Johnson, X Hu, Chin-Tu Chen, “Incomo
tion of correlated structural images in PET image reconsom¢t|EEE
Trans Med Imaging 1994; 13: 627-640.

K Baete, J Nuyts, K Van Laere et al., W Van Paesschen, S<eegs L
De Ceuninck, O Gheysens, A Kelles, J Van den Eynden, P Syd®ens
Dupont. “Evaluation of anatomy based reconstruction fotiglavolume
correction in brain FDG-PET"Neurolmage, vol 23, pp 305-317.

S Somayajula, E Asma, RM Leahy, “PET image reconstructiangus
anatomical information through mutual information based gtio€onf.
Record: |EEE Nucl Sci Symp Med Imag Conf , Puerto Rico, pp 2722-
2726, 2005.

J Nuyts. "The Use of Mutual Information and Joint Entropgr f
Anatomical Priors in Emission TomographyEEE Nucl Sci Symp Conf
Record, 2007, pp 4149 - 4154

A Reilhac, C Lartizien, N Costes et al. “PET-SORTEO: A Me Carlo-
based simulator with high count rate capabilitid€EE Trans Nucl Sci.,
2004; 51 (1): 46-52.

A Reilhac, “Validation et exploitation d’'un simulatefEP de Monte
Carlo”, PhD-thesis, Institut National des Sciences Apgdis| de Lyon,
2007.

website: “http://www.bic.mni.mcgill.ca/brainweb/”.

DL Collins, AP Zijdenbos, V Kollokian, JG Sled, NJ KabarCJ
Holmes, AC Evanset. “Design and construction of a realistgital
brain phantom”|EEE Trans. Med. Imaging, 1998; 17: 463-468.

J Cheng-Liao, J Qi. “PET image reconstruction with incéetganatom-
ical edge information using level set method” IEEE NSS MIC,a@do,
2009: M03-5.

J Nuyts, D Beqgé, P Dupont, et al “A concave prior penalizing
relative differences for maximum-a-posteriori reconstautin emission
tomography”,|EEE Trans Nucl i, vol 49, pp 56-60, 2002.
Software package, Wellcome department of cognitive olegy (Lon-
don, UK), http://www.fil.ion.ucl.ac.uk/spm

L. S. Shepp and Y. Vardi, “Maximum likelihood reconsttion for
emission tomography.EEE Trans. Med. Imag., vol. MI-1, pp. 113-
122, 1982.

M. H. Hudson and R. S. Larkin, "Accelerated image recargton using
ordered subsets of projection dattEEE Trans. Med. Imag., vol. 13(4),
pp. 601-609, 1994.



