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Abstract

Attenuation correction is known as a necessary step in positron emission tomography (PET) system to have accurate and
quantitative activity images. Emission-based method is known as a promising approach for attenuation map estimation on
TOF-PET scanners. The proposed method in this study imposes additional histogram-based information as a mixture model
prior on the emission-based approach using maximum a posteriori (MAP) framework to improve its performance and make
such a nearly segmented attenuation map. To eliminate misclassification of histogram modeling, a Median root prior is
incorporated on the proposed approach to reduce the noise between neighbor voxels and encourage spatial smoothness in
the reconstructed attenuation map. The joint-MAP optimization is carried out as an iterative approach wherein an altera-
tion of the activity and attenuation updates is followed by a mixture decomposition of the attenuation map histogram. Also,
the proposed method can segment attenuation map during the reconstruction. The evaluation of the proposed method on
the numerical, simulation and real contexts indicate that the presented method has the potential to be used as a stand-alone
method or even combined with other methods for attenuation correction on PET/MR systems.
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Introduction

Accurate quantification of the radiotracer activity distribu-
tion in positron emission tomography (PET) mandates the
use of the approaches for attenuation correction. In com-
bined PET/MR imaging, attenuation correction is a major
challenge since direct conversion of the MR information
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into corresponding PET attenuation coefficients is not
possible. The standard MR-based approach (MRAC)
performs a segmentation into several tissue classes but
neglects bone attenuation and, therefore, leads to an under-
estimation of the reconstructed PET activity distribution
by up to 30% [1]. Moreover, the attenuation coefficients
assigned to different classes are not patient-specific and
may cause error especially for lungs [2]. Different methods
have been proposed to overcome the attenuation correction
challenges on PET/MR system that can be categorized into
the atlas-based methods [3], use of special MR sequences
[4, 5], partial or full transmission-based and emission-
based methods [6]. The last methods tend to retrieve the
attenuation coefficients from PET emission data and allow
acquisition of the true 511-keV attenuation coefficients
without need for conversion. These approaches attempt to
derive quantitative attenuation coefficients based on the
different techniques including segmentation of the uncor-
rected emission images into regions of approximately
constant attenuation [7], applying consistency conditions
for attenuation and activity maps and simultaneous recon-
structions of the activity and attenuation distributions
[2]. Maximum Likelihood reconstruction of Attenuation
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and Activity (MLAA) method was proposed to find both
attenuation and attenuation-corrected activity maps at the
same time using a constrained maximum likelihood (ML)
framework [8]. Due to the non-uniqueness of the solution
for ML framework, the cross-talk artifacts often appear on
the estimated activity and attenuation maps where some
activity features in the activity map, such as image noise,
propagate into the attenuation map and vice versa. Since
TOF-PET data contain information about attenuation fac-
tors, TOF information can suppress the cross-dependen-
cies between activity and attenuation maps [9]. In fact,
count statistics of emission data and time resolution are
the most important parameters that underpin the efficiency
of the simultaneous reconstruction approach. Defrise et al.
[10] showed that TOF-PET emission data can be used to
for determination of activity and attenuation distributions
up to an unknown scaling factor. Moreover, even under
ideal conditions, this factor is object-dependent and hence
TOF-PET emission data does not completely define atten-
uation map.

Because emission tomography is an ill-posed problem,
image reconstruction can benefit from the imposing a pri-
ori knowledge as a regularization constraint in particular
within a Bayesian reconstruction framework. The prior
probability distribution of the unknown image plays an
important role in this framework. A common form of prior
information can be obtained based on the spatial smooth-
ness or piecewise spatial smoothness. These priors usually
rely on intensity differences between individual pixels and
force pixel values to be similar to neighbors. The main
drawbacks of these priors are the need for a positivity con-
straint and difficulty of choosing the optimal parameters
for prior (hyperparameter).

This study aims at improving the performance of MLAA
algorithm using incorporation of histogram-based infor-
mation and making a nearly segmented attenuation map
to reduce the cross-talk on MLAA method. The proposed
method utilizes a novel approach based on mixture models
that make a more uniform attenuation map at each step of
MLAA iteration beside the advantages of smoothing priors.
The histogram-based mixture models use “pointwise” priors
that have no neighbor interactions in contrast to smooth-
ing priors and each voxel can be drawn to a cluster with its
own local mean and some degree of “confidence” param-
eters. The parameters of mixture model prior on the pro-
posed method are calculated simultaneously from a MAP
procedure at the reconstruction step and the prior needs
no positivity enforcement. Another advantage of the pro-
posed method is that it produces a segmented attenuation
map during the reconstruction that is efficient for resolving
the scaling problem of emission-based methods or combing
the proposed method with other attenuation map extraction
methods on PET/MR system.

Materials and methods

The basic of emission-based method for attenuation
correction

In TOF-PET, the mean of expected counts for line of
response (LOR) i in such that two annihilation photons
detected on the time difference of ¢, are denoted as follows:

=2 Ly

7
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where 4; and p are the activity and attenuation values at
voxel j and k, respectively, j is the total number of voxels, ¢;;
is the probability that an emission from voxel j is detected
in LOR i in the absence of attenuation (system model), /;;
denotes the attenuation intersection length of LOR i with
voxel k, S;, and 7, are the expected contribution of scatter
and randoms, respectively, and n; shows the normalization
factor for each LOR. The activity and attenuation map can
be found using the likelihood maxima:

L((h &) = Y, 8 In8is = &ur @)
it

where g;, is the measured count of detected coincidences
for LOR i and TOF bin ¢. This likelihood function is not
concave when A and y are treated as unknown distributions.
MLAA algorithm uses the alternation updates of A and u
which converge toward a local optimum [8]. However, it
should be noted that, in transmission tomography, attempts
at developing EM algorithm have not resulted in an update-
able expression for likelihood increment at each iteration
[11]. Also, it is shown that the complete variables do not
disappear from the equations like emission tomography [12].
Hence, the use of a gradient-ascent algorithm is suggested,
which directly maximizes likelihood function and due to the
use of only regular projection/backprojection operators, its
implementation would be similar to emission tomography
[12].

Incorporation of priors

To suppress cross-talk and confine the solution space, some
constraints such as range and local smoothness priors for activ-
ity or attenuation maps must be imposed on the reconstruction
[6, 8]. Due to low counting rates and the limited acquisition
time of PET data acquisition, usually the use of a smoothing
prior removes the divergence in quantitative accuracy at higher
iteration numbers and produces a smoother image in contrast
to the same number of iterations to the MLEM approach. Our
aim is to produce a more uniform attenuation map in such a
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way that the attenuation histogram would be composed of a
limited number of peaks to have a reduction in the number
of unknown attenuation coefficients. Bayesian estimation,
or Maximum a Posteriori (MAP) estimation is a statistical
approach that can be used to incorporate prior information on
the reconstruction. Based on the Bayes’ theorem:

P, w)p((A, )|y )p(w)
p©)

P puwlg) = , A3)
where p((4, u, w)lg) is the joint posterior, p(gl(4, u4)) denotes
the likelihood function (forward model of the imaging sys-
tem), the term p((4, u)|y) shows the prior and depends on
the parameters of y, and term p(y) is known as hyperprior
on y. Because the prior knowledge about attenuation distri-
bution will only be applied in the attenuation map, so p(A)
would be independent of y and p((4, p)ly) = p(4) p(uly).
Based on the MAP principle, the final objective function
would be:

DOroa(4: s @) = Oy (gl A 1) + P (ulw) + Pop(y),  (4)

where @,, ®,, dyp denote the objective functions cor-
responding to the logarithm of the likelihood, prior, and
hyperprior terms, respectively. An iterative framework can
be used to extract activity and attenuation maps and also
prior parameters from this objective function. The alternat-
ing proposed algorithm can be summarized by the diagram
in Fig. 1.

At each iteration, by holding u at its current values, 4 is
updated and then while holding the most recent estimates of 4
and y fixed, ¢ will be updated and finally updating the param-
eters y with the latest estimate of u is performed. Based on
this strategy, the general framework of MAP procedure can
be written as:

Jrl arg rilfé( {d)L(g|(/1, ”k)) + d)/l(/l)}, &)
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It should be mentioned that p(4) and hyperprior pdf
p(w) are modeled as uniform without any loss of general-
ity; hence, terms of @,(4) and ®pp(yw) can be dropped in
the derivations.

Note that Eq. (5) leads to the same activity reconstruction
problem on a PET system with known attenuation map. The
activity map can be calculated by applying a single iteration
of the Maximum Likelihood Exception Maximization (ML-
EM) routine.

h h
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Equation (7) can be considered a parameter fitting to the
latest estimate of u. The histogram of attenuation map can
be assumed to be comprised of several peaks such that each
of them belongs to a particular tissue type such as air back-
ground, lung, soft tissue, and bone in the body. Thus, a finite
mixture model comprising L component distributions can be
defined as a prior (each component is indexed by a).

J L
‘I>p(/4k+1|‘l’) = Z log <Z nap(yjlﬂa)> )
i=1 a=1

where 6, 7, are the parameters of density function for class
a(a=1;...; L) and p(y;]6,) shows the probability that attenu-
ation coefficient of voxel j belongs to class a with the param-
eter 6,. The parameter z, can be viewed as mixing propor-
tion of class a that shows the area under each peak
(Z§=1 n,=1;a> 0). Based on this definition, it can be

Fig. 1 Algorithm for joint esti-
mation of activity and attenu- = e e e K
ation maps from measured | 1
emission TOF-PET data based I Attenuation - 1
on the mixture models prior : Update Activity Map 1
Segmented | ! . 1) : .
Attenuation |« I Mixture I Emission
1| Parameters I Data
Map 1 i I
| A |
| Attenuation | Activity | 4
: Map "|  Update | I
| Iteration Update 2 :
Initial
Attenuation
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considered that the attenuation map histogram consists of L
peaks corresponding to the different anatomical regions of
attenuation map. The peak density function can be models
as a Gaussian mixture models with parameters ji,, o, that are
the mean and the standard deviation of the Gaussian func-
tions for each class, respectively.

1 ( 1 < Hi = Hy )2)
exp| —= .
270, 2 %a
(10)

Parameter Estimation from Eq. (7) is a mixture decompo-
sition problem and there are some methods for optimizing it
based on an efficient EM algorithm. Hathaway [13] proposed
an alternative objective function based on the interpretation
of EM algorithm for mixture distributions that leads to the
same solution as EM steps for @ (u|f, o, ).

Let:

p(l’ljlga = ﬁa’aa) =

a=1

L
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map contains non-monotonic structures inside a local neigh-
borhood and would be deactivated if the image is locally
monotonic. Finally Eq. (5) can be rewritten as:

i = arg max {‘I’L(glu’i ) + @ O ()

(g5

where a and f adjust the strength of mixture model and MRP
priors, respectively, and m; denotes the median of voxels in
the neighborhood centered at j. Equation (14) can be viewed
as a gradient-ascent transmission tomography method and
hence the attenuation map can be calculated using an itera-
tive approach [12].
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where W; shows the probability of voxel j belongs to the
class of @ and hence W can be viewed as segmented attenua-
tion map. The new objective function defined over M X €,
as below:

Q3 (u| 0, m, W)
J L {
g’ ; <Waj log We; + Wo; log TPyl fgs %))
12)
where the first term shows the statistical uncertainty (nega-
tive of the sum of the entropies) and the second term can be
viewed as a weighted distance function that shows a proba-
bilistic measure of the distance between y; and subpopula-
tion a. Using this alternative objective function simplifies
ML estimation and derivations of the hyper parameters of
mixture model prior and hence the parameters of histogram-
based prior can be calculated by optimizing (Eq. 12) on a
grouped coordinate descent update [14].

In this study, beside the mixture model prior, a Median
root prior (MRP) was used to reduce the noise between
neighbor voxels in the attenuation map to be locally mono-
tonic. This smoothing prior is based on the assumption that
inside a local neighborhood, there is no spatial difference
between voxels values. No need for any tuning on the deriva-
tion of the energy function is its significant advantage. This
penalty is based on the difference of voxel values against the
local median and will be activated only if the attenuation

Experiments

The performance of the proposed approach using both sim-
ulated and experimental studies was investigated in com-
parison with MLAA algorithm. For simulations studies, the
scanner geometry and specifications of the simulated PET
system were similar to Siemens Biograph mCT PET/CT
system [15]. The measured TOF data in mCT system are
organized as sinogrmas, consisting of 400 radial bins, 168
angular bins, 109 direct planes and 13 TOF bins with effec-
tive time resolution of 580 ps. Since the proposed method (in
general, any emission-based method) does not provide com-
plete attenuation estimation for non-support activity regions,
a background mask resulted from a few non-corrected activ-
ity reconstruction was used to confine the attenuation map
reconstruction within body contour. For these experiments,
the initial attenuation map was obtained by filling the back-
ground mask uniformly with tissue attenuation coefficient.

Results
Thorax numerical phantom
To investigate the general feasibility and accuracy of the pro-

posed method for extraction of information about the attenu-
ation from the emission (PET) data, TOF-PET data from a
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numerical thorax phantom was used. The reconstruction was
performed with a matrix size of 200X 200 using 10 itera-
tions and 20 subsets. Reconstructed activity and attenuation
maps using the proposed method and TOF-MLAA method
were shown in Fig. 2. Also, Fig. 3 shows the obtained seg-
mented map from the proposed method for different tissue
type classes.

The line profiles of the reconstructed attenuation maps
using MLAA and proposed method were depicted on Fig. 4.
A sense of the performance of the proposed method on the
noise and cross-talk reduction can be revealed in the Fig. 5
which shows pixel by pixel difference between actual activ-
ity and attenuation images and reconstructed images using
MLAA and proposed methods. The proposed method is
successful on the cross-talk and noise reduction for recon-
structed attenuation map.

Figure 6 shows the reconstructed activity and attenuation
maps of the numerical thorax phantom after 3, 6, 10 and 20
iterations using proposed method. The reconstructed images
does not show any sign of activity and attenuation cross-
talks after 20 iterations for reconstructed maps using pro-
posed method. Figure 7 illustrates the signal to noise ratio

Fig.2 Attenuation (top) and
activity (bottom) maps of
numerical phantom. a Actual,
b reconstructed images using
MLAA method and ¢ proposed
method

Fig.3 The estimated segmenta-
tion map (Waj) for three classes
of numerical phantoma a=1,b

a=2,ca=3andd ) W,

@ Springer

(SNR) at each global iteration for the reconstructed attenu-
ation and activity maps using MLAA and proposed method
of the thorax phantom. It can be concluded that improving
the quality for attenuation map brings the activity image
closer to the actual one.

Impact of system time resolution
on the reconstructed attenuation map

To explore the limiting impact of system time resolution on
performance of the proposed method, a Monte Carlo simula-
tion study of NEMA IEC body phantom was utilized. The
Geant4 Application for Emission Tomography (GATE) [16]
code was used to generate the simulation data of IEC phan-
tom at different time resolutions of 100 and 580 ps in the
absence of noise and dead time. According to the NEMA NU
2-2007 standard [17], this phantom is recommended for use
in the evaluation of reconstructed image quality in whole-
body PET imaging [18]. The NEMA IEC phantom com-
prises 6 hollow glass spheres with various sizes (inner diam-
eters of 37, 28, 22, 17, 13, and 10 mm) into the torso-shaped
fillable compartment with cavity of 9.7 L and interior length
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Fig.5 a, ¢ The pixel by pixel difference maps between actual and
reconstructed images using MLAA and b, d the difference maps
between actual and reconstructed images using the proposed method
of numerical phantom for reconstruction with 20 subsets and 10 itera-
tions. The top row images belong to the attenuation distributions,
while the bottom images show activity differences

of 180 mm. Additionally, a cylindrical insert with density
of 0.3+0.1 g ml~! was positioned in the center of the phan-
tom to model patient lung tissue. The four smaller spheres

of different methods for numerical thorax phantom

are filled with FDG as hot sources, while the larger ones
are filled with non-radioactive water as cold regions. The
activity concentration in the hot regions was about 4 times
that of the background. The simulations were performed for
300 s with the activity of 530 kBg/ml. The actual and recon-
structed images using MLAA and proposed method at dif-
ferent time resolution after reconstruction with 10 iterations
on the list-mode format were shown on Fig. 8. In addition,
Fig. 9 shows the line profiles of the reconstructed attenuation
maps. The proposed method was successful in estimating a
roughly identical map with the actual attenuation map on
the time resolution of 100 ps (ideal system). However, there
is some underestimation for estimation of attenuation coef-
ficient of lung region than to the actual one, but the problem
of underestimation of attenuation coefficients especially for
body region in MLAA method was reduced. The estimated
segmentation map of reconstructed attenuation map for two
classes of simulated NEMA IEC phantom were shown in
Fig. 10. The segmentation procedure is well-done at time
resolution of 100 ps without creating too many misclassi-
fied voxels.

Performance on phantom scan

An implementation of proposed method has been applied
to the emission data of a NEMA IEC body phantom scan
that have been acquired on a Siemens Biograph mCT
system for 5 min scan and hot to background ratio of
2. The phantom Owas located in the center of the FOV
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Fig. 7 The signal to noise ratio (SNR) of the estimated maps vs. the global iteration number of the thorax phantom for reconstructed a attenua-

tion and b activity images using different methods

and the reconstruction performed with a matrix size of
200X 200 x 109 and slice thickness of 2.027 using 5 itera-
tion of 20 subsets. The scatter components and decay cor-
rection factor were not considered on the reconstruction.
However in this study, there is no enforcement for adding
the bed attenuation coefficients in the attenuation map, but
a bed attenuation template calculated by a transmission
scan using CT can be used to be accounted in the attenu-
ation map during reconstruction. The CT-based corrected

@ Springer

activity and the CT-based attenuation maps together with
the reconstructed activity and attenuation maps using
the proposed method for a different transaxial plane are
shown in Fig. 11. Although the proposed method has been
able to distinguish the body attenuating materials from
the central cavity in the reconstructed attenuation map,
there is some excess attenuation around the edge of phan-
tom. Also, slight activity was observed within the central
cavity of activity images of the phantom. The mentioned
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Fig.8 MLEM reconstructed activity using known attenuation map
and reconstructed activity and attenuation maps of simulated NEMA
IEC phantom using MLAA and proposed methods at time resolutions
of a 100 ps and b 580 ps. For each section, columns from left to right
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Fig.9 The profiles of reconstructed attenuation map using MLAA and proposed methods at different time resolutions of 100 and 580 ps com-

pared to their actual profiles for NEMA NU 2-1994 phantom

problems in the reconstructed images may be due to the
lack of scatter correction for this phantom. The over-
estimation of the object boundary due to the inaccurate
estimation of background mask can be another possible
reason. Figure 12 shows the W complete data set of this
phantom in different views. The model-based scatter cor-
rection (MBSC) approach [19] can be used for estimation

of scatter contributions. To do this, it is necessary to use
an iterative approach such that the scatter contribution
estimation is updated for current estimation of attenua-
tion and activity images. Although model-based scatter
correction techniques accurately estimate the scatter com-
ponents, the computational cost of the proposed method
increases.
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Fig. 10 The estimated segmen-
tation map (Waj) for different
classes of simulated NEMA
IEC phantom with system time
resolution of 100 ps on the

classesofaa=1,b a=2 and
c X W,

(a

(b)

() (d)

Fig. 11 a CT-based attenuation map, b MLEM activity reconstruc-
tion using CT-based attenuation map, ¢, d attenuation and activity
reconstructed maps using proposed method on the 3D NEMA IEC
phantom

Discussions

In this study, a novel joint-MAP reconstruction/segmenta-
tion method was presented for estimating the attenuation
map from TOF-PET emission data by incorporating his-
togram information. Beside adding a new prior to MLAA
method that assumes a clustered intensity histogram in
the attenuating object and enforcing of positivity in MAP
method, the proposed method can segment attenuation
map during the reconstruction. Use of Mixture model
prior can significantly reduce noise and cross-talk arti-
facts on the reconstructed images. In the proposed method,
the strength of the mixture model at each iteration is

@ Springer
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controlled by parameter a. With reduction in this param-
eter, the algorithm leads to the original MLAA (a = 0),
while a high value of it converts the method to a segmen-
tation process for the attenuation map at each iteration
(a > 1) [14]. In other words, this parameter controls how
much the histogram values are close to the multi Gauss-
ian functions. Because the proposed method makes the
complete data set W beside the attenuation map at each
iteration and it acts as a segmentation result of the attenu-
ation map, so the low value of « is preferred. In addition,
in this case the mean of the attenuation coefficients gets
close to the expected values of MLAA.

One of the interesting features of the proposed method
is that parameter L (the number of classes in the mixture
model) can be fixed to 3 or 4 classes (similar to the MR-
based segmentation method) or be chosen as a patient-
dependent parameter. There are some methods to choose
this parameter based on image context [20, 21]. It has been
observed that the increment in this parameter may have an
effect on the reduction in the misclassified voxels, although
the processing time would increase.

The attenuation coefficients on the TOF-PET system
can be determined from emission data up to a constant
scaling factor. It is suggested for determining this additive
constant, the known attenuation coefficient is imposed to
a segmented portion (a region containing (mostly) tissue)
of the attenuation image [6, 10]. Hence, the segmentation
of the attenuation map for resolving the scaling problem
seems to be necessary. However, emission-based methods
usually produce a noisy attenuation map due to the noise
and nonstationary statistics of photon and hence more
sophisticated segmentation algorithms may be needed.
The proposed method makes an attenuation map in such
a way that its histogram is composed of a limited num-
ber of Gaussian functions with a certain mean and stand-
ard deviation for each peak. Hence, the complexity of
scaling problem for estimated attenuation coefficients is
reduced on the proposed method and it can be solved
through some different ways [22-25]. Also, because the
complete data set W makes a segmented attenuation map,
a similar method of current commercial systems can be
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Fig. 12 a CT-based reference attenuation and b—d reconstructed segmentation maps (complete data set) for two classes of NEMA IEC phantom
ba=1,ca=2andd ) W,(from up to down: transverse, coronal, and sagittal transection)

used, too. The predefined attenuation coefficients can be
assigned to each segment using automatic methods based
on the features of segments or by a manual method (an
expert user). Another method is to fix the average of the
Gaussian mixtures in the proposed method. In this way,
the mixture decomposition step only estimates two other
parameters (o,, 7,) at each iteration and the attenuation
coefficients are assigned automatically to each segment.

The reconstruction using emission data needs com-
putations of the activity and attenuation distributions
as well as hyper parameters over an iterative approach,
which leads to a computational burden. To overcome this
problem, a graphic hardware acceleration can be utilized
to speed up the different steps of the proposed method.
Further simulation studies modeling even more realistic
complex phantoms and clinical cases as well as multi-
bed-position patient setups are required to further inves-
tigate the robustness of the method. Moreover, the use of
other smoothing priors for the clinical case and combin-
ing the proposed method with other methods should be
investigated.

Conclusions

We proposed a method that reconstructs patient-specific
attenuation maps out of emission data to be used for the
PET reconstruction of future PET/MR investigations. It
is based on the clustering modeling of attenuation map
histogram that allows direct classification of different ana-
tomical regions of attenuation map. The proposed method
offers similar correction accuracy as offered by the MR-
based attenuation correction technique with sufficient
reliability, when no MR image is used. The slow conver-
gence of the proposed method is an impediment to the
efficient application of it for clinical cases. Next stage will
be devoted to the speeding the attenuation map estimation
process. We believe that this method is promising, and it
may provide an alternative to other attenuation map extrac-
tion techniques for quantitative PET imaging on PET/MR
system. The method can be particularly appropriate for
new systems with improved time resolution.
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