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Abstract

We proposed a maximum a posterior (MAP) framework for incorporating information from co-
registered anatomical images into PET image reconstruction through a novel anato-functional joint
prior. The characteristic of the utilized hyperbolic potential function is determinate by the voxel
intensity differences within the anatomical image, while the penalization is computed based on
voxel intensity differences in reconstructed PET images. Using realistic simulated 18FDG PET
scan data, we optimized the performance of the proposed MAP reconstruction with the joint prior
(JP-MAP), and compared its performance with conventional 3D MLEM and 3D MAP
reconstructions. The proposed JP-MAP reconstruction algorithm resulted in quantitatively
enhanced reconstructed images, as demonstrated in extensive FDG PET simulation study. The
proposed method was also tested on a 20 min Florbetapir patient study performed on the high-
resolution research tomograph. It was shown to outperform conventional methods in visual as well
as quantitative accuracy assessment (in terms of regional noise versus activity value performance).
The JP-MAP method was also compared with another MR-guided MAP reconstruction method,
utilizing the Bowsher prior, and was seen to result in some quantitative enhancements especially
in the case of MR-PET mis-registrations, and a definitive improvement in computational
performance.

1. Introduction

Positron emission tomography (PET) is a powerful molecular imaging modality enabling
quantitative measurements of physiological and biochemical process in vivo. However, the
quantitative accuracy of PET imaging is limited by several factors including the intrinsic
resolution of the imaging system and inherently noisy data (Rahmim and Zaidi, 2008).
Comparing to analytical reconstruction (e.g. filtered backprojection), statistical
reconstruction methods, such as maximum likelihood (ML) or maximum a posterior (MAP),
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can incorporate noise statistics and system matrix modeling (Leahy and Qi, 2000). ML
estimates often exhibit high noise propagations, while Bayesian or MAP methods attempt to
stabilize the image estimates through incorporation of prior models. The commonly invoked
quadratic prior often leads to blurring of the edges (Geman and Geman, 1984). Non-
quadratic priors, such as the Green (Green, 1990), Huber (Mumcuoglu et al., 1996) and
hyperbolic (Charbonnier et al., 1997) priors, can enhance tolerance for edges but the results
can be sensitive to the value of the hyper-parameter that controls the shape of the potential
function. Nevertheless, a drawback of these non-quadratic edge-preserving priors is that
voxel intensity differences may not be robust and reliable in distinguishing real edges from
noisy fluctuation when an image is noisy.

An alternative approach seeks to preserve edges via incorporation of anatomical information
(Bai et al., 2013). Some approaches seek to control regularization (e.g. quadratic penalty or
prior) by preventing the smoothing across anatomical boundaries to avoid activity spillover
between distinct regions (Fessler et al., 1992; Alessio et al., 2006). A related approach is to
control regularization weights based on the labels of the two voxels via a segmentation
process (Sastry and Carson, 1997; Comtat et al., 2002). Others seek to encourage a
homogeneous distribution of tracers within each anatomical region (Lipinski et al., 1997).
More flexible techniques incorporating differences between anatomical and functional
segmentation (e.g. hot spots in brain stimulation studies or cold spots in arterial stenosis or
occlusions) were also proposed by Bowsher et al (1996) and Rangarajan et al (2000). In any
case, these techniques still rely on the explicit boundary or regional information derived
from anatomical images by segmentation or edge detection.

Bowsher et al (2004) proposed an anatomical prior avoiding need for segmented anatomical
information. This prior (referred to as the Bowsher prior) encourages smoothing over an
anatomy-dependent neighborhood, defined by selecting a set of most similar neighbors in
the anatomical image (Vunckx et al., 2012). As an extension, Bousse et al (2010) presented
a generalization of the Bowsher prior, taking into account each neighbor with a substitute
weight. Furthermore, Kazantsev et al (2011) presented a non-local algorithm for the weights
estimation, which was included into the modified Bowsher prior in order to improve the
robustness of the method to non-correlated information between activity and anatomy. Chun
et al (2012) proposed a non-local means methods to incorporate side information in
SPECT/CT reconstruction, while Nguyen and Lee (2013) proposed a new approach to
incorporating prior anatomical information within PET reconstruction using the non-local
regularization method, designed to selectively take into account the anatomical information
only when it is reliable. Overall, all these methods try to modify the weight of the potential
function (commonly quadratic function) based on the anatomical information rather than the
PET image itself.

Other recent work has tended to apply no segmentation of the anatomy but involve
information—based similarity measures between the anatomical and reconstructed PET
images. Sophisticated information-based similarity measure priors have as a result appeared
in the literature (Nuyts, 2007; Tang and Rahmim, 2009z, b; Somayajula et al., 2011; Lu et
al., 2011; Vunckx et al., 2012; Van de Sompel and Brady, 2012). Challenges with these
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information-theoretic priors include the non-convexity of the priors, the sensitivity to the
choice of the specific parameters, and the choice of the initial image.

The present work, by contrast, investigates the use of a straightforward convex hyperbolic
potential function employing non-segmented anatomical information to enhance the PET
image reconstruction. The characteristic of the potential function is determined by the voxel
intensity differences in the anatomical image, while the penalization is computed based on
voxel intensity differences in the PET images. As we shall also demonstrate, our approach
results in a framework that is robust to the choice of parameters. We have designed and
investigated a one-step-late (OSL) maximum a posteriori (MAP) algorithm incorporating
the anatomical information via the joint prior. We optimized the regularization parameter as
well as the parameter characterizing the reconstruction algorithm using realistic HRRT brain
imaging studies. The performance of the proposed techniques was evaluated in terms of
regional and overall NSD (noise) versus Bias. The quality of images reconstructed from the
proposed algorithm was in particular compared with that of images from conventional ML
and MAP reconstruction. Furthermore, the proposed techniques were also evaluated with
different MR image noise levels and the additional effect of PET-MR mis-registration, as
considered in (Gravel et al., 2013). Parts of this work were presented at the 2014
International Symposium of Biomedical Imaging (Lu et al., 2014) and Society of Nuclear
Medicine and Molecular imaging 2014 Annual Meeting (Lu et al., 2014).

2. Methods

2.1. MAP PET image reconstruction

Let f={f;} denote the unknown emission distribution. The PET data g={g;}, modeled as a
collection of independent Poisson random variables with expectation g={ &}, can be related
to f through an affine transform:

gf)=Pf+r, ()

where P € R is the system matrix with element denoting the probability of a positron
emitted from voxel j resulting in a coincidence at the i th detector pairs, and r € R accounts
for the scattered and random events, and n; and n; denote the total number of detector pairs
and voxels, respectively.

According to the measurement model, the log-likelihood function of the measured data is
given by

L(glf) :Zgilog@- -7, @
=1

where g and f denote the measured sinograms and the unknown emission distributions,
respectively.

Maximum likelihood (ML) estimation attempts to maximize L(g|f) with respect to f.
However, ML estimation will produce increasing noise levels with increasing iterations. A
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powerful method to circumvent daunting noise levels is to utilize Bayesian theory to
maximize the posterior probability that includes prior image information. The prior
information can be specified by a probability density on f and subsequently combined with
the information contained in g to produce an estimation of the unknown image. Commonly,
the prior is modeled to follows a Gibbs distribution (Geman and Geman, 1984):

P(f) < exp{—BU(f)}, (3)

where U(f) is the energy function and fis a regularization parameter that controls the
tradeoff between resolution and noise. Combining the likelihood function and the image
prior, MAP estimation of f is given by

f=arg maz{L(g|)-BU ()} ()

Based on equations (2) and (4), we then invoke the one-step-late (OSL) approach for an
iterative update to the MAP estimate (Green, 1990):

fold
new__ J Pijgi ©)
i oU (f . fold 4 .0
Zipij +/8 6—]572 |f7 :quld i ijzj f;) —+7r;

where the new estimate of voxel j is updated from the old estimate. A single bin i of the
measured sinogram g is represented by gj, and pj; represents an element of the system matrix
P. The performance of the MAP reconstruction strongly depends on the construction of the
prior U(f) and the regularization parameter 5, which we will elaborate upon in section 2.3
and 4.1.1, respectively.

2.2. Generation of the prior model

2.2.1. Conventional priors—The prior energy function U(f) in (4) is commonly
computed via a weighted sum of potential functions v of the differences between voxels in
the local neighborhood N;:

U(f):i: > weo(fi=fr)s ()

Jj=1keN;
where wyq is the weight of a given pixel k in the neighborhood of pixel j. For 3D image

reconstructions, a neighborhood with 18 neighbors was selected. The weight w is set to 1 if

k and j are orthogonal nearest neighbors, to \/m for diagonal neighbors and to 0 otherwise.
Generally, different choices of potential function v lead to different priors. The prior
becomes a quadratic prior when the potential function v takes the form v(t) = t2. In this
paper, we focus on the hyperbolic potential function:

t 2
v(t):\/1+(5) -1, M
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where Jis a free parameter to be optimized (Charbonnier et al., 1997). The ordinary

derivative of this potential function is given by

o) &

B . 8
ot /1+(%)2 (C)]

To illustrate the characteristic of the potential function, figure 1 plots the partial derivative

of this potential function for different value of J. Note that we plot PLL0) rather than ov(0), in

t t
order to normalize the limit value to unity as t increases. The potential function is always an
edge-preserving function.

2.2.2. The proposed joint potential function—The prior term can be used to
incorporate a priori information about the PET image. We utilize information that can be
available through co-registered anatomical images. Assume that the PET image f and the
anatomical image a are very well registered. If neighboring voxel values in the anatomical
image a are similar, the corresponding voxels in the PET image are more likely to belong to
the same organ or region. Thus, we define a joint prior that includes both the anatomical and
functional information:

j

Uf,a)=) > wijo(fj—fr-aj—ax), ()

j:lkEN]'

where wyq is the weight of a given voxel k in the neighborhood of voxel j, as elaborated in
section 2.2.1, and nj and N; are defined as those in (6). The joint potential function is defined
as

Afj ? Aajy ?
v(Afjk, Aaj, )= \/1+( ?k) +(%) -1, (10

where Afj = fj = fy and Aay = @ — &, Jis defined as that in (7), and 7 is an adjustable
parameter in the prior. The partial derivative of the joint potential function is analogous to a
force that tries to reduce the difference between neighboring voxels in the PET image f, and

8’1)(Afjk, Aajk) _ 672Afjk
OAfir Af 2  Aa 2 (11)
RNV S

Figure 2 plots the derivative as a function of Agj for some fixed Afjy, where 5and 7 are 1.
Note that the “force” increases more rapidly as a function of the difference Agjy in the
anatomical image a when the difference Afj in the PET image f is smaller. Thus, small
differences in the voxel values of neighboring pixels in the anatomical image a apply more
“force” to smooth differences in the voxel values in the PET image f. Similarly, large
difference in neighboring voxel values in the anatomical image a apply less “force” to
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smooth differences in the voxels in the PET image f. Thus, the derivative of joint potential
function is adaptively modified based on the anatomical information.

2.2.3. The Bowsher-Prior—The Bowsher-prior is a smoothing Markov prior operating
on a position dependent neighborhood. The prior energy function U(f) has the similar form
as equation (6):

U(f):i > wv(fi—fr)s )

j=1keN;(a,B)

where v is the potential function and N;j(a,B) is a subset of N; (the neighborhood of j as
defined in (6)) containing the B (number of neighbor) voxels k;,--,kg, which are fulfilling

laj—ar,| <--- <laj—q, |, Vke Nj\Nj(a,B),|aj—ar| > |aj—a, | (3)

In the original bowsher prior (Bowsher J E et al 2004), for voxel belonging to the cliques
N;j(a,B), wy are set to 1, while others are set to 0. At the same time, wy; could be a function
of (g—ay), as elaborated in the literature (Bousse et al 2010, Kazantsev et al 2011). In our
study, the weight is adopted from the original bowsher prior and v takes the form v(t) = t2.

2.3. Parameter model

The performance of a MAP reconstruction algorithm strongly depends on the construction
of the prior and the regularization parameter (£in (5)), which determines how much a role
the prior plays in the reconstruction process. The construction of the single hyperbolic prior
and joint prior model strongly depend on the parameter §in (7, 10) and 7 in (10). In
principle, Sand 7 may be different due to differences in the scale of the two images. In He et
al (2011), the parameter Sand 77 as used in the cross tracer prior were set to equal values for
dual-isotope myocardial perfusion SPECT imaging. This makes sense because the two
images for dual tracer imaging should have similar scales. In our initial study, the 5and 7
were set to constant values and optimized independently of each other. However, we found
that for each &, a different optimal value g exists, which makes the optimization strategy
more complicated for different 7 values. Here, we propose the following parameter model:

On=aAf, (14)
Af, is the mean gradient value of the PET image at the n th iteration and a is a scale

parameter. To balance the contributions of the functional image f and anatomical image a in
the joint potential function, the parameter 7 can be set as:

nn:am (15)

where A, is the mean gradient value of the MR image at the n th iteration. Thus, we
simplify the optimization strategy by focusing on a single parameter «.

Phys Med Biol. Author manuscript; available in PMC 2016 March 21.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Luetal. Page 7

3. Experimental design

3.1. Simulation study

3.1.1. MR simulation—For realistic MR simulation, the simulated T1-weighted MR-
image and the label image was derived from the BrainWeb database (Collins et al., 1998).
The label image included 9 individual regions of the brain (cerebrospinal fluid (CSF), grey
matter (GM), white matter (WM), fat, muscle, skin, skull, glial matter, connective tissue and
background). The MR image has matrix dimensions of 256x256x207 and cubic voxel sizes
of 1.219x1.219x1.219mm3. To evaluate the robustness in the presence of noise, the MR-
image was simulated with noise level 3%, 9% and 15%, which corresponding to low,
middle, and high noise level in realistic MR images respectively, as shown in figure 3.
Furthermore, to evaluate the robustness in the presence of registration errors, the MR-
images with different noise levels were applied a 3D rigid body motion to simulate the mis-
registration. The 3D rigid body motion can be completely characterized by the set of 4x4
transformation matrices as described in (Mohy-ud-Din et al., 2011)

{( B{ ‘{),RESO(?)),vGER;g} (16)

0O(3) is the group of 3D rotational matrices with special properties, v is the translation
matrix, and R is the rotation matrix. For brain imaging, the rotation angle with respect to the
z direction is set to —1°, and translation is set to 2.0 mm with respect to x, y and z for a total
distance of 2v/3 mm. This assumption was reasonable for PET brain imaging, as errors
below 3 mm were reported for rigid registration of PET/MR brain images using state-of-the-
art registration algorithms (Slomka and Baum, 2009).

3.1.2. PET simulation—Taking into account known relative intensities in clinical 18F-
FDG brain study, a brain PET activity distribution was created with each tissue class (in the
label image) assigned an activity value: 12500Bg/ml in GM, 3125Bg/ml in WM, 0Bg/ml in
air, CSF and bone, and 1000Bg/ml in all other tissue as shown in figure 4 (middle). The
noisy MR-image (9% noise calculated relative to the brightest tissue) is shown in the figure
4 (top). The corresponding attenuation map was created with each tissue class (in the label
image) assigned a realistic attenuation coefficient.

To simulate the possibility that some subtle lesions are detected by PET but not picked up
by MRI, a brain PET activity distribution with hyperactive gray matter lesions was created
as shown in figure 4 (bottom). Four lesions, labeled with L1, L2, L3 and L4 in figure 4
(bottom), were created by distributing 4 spheres with a diameter of 20 mm over the grey
matter, encompassing cortical and subcortical cerebral regions. The tracer uptake of the gray
matter inside each sphere was increased by 100%, while the activity of other classes was
unaffected. Consequently, the actual volume of the lesion was different in every lesion, and
much smaller than the volume of the sphere. This represents a reasonable intermediary size
for clinical lesions.
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We performed realistic analytic simulations for the geometry of the high resolution research
tomograph (HRRT) (Sossi et al., 2005), a dedicated-brain 3D-only acquisition system. The
simulator forward-projects the image to generate the noise free projection data. Then the
data was scaled and 30 noise realizations were generated utilizing Poisson noise on
projections with clinically realistic counts (L00M). Decay, normalization and attenuation
effects were taken into account, and these effects were also incorporated within the
reconstructions. Decay is computed based on the half-life of 18FDG, normalization is
derived from the clinical HRRT scanner, and attenuation sinogram is obtained by projecting
the brain attenuation map.

PET images were reconstructed from: (i) conventional 3D reconstruction (MLEM), (ii)
conventional 3D MAP reconstruction with the single hyperbolic prior (SP-MAP), (iii) 3D
MAP reconstruction with the bowsher prior (BP-MAP), and (iv) proposed 3D MAP
reconstruction with the joint prior (JP-MAP). 10 iterations with 16 subsets were adapted for
different reconstruction approaches, as elaborated in 4.1 and 4.2. All images were
reconstructed with matrix dimensions of 256x256x207 and cubic voxel sizes of
1.219%1.219x1.219mm?,

3.1.3. Figures of Merit (FOMs)—To compare the images reconstructed from the
different algorithms described in the previous subsection, the following quantitative
evaluation criteria were considered.

The mean squared error (MSE) was defined as

MSE:%Z].(X;TW—XJ‘)Za (a7

where N is the number of voxels in the ROI, Xj denotes the reconstructed PET image value

at a voxel j, and X;’“e denotes the reference ground truth PET image value at a voxel j.

The normalized standard deviation (NSDrg) for each ROI was defined as

N 1 R r_ 3 \2
1 g e (X=X
NSD,,,=— Vs _1_( ) x 100%, (18)
Nj:l XJ

where N and j were defined as those in (17), and R is the number of noise realizations; X7
denotes the r th reconstructed PET image value at a voxel j of the specified ROI, and

Yj:%ZR_l X7 represents the ensemble mean value of reconstructed PET image value at a
voxel j. For a given ROI of known PET image value, the regional bias (Biasgo;) was
defined as
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’ 1 R |Yr_ytme|
BlaSROIZE;W X 100% (29)

true 1

N — N
where YZ%ZFIX; and X _WZJ-ZIX;MB§X;M€ and X were defined as those in
(17) and (18) respectively.

To quantify the ability of a given reconstructed image to recover the contrast between the
lesion and normal background areas, the contrast is defined as

1 & [X X
Contrast=— ) ~—————. (20)
COP

where YTB and YZ are the average value from the background and lesion regions of the rth
noise realization, respectively. The contrast recovery ratio (CRR) was calculated as the ratio
between the contrast estimated from the reconstructed image and the true contrast in the
phantom image. Overall FOMs: To quantify NSDgyeran VErsus Biasgyeran for the entire
image (in order to allow an overall assessment of quantitative performance), NSDro; and
Biasgr) values for the ROIs were averaged, and weighted by the size (number of voxels N)
for each ROI to estimate the overall NSD and Bias.

3.2. Application to patient study

We also considered application of the proposed method to subject data from the HRRT
scanner. We modified the existing HRRT reconstruction code to enable both: (i) standard
3D reconstruction (MLEM), and (ii) proposed 3D MAP reconstruction with the joint prior
(JP-MAP). In addition to correction for attenuation and normalization, corrections for
random and scatter events were also performed, which were estimated using the singles rate
method and the standard single scatter simulation, respectively, for the HRRT scanner
(Rahmim et al., 2005).

[18F]Florbetapir (Amyvid) PET amyloid imaging is a diagnostic tool for patients with
cognitive impairment who are being evaluated for Alzheimer’s Disease (AD) and other
causes of cognitive decline (Yang et al., 2012). A 20-minute Florbetapir PET scan on a 50
year old male, with acquisition spanning 50 to 70 minutes was obtained. The MR image was
fully registered with the initial reconstructed PET image. As in the simulation, up to 10
iterations (16 subsets each) for both aforementioned conventional and proposed approaches
were generated.

Since the true activity values are not known, no analysis of bias was performed. Instead, we
plotted Activityro; versus NSDgrg, for a variety of ROIs, where NSDrg was defined as in
(13). This would allow comparisons of noise performance given matched activity values.
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4. Results

We evaluated the proposed MAP reconstruction (JP-MAP) algorithm in comparison with
conventional 3D MLEM and MAP reconstruction algorithms with single hyperbolic prior
(SP-MAP) and Bowsher prior (BP-AMP). The parameters in all algorithms were first
optimized separately, and followed by quantitative comparison in terms of the ensemble
noise versus bias (or contrast recovery ratio) performance over the 30 noise realizations.

4.1. Simulation study

4.1.1. Parameter Optimization—First, the effect of varying parameter §vs. proposed
parameter a was illustrated in Figure 5a vs. b, respectively. For the §-values plotted in
figure 5(a), when 642 increased from 10 to 100, the corresponding optimized S increased
from 0.02 to 0.5. For the « -value plotted in figure 5(b), when « increased from 0.001 to 1,
the optimized g was 0.02. From figure 5(a) and (b), we can see that the proposed parameter
model can achieve similarly low MSE values; however, interestingly, the selection is
considerably robust to the particular chose of a values. Furthermore, upon closer inspection
(Fig. 6) when using optimal a parameters (for SP-MAP and JP-MAP), it is seen that the JP-
MAP framework results in improved quantitative performance compared to the SP-MAP
framework.

Next, the effect of the number of Bowsher neighbors B and regularization parameter £ in the
BP-MAP algorithm was studied. The number of neighbors B ranged from 2 to 18 for a 3D
neighborhood system with 18 neighbors, and the regularization parameter ranged from
0.000001 to 0.0001. Figure 7 shows the plots of MSE as a function of the regularization
parameter for BP-MAP reconstruction. The optimized regularization parameter fcan be
found by zooming into the marked area; though some curves lead to very similar
performance). From figure 7(b), we can see the optimal 4 value to be around 10747 To
provide an more clear demonstration of the effect of number of neighbor B, figure 8 shows
the MSE value as a function of the number of neighbors B for BP-MAP reconstructed at 10
iteration (16 subsets) with £=0.00002. We can see that BP-MAP depicts enhanced
performance when the number of neighbors B ranges from 8 to 12. Thus, we chose B=10 as
the optimal number of neighbors. From figure 6 and figure 7, we can also note that BP-MAP
has the least MSE compared with SP-MAP and JP-MAP reconstruction.

4.1.2. Performance comparison—~Following the optimization of parameters, we
compared the performance of conventional 3D PET reconstruction (including MLEM, SP-
MAP) and proposed MAP reconstruction (JP-MAP). Different scenarios were considered
including the use of different noise levels (3%, 9%, and 15%) in the MR images (realistic
Rician noise), with and without the additional effect of PET-MR mis-regirstration. To
provide an overall performance evaluation of the reconstruction algorithms across the brain,
figure 9 depicts plots of overall NSD versus overall Bias for various reconstructed images
with different MR image noise levels. It is clearly seen that the MLEM approach results in
substantially increased noise levels with increasing iterations, while the SP-MAP approach
somewhat reduced the noise levels with similar bias. By comparison, the proposed JP-MAP
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reconstruction method results in the lowest noise at matched bias for different noise levels in
MR images and with the additional effect of PET-MR mis-registration.

In order to provide a more direct visual impression of the reconstructed images
(corresponding to figure 9), figure 10 shows transaxial, coronal, and sagittal slices through
the images obtained by conventional 3D PET reconstruction (namely MLEM and SP-MAP)
and proposed MAP reconstruction (JP-MAP). To enable a fair comparison, we show the
MLEM and SP-MAP reconstructed images at 5 iterations and the JP-MAP reconstructed
images at 10 iterations (all with 16 subsets), thus the images are approximately matched in
bias as in figure 9. It is clearly seen that the MLEM approach results in very noisy images,
while SP-MAP reconstruction somewhat reduces the noise levels. By comparison, the
reconstructed images using the proposed JP-MAP reconstruction method exhibit clearly
improved images for different MR noise levels and mis-registrations.

To evaluate the lesion contrast in the reconstructed images (corresponding to figure 9),
figure 11 depicts plots of overall NSD (noise) versus contrast recovery ratio (CRR), as
generated using increasing iterations of 1, 2, 3, 5 and 10 (16 subsets), for different
reconstruction algorithms. It is seen that the JP-MAP reconstruction images at matched
lesion contrast with conventional 3D PET reconstruction (including MLEM, SP-MAP)
achieves the lowest noise levels.

Next we focused on the comparison of our proposed approach to another MR guided PET
image reconstruction method, namely the Bowsher prior. The comparisons are shown in
figures 12, 13 and 14. It is worth emphasizing that the Bowsher method was also optimized
(number of neighbors, beta, etc.) to perform a fair comparison of the two methods. It is seen
in figure 12 that the proposed JP-MAP method depicts quantitative performance that is
nearly matched with that of the Bowsher prior reconstruction (BP-MAP) for different noise
level in MR images, and in fact slightly better especially in the case of mis-registrations (as
explained next). Note that for different noise level (from 3% to 15%) with perfect
registration in MR images in figure 12 (top), the BP-MAP performs slightly better than JP-
MAP in terms of noise versus bias. However, for all the noise level with mis-registration in
figure 12 (bottom), the JP-MAP depicts slightly enhanced robustness and performance
compared to BP-MAP in terms of noise versus bias. This can be explained by the fact that
the Bowsher prior effectively performs a local “binary” segmentation of MR images, and
thus is potentially more vulnerable to inconsistencies between the MR image and the PET
image. In any case, the reconstructed images using BP-MAP and proposed JP-MAP
reconstruction methods exhibited similar visual performance (not shown).

To evaluate the lesion contrast recovery in the reconstructed images, figure 13 shows plots
of overall NSD (noise) versus contrast recovery ratio (CRR) in the images as generated
using increasing iteration numbers (1, 2, 3, 5 and 10 (16 subsets)), using both BP-MAP and
JP-MAP reconstruction algorithms. The JP-MAP reconstruction images depicted slightly
reduced noise levels, at matched contrast levels relative to BP-MAP, at different noise levels
and more so in the presence of MR-PET mis-registrations.
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For further elaboration, figure 14 depicts plots of gray matter NSD (noise) versus lesion
contrast recovery ratio for the individual four lesions in the images as generated using
increasing iteration numbers (1, 2, 3, 5 and 10 (16 subsets)), using both BP-MAP and JP-
MAP reconstruction algorithms with 9% noise in the MR images and PET/MR mis-
registration. Similar patterns as in Fig. 13, comparing JP-MAP with BP-MAP, are observed.

To provide an overall performance evaluation of the reconstruction algorithms across the
brain, figure 15 depicts plots of overall NSD versus overall Bias for various reconstructed
images changing with the increasing regularization parameter fat 10 iterations with mis-
registration MR images under noise levels. The BP-MAP reconstruction has better
performance than SP-MAP in terms of NSD versus Bias curve. The proposed JP-MAP
reconstruction method results in similar performance with BP-MAP reconstruction in terms
of NSD versus Bias curve. The BP-MAP reconstruction depicts sensitivity with increasing
noise level in MR images, with the curve moving to the right with noise increasing from 3%
to 15%. Thus, the JP-MAP reconstruction depicts slightly enhanced robustness with
increasing noise levels in MR images.

Furthermore, we compared the computational performance of the BP-MAP and JP-MAP
reconstruction. For the Bowsher prior computation with N neighborhoods, the computational
complexity of the bubble sorting algorithm (in our study) is O(N2), while the computational
complexity for the joint prior is O(2N). Though, one may instead perform the sorting
algorithm for the Bowsher prior only once, this can pose a huge memory requirement of
O(MN), where M is the voxel number of reconstructed image. In our study, on an eight-core
Intel Core i7 2600 processor (3.4GHz; 8GB RAM), the JP-MAP reconstruction utilized 72.9
seconds per iteration (each iteration containing 16 subsets), while BP-MAP reconstruction
consumed 135.59 seconds per iteration, a significant difference: this analysis obviously
incorporated the various steps including forward- and back-projection which are identical
for the two algorithms, for a fair, overall comparison of speed performance.

4.2. Application to patient study

Subsequently, following extensive validations using simulations, we applied the proposed
MAP reconstruction method to a Florbetapir patient study on the HRRT scanner (as
elaborated in section 3.2). In order to provide a visual comparison of the estimated activity
images, figure 16 shows transaxial, coronal and sagittal slices of reconstruction images
obtained by conventional MLEM with FWHM=2mm Gaussian filtering and proposed MAP
reconstruction algorithms with joint prior (JP). The noise reduction in activity image
reconstructed from the proposed approach is clearly observed.

Figure 17 depicts Noisero) Verus Activityro plots generated by increasing iterations for 14
individual regions of the brain (cerebellum, corpus callosum, both left (L) and right (R)
cingulate, frontal lobe, occipital lobe, parietal lobe and temporal lobe). Across these ROIs,
the proposed MAP reconstruction method is commonly seen to quantitatively outperform
conventional 3D MLEM reconstruction, in the sense that for a given activity value,
improved noise values are attained.
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5. Discussion

5.1. Related work

In a different context of dual-isotope myocardial perfusion SPECT imaging, He et al (2011)
proposed a cross-tracer prior that couples voxel values on both images using hyperbolic
potential function. Though the authors proposed an iterative algorithm to solve the
simultaneous reconstruction problem and arrived at improved results compare with
conventional method, the optimization is rather complicated. In any case, the characteristic
of the potential function in one image was determined by the voxel intensity difference in
another image, which made the potential function sensitive to the voxel intensity differences
in the reconstructed image pairs. Wang and Qi (2012) proposed patched-based
regularization that used neighborhood patches instead of individual voxel intensity
difference to distinguish real edged from noisy fluctuation. In contrast to this, our approach
exploits the voxel intensity difference in high-resolution anatomical images to induce the
characteristic of the hyperbolic function, which can outperform the single hyperbolic
function.

5.2. Selection of the parameter

Selection of a proper regularization parameter £in (4) can be critical for the proposed MAP
reconstruction method. Adaptive approaches such as generalized cross validation (GCV), L-
curve and maximum likelihood methods impose high computational costs and are not task-
based, as we discuss in (Lu et al., 2012). In principle, the parameters §and 7 should be
threshold values to distinguish edges for PET and MR images, respectively. In our initial
study, the Sand 7 were set to constant values and optimized independently of each other (Lu
et al., 2014). However, we found that for each &, a different optimal value g exists, which
makes the optimization strategy more complicated for different 7 values. In the work (He et
al., 2011), for the same value of fand & (7=9), the cross-tracer reconstruction does a better
job of preserving edges than single hyperbolic prior reconstruction. It allows using a higher
value of g, and increasing the smoothing in flat regions with the same edge preservation.
This was also oberserved in our initial study (Lu et al., 2014). In this study, we proposed a
parameter model, which establish the relationship between the parameter and the mean
gradient value of the corresponding image at the n th iteration by a a single parameter a.
Thus, it simplify the optimization by reducing the two parameters (5and 7) to one single
parameter a. Furthermore, for the same value of fand q, the joint prior reconstruction
performs better than single hyperbolic prior reconstruction in terms of MSE, as elaborated in
figure 6. In the future, we wish to perform task-based parameter optimization involving
observer studies, as well as overall statistical receiver operating characteristic (ROC)
analysis to compare the proposed technique with conventional MLEM and MAP image
reconstruction method (He et al., 2006).

5.3. Future work

The present work has focus on quantitative analysis and comparison of the different methods
in terms of image fidelity. The NSD defined in (18) reflects the mean standard deviation of
each voxel across the ROI. However, to quantify mean uptake in each ROI, the NSD may
instead be defined to reflect the variability of ROl quantification (i.e. ensemble standard
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deviation of ROI mean uptake (Rahmim and Tang, 2013)). It is very appropriate in future
work to perform specific task performance analysis, including diagnostic detection task
performance for the various methods. Future work consists of application to an extensive
pool of subject studies on the HRRT scanner, including specific focus on Florbetapir
(Amyvid). In fact, training material for clinical readers note that some scans are difficult to
interpret due to image noise or image blur. The combination of noise and partial volume
effects (PVE), namely the spill over of white matter signal, could create an impression of
uptake in gray matter, resulting in a false positive read. We aim to validate the ability to
produce enhanced visual reads and enable enhanced quantitative accuracy, including greater
concordance with post-mortem studies.

6. Summary

This work proposed an OSL MAP reconstruction method for PET brain imaging to enhance
the image reconstruction via introduction of joint priors between anatomical and functional
image. We adapted a hyperbolic potential function to incorporating the anatomical
information and constructed an anatomy-dependent potential function in the joint prior term.
Using realistic simulated 18FDG PET data, we optimize the performance of the proposed JP-
MAP PET reconstruction algorithm, and compared its performance with conventional 3D
MLEM and SP-MAP reconstruction algorithms. The proposed JP-MAP reconstruction
algorithm resulted in quantitatively enhanced reconstructed images, as demonstrated in
extensive 18FDG PET simulation study. The proposed method was also tested on a 20 min
Florbetapir patient study performed on the high-resolution research tomograph. The
proposed method was shown to outperform conventional methods in visual as well as
quantitative accuracy improvements (in terms of regional noise versus Activity value
performance). The technique was also compared with another MR-guided PET image
reconstruction method, namely BP-MAP invoking the Bowsher prior, demonstrating some
quantitative enhancement especially in the case of PET-MR mis-registrations, and was seen
to result in considerable computational speed-up of overall image reconstruction.
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Figure 1.
Plots of partial derivative of hyperbolic potential function for different values of .
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Figure 2.
Plots of the derivative as a function of Agj for some fixed Afj, where 5and nare 1.

Phys Med Biol. Author manuscript; available in PMC 2016 March 21.

Page 18



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Luetal.

Page 19

Figure 3.
(Top to bottom) The simulated brain MR-image with different noise levels of 3%, 9%, and

15%, respectively (from left to right corresponding to transaxial, coronal and sagittal slices).

Phys Med Biol. Author manuscript; available in PMC 2016 March 21.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Luetal. Page 20

Figure4.
(Top) The simulated brain MR-image, and the brain PET phantom (middle) without and

(bottom) with lesions, from left to right corresponding to transaxial, coronal and sagittal
slices. The lesions visible in the transaxial slices are labeled with L1, L2, L3 and L4.
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(a) Plots of MSE as a function of the regularization parameter for SP-MAP reconstructed

images at 10 iterations (16 subsets) for different & values. (b) Plots of MSE as a function of
the regularization parameter for SP-MAP reconstructed images at 10 iterations (16 subsets)
for different a values.
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Figure®6.
Plots of MSE as a function of the regularization parameter for images from: (i) SP-MAP

reconstruction using the proposed parameter model &,, and (ii) JP-MAP reconstruction using
the proposed parameter model &, and 7, at 10 iteration (16 subsets). (a value is fixed to 1:
other values resulted in similar performance; not shown).
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Plots of (a) MSE as a function of the regularization parameter for BP-MAP reconstructed
image at 10 iterations (16 subsets) with different number of neighbors B (ranging from 2 to

18), and (b) an enlarged version of the marked region in figure (a).
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Figure8.
Plots of MSE as a function of the number of neighbor B for BP-MAP reconstructed at 10

iteration (16 subsets) with 5=0.00002 (corresponding to the regularization equals 107" in
figure 7(b)).
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Figure9.
Plots of overall NSD (noise) versus Bias curves of reconstructed brain images (from top to

bottom) changing with the iteration number (increasing iterations of 1, 2, 3, 5 and 10 (16
subsets)), using: (i) conventional MLEM reconstruction, (ii) conventional MAP
reconstruction (SP-MAP) and (iii) the proposed MAP reconstruction (JP-MAP).
Regularization was optimized for both conventional and proposed MAP reconstructions to
provide a fair comparison.
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JP-MAP: 3% noise - 3% noise & mis-reg.
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Figure 10.
Transaxial/coronal/sagital images: (a) conventional reconstruction (MLEM and SP-MAP),

as well as proposed MAP reconstruction (JP-MAP) with (b) 3%, (c) 9% and (d) 15% noise
in the MR images, with and without PET/MR mis-registration. Reconstructions included 5
iterations of the MLEM and SP-MAP algorithms, while having 10 iterations of the proposed
JP-MAP algorithm (all with 16 subsets), to provide images of nearly matched bias, for fair
visual comparison of noise levels.
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Figure 11.

Plots of gray matter NSD (noise) versus lesions overall contrast for reconstructed images
(from top to bottom) changing with the iteration number (increasing iterations of 1, 2, 3,5
and 10 (16 subsets)), using: (i) conventional MLEM reconstruction (MLEM), (ii)
conventional MAP reconstruction (SP-MAP), and (iii) proposed MAP reconstruction (JP-

MAP).
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Figure12.
Plots of overall NSD (noise) versus Bias for reconstructed images (from top to bottom)

changing with the iteration number (increasing iterations of 1, 2, 3, 5 and 10 (16 subsets)),
using: (i) MAP reconstruction with the Bowsher prior (BP-MAP) and (iii) the proposed
MAP reconstruction with joint-prior (JP-MAP).
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Figure 13.
Plots of gray matter overall NSD (noise) versus lesions overall contrast curves of

reconstructed brain images (from top to bottom) changing with the iteration number
(increasing iterations of 1, 2, 3, 5 and 10 (16 subsets)), using: (i) MAP reconstruction with
Bowsher prior (BP-MAP) and (ii) proposed MAP reconstruction with joint-prior (JP-MAP).
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Figure 14.

Plots of gray matter NSD (noise) versus lesions contrast recovery ratio (CRR) curves of
reconstructed brain images (a—c) changing with the iteration number (increasing iterations of
1, 2, 3, 5and 10 (16 subsets)) for four lesions, using: (i) MAP reconstruction with Bowsher
prior (BP-MAP) and (ii) proposed MAP reconstruction with joint-prior (JP-MAP).
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Figure 15.
Plots of overall NSD (noise) versus Bias curves of reconstructed brain images changing with

the increasing regularization parameter Sat 10 iterations, using: (i) conventional MAP
reconstruction with single hyperbolic prior (SP-MAP), (ii) MAP reconstruction with
Bowsher prior (BP-MAP) and (iii) the proposed MAP reconstruction with joint-prior (JP-
MAP).
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Figure 16.
MR and reconstructed images on 50 year old male subject (Sec. 3.2). From top to bottom: (i)

MR image, (ii) standared 3D MLEM reconstruction (MLEM) and (iii) proposed MAP
reconstruction with joint prior (JP-MAP). (From left to right): corresponding to transaxial,
coronal and sagittal slices, respectively. Post-filtering (FWHM=2mm) was applied to the
MLEM images shown. Both MLEM and JP-MAP reconstruction images were at 10
iterations (16 subsets).
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Plots of regional NSD versus Activity trade-off curves of reconstructed brain images
changing with the iteration number (increasing iterations of 1, 2, 3, 5 and 10 (16 subsets))
for different regions, using (i) conventional 3D MLEM reconstruction with FWHM=2mm
guassian post-filtering, and (ii) proposed MAP reconstruction with joint prior (JP-MAP)
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