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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 short time 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 maximum likelihood expectation 
maximization (MLEM) and MAP reconstructions. The 
proposed JP-MAP reconstruction algorithm resulted in 
quantitatively enhanced reconstructed images, as 
demonstrated in extensive 18FDG PET simulation study. 
 

Index Terms—positron emission tomography, 
maximum a posterior, anatomical priors, joint prior 
 

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 [1]. The 
incorporation of anatomical information into the Bayesian 
PET reconstruction can potentially improve the quality of 
PET images [2]. Some approaches seek to control 
regularization (e.g. quadratic penalty or prior) by preventing 
the smoothing across anatomical boundaries to avoid 
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activity spillover between distinct regions [3]. Others seek 
to encourage a homogeneous distribution of tracers within 
each anatomical region [4]. Nevertheless, these techniques 
rely on the explicit boundary or regional information 
derived from anatomical image by segmentation or edge 
detection. 

Bowsher et al [5] proposed an anatomical prior 
avoiding use of 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 [6]. Some generalization of Bowsher 
prior also has been proposed [7, 8]. 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. More recent 
work has tended to apply no segmentation of the anatomy 
but involve information-based similarity measure priors in 
the literature [9-12]. 

By contrast, the present work investigates a straight-
forward hyperbolic potential function employing non-
segmentation anatomical information to enhance the PET 
image reconstruction. The characteristic of the potential 
function is determinate by the voxel intensity differences in 
the anatomical image, while the penalization is computed 
based on voxel intensity differences in the PET images. We 
have designed a one-step-late (OSL) maximum a posteriori 
(MAP) algorithm incorporating the anatomical information 
via the joint prior. The performance of the proposed 
techniques was evaluated in terms of regional and overall 
noise versus bias using realistic HRRT brain imaging.  
 

2. METHODS 
 
2.1. MAP PET image reconstruction 
 
Let jff={ }  

denote the unknown emission distribution. The 
PET data igg={ } , modeled as a collection of independent 
Poisson random variables with expectation igg={ } , can be 
related to f  through an affine transform: 
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where i jn nR u�P  is the system matrix with element ijp  
denoting the element, inR�r  accounts for the scattered and 
random events, and ni and nj 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 
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where g  and f  denote the measured sinograms and the 
unknown emission distributions, respectively. 

Commonly, the prior is modeled to follows a Gibbs 
distribution [13]: 

( ) exp{ ( )},P UEv �f f                          (3) 
where ( )U f  is the energy function and E  is 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 
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Based on equations (2) and (4), we then invoke the 
one-step-late (OSL) approach for an iterative update to the 
MAP estimate [14]: 
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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 ig , and ijp  represents an element of the 
system matrix P . E  is the regularization parameter. 
 
2.2. The proposed joint prior model 
 
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: 
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where kjw
 
is the weight of a given voxel k  in the 

neighborhood of voxel j , and  
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G  and K  are adjustable parameter in the joint prior model. 
To illustrate how this encourages smoothness in portions of 

the PET image where the anatomical image is smooth, 
consider the partial derivative of joint potential function in 
terms of the difference in voxel values 
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where jk j kf f f'  �  
and jk j ka a a'  � . 

Fig. 1 plots the derivative of the potential function for 
several different values of jka'  where G  and K  are 1. Note 
that the “force” increases more rapidly as a function of the 
difference in the voxel values in the PET image f  when the 
difference in the voxel values in the anatomical image a  is 
smaller. 

 
Fig. 1.  Plots of the derivative of the potential function for 
several different values of jka'  where G  and K  are 1. 

 
3. EXPERIMENTAL DESIGN 

 
We performed realistic analytic simulations for the 
geometry of the high resolution research tomography 
(HRRT) [15], a dedicated-brain 3D-only acquisition system. 
Decay, normalization and attenuation effects were taken 
into account; these effects were also incorporated within the 
reconstructions. A mathematical human brain phantom was 
used for the purpose of performing realistic brain 
tomography imaging [16]. The PET activities in the various 
regions of the brain were specified based on a 2 minutes 
clinical FDG study. Additionally, a corresponding MRI 
image was generated based on a patient MRI intensity 
measurement. All images were reconstructed with matrix 
dimensions of 256 256 207u u  and cubic voxel sizes of 

31.219 1.219 1.219 mmu u . 

Figures of Merit (FOMs): To compare the images 
reconstructed from the different algorithms described in the 
previous subsection, we used quantitative evaluation criteria 
involving regional normalized standard deviation (NSD) 
versus bias tradeoff curves. We studied ten regions of 
interest (ROIs). The normalized standard deviation (NSDROI) 
for each ROI was defined as in [17] 
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where jX
 
denotes the reconstructed PET image value at a 

voxel j  ( ROI1,...,j N ) of the specified ROI, and 

ROI

1
ROI ROI jjNX X� ¦

 
represents the mean value of 

reconstructed PET image value in a specified ROI. For a 
given ROI of known uniform PET image value true

ROIX , the 
regional bias (BiasROI) was defined as 

true
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Overall FOMs: To quantify NSDoverall versus Biasoverall f
or the entire image (in order to allow an overall assessment 
of quantitative performance), NSDROI and BiasROI values for 
the ROIs (r=1, 2, }, R) were averaged, and weighted by the
 size (number of voxels NROI) for each ROI to estimate the o
verall NSD and Bias. 

 
4. RESULTS 

 
We evaluated the proposed MAP reconstruction (JP-MAP) 
algorithm in comparison MLEM and MAP (using single 
hyperbolic prior, SP-MAP) reconstruction algorithms. First, 
the effect of varying the parameter G  in the hyperbolic 
potential function was studied. This was achieved using 
noise versus bias tradeoff curves (not shown). We utilized 

1/2 150G   as an optimal value for SP-MAP and proposed 
JP-MAP reconstructions. Next, with the optimized G  and 
fixed E , we optimized the parameter K  in terms of overall 
noise versus bias tradeoff (not shown). We utilized 100 as 
the optimal value for proposed JP-MAP reconstruction. 
With the optimized G  and K , we optimized the 
regularization E  in terms of overall noise versus bias 
tradeoff (shown in Fig. 2). For the E -values plotted, 
considerable improvements in image quality were achieved 
when E  increased from 0.01 to 0.2 (increasing E  to 0.5 did 
not much further reduce the NSD value, while adversely 
impacting bias). We thus utilized 0.2E   as an optimal 
value for JP-MAP reconstructions. 

Following the optimization of parameters, we 
compared the performance of conventional 3D PET 
reconstruction (including MLEM, SP-MAP) and proposed 
MAP reconstruction (JP-MAP).  We take 10 iterations with 
16 subsets for all reconstruction approaches in performance 
comparison. From Fig. 3, it is clearly seen that the proposed 
JP-MAP reconstruction method results in improved bias 
levels while effectively controlling noise levels. 

 
Fig. 2.  Plots of overall NSD versus bias curves of brain 
image changing with the iteration number (1, 2, 3, 5, 10, 15, 
20 and 25 (16 subsets)), using JP-MAP with fixed G  and K  
for varying  parameter E . 

 
Fig. 3.  Plots of overall NSD (noise) versus Bias curves of 
reconstructed brain images changing with the iteration 
number (1, 2, 3, 5 and 10 (16 subsets)), using: (i) MLEM, (ii) 
SP-MAP, and (iii) JP-MAP. 

 
Fig. 4.  Plots of regional NSD versus Bias trade-off curves 
of reconstructed brain images changing with the iteration 
number (1, 2, 3, 5 and 10 (16 subsets)) for different regions, 
using (i) MLEM, (ii) SP-MAP, and (iii) JP-MAP. 

As depicted in Fig. 4 for the individual ROIs, Noise 
versus bias tradeoff curves achieved by the proposed JP-
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MAP reconstruction method is seen to outperform those 
from MLEM and conventional MAP. 

In order to provide a more direct visual impression of 
the reconstructed images, Fig. 5 shows transaxial, coronal, 
and sagittal slices through the reference image as well as 
images obtained by the three reconstruction algorithms 
(MLEM, SP-MAP, JP-MAP) with 10 iterations (16 subsets). 

 
Fig. 5.  True and reconstructed images. From top to bottom: 
(i) true image, (ii) MLEM and (iii) SP-MAP and (iv) JP-
MAP. (From left to right): corresponding to transaxial, 
sagittal and coronal slices, respectively. 
 

5. 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 short time 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. 
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