
0278-0062 (c) 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See
http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TMI.2015.2436711, IEEE Transactions on Medical Imaging

 

0278-0062 © 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. 

See http://www.ieee.org/publications_standards/publications/rights/index.html for more information 

 

 

Abstract - Positron range is a significant factor that limits PET 

image resolution. Its effect is especially relevant with some 

radionuclides currently used in clinical and preclinical studies 

such as 82Rb, 124I and 68Ga. The use of an accurate model of the 

positron range in the image reconstruction holds the potential to 

minimize its negative impact on the image quality. Nevertheless, 

positron range distributions are difficult to model, as they may be 

different at each voxel and direction, depending on the materials 

that the positron flies through. Several approximated methods 

have been proposed, considering only one propagating medium 

(water), or assuming several media without taking into account 

boundaries effects. In some regions, like lungs or trachea, these 

methods may not be accurate enough and yield to positron-range 

artifacts. In this work, we present an efficient method to 

accurately incorporate spatially-variant positron range 

corrections in the image reconstruction process for the preclinical 

Argus PET/CT scanner. The method is based on pre-computing 

voxel-dependent kernels which take into account at each point 

and direction the different materials that a positron may travel 

through until it annihilates. These kernels are obtained from a 

CT or a manually segmented image, together with a model of the 

dependence of the positron range on each material derived from 
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Monte Carlo simulations. The images are convolved with these 

kernels in the forward-projection step of an iterative 

reconstruction algorithm. This proposed methodology for 

positron range correction obtains range-corrected and artifact-

free images even for large positron range radionuclides (such as 
124I) when the activity is concentrated at tissue boundaries with 

extreme changes of density. The implementation of the algorithm 

adds a modest overhead to the overall reconstruction time. A full 

reconstruction for 100 image updates and spatially variant kernel 

can be obtained in less than 15 minutes by using a parallel 

implementation in multi-core CPUs. This method can also be 

applied to other scanners and improve the image quality in 

clinical PET studies using isotopes with large positron-range. 

 
Index Terms— Nuclear imaging (PET), Image reconstruction - 

iterative methods, Positron range correction  

 

I. INTRODUCTION 

INCE the last two decades, alternative radionuclides with 

large positron range (PR), such as 
68

Ga, 
82

Rb or 
124

I have 

been proposed for Positron Emission Tomography (PET) 

imaging. The National Institute of Health (NIH) molecular 

imaging and contrast agent database
1
 lists almost 800 

molecular imaging radiotracers with potential clinical and 

preclinical applications [1], and the use of these radiotracers is 

clearly increasing within the last years. However, the use in 

PET of radionuclides with large PR raises questions about 

their ability to provide images of good quality and accurate 

quantification. At a local level, PR appears as an additional 

blurring on the reconstructed image. The extent of the blurring 

depends on the positron kinetic energy spectrum of the 

radioisotope (larger range for higher energies), and on the 

underlying tissue densities (larger range for low electron 

densities). Furthermore, PR may induce not only a blurring on 

the images, but also some artifacts due to the incorrect 

redistribution of the activity in a large and inhomogeneus 

volume. Therefore, in order to obtain optimal PET images, an 

accurate estimation and correction of PR for every specific 

isotope and propagation material is needed [2,3]. This 

correction should take into account the possibly large PR in 

low-density regions like the air or the lungs.  

A number of studies have shown that accurate modeling of 

the physical effects related to the emission and detection of the 

 
1 MICAD. Molecular imaging and contrast agent database, 

http://www.ncbi.nlm.nih.gov/books/NBK5330/. 
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radiation in the reconstruction of PET data lead to superior 

image quality [4-7]. For this reason, modeling of positron 

physics, such as PR and photon non-collinearity has attracted 

growing attention in the last years [4,5].  

The blurring effects of PR have been measured for several 

radionuclides of interest in medicine [8-10]. Nevertheless, 

these experiments had limited accuracy because the resolution 

of the detector was comparable to the PR measured. For that 

reason, other authors proposed to compute range distributions 

using analytical formulae [11-13], or by means of Monte 

Carlo simulations [14-23]. According to these studies, the 

blurring introduced by PR in water goes from a few tenths of a 

millimeter for lower-energy emitters to several millimeters for 

higher-energy radionuclides. 

Several correction approaches have been proposed to 

remove the blurring caused by PR. One of the most 

straightforward techniques is Fourier-deconvolution [24]. The 

main downside of this estimation lies in its disregard of the  

tissue where positrons annihilate. This results in over- or infra-

corrected images if positron annihilations take place in a non-

water equivalent tissue, such as the lungs or bones. Other 

approaches, which used material-dependent space-invariant 

isotropic filters, obtained from a CT or MRI anatomical 

image, have been also proposed to deconvolve the positron-

range effect with a blurring kernel [25-27]. These approaches 

are computationally efficient and valid for cases in which the 

activity is within a homogeneous medium. However, in small-

animal PET studies, a non-negligible amount of positrons 

emitted near to the air boundary can travel a long distance, 

violating the space-invariant assumption. Thus, using space-

invariant deblurring filters can result in non-negligible 

artifacts [28], [29]. Boundaries between lung/soft tissue and 

tissue/bone may lead to similar effects.These artifacts were 

also observed, in clinical 
124

I PET imaging of thyroid glands 

near to the trachea [30]. 

To address inhomogeneous media, space-variant analytic 

filtering approaches were proposed. Bai and collaborators [28, 

29] compensated for variant PRs by either A) anisotropically 

truncating an isotropic point probability density function 

dependent on tissue type, or B) performing successive 

convolution operations of tissue dependent range kernels to 

determine range models across tissue boundaries. On the other 

hand, Alessio and MacDonald [31] averaged the fitting 

parameters of the 1D annihilation densities for originating and 

target voxels. These filters may be a fast and robust method 

for implementing PR correction, but due to the complexity of 

positron migration at irregular interfaces, developing such 

filters is usually difficult and may be not always accurate. 

An alternative to analytical models is the use of Monte 

Carlo (MC) simulations [32], which are able to model 

complex structures of biological tissues if sufficient details 

about the attenuation media are available. However, MC 

simulations are also associated with long computational times 

[32]. To solve this problem, Fu et al [33] proposed a MC-

based PR model to be incorporated into a factorized system 

matrix in high-resolution MAP-OSEM image reconstruction. 

Alternatively, Krauss et al [26] developed MC-based 

correction kernels for PR in the presence of magnetic fields. 

They also presented a generalized method able to reduce the 

amount of wrongly allocated activity using pre-simulated 

datasets incorporating tissue borders. This method worked 

well in water-lung boundaries, but extensions to more tissue 

types and multiple tissue borders would increase the database 

significantly.  

In this work, we present a new full PR correction method 

for PET imaging, that is both accurate and computationally 

efficient, and show results with the preclinical Argus PET/CT 

scanner [34]. To make the implementation useable in a 

reasonable time, we used an analytical expression for the PR 

blurring kernel as a function of the total density transversed, 

obtained from fits to Monte Carlo simulations of PR [15] for 

several radioisotopes and materials. The procedure fully takes 

into account the different materials that the positron travels by 

until it annihilates; the material distribution information is 

taken from a CT or segmented images. This kernel is 

employed during the forward projection step in the iterative 

reconstruction procedure without a significant impact on the 

overall computational time. To evaluate the effect of the full 

PR correction, as compared to simplified approaches, two 

alternatives have been evaluated: 

 Tissue-dependent correction with homogeneous, isotropic 

kernel (TD-PRC): the blurring kernel depends on the voxel 

to which is applied, that is, the blurring kernel is taken 

from the material where the positron is emitted, 

irrespectively of the surrounding media. The blurring is 

thus homogeneous and isotropic. This correction needs the 

co-registration of the CT image and is expected to work 

well everywhere except near tissue boundaries. 

 Tissue-dependent and spatially-variant correction (TDSV-

PRC): the blurring kernel takes into account not only the 

material at which the positron is emitted but also the 

different materials that the positron travels by until it 

annihilates. This approach should be realistic enough even 

when the activity is concentrated at tissue boundaries with 

extreme changes of density. 

II. MATERIALS AND METHODS 

A. Positron range modelling 

PR distributions for the most common radionuclides used in 

PET were obtained using Monte Carlo simulations with 

PeneloPET [35]. PeneloPET is built on top of PENELOPE 

[36] (version 2008 [37]) and provides a simple framework to 

simulate PET scanners. PeneloPET is freely available and can 

be obtained under request
2
. 

In [15] we demonstrated that, for radionuclides that emit 

positrons with only one maximum energy, or with two very 

similar ones, the radial integrated range distribution (g3D(r)) 

obtained from the simulations can be modeled by the 

following analytical expression: 

                    
 

  
 
 

 
 

    
                                

 
2 see http://nuclear.fis.ucm.es/penelopet 
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where a, r0, n and ε are fitting parameters, and have been 

obtained using a genetic algorithm [15]. C is a constant 

employed to scale g3D to the data and r0 represents the 

maximum PR. 

In the case of multiple positron-emitting radionuclides (as 

for example 
76

Br and 
86

Y), expression (1) does not fit well 

g3D(r), due to the fact that there are many positron emissions 

with different maximum energies and similar probabilities. 

For the multiple positron-emitting radionuclides, we modeled 

g3D(r) using: 

                 
 

       

       
 

       

        
 

  
 
 

               

for r < r0 , and zero otherwise. A1, B1, C1, A2, B2, C2, r0 and 

n are the fitting parameters. Expression (2) has three parts: 

first term (Gaussian function multiplied by r) represents the 

contribution to range of positrons emitted at low energies; the 

second term (Gaussian function) represents the contribution of 

high energy cascades. Finally, in the third part of the equation, 

the r0 fitting parameter, as in (1), represents the maximum PR. 

The fitting parameters for the radionuclides included in our 

reconstruction algorithm are presented in tables I and II. 

To obtain material-independent profiles, a scaling by the 

density of material was performed, as explained in [15]. This 

is a good approximation at the energies involved, as the Linear 

Energy Transfer (LET) of electrons/positrons scales well with 

the electronic density of the material. The use of this scaling is 

a critical step in the method, as  it allows us to use an universal 

PR curve for each radionuclide, derived from simulations in 

water.  To introduce tissue-scaling to compute the blurring 

kernel for other biological tissues, we just scale the universal 

PR profile by the tissue density, without the need of 

computing the PR distribution for each tissue, paving the way 

for fast algorithms to correct images for PR during 

reconstruction. 

B. Tissue-dependent positron range correction 

Positron range correction was performed by using the 

positron range profiles obtained from Monte Carlo simulations 

as an additional blurring applied to the image.  

The System Response Matrix (SRM) was simulated using  

PeneloPET [35] without positron range effects, but 

considering all other physical effects such as non-colinearity 

or inter-crystal scatter. Following a similar approach as in [38] 

the tissue-dependent spatially-invariant PR corrected OSEM 

(PR-OSEM) algorithm reads: 

  
    

     
  

        
  

     

                                                                    

where     is the image blurred by PR that is forward projected. 

    is obtained by the filtering of the initial image with a 

blurring function corresponding to the annihilation Point 

Spread Function (aPSF) range profile of the emitter present at 

voxel j: 

             
             

   
   

         
   

   

                                     

where the filtering is extended to all the j’ neighboring voxels 

of j,     is the activity of the initial image in voxel j’, and 

        
   

  is the value of the aPSF with origin in j, at voxel 

j’.    
   

is the distance from j to j’, scaled to equivalent distance 

in water, using as reference the tissue in j.         
   

  can be 

obtained from the g3D analytic distribution using: 

        
   

  
       

   
 

    
   

 
                                                                 

and    
   

 is given by: 

   
   

                                                                                             

where      is the geometrical distance between voxels j and j’ 

and    is the density at voxel j. It is this dependence in the 

density explicit in (6) which contains the tissue dependence of 

the procedure. The kernel to include PR is computed only 

once, from the external image providing the density 

information, and then it is applied during the projection stage 

of the image reconstruction. 

 

 

 
 

TABLE I. PARAMETERS OF THE FIT TO THE G3D DISTRIBUTION OF PENELOPET TO EQ. (1) FOR 5∙106 

POSITRONS ANNIHILATING IN WATER. THE PARAMETER ri IS DEFINED AS:           

Radionuclide a (mm-1) r0 (mm) n ri (mm) 
18F 2.60 2.39 4.04 0.051 
11C 1.48 3.80 3.16 0.21 
13N 1.46 4.95 3.04 0.29 
15O 1.15 7.90 3.09 0.36 

68Ga 2.41 8.98 3.27 0.20 
124I 3.07 11.0 4.46 0.36 

94mTc 2.49 11.1 2.72 0.33 
82Rb 7.13 16.6 3.11 0.41 

 
 

TABLE II. PARAMETERS FOR THE FIT OF G3D DISTRIBUTION TO EQ. (2) FOR 5∙106 

POSITRONS ANNIHILATING IN WATER. 

Radionuclide A1 (mm-1) B1 (mm) C1 (mm) A2 B2 (mm) C2 (mm)  r0 (mm) n 
76Br 9.40 -3.26 7.27 0.52 5.74 35.5 21.8 1.48 
86Y 12.5 -3.07 13.1 0.39 6.00 16.9 14.7 0.12 
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The factor          
   

    in (4) is included in order to 

normalize the number of counts after the blurring operation; 

that is, the number of counts in the blurred image must be the 

same than in the initial image. As it can be noticed, a mis-

matched projector / backprojector pair is used in (2). Indeed, 

PR blurring is only applied in the forward projection 

operation. This approach has been used in several works [39], 

[40], and it has been shown that good reconstructed images 

can be attained with a full modeling of blurring effects during 

the projection step, whereas a simplified modeling is 

employed in the backprojector [25]. We have also seen that 

the main effect of using a detailed range blurring kernel in the 

backprojector is reducing the convergence speed of the 

iterative algorithm [25]. 

C. Spatially-variant positron range correction 

In non-homogenous tissues, accurate positron range 

modeling requires anisotropic kernels, which ideally would be 

derived from Monte Carlo simulations for each tissue 

distribution. This can be computationally very intensive. Thus, 

a primary challenge in determining the range effect in non-

homogenous media is how to model the range across 

boundaries in an efficient way. In this work we propose a 

simple but accurate method to correct for PR in heterogeneous 

media (see Fig. 1A). First, we automatically generate a 

segmentation of the CT image (as it was previously 

mentioned), to find the boundaries between tissues. For each 

voxel j of the image, we determine whether there is any 

boundary close to that voxel, at a distance smaller than the 

kernel size, scaled to the actual material of the voxel, used to 

blur the image. If not, the voxel is marked so that any 

emission from it will be blurred with a homogeneous kernel 

(as in the previous section) adequate to the material. 

Otherwise, the voxel goes to the list of voxels to compute the 

blurring kernel in a realistic way, taking into account the 

different densities of every material surrounding the voxel. To 

this end, for each target voxel j0 of the blurring kernel we 

obtain the densities of the voxels associated with the line 

connecting the originating voxel j and the target voxel j0 (see 

Fig. 1A). 

To compute the water-equivalent distance between j and  j0 

a scaling by the mean density of all the voxels associated with 

the line connecting the originating voxel j and the target voxel 

j0 is employed. The average density (  ) is calculated from: 

     
  

   

 
           

                                                                          

Where L(j,j’) is the line connecting the voxels j and j’, N is the 

total number of voxels associated with L(j,j’) and   
   

 is the 

electronic density of each voxel. The water-equivalent 

distance    
   

 between j and j’ is now given by: 

   
   

                                                                                            

Where      is the geometrical distance between j and j’ and    

is the mean density obtained from (7). Using this procedure 

we obtain a blurring kernel    
   

 for each voxel j. This kernel 

may be homogeneous, if there are not tissue-boundaries within 

the spatial extent of the kernel, or inhomogeneous if there are 

tissue boundaries within the kernel volume. As mentioned 

before, these blurring kernels are computed at the beginning of 

the PET reconstruction, once the CT image was obtained. 

Finally, the blurrring for each voxel j is computed using 

expression (4) and the blurring kernel obtained for the 

corresponding voxel. In Fig. 1B we present the homogeneous 

and spatially-variant blurring kernels for a case in which the 

activity is located near to an air cylinder.  

 
Fig. 1.  A –Scheme of the procedure to obtain the spatially-variant blurring 

kernel in heterogeneous media. B - Comparison between the homogeneous 

(middle) and the spatially-variant blurring (bottom) kernels for the central 

voxel of the image (top). 

D. Simulated phantom acquisitions 

To evaluate the performance of the PR-OSEM 

reconstruction we used simulated phantom acquisitions in the 

Argus small-animal PET/CT system [34]. The simulations 

were performed using PeneloPET [35]. For the geometry and 

the electronics of the system we used the values published in 

[34]. We used a Monte Carlo simulation to estimate the 

background due to random and scatter events, and subtracted 

the MC-estimated background from the data [41]. A similar 

approach which incorporates these background counts within 

the reconstruction procedure can be used as well, although no 

significant differences are found in the resulting images [41]. 

The settings of each simulated phantom acquisition are 

summarized as follows. 

D.1 - Activity concentrated in different tissues 

In order to evaluate the tissue-dependent PR correction, we 

have simulated acquisitions of 
18

F and 
68

Ga line sources 

placed within different media: 

 Water - bone phantom (Fig 2A): A water cylinder of 5 cm 

of diameter and 5 cm length, centered in the FOV, was 

simulated. It contains a 1 cm off-centered rod of bone 

material, 1 cm of diameter and the same length as the 

cylinder. Two line sources with low activity and 1 mm of 

diameter were simulated, placed at (1, 0, 0) cm inside 

water, and at (-1, 0, 0) cm inside bone, respectively. The 

reconstruction was performed with FIRST [42] and 100 

image updates: 2 iterations of 50 subsets each of them. 

 Water - lung phantom (Fig 2B): In this case we simulated a 

water cylinder, with 6 cm of diameter and 6 cm of length, 

located at the center of the FOV. Within this cylinder we 

simulated a lung cylinder, 1.5 cm off-centered, with 2 cm 
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of diameter and the same length than the water cylinder. 

Two low activity line sources were simulated, one of them 

placed at (1.5,0,0) cm, inside water; and the other one 

placed at (-1.5,0,0) cm, at the center of the lung cylinder. 

As in the previous case, the reconstruction was performed 

with FIRST [42] and 100 image updates: 2 iterations of 50 

subsets each of them. 

The initial activity was 2 MBq in both simulations, the 

energy window: 400 - 700 keV, and the number of 

coincidences accumulated was 20 millions. We measured the 

Full Width Half Maximum (FWHM) and the Full Width Tenth 

Maximum (FWTM) obtained in each tissue. 

D.2 - Activity close to tissue boundaries (Fig. 2C) 

A water cylinder (with 3.2 cm diameter and 5 cm length) 

was simulated at the center of the FOV with an air cylinder 

inside (4 mm diameter and 5 cm length and 3 mm off-

centered). The activity of 
124

I was confined in a 1 cm length  

line source, with a diameter of 2 mm and placed at the center 

of the FOV. Thus, the 
124

I line source is situated just at the 

boundary between water and air. The initial activity of this 

line source was 2 MBq, and the number of simulated detected 

coincidences was 40 million counts. We set the energy 

window to 400 - 700 keV. This simulation was performed 

with and without background activity in the water volume. In 

the case with background activity, the simulated lesion-to-

background ratio was equal to 10.  

The motivation of these two simulated cases was to 

resemble PET imaging of rat’s thyroid gland with 
124

I [43], 

[44]. If the activity is placed close to the trachea, positrons can 

cross it and annihilate at the opposite side of the trachea. 

Therefore, if PR is not properly corrected artifacts will appear. 

Similar artifacts were reported in clinical studies [30]. 

In our study, we simulated the air-filled trachea as a 4 mm 

diameter air cylinder (Cassidy et al [45] reported an average 

tracheal diameter of 3.25±0.19 mm for rats), and the 
124

I 

activity distribution as a line source of 2 mm diameter and 1 

cm length. The reconstruction parameters in this case have 

been the same than in the previous phantoms. The 

reconstructions were performed with FIRST and 100 image 

updates: 2 iterations and 50 subsets per iteration. In order to 

evaluate the performance of our PR correction approaches, we 

measured the PET quantification in a small Volume of Interest 

(VOI) placed at the opposite wall of the air cylinder. 

D.3 – Quantification with a simulated phantom (Fig. 2D) 

For quantification purposes, we simulated a water cylinder, 

3.5 cm diameter and 5.0 cm length. Within this cylinder we 

placed two small air cavities, centered at y = ± 1.2 cm, with 4 

mm diameter and the same length than the water cylinder. A 

uniform activity of 10 MBq (
124

I) is distributed in a centered 

cylinder with 2.0 cm diameter and 2.8 cm length. 5 small hot 

spheres (diameters from 3 to 5 mm) were also included in the 

simulation. The activity in these spheres was 4 times higher 

than the uniform activity in the cylinder.  

In that case we measured the activity ratio in each hot 

sphere and the noise in the image. The errors of these 

estimates were obtained by weighting with the measured noise 

in the image. 

E. Real acquisitions 

The PR-OSEM reconstruction was also evaluated on 

phantom and mice acquisitions. The phantom acquisitions 

were performed at Brigham and Women’s Hospital (Boston, 

MA) and the mice were acquired at the Instituto de 

Investigación Sanitaria Gregorio Marañon (Madrid, Spain) 

respectively. As in the simulated acquisitions, randoms and 

scatter corrections were performed by subtraction of the MC-

estimated background counts from the measured data [41]. 

 

 
Fig. 2.  Activity distribution for the four phantoms simulated in this work. 

 

E.1 – NEMA IQ phantom  

Acquisitions of a NEMA NU-4 2008 IQ phantom [46] filled 

with 
124

I have been also performed in this work. The uniform 

region and the capillaries were filled uniformly with an 

activity concentration of 11.43 µCi/ml, while the hot region 

was filled with 52.36 µCi/ml, giving an experimental 

hot/background ratio of 4.58.  The acquisitions were 

performed with an energy window of 400 – 700 keV, and 

reconstructed using four iterations and 20 subsets per iteration. 

The acquisition time was 70 minutes. We evaluated the 

Recovery Coefficients (RC) for the 2 and 3 mm capillaries, the 

contrast in the hot and cold cavities and the noise in the 

uniform region. The recovery coefficients, the noise and their 

errors were measured following the NEMA protocol for small 

animal tomographs [46]. The contrast values were obtained by 

drawing a 3D VOI of the same size and position of each 

cavity.  

E.2 – Mouse acquisitions 

Two mice, with xenografted neuroendocrine tumors , were 

imaged with the 
68

Ga-DOTATOC radiotracer [47,48] in the 

Argus PET/CT system [34]. The injected activity was 500 µCi 

and 460 µCi for Mouse 1 (33 g) and Mouse 2 (32 g) 

respectively. The acquisitions were performed for 60 minutes 

after 30 minutes of uptake. with an energy window of 100 – 

700 keV, and reconstructed using four iterations and 20 

subsets per iteration in both cases. The segmentation of the 

tumor volume was performed from the PET images by 

drawing the 3D isocontour at 50% of the maximum pixel 

value. We evaluated the mean activity in the tumors relative to 

the mean activity in the mouse body and the standard 

deviation in an uniform region, located in the liver of the 

mouse (see Fig 7). The errors of these estimates were obtained 

by weighting with the measured noise in the image.  
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III. RESULTS 

A. Positron range blurring kernels 

Fig. 3 shows the simulated positron decay (Fig 3A) and 

gamma emission (Fig 3B) images for the phantom in section 

II.D2. The figure also shows the blurred images with TD (Fig 

3C) and with TDSV (Fig 3D) blurring kernels. Fig 3E shows 

the profiles across the air cylinder for the previous images.  

B. Simulated acquisitions 

Table III shows the FWTM values for the 
18

F and 
68

Ga 

reconstructed line sources, in bone, water and lung, after the 

3D PR-OSEM reconstruction with and without PR 

corrections. Most of the PR effects have been removed, 

making the FWTM obtained for 
68

Ga more similar to that of 
18

F .  

Fig. 4 shows the results obtained for a 1 cm long 
124

I line 

source near to a water-air boundary, without background 

activity. In that case, part of the positrons emitted by the line 

source may escape from the source volume, travel the 4 mm 

air cylinder, and annihilate at the opposite wall of this 

cylinder, thereby falsely suggesting activity at that location if 

PR effects are not appropriately corrected during 

reconstruction. In the upper part of the figure we plot 

transaxial views of the reconstructed line source, without 

range correction (left), with spatially-invariant (center) and 

with spatially-variant (right) range corrections. At the lower 

half we show the profiles across the line source and the air 

cylinder. We can see an artifact at the opposite side of the air 

cylinder when PR is not properly corrected. When the 

spatially-variant blurring kernel is employed in the 

reconstruction, the above mentioned artifact disappears. Table 

IV shows the quantification obtained in a small VOI placed at 

the opposite wall of the air cylinder, when no background 

activity was simulated. In table V we show the lesion-to-

background ratios in the simulation. The background was 

measured within two different rois, one placed in the opposite 

wall of the cylinder (CYL) and the other far from the line 

source and the air cavity (BCK). As one can see in the table, 

an overestimation of background activity is observed close to 

the air cavity. This overestimeation is clearly reduced when 

using the TDSV PRC reconstruction.  

Fig 5 shows the reconstructed images (with and without 

PR correction) for the quantification phantom. In the lower 

part of the figure we plot the count profiles across the 4 mm 

spheres and the two air cavities. We also show in table VI the 

ratios sphere/uniform for each sphere and the activity ratios 

(versus mean activity in a uniform region) for the VOI in the 

opposite walls of the two air cylinders. These values were 

obtained at a level of noise of approximately 10%, that is after 

280 image updates in the reconstruction without PR 

correction, and 100 image updates in the TD and TDSV 

reconstructions.  

 

 
Fig. 3. A & B: PeneloPET simulation of the positron decay (A) and gamma-

ray emission (B) positions for the phantom in section II.D2. C & D: Decay 

image blurred by using the homogeneous (C), and spatially-variant (D), 

tissue-dependent blurring kernels implemented in this work. In panel E we 

show the normalized count profiles, across the air cylinder, for the two 

blurring kernels and the simulated decay and emission images.  

TABLE III. FWTM VALUES FOR THE 
18F AND 

68GA RECONSTRUCTED LINE SOURCES. IN BONE. WATER AND LUNG. AFTER THE 3D OSEM RECONSTRUCTION 

WITH NO PRC, WITH UNIFORM CORRECTION (ASSUMING WATER AS REFERENCE MEDIA), WITH TD AND WITH TDSV CORRECTION.  

  
FWTM of reconstructed line sources (mm) 

Radionuclide Annihilation tissue No PRC Unif PRC TD PRC TDSV PRC 

18F 

Cortical bone 1.66 ± 0.04 1.21 ± 0.03 1.37 ± 0.03 1.37 ± 0.03 

Water 1.70 ± 0.04 1.38 ± 0.04 1.38 ± 0.04 1.38 ± 0.04 

Lung 2.34 ± 0.09 1.95 ± 0.05 1.40 ± 0.04 1.40 ± 0.04 

68Ga 

Cortical bone 2.60 ± 0.07 1.59 ± 0.03 1.90 ± 0.03 1.90 ± 0.03 

Water 3.24 ± 0.13 1.93 ± 0.04 1.94 ± 0.05 1.95 ± 0.04 

Lung 4.34 ± 0.26 3.22 ± 0.11 2.14 ± 0.08 2.14 ± 0.07 
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Fig. 4. Top: transverse views of the line source reconstructed with the PR-

OSEM procedure without range correction (left), spatially-invariant (center) 

and spatially-variant (right) positronrange corrections. Bottom: Activity 

profiles across the source and the air cylinder for the three reconstructed 

images. 

 

TABLE IV. RESIDUAL ACTIVITY SEEN IN THE OPPOSITE WALL OF THE 

CYLINDER (SEE FIGURE 4) VS THE MEAN ACTIVITY IN THE SOURCE (IN 

PERCENTAGE).  

 
No PRC TD PRC TDSV PRC 

Ratio air 

cylinder (%) 
5.88 ± 0.31 3.29 ± 0.23 0.0020 ± 0.0004 

 

TABLE V. LESION-TO-BACKGROUND RATIO FOR THE 
124I LINE SOURCE 

WITH AN UNIFORM BACKGROUND ACTIVITY. THE BACKGROUND WAS 

MEASURED IN THE OPPOSITE WALL OF THE CYLINDER (CYL) AND FAR FROM 

THE LINE SOURCE AND THE AIR CAVITY (BCK). THE THEORETICAL VALUES 

ARE REPRESENTED IN THE TABLE AS “EXP”.  

 
Lesion-to-background Ratio 

 
No PRC TD PRC TDSV PRC EXP 

BCK 5.26 ± 0.05 9.02 ± 0.14 9.46 ± 0.14 10.0 

CYL 3.88 ± 0.10 6.89 ± 0.23 9.06 ± 0.04 10.0 

Overestimation 

(%) 
35.4 ± 4.8 31.0 ± 2.3 4.4 ± 2.1 0.0 

 

 

TABLE VI. RATIOS SPHERE/UNIFORM FOR EACH SPHERE IN THE PHANTOM 

AND ACTIVITY RATIOS IN THE TWO OPPOSITE WALLS OF THE AIR CYLINDERS, 

AT THE SAME LEVEL OF NOISE. THE THEORETICAL VALUES ARE REPRESENTED 

IN THE TABLE AS “EXP”.  

ROI 
Ratio ROI/Uniform (Noise ~ 10%) 

No PRC TD PRC TDSV PRC EXP 

S1 (4 mm) 2.08 ± 0.13 3.6 ± 0.4 4.0 ± 0.5 

4.0 

S2 (4 mm) 1.64 ± 0.10 2.7 ± 0.3 3.0 ± 0.3 

S3 (4 mm) 1.54 ± 0.10 3.1 ± 0.4 3.6 ± 0.4 

S4 (5 mm) 1.66 ± 0.11 3.6 ± 0.4 4.0 ± 0.5 

S5 (3 mm) 1.42 ± 0.09 2.3 ± 0.3 2.5 ± 0.3 

Artifact1 0.149 ± 0.008 0.21 ± 0.02 0.081 ± 0.009 
0.0 

Artifact2 0.087 ± 0.005 0.112 ± 0.013 0.023 ± 0.003 

 
Fig. 5. Top: transverse views of the simulated 124I phantom reconstructed 

with the PR-OSEM procedure without PR correction (left), spatially-invariant 

(center) and spatially-variant (right) PR corrections. Bottom: Activity profiles 

for the three reconstructed images. 

C. Phantom and mouse acquisitions 

The transversal and coronal images (with and without 

range correction) obtained from the NEMA IQ acquisitions 

are represented in Fig 6. In table VII we present the RC 

values, the contrast for the hot and cold regions and the noise 

in the image obtained without, with tissue-dependent and with 

spatially-variant PR correction. These values were obtained at 

the same level of noise, after 160 (No PRC) and after 100 (TD 

and TDSV) image updates. The resolution and contrast of the 

images is significantly improved when PRC is applied. 

Finally, we show in Fig 7 the transversal and coronal views of 

one of the studied mice, reconstructed without and with PR 

correction. The tumor segmentation and the VOI in a uniform 

region are also shown. The count profiles across the tumor are 

also represented in the figure. Table VIII shows the 

quantification obtained in the tumor for the two mice and the 

measured noise in the uniform region. As in the previous 

cases, these values correspond to the same noise level, and 

were obtained from reconstructions with 260 (No PRC) and 

100 (TD and TDSV) image updates.  
 

TABLE VII. CONTRAST IN THE HOT AND COLD REGIONS OF THE IQ 

PHANTOM. RECOVERY COEFFICIENTS FOR THE 2, 3, 4 AND 5 MM CAPILLARIES 

AND NOISE IN THE UNIFORM REGION. THE THEORETICAL VALUES ARE 

REPRESENTED AS “EXP”.  

 
No PRC TD PRC TDSV PRC EXP 

Hot/BCKG 3.6 ± 0.5 4.6 ± 0.6 4.6 ± 0.6 4.6 

Cold/BCKG 0.16 ± 0.02 0.09 ± <0.01 0.10 ± <0.01 0.0 

RC (2 mm) 0.27 ± 0.08 0.6 ± 0.2 0.6 ± 0.2 1.0 

RC (3 mm) 0.50 ± 0.14 1.3 ± 0.5 1.3 ± 0.5 1.0 

RC (4 mm) 0.51 ± 0.17 1.2 ± 0.4 1.2 ± 0.4 1.0 

RC (5 mm) 0.63 ± 0.17  1.2 ± 0.4 1.2 ± 0.4 1.0 

Noise (%) ~16 ± 1 % - 
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Fig. 6. Transversal and coronal slices of the reconstructed IQ phantom 

filled with 124I. Reconstruction without PR correction (left), with tissue-

dependent correction (center) and with spatially-variant correction (right). 

 

 
Fig. 7. Top: transversal and coronal PET/CT images without range 

corrections (left), with tissue dependent correction (center) and with spatially-

variant correction (right) of a mouse injected with 68Ga. Bottom: count 

profiles across the mouse tumor for the cases under study. All images were 

corrected by attenuation, scatter and random coincidences. 

 

We see a significant reduction of the apparent tumor size 

when PRC is applied, because of the higher resolution of the 

range-corrected images. We also notice a better localization of 

the activity in the range-corrected images, with almost no 

activity in regions in which not activity should be seen (as for 

example in the lungs or in the air surrounding the mice 

bodies). 
 

 

TABLE VIII. TUMOR/MOUSE RATIO ACTIVITIES AND NOISE IN A UNIFORM 

REGION, MEASURED IN IMAGES RECONSTRUCTED WITHOUT RANGE 

CORRECTION, WITH TD AND WITH TDSV RANGE CORRECTIONS. THE ROIS 

FOR THE TUMOR AND THE UNIFORM REGION ARE DEPICTED IN FIGURE 7.  

 

Mouse 1 Mouse 2 

Tumor/ 

MOUSE 

%SD 

(UNIF) 

Tumor/ 

MOUSE 

%SD 

(UNIF) 

No PRC 

TD PRC 

TDSV PRC 

4.5 ± 0.6 

8.1 ± 0.3 

8.6 ± 0.3 

13.2 ± 0.2 

12.4 ± 0.2 

12.8 ± 0.2 

4.2 ± 0.5 

7.6 ± 0.2 

8.3 ± 0.3 

13.0 ± 0.2 

12.4 ± 0.2 

12.6 ± 0.2 

 

D. Reconstruction time 

Table IX shows the reconstruction time for one of the mice 

in section III.C, reconstructed without PR correction, with 

tissue-dependent and with spatially-variant corrections. In the 

cases with PR correction, we compared the overhead in 

reconstruction time due to different sizes of the blurring 

kernel, from short-range radionuclides (
18

F) to medium and 

large range radionuclides (
68

Ga and 
124

I). As expected, the 

kernel size, and in consequence the overhead in reconstruction 

time, increases with the spatial extent of the PR.   

In all cases the reconstructions were performed on a 3.0 

GHz Intel(R) Xeon(R) 64 bit CPU. The results were obtained 

with two iterations, 50 subsets per iteration, and in a single 

thread application. For the TDSV correction, we also 

implemented an openMP parallelization for the computation 

of the blurring kernel and for the blurring operation. We show 

in the table the computation time for an 8 threads execution of 

the TDSV correction.  
 
TABLE IX. RECONSTRUCTION TIME FOR MOUSE 1 (SECTION III.C) USING 

DIFFERENT KERNELS FOR PR CORRECTION AND RECONSTRUCTION 

METHODS.THE RECONSTRUCTIONS WERE PERFORMED IN A SINGLE CORE BY 

USING 2 ITERATIONS AND 50 SUBSETS PER ITERATION, EXCEPT FOR THE TDSV 

METHOD, WHERE WE ALSO EVALUATED A PARALLEL IMPLEMENTATION IN 8 

CORES. 

Kernel used for 

PRC 

Intel Xeon @ 3.00GHz - 2 IT / 50 SS 

Single thread 8 threads 

No PRC TD PRC TDSV PRC TDSV PRC 

18F 6 m 7 s  6 m 28 s 7 m 21 s 6 m 31 s 
68Ga 6 m 7 s 15 m 35 s 55 m 36 s 9 m 30 s 

124I 6 m 7 s 19 m 34 s 74 m 42 s 12 m 45 s 

IV. DISCUSSION 

The proposed methods for PR correction improve 

significantly the image quality when using medium-large 

range radionuclides (see Fig. 4 to 8). In this work we 

presented, as reference, images obtained with 
68

Ga and 
124

I 

radionuclides. Nevertheless, similar results were obtained for 

the other medium-large range radionuclides modeled in this 

work (
13

N, 
15

O, 
94m

Tc, 
82

Rb, 
76

Br and 
86

Y).  

The PR modelling for all the radionuclides was performed 

by using the PeneloPET Monte Carlo code [35]. The accuracy 

of the model was evaluated in [15] by comparison with other 

published experimental and simulated results, giving 

consistent results, with errors below 10% in the majority of the 
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cases. As we have demonstrated in [25], an error below 10% 

in the modelling of the PR employed for acquisition 

simulation and image reconstruction has a negligible effect on 

the reconstructed images. The scaling method to estimate the 

PR distributions for any tissue, given the distribution in water, 

was confirmed according to PeneloPET simulations. Scaling 

by the electronic density of media has been shown to work 

well, with excellent accuracy in all the cases [15,16]. 

In order to obtain reliable PRC images, a PR correction 

dependent on the annihilation tissue is necessary. For 

example, in table 3 we show the FWTM of reconstructed line 

sources placed in different media (water, bone and lung). If we 

perform uniform PR correction (taken the PR profiles in water 

only) the line source placed in the bone region is over-

corrected and shows a very high peak of the activity profiles. 

We also see an under-correction when the line source is placed 

in lung. When tissue-dependent PR is modeled into the 

reconstruction, similar apparent sizes for the line sources and 

identical height of the activity profiles are obtained for the 

three tissues. 

The tissue-dependent (TD) correction works well in most 

cases, except when the activity is placed close to a tissue-

boundary (see figures 4 and 5). In that case, the tissue-

dependent but spatially-invariant blurring kernel used by the 

TD correction does not represent well the 3D positron 

annihilation distribution, which is naturally anisotropic (see 

figure 3).  For these cases, we implemented a tissue-dependent 

and spatially-variant (TDSV) PR correction algorithm. The 

TDSV blurring kernel is more similar to the simulated 3D 

annihilation distribution, as shown in figure 3.  It is no surprise 

that the TDSV correction produced the best images. TDSV 

reconstruction, however, are not widely used due to the large 

computation penalty that may involve. In this work we took 

advantage of the good scaling of PR in different materials by 

the density of said materials, in order to implement a tissue 

variant blurring kernel fully incorporating PR effects in 

different materials. Although the profiles of the TDSV 

blurring in figure 3 show a slight overestimation near the air 

cavity, this overcompensation has not a significant effect in 

the reconstructed images, as we can see in figures 4 and 5 and 

in tables IV and V. This is anyway expected, giving the fact 

that inaccuracies below 10% in the blurring kernels, as it is the 

case in the TDSV kernels, result in not significant differences 

in the PRC images [25].  

As we can see in tables VI and VII, the TDSV range 

correction further improves the quantification of lesions of 

interest, giving activity-ratio values closer to the theoretical 

ones, both in simulations and in real acquisitions. As expected, 

the noise in the image increases when PR correction is 

applied, due to the de-blurring procedure used for correcting 

the range blurring effect.  

Note that the RC values for the 3, 4 and 5 mm capillaries in 

table VII are slightly higher than the theoretical values in both 

TD and TDSV reconstructions. This over-estimation of 

activities is due to small “Gibbs” artifacts [49-51] introduced 

by the range correction procedure. It is also noticeable the 

high level of noise in these IQ images. The noise affects the 

accuracy of the RC values and causes an over-estimation of 

them. These Gibbs artifacts and excess of noise could be 

corrected for by using a stopping rule of the iterative 

algorithm or performing a Gaussian post-filtering of the 

images. We preferred not to follow any of these approaches in 

order to conserve the high-resolution properties of the range-

corrected images.  

Finally, and regarding the mice studies, we have observed 

that the quantification of tumors improves significantly when 

PR correction is incorporated into the reconstruction algorithm 

(table VIII). Better quantification and delimitation of tissue 

boundaries is obtained when the TDSV correction is applied 

instead of just TD correction (Fig. 7). 

As seen in table IX, the computation of the TDSV blurring 

kernel adds a manageable overhead to the overall 

reconstruction time, comparing with the TD correction. For 

the larger range radioisotopes, full spatial variant range 

requires 4 times longer computation times for long range 

isotopes. Even though, less than 80 minutes of reconstruction 

for the worst case can be considered a good starting point for 

real world applications. Most of the overhead is due to the 

precomputation of the kernel from the CT image, and this 

needs to be done only once, even for dynamical multiframe 

images. Furthermore, the implementation of positron range we 

devise in this work allows for straightforward parallelization 

and the use of a large number of subsets, as it is based on the 

FIRST code which allows up to 100 subsets per iteration, and 

can be implemented to use multi-core and multi-cpu execution 

or in the GPU with significant speed-ups [52]. Adding two 

simple openMP directives in the precomputation and positron 

range blurring sections yields a multi-core version of the 

TDSV algorithm performing six times faster using 8 threads of 

an already common quad-core cpu, yielding the total 

reconstruction time back to a few minutes even for the largest 

positron range case.   

The proposed methods for PR correction could be applied to 

any other PET system, provided an accurate modeling of the 

PR and the System Response Matrix (without range effects) of 

the system are available. These methods can also be used to 

improve the quantification accuracy in clinical PET imaging 

with large range radionuclides, such as cardiac imaging with 
82

Rb [4] or thyroid imaging using 
124

I [30]. Furthermore, our 

TD and TDSV range corrections can be easily applied in 

presence of magnetic fields (PET/MR systems), provided an 

accurate 3D modeling of the PR kernel in the magnetic field 

(which will be naturally anisotropic), as the one performed by 

Kraus et al [26]. 

V. CONCLUSION 

We have implemented an accurate and efficient spatially-

variant PR correction, which yields artifact-free reconstructed 

images when the activity is placed close to tissue-boundaries 

or in heterogeneous media. It is possible to improve 

significantly the quality of the reconstructed images for 

medium-large PR radionuclides, like 
124

I or 
68

Ga, when range 

corrections are taken into account. While in most cases the TD 

PRC shows results good enough with a very small 
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performance penalty compared to the no range correction 

version, the availability of a fast implementation on 

parallelized multi-core approaches of the TDSV PRC is an 

attractive alternative for producing higher quality PET images.  
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