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4 Departmento de Bioingenieŕıa, Universidad Carlos III de Madrid, Madrid, Spain
5 Instituto de Investigación Sanitaria Gregorio Maranón, Madrid, Spain
6 Centro Nacional de Investigaciones Cardiovasculares Carlos III (CNIC), Madrid,

Spain
7 CIBER de Salud Mental, Instituto de Salud Carlos III. Madrid, Spain

E-mail: farias02@ucm.es

Abstract. Among other factors such as random, attenuation and scatter corrections,

uniform spatial resolution is key to performing accurate quantitative studies in

Positron emission tomography (PET). Particularly in preclinical PET studies involving

simultaneous acquisition of multiple animals, the degradation of image resolution due

to the depth of interaction (DOI) effect far from the center of the Field of View

(FOV) becomes a significant concern. In this work, we incorporated a spatially-

variant resolution model into a real time iterative reconstruction code to obtain

accurate images of multi-animal acquisition. We estimated the spatially variant point

spread function (SV-PSF) across the FOV using measurements and Monte Carlo

(MC) simulations. The SV-PSF obtained was implemented in a GPU-based Ordered

subset expectation maximization (OSEM) reconstruction code, which includes scatter,

attenuation and random corrections. The method was evaluated with acquisitions

from two preclinical PET/CT scanners of the SEDECAL Argus family: a Derenzo

phantom placed 2 cm off center in the 4R-SuperArgus, and a multi-animal study

with 4 mice in the 6R-SuperArgus. The SV-PSF reconstructions showed uniform

spatial resolution without significant increase in reconstruction time, with superior

image quality compared to the uniform PSF model.
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1. Introduction

Preclinical positron emission tomography (PET) scanners with extended Field of View

(FOV) offer the capability to image multiple animals simultaneously, leading to cost

reduction and enhanced radiotracer efficiency [1, 2]. Due to the fact that the animals

may be placed far from the center of the field of view (FOV), uniform image resolution

and general image quality across the FOV is paramount [3, 4, 5, 6]. This work proposes

an algorithm to improve the resolution uniformity of reconstructed images, enabling

multi-animal imaging.

Iterative methods in PET image reconstruction with resolution modeling in the

system response matrix (SRM) achieve improved spatial resolution and signal-to-noise

ratio [7, 8, 9, 10]. Iterative reconstructions can model the most relevant physical effects

during emission, transport and detection of the radiation [11, 12]. Point Spread Function

(PSF) models, implemented in the SRM using image or projection blurring kernels, are

commonly used to achieve resolution modeling [13, 14, 15]. Often, a symmetric Gaussian

PSF with uniform characteristics across the scanner’s FOV is employed for simplicity

[16]. However, more realistic models that account for spatially variant PSFs have been

proposed [17, 18], yielding favorable results in both clinical [19] and preclinical studies

[20]. Spatially variant PSFs has shown an improvement in spatial resolution and thus

quantification in the whole FOV, enabling simultaneous scanning of multiple animals

without compromising quantitative accuracy [21].

There are different approaches to obtain a realistic PSF resolution model: 1) By

using experimental measurements of point sources at various locations throughout the

scanner FOV and parameterizing the observed PSF dependence on position [22, 23].

2) By employing Monte Carlo simulations and analytical computations to estimate the

PSF along the FOV [24, 25].

Resolution modeling through PSF convolution using a kernel in the image domain,

despite being an approximation, has demonstrated the ability to produce high-quality

images [26]. This approach offers the advantage of easy implementation in list-mode

iterative Maximum Likelihood Expectation Maximization (MLEM) algorithms, making

it highly efficient for GPU-based codes [27]. GPUs [28] have successfully addressed

concerns regarding increased reconstruction time associated with resolution recovery

methods. Pratx et al. [16] efficiently modeled scanner resolution using fixed-width

Gaussian kernels on GPUs. In our work, we introduce kernels of varying sizes in each

direction to account for non-uniform resolution across the FOV in numerous scanners.

Recent studies have demonstrated that GPU acceleration translates into enhanced

clinical workflows and even real-time PET imaging capabilities [29].

PSF can be modeled with different levels of complexity and accuracy. The simplest

model is a uniform symmetric PSF that takes into account the average of certain physical

effects such as detector size, positron range, and non-collinearity. In other works [20],

radial asymmetry was considered into the PSF calculation, but the axial dependency

was not considered. Our work aims to generalize the PSF by allowing spatial variability
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in all directions, thereby considering the anisotropy of the scanner across the FOV.

We have develop a workflow that estimates the PSF through a simulation of a grid of

point sources within the FOV. We considered two scanners of the SEDECAL Argus

family of microPET/CT preclinical scanners in the context of real-time imaging. We

have successfully adapted spatially variant kernels for use in a GPU Ordered Subset

Expectation Maximization (OSEM) reconstruction. We further validated our approach

through several studies, demonstrating that we achieve a more homogeneous resolution

across the entire FOV of the scanner compared to when a fixed PSF is employed. On

one hand, we conducted simulations involving point sources covering a large part of the

FOV, and on the other hand, we evaluated our method using an off-centered Derenzo

phantom [30] acquisition and a multi-animal acquisition involving four mice.

2. Methods

2.1. Scanners

We have evaluated the spatially variant PSF reconstruction in the 4R-SuperArgus and

the 6R-SuperArgus scanner [31]. The scanners are composed of two layered blocks of

pixellated arrays of 13x13 crystals each of 1.55 mm crystal pitch. A layer of lutetium-

yttrium orthosilicate (LYSO) crystals of 7 mm length in the front of the detector is

optically coupled to cerium-doped gadolinium orthosilicate (GSO) crystals of 8 mm

length in the back. The 4R-SuperArgus is composed of 4 rings of 24 detectors each,

with a radial FOV of 17 cm and axial FOV of 11 cm, while the 6R-SuperArgus scanner

has 6 rings extending the axial FOV to 15 cm.

2.2. Image reconstruction model

In this work, we have implemented the OSEM algorithm [32] adapted to list-mode

data with the SRM factorized in a geometrical projector and a convolutional matrix

representing the PSF [13]. The algorithm reads as follows:

𝑥𝑛+1𝑗 = 𝑥𝑛𝑗

©­­­­­­­«
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Where 𝑥𝑛
𝑗
represents the estimated activity of voxel 𝑗 at iteration 𝑛, 𝑎𝑖 𝑗 denotes

the geometrical projector element relating the detection probability from voxel 𝑗 to a

LOR 𝑖 and 𝑆𝑘 refers to the LORs within a subset 𝑘. The attenuation correction factor

(𝜇𝑖) is derived from the 𝜇-map obtained from a CT scan. The random (𝑟𝑖) and scatter

correction (𝑠𝑖) are additive factors accounted in the projection [33]. For acquisition of

mice and phantoms, besides attenuation derived from a micro-CT, randoms are taken

from the information of the scanner in the list-mode data, and scatter is estimated at



2 METHODS 4

every iteration in the reconstruction from an ultra fast Monte Carlo (MC) simulation

given the CT and the activity of the previous iteration. For simulations and acquisitions

of point sources, as they have almost no additional material, attenuation and scatter

corrections were negligible. The blurring kernel (𝐺) accounts for the PSF of the

imaging system. We convolve the image with the PSF prior to the forward projection

operation, and after the backward projection operation. The reconstruction software is

implemented using the PGI CUDA Fortran Compiler [34].

2.3. Parametrization of spatially invariant PSF

In this work, we parametrize the PSF by means of gaussian-like shape along the radial

(𝑟), tangential (𝑡) and axial (𝑧) directions. To exploit the cylindrical symmetry of the

scanners, we assume independent PSF for the transverse plane and the axial axis. Thus,

we factorize the PSF with a kernel representing the radial and tangential PSF and a

kernel with the axial PSF (figure 1).

The image element 𝑥 𝑗 is convoluted with the kernel 𝐺, resulting in the image

element 𝑥′
𝑗
as follows:

𝑥′𝑗 = 𝐺 ⊗ 𝑥 𝑗 =
∑︁
𝑣∈𝜑

𝑔 𝑗−𝑣 (𝑟 𝑗−𝑣, 𝑧 𝑗−𝑣)𝑥𝑣 (2)

Where 𝑔 𝑗 (𝑟 𝑗 , 𝑧 𝑗 ) is the element 𝑗 of the blurring kernel 𝐺, and 𝑟 𝑗 and 𝑧 𝑗 are the

radial and axial positions of voxel 𝑗 inside the scanner. It is important to remark that

𝑟 𝑗 and 𝑧 𝑗 do not represent the relative distance from voxel 𝑗 to voxel 𝑣 in 2. 𝜑 is a 3D

region around the voxel 𝑗 (in this work we have used a 31×31×31 region).

The elements 𝑔 𝑗 (𝑟 𝑗 , 𝑧 𝑗 ) are factorized in two separate kernels as:

𝑔 𝑗 (𝑟 𝑗 , 𝑧 𝑗 ) = 𝑁 𝑗𝑔
𝑧
𝑗
(𝑟 𝑗 , 𝑧 𝑗 )𝑔𝑡,𝑟𝑗 (𝑟 𝑗 , 𝑧 𝑗 ) (3)
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Where 𝑁 𝑗 is a normalization factor, 𝑔𝑧
𝑗
(𝑟 𝑗 , 𝑧 𝑗 ) describes the axial kernel, and

𝑔
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(𝑟 𝑗 , 𝑧 𝑗 ) describes the tangential-radial kernel:
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Where 𝑑𝑧 𝑗 , 𝑑𝑟 𝑗 and 𝑑𝑡 𝑗 are the relative distances between the voxels 𝑗 and 𝑣 in the

convolution, in the axial, radial, and tangential axes respectively. The parameterization
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Figure 1: Computation of G kernel. Each thread computes the kernel of each image

voxel, and rotates it to map the position of the kernel into the intrinsic cartesian axes

of the image. Then, this kernel is combined with the axial kernel.

is introduced by 𝜎𝑟 (𝑟 𝑗 , 𝑧 𝑗 ), 𝜎𝑡 (𝑟 𝑗 , 𝑧 𝑗 ) and 𝜎𝑧 (𝑟 𝑗 , 𝑧 𝑗 ), which depend on the radial and axial

position of voxel 𝑗 . Our approach to parameterizing the PSF enables the incorporation of

asymmetric profiles in all directions (axial, radial, tangential) (see figure 1 displaying the

PSF profiles in these three directions), extending previous PSF-based SRM modeling.

We implemented the computation and application of the G kernel in GPU. Each

thread of the GPU calculates the kernel for a voxel (figure 1). In order to simplify the

calculation, we first obtain the 2D Gaussian kernel of the tangential-radial plane, and

after that we apply the rotation needed to match the voxel position in the cartesian

grid: [
𝑥′

𝑦′

]
=

[
cos 𝜃 − sin 𝜃

sin 𝜃 cos 𝜃

] [
𝑥

𝑦

]
𝜃 = arctan

𝑦

𝑥
(7)

𝐺 = 𝐺𝑥𝑦 ⊗ 𝐺𝑎𝑥𝑖𝑎𝑙 = 𝑅𝜃𝐺𝑟,𝑡 ⊗ 𝐺𝑎𝑥𝑖𝑎𝑙 (8)

To obtain the parametrization of 𝜎𝑟 (𝑟, 𝑧), 𝜎𝑡 (𝑟, 𝑧) and 𝜎𝑧 (𝑟, 𝑧), a grid of point

sources across the FOV of the scanner was simulated. For the 6R-SuperArgus we

simulated point sources from radius 0 cm to 8.5 cm in steps of 0.5 cm and from 𝑧

= 0 cm to 𝑧 = 7.2 cm in steps of 0.4 cm (figure 2). For the 4R-SuperArgus, we have

simulated point sources from radius 0 to 8.5 cm and from z = 0 cm to z = 4.8 cm. We

reconstructed the image from the simulated point sources, without PSF modeling, which

would represent the point source blurred with the intrinsic scanner resolution. We fit

every source of this image to obtain the 𝜎𝑟 (𝑟, 𝑧), 𝜎𝑡 (𝑟, 𝑧) and 𝜎𝑧 (𝑟, 𝑧) parameters across

the FOV of the scanner. For this procedure, we have reconstructed images with small

voxel size of 0.2 × 0.2 × 0.2 mm3 and 5 iterations, since without resolution modeling,

we have verified that increasing the number of iteration only increase the noise and the

shape of the source remains fixed. During reconstruction, every 𝜎(𝑟, 𝑧) is calculated by

cubic spline interpolation.

As shown in figure 2, the blurring of the image of the sources along the radial

direction is different for every axial position. For this reason, it is necessary to consider
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Figure 2: Reconstructed images, without resolution recovering, that is, with no PSF, of

the point sources simulated across the full FOV of the 6R-SuperArgus scanner (central

plane shown). The size and shape of these images represents the PSF in each case.

Thanks to symmetries only one quadrant needs to be simulated and parametrized (yellow

box). Scanner detectors are also represented in the figure in white.

the shape and size of the PSF in both the radial and 𝑧 coordinates.

2.4. Monte Carlo reconstruction

We have compared the PSF iterative reconstructions with a full Monte Carlo (MC) [35]

reconstruction, which will be considered the gold standard reference. We will briefly

describe the MC reconstruction. First, a large list of events, that is, voxel of emission

and LOR of detection pairs, is generated using a MC simulation which accounts for the

most relevant physical processes involved. Secondly, the projection step of the OSEM

is performed running through the list built during step one, by adding the activity

image obtained during the previous iteration for each voxel connected to a given LOR.

The backprojection is computed using the same scheme, but instead we add up the

correction factors for each LOR (number of coincidences detected in the LOR divided

by the estimated activity in the projection) on the image connected to a given voxel.

In this way, the MC simulations is employed to introduce resolution recovery in the

iterative reconstruction, without any approximation to the geometry or the physics of

the problem. Even though it is based on a very fast MC simulation, these reconstructions

are very time consuming and therefore their practical use is limited, but here we use

them as a reference to confirm that the relevant blurring effects are effectively taken

into account by the PSF-based modelling.
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2.5. Simulated cases and acquisitions

To test that our parameterized PSF can reproduce the behavior observed in real data,

a point source (less than 0.5 mm diameter encapsulated in a 3x3 mm diameter small

epoxy cylinder) of 22Na of 5 𝜇Ci was placed on the bed of the scanner. A list-mode

data acquisition was started while the source was displaced in a step and shoot fashion

every 5 mm in a given direction. The list file was afterwards processed to separate the

sections corresponding to every position of the point source.

To validate the accuracy of our SV-PSF model, a set of point sources placed every

5 mm along the radial axis have been simulated. Each point source has 109 emissions.

We have evaluated the spatially variant PSF reconstruction method in the 4R-

SuperArgus with an acquisition of a Derenzo phantom placed 2 cm off center [36]

filled with 18F, the initial activity was 250 𝜇Ci, and the acquisition took 20 minutes.

The reconstructions method were also evaluated with data from a multi-animal study

with four mice injected with 572, 569, 562 and 566 𝜇𝐶𝑖 of 18F-FDG respectively,

acquired simultaneously for 10 minutes in the 6R-SuperArgus scanner. All experimental

procedures have been done in compliance with the European Communities Council

Directive 2010/63/EU and submitted for approval by the Institutional Animal Care

and Use and Ethics Committee of the Hospital General Universitario Gregorio Marañón

(HGUGM), supervised by the Comunidad de Madrid according to the Annex X of the

RD 53/2013. The subjects were kept at the animal housing facilities of the Unidad de

Medicina y Ciruǵıa Experimental (UMCE-HGUGM) in Madrid, Spain.

3. Results

3.1. PSF parametrization

We have compared the image reconstructed from simulated and real point sources

at different positions within the FOV of the the 6R-SuperArgus Scanner. In table

1 we show the FWHM for the images of the sources obtained from a fit to the

gaussian parametrization. Te maximum discrepancy between the FWHM obtained from

simulated and real points is less than 5%, coming mostly from statistical noise in the

simulations and acquisitions. This indicates that the simulations are realistic enough

to describe the variation of the intrinsic resolution of the scanner in the FOV. Thus,

we prepare a dense grid of simulated point sources, and use the image reconstructed

from these simulations to fit the parametrization proposed in in this work. In figure

3, we also show the cross-section in the transaxial plane of the images of experimental

point sources and the corresponding fitted PSF using the parametrization described in

eqations 5 and 6. We see that the parameterized PSF reproduces the behavior observed

in real data, including shape and size changes in different regions of the FOV.

In figure 2, we can see that the intrinsic resolution of the scanner, as seen in the

reconstructed images of point sources without resolution recovery, exhibits, as expected,

a clear degradation with increasing radial distance, which further depends on the axial
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Figure 3: Cross-section in the trans-axial plane of the reconstructed image of the

experimental point sources (left) and simulated ones, at 5 mm (top) and 60 mm (bottom)

radial offset.

Radial FWHM (mm) Tangential FWHM (mm) Axial FWHM (mm)

Offset (mm) Simulation Acquisition Simulation Acquisition Simulation Acquisition

Radial = 0
1.41 1.51 1.46 1.40 1.21 1.29

Axial = 0

Radial = 35
2.03 2.06 1.71 1.76 1.48 1.50

Axial = 0

Radial = 50
2.35 2.38 1.95 1.89 1.60 1.60

Axial = 0

Radial = 5
1.90 1.98 1.37 1.37 1.71 1.79

Axial = 40

Table 1: Comparison of the FWHM obtained by fitting to no resolution recovery

iterative reconstructed images of simulated and real point sources at different positions

in the FOV of the 6R-SuperArgus scanner. Statistical errors in the fit are below 4% in

all cases.
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Figure 4: Maps of intrinsic resolution of the scanner as given by the FWHM of the

reconstructed point sources in the whole FOV of 6R-SuperArgus scanner.

position, particularly near the border of the FOV, owing to the gap in between detector

rings. Our simulations of a grid of point sources allow to produce 3D resolution maps as

shown in figure 4 showing the non-uniformity of the intrinsic resolution across the FOV

of the 6R-SuperArgus. The same study has been done for the 4R-SuperArgus scanner.

Although the SuperArgus system consists of rings made of 24 detector blocks, the

size and shape of the PSFs exhibits to a good approximation cylindrical symmetry.

Indeed, we have compared simulated sources in the radial axis at the center of a block,

and at the vertex in between adjacent blocks, that is, at 𝜙 = 7.5. The reconstruction of

these sources without resolution recovery is shown in figure 5. The same figure shows

the parameterized FWHM for each case. The maximum difference of FWHM fit to

images of corresponding sources at both lines is less than 4%.

3.2. Validation of the approach: Reconstruction of Point Sources

Once the spatially variant PSF has been determined, it can be incorporated into the

iterative reconstruction process. In order to evaluate the performance of our method,

we conducted a comparative analysis using images of a set of point sources placed at 5

mm intervals along the radial axis, under two different scenarios.

In the first scenario, which represents typical conditions for preclinical animal

acquisitions with controlled statistics, we employed 5 · 108 emissions per source, voxel

dimensions of 0.33 mm3, and performed 6 iterations with 5 subsets. This would be

representative of typical animal acquisitions with FDG, which are limited by the amount

of tracer that can be injected in mice, and the reasonable scanning time. In the second

scenario, our objective was to investigate the resolution limits of our method. Thus,

we simulated with larger emission count of 1011 per source, utilized smaller voxel sizes

of 0.15 mm3, and performed 50 iterations with 5 subsets. This would correspond to

optimal conditions for high statistics acquisitions.

For the first scenario, we compared three different reconstruction methods: MC

reconstruction, reconstruction using a fixed PSF (with dimensions of 1.4x1.4x1.7 mm,
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Figure 5: Left: point sources reconstructions without resolution recovery for a radial

axis ending in the middle of a detector block (red) and for a radial axis ending in a gap

between two detectors (blue). Right: FWHMs along the radial axis for these sources

are shown.

Figure 6: Reconstruction from simulated point sources in the 6R-SuperArgus

reconstructed with non-PSF, the Monte Carlo method, the fixed PSF (1.4x1.4x1.7 mm3)

and the SV-PSF. All reconstructions have 6 iterations 5 subsets and voxel size of 0.33

mm3.
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Figure 7: Radial profile of reconstructed images of simulated point sources, obtained

with non-PSF, Monte Carlo reconstruction, fixed PSF (1.4x1.4x1.7 mm3) and the

proposed SV-PSF in the 6R-SuperArgus. In red, the position of the sources simulated.

representing the average PSF in the vicinity of the scanner’s center, where higher

resolution is typically desired), and reconstruction using the SV-PSF model obtained

through our parameterization approach. Figure 6 depicts the reconstructed images of

the point sources located further from the center using the three different reconstruction

methods. Additionally, figure 7 displays the profile along these sources, providing further

evidence of the comparable resolution between SV-PSF and MC reconstructions. These

results demonstrate the effectiveness of the SV-PSF model in recovering high-resolution

details at the same level as the MC reconstruction.

For the second scenario we compare just fixed PSF versus SV-PSF reconstructions.

Figure 8 presents the FWHM measurements obtained from the reconstructed images

of the point sources in both scenarios, considering the radial, tangential, and axial

directions. In the first scenario, represented at the top of the image, under standard

conditions, the radial FWHM demonstrates the largest variation due to the depth of

interaction. However, this variation is significantly reduced in both the MC and SV-

PSF reconstructions. Overall, in each direction, the SV-PSF reconstruction exhibits a

resolution improvement that closely approaches the performance of the reference MC

method. showing that the SV-PSF iterative reconstruction as parameterized in this work

is able to incorporate the blurring effects introduced in the simulations very efficiently.

For this second scenario, displayed at the bottom of the figure 8, a similar trend is

observed. The SV-PSF reconstruction consistently achieves better resolution across
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all cases. Notably, for the SV-PSF method, resolutions below 1 mm are attained

up to a distance of 5 cm from the center of the scanner, whereas the Fixed-PSF

reconstruction only achieves sub-1 mm resolution up to approximately 2.5 cm. This

significant improvement in resolution highlights the superior performance of the SV-

PSF approach in capturing fine details even far from the center of the imaging system.

3.3. Derenzo Acquisition

Figure 9 presents a comparison between Fixed PSF and SV-PSF reconstructions based

on a real acquisition of a 2 cm off-center Derenzo phantom in 4R-SuperArgus. Both

reconstructions were stopped at the same noise level, achieved through 5 subsets and 15

iterations for SV-PSF, and 5 subsets and 12 iterations for fixed PSF, as demonstrated

in figure 10. Specifically, both reconstructions were halted when reaching a noise level

of 7.5%. The noise level was quantified within a region of interest (ROI) exhibiting

homogeneous activity and calculated as the standard deviation of the ROI divided by

its mean value.

Remarkably, the SV-PSF model exhibited an average improvement of 8% in FWHM

for the 1.6 mm rods compared to the Fixed PSF method. Furthermore, for the 3 mm

rods located farther from the center, the SV-PSF model demonstrated a reduction of

23% in FWHM. This notable enhancement can be attributed to the SV-PSF model’s

superior ability to handle the off-center positioning of these rods, resulting in improved

reconstruction accuracy and finer spatial resolution.

3.4. Multianimal Acquisition

Figure 11 shows the reconstruction of four mice acquired in the 6R-SuperArgus scanner

spanning 8 cm of trans-axial FOV.

PV ratio

Mouse PV Fixed PSF PV SV-PSF

1 3.86 5.97

2 2.79 3.52

3 2.64 3.91

4 4.10 6.02

Table 2: Comparison of peak-to-valley ratios (PV) for each mouse heart with fixed

PSF and SV-PSF. PV is computed as the ratio of the maximum intensity within the

myocardium to the minimum intensity within the same region. This metric is obtained

from the profiles shown in Figure 12. Higher resolution leads to increased PV ratios

Figure 12 shows a close-up of the heart of each mouse, using either the fixed PSF or

the SV-PSF. We recall that the reconstructions were stopped at the same noise level in
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Figure 8: FWHM in the radial, tangential, and axial directions of reconstructed

images obtained from acquisitions of simulated point sources using the 6R-SuperArgus

scanner. The figure presents results for two different scenarios: a) at the top, utilizing

5 · 108 emissions per source, 6 iterations, 5 subsets, and a voxel size of 0.33 mm3.

The reconstructions were performed using the MC method, the Fixed-PSF (1.4x1.4x1.7

mm3), and the SV-PSF. b) At the bottom, employing 1011 emissions per source, 50

iterations, 5 subsets, and a voxel size of 0.15 mm3. In this case, only the Fixed-PSF

and SV-PSF reconstructions are shown.
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Figure 9: Reconstruction whith a) fixed PSF and b) SV-PSF of an off-centered Derenzo

acquisition with rod diameters of 1.2, 1.6, 2.4, 3.2, 4.0, 4.8 mm. c) Line profiles of the red

dashed line for both reconstructions and d) line profiles of the blue dot-dashed line for

both reconstructions. All reconstructions have the same noise level in the homogeneous

region.

the liver, as it is a relatively large region with quite homogeneous activity distribution.

That is, 5 subsets 20 iterations for SV-PSF, and 5 subsets 17 iterations for fixed PSF.

The profiles show a clear advantage in resolution for SV-PSF.

Table 2 presents a comprehensive comparison of peak-to-valley ratios (PV) for each

mouse heart using both fixed PSF and SV-PSF reconstruction techniques. The PV

ratios serve as a metric to evaluate the image resolution quality, specifically capturing

the ratio between the maximum intensity within the myocardium and the minimum

intensity within the same region.

The results displayed in the table demonstrate notable differences between the two

reconstruction methods. For Mouse 1, the PV ratio is 3.86 with fixed PSF, while SV-

PSF achieves a significantly higher PV ratio of 5.97. Similarly, Mouse 2 exhibits a PV

ratio of 2.79 with fixed PSF, which increases to 3.52 with SV-PSF. Mouse 3 follows a

similar trend, with a PV ratio of 2.64 for fixed PSF and 3.91 for SV-PSF. Mouse 4 shows

a PV ratio of 4.10 with fixed PSF, whereas SV-PSF achieves a higher PV ratio of 6.02.

The observations from this table, combined with the profiles depicted in figure 12,
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Figure 10: Comparison of Fixed PSF and SV-PSF Reconstructions at Equivalent Noise

Levels. The figure depicts a Derenzo phantom with a ROI exhibiting homogeneous

activity, highlighted in red on the left. On the right, two ROIs are displayed, one

reconstructed using fixed-PSF and the other using SV-PSF reconstruction, both stopped

at the same noise level. The bottom of each panel showcases the mean and standard

deviation values for the respective ROIs, with Fixed PSF yielding 7.31 ± 0.56 and SV-

PSF resulting in 7.29 ± 0.55.

Figure 11: Reconstruction with SV-PSF of a simultaneous acquitision of four mice.

Transverse view with the four mice (left), coronal view with mice 1 and 2 (middle), and

coronal view with mice 3 and 4 (right). The heart regions for every mouse are shown in

figure 12.

clearly demonstrate that SV-PSF reconstruction consistently yields higher PV ratios

compared to fixed PSF. These results emphasize the improved resolution achieved

through SV-PSF, across the whole FOV, enhancing image quality and capturing finer
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Figure 12: Comparison of four mice heart reconstructions using fixed PSF and SV-PSF

in the transverse, sagittal and coronal views. The activity of each heart is presented

as relative standard uptake value (SUV𝑟) normalized to the whole heart. Four mice

were acquired simultaneously in the FOV. Transverse profile comparisons are shown on

the right. Both fixed PSF and SV-PSF images are shown at an equivalent noise level

measured in the bladder.

details within the myocardium of the four mice.

3.5. Benchmark

Figure 13 illustrates the computational time required for a single iteration of image

reconstruction. The reconstruction process involved 301x301x195 voxel images obtained

from a list file containing 400,000 counts, which is typically equivalent to one second

of acquisition in a preclinical study of four mice using the 4R-SuperArgus system. The
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Figure 13: Comparison of computational time per iteration for the reconstruction of

400,000 counts on a Quadro GV100 GPU for the fixed PSF and SV-PSF algorithms.

The iteration consists of two blurring processes and a projection-backprojection step,

for a reconstructed image of 301x301x195 voxels.

reconstructions were performed using an Intel(R) Xeon(R) W-2155 CPU (3.3 GHz, up

to 4.5 GHz in turbo mode) and an NVIDIA GPU Quadro GV100.

Both fixed PSF and SV-PSF methods exhibited similar forward and backward

projection times. However, the application of the PSF blurring kernel took almost twice

as long for the SV-PSF method, contributing significantly to the overall reconstruction

time (70% in this case). Despite this, the total time per iteration for the SV-PSF method

remained below 0.25 seconds, just 25% larger than for the Fixed PSF case. This enabled

near real-time reconstructions of four iterations, each corresponding to one second of

data, making it suitable for real-time image tracking.

In comparison, the Fixed PSF method achieved a slightly higher iteration rate of five

iterations per second under the same conditions. However, considering the considerable

improvement in resolution demonstrated by the SV-PSF method in this study, the

marginal difference in iteration speed is justified. The findings suggest that real-time

reconstruction using the SV-PSF method is now achievable, offering the potential to

obtain high-quality images with improved resolution within a reasonable reconstruction

time.

4. Discussion and conclusions

The iterative reconstruction technique using a GPU with a spatially variant resolution

model was implemented on 4R-SuperArgus and 6R-SuperArgus scanners. The SV-PSF

was estimated from a simulated grid of point sources inside the FOV of the scanner

at discrete positions that is interpolated during reconstruction. These simulations
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were validated against real point source acquisitions in certain positions (see table 1),

achieving maximum differences of 5%. We used 3D gaussians with different widths in

the radial, tangential and axial directions to parameterized the SV-PSF.

In the MC reconstruction, the projection and backprojection steps of the iterative

algorithm are performed using a full MC simulation which takes into account most of the

physical processes involved in PET. Since the MC reconstruction attempts resolution

recovery without any approximation to the geometry or the physics of the problem, we

have used it as a gold standard for image quality comparisons. Despite its potential,

MC reconstruction is not widely used since it is very time consuming. Figure 8 shows

that the SV-PSF described in section 2.3 performed almost as well as the gold standard

MC reconstruction with much less computational effort.

In figure 9, the use of the SV-PSF model results in a noticeable improvement in

the visual quality of the Derenzo phantom, particularly for bars located farther from

the center. The line profiles further demonstrate superior resolution for all bars, with

an 8% reduction in FWHM for the 1.6 mm rods compared to the Fixed PSF method.

More significantly, the SV-PSF model achieves a remarkable 23% reduction in FWHM

for the 3 mm rods situated away from the center. Similarly, in figure 12, the use of SV-

PSF yields better definition of the myocardium in mice. This improvement is quantified

in Table 2, where the SV-PSF model demonstrates a significant capacity for achieving

higher PV ratios. This enhancement has important implications for quantification in

functional multi-animal studies and the identification of small lesions, as the PV ratio

improves by 26% to 55%.

It is worth noting that different factors impact the PV ratio in comparison to the

FWHM metric of the Derenzo rods. While both the Derenzo phantom and myocardium

exhibit improvements with the SV-PSF model, the influence of background activity

differs between the two cases. In the case of the Derenzo phantom, where no background

activity is present, the fixed-PSF method aligns closer to the FWHM values obtained by

the SV-PSF. On the other hand, for the myocardium, the SV-PSF model demonstrates

even greater disparity with the fixed-PSF, highlighting its superior performance in the

presence of background activity.

The present study proposes a novel approach to address the issue of spatial

resolution variation in PET imaging caused by DOI. Unlike previous approaches, such as

dividing the crystal into bins [37], our method has a minimal impact on reconstruction

time, enabling real-time imaging.

It is important to note that the SV-PSF method proposed does not take into account

positron range. This is because the range of 18F is not highly relevant in this context.

Furthermore, positron range is dependent on the tissue and cannot be generalized for

every patient. In cases where a high-range isotope is used, such as 124I, 82Rb, or 68Ga,

we recommend implementing a specific positron range correction kernel, as proposed in

previous works [14, 33, 38].

SV-PSF reconstructions will also be highly beneficial in unrestrained awake animal

imaging [39, 40]. In this type of reconstructions, the same organ, such as the brain, will
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be positioned across different places in the FOV, thus achieving homogeneous resolution

in the whole FOV is of paramount importance.

This study focuses on achieving optimal spatial homogeneity while maintaining the

same noise levels in fixed-PSF images. Although the homogeneity of noise has not been

thoroughly investigated in our method, SV PSF may not only provide superior spatial

uniformity, but also improved noise texture across the field of view, leading to increased

detectability [41]. Further research, utilizing various phantoms and conducting more

in-depth noise analysis, is necessary to validate this hypothesis.
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; Desco, M ; Ud́ıas, José M: Awake preclinical brain PET imaging based on

point sources. In: 15th International Meeting on Fully Three-Dimensional Image

Reconstruction in Radiology and Nuclear Medicine Bd. 11072 SPIE, 2019, S. 546–

550

[40] Miranda, Alan ; Glorie, Dorien ; Bertoglio, Daniele ; Vleugels, Jochen ;

De Bruyne, Guido ; Stroobants, Sigrid ; Staelens, Steven ; Verhaeghe,

Jeroen: Awake 18F-FDG PET imaging of memantine-induced brain activation and

test–retest in freely running mice. In: Journal of Nuclear Medicine 60 (2019), Nr.

6, S. 844–850

[41] Rahmim, Arman ; Tang, Jing: Noise propagation in resolution modeled PET

imaging and its impact on detectability. In: Physics in medicine & biology 58

(2013), Nr. 19, S. 6945

http://dx.doi.org/10.1088/1361-6560/aba6f9

	Introduction
	Methods
	Scanners
	Image reconstruction model
	Parametrization of spatially invariant PSF
	Monte Carlo reconstruction
	Simulated cases and acquisitions

	Results
	PSF parametrization
	Validation of the approach: Reconstruction of Point Sources
	Derenzo Acquisition
	Multianimal Acquisition
	Benchmark

	Discussion and conclusions
	Acknowledgments



