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A B S T R A C T

PET preclinical studies require high spatial resolution due to the limited size of the animal under investigation.
To achieve this target, iterative image reconstruction algorithms are commonly preferred over the analytical
methods because they offer the possibility of accurately modeling the whole imaging process. In this work, we
propose an accurate factorized system matrix for the INVISCAN IRIS preclinical PET scanner to be used with an
iterative algorithm. The model includes two components: the geometric component and the detector response of
the system. The main innovative aspect of the work is the creation of the detector matrix using a Monte Carlo
simulation, with a particular focus on the optimization of the simulation process to reduce the calculation time.
The new system model is compared with the current IRIS model to evaluate the image quality, following the
NEMA Standards NU 4-2008. The comparison showed an enhancement of the image quality, in terms of uni-
formity and recovery coefficients. This work confirms that the inclusion of the detector response into the system
model leads to improved reconstruction results.

1. Introduction

Preclinical Positron Emission Tomography (PET) [1] requires an
excellent spatial resolution to investigate the small internal structures
of animal models. Iterative algorithms are used for this purpose due to
their superior performance in terms of spatial resolution and image
quality if compared to analytical methods. The strength of the iterative
algorithms lies in its capability of accurately modeling the physics in-
volved in the whole imaging process [2]. Iterative algorithms depend
on the system model, which relates the activity distribution to the data
acquired by the scanner. The system model is usually represented as a
matrix S in which each element sji represents the probability that two
photons emitted by the annihilation of a positron in the voxel i are
recorded by the Line of Response (LOR) j. There are three main meth-
odologies used to obtain the whole system model: experimental, Monte
Carlo and analytical [3]. The first approach is the most accurate if
obtained under ideal experimental conditions [4]. However, it is also
the most challenging due to the complexity of the experimental setup
and to the time needed to perform the full acquisition [5]. An alter-
native method to directly measure the system matrix is to reproduce the
experimental process with a Monte Carlo simulation [6]. The most
important limitation of this approach is the time needed to perform the

whole simulation, which may be impractical using standard work-
stations. The last approach, that is the analytical implementation, al-
lows for a much faster calculation. However, this class of methods
usually disregards important physical aspects of the PET acquisition
chain, such as the detector response and it does not account for sta-
tistical noise. Instead of computing the whole system matrix with only
one of the aforementioned methods, it is possible to express the model
as a multiplication of independent matrices. Each one accounting for
one or a set of effects and can be calculated and stored separately [7].

The accuracy of the system model influences the image re-
construction process and the spatial resolution of the system. The main
factors affecting the spatial resolution are described in [8]. Concerning
the detector response, the deviation from the ideal behaviour is mostly
due to the photon penetration across crystals and inter-crystal scatter
(ICS) effects. These effects are particularly significant in small-animal
PET due to the reduced size of the scanner ring. The inclusion of an
accurate modeling of the detector response in the system matrix can
lead to a reduction of the uncertainty in the LOR identification and
therefore to an enhancement of the spatial resolution of the imaging
system, as shown by other authors [9–12].

This study investigates the computation and validation of a factor-
ized system model for the preclinical IRIS PET scanner [13] that
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includes the detector response. It represents an extension of a previous
work [11] ant it demonstrates that the method can be generalized to a
complex polygonal scanner geometry. The previous geometry consisted
of two opposite parallel detector modules in which each module is
made of a matrix of scintillation crystals. This work extends the results
to a multiring geometry and to non-parallel opposite detector modules.
The IRIS system matrix is pre-computed and fully stored in memory. We
compared the results obtained using the developed model to those
obtained using the previously computed models. The first one is based
on the Siddon’s ray tracing algorithm [14] and it uses multiple rays to
compute the volume of intersection between the LORs and the voxels of
the field of view (FOV). Using this approach, the ICS and penetration
effects are not accounted for. The model is indicated as Geometrical or
simply G. The second approach uses a multi-ray tracing method [9]
including an analytical component of the penetration effects, but it does
not consider the ICS effect.

2. Material and methods

2.1. Experimental setup

The scanner used in this work is the IRIS PET/CT small-animal
scanner distributed by Inviscan s.a.s (France). The PET component of
the scanner consists of 16 modular detectors (modules) arranged in two
octagonal rings divided by a gap of 6.84mm. Each module, which can
acquire coincidences with the six opposing modules, is composed of a
matrix of 27×26 LYSO:Ce crystals of 1.6× 1.6× 12mm3 dimensions,
with a crystal pitch of ∼1.69mm. Each matrix is directly coupled to a
64-anodes photomultuplier tubes (PMT) (H8500C, Hamamatsu
Photonics K.K., Hamamatsu, Japan). The field of view is 95×80mm2

wide (axial and transaxial dimension) [15].
Images are reconstructed with a multi-core LOR-based 3D Maximum

Likelihood Estimation Maximization (ML-EM) [16] software. The re-
constructed image set consists of a matrix of 101×101×120 voxels of
0.855× 0.855× 0.855mm3 each.

2.2. System model

To model the detector response, the concept of Line of Flight (LOF)
must be introduced. The LOF is the line in which the annihilation event
took place and it is defined by the two γ-rays’ flight path (we assume
photon collinearity). The LOR instead is defined as the line connecting
the two crystal pixels in which the photons are effectively detected. In
an ideal detector, the LOR and the LOF are equivalent. However, in real
situations, the LOF may be misplaced due to penetration and ICS ef-
fects.

A common decomposition of the system model is:

=S Z A D G R· · · · (1)

• Z is a diagonal matrix that contains the normalization factors for
each LOR;

• A is a diagonal matrix with the attenuation correction for each LOR;

• ∈ ×D M M is the detector matrix. The element djk represents the
probability that the photons that travel along the LOF k are detected
in the LOR j;

• ∈ ×G M N is the geometric matrix. The element gki represents the
probability that back-to-back pair of photons emitted by the anni-
hilation of a positron in the voxel i reach the surface of the crystals
which identify the LOF k;

• R models the positron range, which could be calculated using Monte
Carlo simulation [17].

where N is the number of voxels and M is the number of LOFs/LORs.
We proposed a factorized model where only the analytical geometrical
component and the detector component have been included. The

normalization factors are incorporated directly into the ML-EM algo-
rithm, via a component-based approach. The inclusion of the attenua-
tion correction and the positron range components have not been
considered at this stage, as in this work we were interested only in the
investigation of the detector response.

2.3. Detector matrix

We performed the study of the penetration and the ICS effects with a
Monte Carlo simulation based on the GEANT4 toolkit [18]. The de-
tector matrix is created adapting the method described in [11] to the
IRIS geometry. The total simulation time is reduced by exploiting some
of the rotational, translational and reflection symmetries of the scanner.
No inter-module penetration/scatter effects have been included. A
single LOF connecting two crystals of two opposed detectors is split into
two half-lines representing the two photons flight path. A simulation is
performed for each of the two photons. In the first one, a large number
of photons are created at the surface of the starting crystal and sent
toward the destination crystal. The second simulation consists of the
same procedure but with the beam sent backward from the endpoint
toward the starting crystal. As the surface of the crystal has a finite size,
several lines actually connect the two crystals and the LOR concept
needs to be generalized in a Tube of Response (TOR). To better re-
produce this behaviour, the start and the end points of the line defining
the photon flight path are chosen at a random position on the pixel
surface instead of at the crystal centre.

Fig. 1 shows the events distribution for three sample LOFs. The
figures on the left show the IRIS scanner geometry within the GEANT4
environment, along with some tracks of the simulated photons. The
boxed figures at the right show the distribution of the collected events
as a 27×26 grey-scale image, which represents the detector module.
Each image element represents the probability of detection of a photon
in that specific crystal. Fig. 1 shows that the penetration and ICS effects
can be responsible for a high LOR misplacement.

2.4. Simulation tuning

The most important GEANT4 parameters which regulate the simu-
lation time are the number of photons generated for each TOR N( )g and
the variables that determine the accuracy of the particle tracking. Ng is
adaptively selected using inverse binomial sampling [19]. This method
allows one to relate the number of events N( )c to be collected to the
relative precision (ε) of the estimated probability (p); in this work, we
used the approximate relation:

= − ⩽− −N ε p ε(1 )c
2 2

The tracking of the electrons within the scintillators can quickly be-
come the bottleneck of the simulation. To improve this aspect it is
possible to act on the physics of the simulation through the Lowest
Electron Energy (LEE) parameter. The LEE is the energy beyond which
the electrons that arise inside the crystals are no longer tracked by the
simulator and are locally absorbed. To preserve the simulation accu-
racy, the LEE parameter should be set to an energy value associated
with a low probability for the electron to cross the interface between
two neighbouring crystals, in other words, to a value for which the
distance travelled by the electron can be considered smaller than the
crystal pitch. We chose the LEE value after the study of the electron
range in the scintillator. Using the NIST database [20] it is possible to
extract the continuous slowing down approximation range (CSDA range),
the average path length travelled by a charged particle as it slows down
to rest assuming that the rate of energy loss at each point along the
track is equal to the total stopping power [21]. Instead of the CSDA
range, a more representative quantity is the average electron depth of
penetration, which is the average maximum distance reached by the
particle from its starting point. We performed a GEANT4 simulation to
study both these quantities and we used the NIST data to validate the
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simulation results. Fig. 2 reports the results of the simulation: it shows
that the depth of penetration is approximately fourfold lower than the
CSDA range.

On the basis of the simulation, we set the LEE to 100 keV, which
corresponds to an electron penetration depth of 8 μm. This distance can
be considered negligible with respect to the IRIS crystal pitch
(∼1.6mm). Changing this value in the GEANT4 led to a reduction of
the simulation time by a factor of ∼3.

Using this configuration, the simulation time for each module is
∼4.5 days on a Xeon E5620 @ 2.40 GHz workstation.

2.5. System matrix construction

The computation of the system matrix is challenging, considering
that during the multiplication of D and G the three matrices should
coexist in memory. To overcome the memory limit, the ×M N system
matrix is computed with an intermediate decomposition technique. The

×M M detector matrix is subdivided into =x M L/ sub-matrices of
×M L elements each (M has to be an integral multiple of L) and the
×M N geometrical matrix is subdivided into L matrices of ×L N ele-

ments:

Fig. 1. Examples of simulated photon beams. The
right sub-figures show the distribution of the col-
lected events as a 27× 26 grey-scale image: each
pixel represents the probability of detection of a
photon in that specific pixel. The value PTOT re-
presents the total probability of detection of the
photon, that is the sum of the detection probabilities
for every crystal of the module. The overall prob-
ability is lower than 100% due to the possibility that
the photon completely penetrates the detector
module without being detected. The P values, which
are relative to PTOT, represent instead the detection
probabilities of the sample pixels pointed by the ar-
rows.
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= …D D D D{ ; ; ; }x1 2 (2)

= …G G G G{ , , , }x1 2 (3)

The system matrix is obtained as:

∑=S G·
i

i
(4)

The intermediate products D G·i i are computed and stored on disk one-
by-one and the final S matrix is assembled after all the products have
been computed.

Since the S matrix is too large to be loaded into RAM, we applied an
adaptive threshold to reduce its final size: the elements of the detector
matrix with low probability values are neglected before the S matrix
computation. The elements of each row of the detector matrix are
sorted by descending order and they are saved until their sum reaches a

fixed threshold (T). The number of saved elements for each row is
therefore variable. T is a fraction of the total detection probability, that
is, the sum of the elements along the row. In this work, we set =T 60%
which allows us to create a model which fits our memory requirements.

2.6. Computational aspects

The size of the final model depends strongly on the number of LORs
and the number of voxels of the FOV. The most important challenge is
the compression of the model to a suitable size, as the matrix has to be
entirely loaded into the computer RAM to perform the reconstruction. A
high level of compression is achieved by exploiting the symmetries of
the system, using the method described in [22]. Since the detector
matrix presents fewer symmetries with respect to the geometric matrix,
after the multiplication it is not possible to reach a compression ratio as
high as the one that is possible to obtain for the geometric matrix. The
workstation used in this work has 64 GB of RAM and the most accurate
final model has a size, after the compression, of 50 GB. With an increase
of the accuracy of the computed detector matrix, that is increasing the
threshold T, or in the number of voxels of the FOV, the size of the final
model outreach the total RAM of the system and it is not possible to
perform the reconstruction. The product between D and G was im-
plemented in C++ using the EIGEN Library sparse matrices manip-
ulation module [23].

3. Results

The image quality was evaluated following the NEMA NU 4-2008
standard recommendations [24]. The cylindrical chamber and the rods
of the phantom were filled with a 3.7-MBq solution of −F FDG18 . The
acquisition was performed for 20min using the IRIS scanner at the
Institute of Clinical Physiology of CNR in Pisa. The image reconstruction
was performed using the ML-EM algorithm. No data correction was

Fig. 2. Comparison of the CSDA range and average depth of penetration in
LYSO for electrons up to 500 keV: data are obtained with a GEANT4 Monte
Carlo simulation. The diamonds represent the data extracted from the NIST
database. The NIST information is used to validate the simulated data. The
depth of penetration is about four times smaller than the CSDA range.

Fig. 3. Examples of reconstructed images of the phantom after 70 ML-EM iterations. Left Geometric, center Multiray, right Factorised.
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applied except for the detector normalization. The ML-EM process was
stopped after 100 iterations. Fig. 3 shows examples of reconstructed
images of the phantom.

3.1. Uniformity and noise

Fig. 4a shows the noise of the different models in terms of the
percentage standard deviation of the central region of the phantom as a
function of the iteration number. Using the ML-EM reconstruction
method, the noise of the image typically increases with every iteration,

whilst the algorithm approaches the likelihood solution. The analysis
shows that, for every iteration, the Geometric model has always a
poorer uniformity than the other models. The best results are obtained
using the Factorized model.

3.2. Recovery coefficients

Fig. 4a–f show the values of the recovery coefficients (RCs) for every
rod as a function of the percentage standard deviation of the uniform
region STD(% ). All the models show the same trend. As discussed by

Fig. 4. (a): Uniformity measurement of the image quality phantom shown as the percentage standard deviation as a function of the iteration number. The factorized
model presents less noise with respect to the others model. (b)–(f): Recovery coefficients of the five rods as a function of the percentage standard deviation of the
uniform region. On the y-axis is shown the intensity of the pixels relative to the value of the uniform region. For the same uniformity values, the best results are
obtained by the Factorized model. Markers are plotted every ten iterations to provide additional information about the trend of the RC as a function of the iteration
number.
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[25], the convergence of the reconstruction process depends on the
accuracy of the model and it can be slower including resolution re-
covery models. Therefore, it is worth investigating the trend of the
recovery coefficient as a function of the STD% instead of as a function of
the number of iterations. At the same STD% the Factorized model yields
higher values of the RCs with respect to the other models. The slower
convergence of the Factorized model than of the Multiray model is
apparent in Fig. 4e and f.

Fig. 5 shows some examples of line profiles of the NEMA phantom
rods, obtained by averaging the ten central slices of each rod (iteration
70). The intensity value is relative to the average intensity value of the
uniform central region of the phantom. The Factorized model provides
slightly better rod shape (in terms of symmetry) and slightly higher
intensity values than the others two models.

3.3. Preclinical study

Fig. 6 shows an example of reconstruction for a −F FDG18 cardiac

mouse study: top row shows a full body view of the subject and center
row shows a magnification of the cardiac region. Fig. 6g shows a sample
line profile that intercepts horizontally the cardiac walls shown in
Fig. 6a, b and c. Fig. 6h shows a sample line profile that intercepts on
the diagonal the cardiac walls shown in Fig. 6d, e and f. The y-value
represents the pixel intensity relative to the maximum value. The re-
sults show that the Factorized model is able to provide a better deli-
neation of the cardiac walls as the difference between the relative
maximum and minimum intensity values (between the two cardiac
walls) is higher in the Factorized model with respect to the other
models.

4. Conclusions

We proposed a factorized system model for the IRIS PET preclinical
scanner. It comprises two components: a geometrical component and a
detector response component. The geometric component was analyti-
cally computed in previous work with a Siddon based method. The

Fig. 5. Line profiles along the transverse plane, after 70 MLEM iterations. On the y-axis is shown the intensity of the pixels relative to the value of the uniform region.
The Factorized model provides a slightly better rod shape (in terms of symmetry) and a slightly higher intensity values than the others two models.
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detector model is calculated in this work using a Monte Carlo simula-
tion which allows modeling of the penetration and inter-crystal scatter
effects inside the crystal matrices of the detector modules.

The most challenging aspects of this part of the work are the de-
velopment of a simulation able to provide useful information in a rea-
sonable time, the algebraic computation of the system matrix and the
constraint of its size to a value that allows its entire loading into the
computer central memory to perform fast image reconstruction. To
limit the simulation time, the Monte Carlo is optimized by the tuning of
physical and statistical parameters. The computation of the system
matrix is obtained with the use of sparse matrix algorithm and inter-
mediate decomposition. The memory requirements of the model are
reduced by limiting the number of included LORs with respect to each
LOF or, in other words, by limiting the number of stored non-null
elements of each row of the matrix. After a suitable compression, the
model can be used by the reconstruction software and the reconstructed
images can be compared to the ones obtained with the models currently
used by the IRIS scanner. The comparison is performed in terms of
image quality according to the NEMA NU 4-2008 standard, using real
data acquired by the scanner at the Institute of Clinical Physiology of CNR
(Pisa).

The results show that the Factorised model has both lower noise and
higher recovery coefficients with respect to the other models and it

provides better image quality for small-animal studies. This work also
proves the feasibility of the inclusion of the detector matrix in the
system model factorization in the case of a complex polygonal scanner
geometry.
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