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Extended sources reconstructions by means of coded

mask aperture systems and deep learning algorithm
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CNRS, Gif-sur-Yvette, France

Abstract— Diagnostics and monitoring of radiological scenes are critical to the field of
nuclear safety and here, the localization of radioactive hotspots is mandatory and remains a
critical challenge. In order to perform gamma-ray imaging, one main method relies on
indirect imaging by means of coded mask aperture associated with a position sensitive
gamma-ray detector and a dedicated deconvolution algorithm. However, the deconvolution
problem is non-injective, which implies limitations of the reconstruction performance,
especially for spatially extended radioactive sources with respect to the angular resolution.
In this paper, we present and evaluate a new method based on a deep learning algorithm
with a convolutional neural network to overcome this limitation, in comparison with a
classical iterative algorithm. Our deep learning algorithm is trained on simulated data of

extended sources that may imply an intrinsic regularization of the neural network. We test it
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on real data acquired with a gamma camera system based on Caliste, a CdTe detector for

high-energy photons.

Index Terms— CdTe, coded mask aperture, gamma imaging, deep learning, machine

learning, convolutional neural networks.

1 Introduction

Nuclear instrumentation is vital to nuclear safety and security, in order to provide accurate
information on unknown radiological environments, such as post-accident situations or in
the context of decommissioning and dismantling. In particular after the Fukushima accident
in 2011, a new generation of gamma cameras was developed, whose objective is to provide
a gamma-ray image of radiological scenes and to localize radioactive hotspots.

Due to the physical properties of gamma-ray photons, direct imaging using lenses or mirrors
cannot be used in compact systems such as gamma cameras. Moreover, direct imaging leads
to narrow fields of view. Consequently, indirect imaging is performed and two main
methods exist. The first one relies on the Compton scattering of high-energy photons [1],
(2], [3], [4], which is interesting for its extremely large field of view from 2m to 4m
steradians and can typically be used for photons with energies above 250 keV. The second
method is based on coded mask aperture imaging [5], [6], [7], which consists of setting a
coded mask aperture in front of a position sensitive gamma-ray detector and reconstructing
the position of the radioactive sources by means of the deconvolution of the projected image
onto the detector, called the “shadowgram”. This method can be used for photons with

sufficiently low energy to be absorbed by the mask, which depends on the mask thickness.
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This method provides a typical angular resolution from 2° to 5° in existing systems. The
angular resolution is in fact limited only by the geometry of the system, i.e. the relative size
of elementary pixels and mask patterns and the distance between the mask and the detector.
Different mask patterns have been designed in the literature, such as URA (Uniformly
Redundant Array) and MURA (Modified Uniformly Redundant Array) [8] or random masks
[9]. URA and MURA masks are advantageous for background noise subtraction, while they
are likely to reconstruct false sources, also called ghosts. On the other hand, random masks
reconstruct fewer ghost artefacts but are more sensitive to the background noise.

However, coded mask aperture imaging suffers from limitations when the angular size of
the sources is large compared to the angular size of the elements of the mask projected on
the detector. Such sources are named extended sources in the following. This limitation is
the consequence of the deconvolution problem, which is a non-injective inverse problem.
The classical algorithms, such as MLEM (Maximum Likelihood Expectation Maximization)
[10], cannot overcome this issue and new methods must be explored.

Moreover, the coded mask aperture method cannot be used when the energy of the emitted
photons is too high to interact by photoelectric effect in the mask. This can be partially
solved by increasing the thickness of the mask, but a thick mask suffers from a strong
vignetting effect. Eventually, sources out of the mask field of view contribute to the
background noise and affect the reconstruction quality, thus the sensitivity. To solve the
latter problem, shielding can be added to the camera, but this can make it heavy and non-

portable.
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In recent years, deep learning algorithms based on neural networks have been used in many
fields such as image or speech recognition and have outperformed classical methods. These
algorithms have been applied in gamma-ray imaging with coded mask aperture systems
[11], [12] on simulated data of gamma-ray point sources with a CZT detector leading to
promising results. The major interest of algorithms based on neural networks lies on the one
hand, in their speed of execution for real-time applications once they are properly trained,
and on the other hand, in their potential to overcome the problem of extended sources
reconstruction.

In this paper, we demonstrate the application of a Convolutional Neural Network (CNN)
dedicated to the image reconstruction of extended radioactive gamma-ray sources. We train
our CNN and compare its performance with MLEM, a reference algorithm for the
deconvolution problem of coded mask aperture imaging. We evaluate the results using
simulated data and we also perform tests on real data acquired with a gamma camera
prototype equipped with a coded mask and Caliste-HD, a fine pitch CdTe imaging
spectrometer [13]. We conclude in favour of this algorithm, which outperforms MLEM in

terms of reconstruction performances and computation time.

The paper is structured as follows:
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Section 2 focuses on the detection system properties. Section 3 presents the mathematical
formulation of the problem and the deconvolution limitations with MLEM. We report the
architecture of our CNN and our training method in section 4. Finally, Section 5 presents

the evaluation of the performances of our algorithm and shows test results on real data.

2 A Gamma Camera prototype based on Caliste-HD associated with a Coded Mask

Aperture

2.1 Caliste-HD: A CdTe-based detector for high-energy photons

Caliste-HD [13] is a miniature pixelated detector devoted to high-energy photon imaging
spectroscopy. The sensor consists of a 1 mm thick Schottky CdTe crystal. The pixelated
electrode pattern is made of 16X16 pixels with 625 pm pitch (525 pum pixel and 100 pm
gap). The total detection area is 1 cm2. Each pixel is a tiny independent spectrometer. The
pixel pattern is used to record the shadowgram of our coded aperture. The pixel array is
associated with a stack of ultra-low noise readout electronics, the IDeF-X HD ASICs [14].

The whole detector is assembled into a 3D module using 3D PLUS technology [13], [15].

Thanks to its unique design, Caliste-HD reaches a spectrometric resolution of 670 eV
FWHM (Full Width at Half Maximum) at 60 keV and 4.7 keV FWHM at 662 keV. Its
dynamic range extends from 2 keV to 1 MeV. Energy resolution is important in coded mask
aperture imaging when spectral separation of different isotopes is required in the

reconstruction.



102

103

104

105

The characteristics of Caliste-HD are summarized in Table 1

TABLE I

CHARACTERISTICS OF CALISTE-HD

PARAMETER CALISTE-HD
Number of

256 (16%x16)
pixels
Pixel Pitch 625 um
Crystal

1 mm
thickness
Dimension 10x10x16.5
without CdTe mm?
Power

200 mW
Consumption
Energy Range 2 - 1000 keV
FWHM at 60

670 eV
keV
FWHM at 662

4.7 keV

keV
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The optimal spectral and noise performance of the detector is obtained at a temperature of -
10°C, which is reached by using an embedded compact cooling system with Peltier

modules.

This miniature detector and compact cooling system are the basic components of a portable
gamma camera prototype with a weight of 1 kg, presented in

Fig. 1. This gamma camera is dedicated to nuclear safety applications such as radiological
environment analysis and is planned to be developed in an industrial version by 3D PLUS

company.

2.2 The Coded Mask Aperture geometry

Our gamma camera is equipped with a coded mask aperture in order to perform radioactive
source localization. The geometry of the mask is given in Fig. 2. Opaque elements are made
of Tantalum while transparent elements are simply holes. A point source placed at infinity
casts a shadow of the mask pattern on the detector plane, as the photons are stopped by

opaque elements while they move directly to the plane through transparent elements.

The high atomic number (Z = 73) and density (16.4) of Tantalum are of interest in order to
absorb high-energy photons. The thickness of the mask is adaptive from 0.3 mm to 3 mm,
by stacking up to ten 0.3-mm thick unit layers. This flexibility is an advantage to manage
the vignetting effect. In fact, thick masks are efficient at high energy but the effective size
of the transparent elements becomes smaller and smaller as the sources move away from the

optical axis. In the following and for the sake of simplicity, the total thickness of our mask
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is 0.9 mm, i.e. three layers. In this configuration, the total probability of interaction in the

opaque elements of the mask at the 60 keV line of **' Am is 99%.

Our mask is an Optimized Random Aperture mask composed of 46xX46 elements, with a
unit size of 1X1 mm?. Still, the randomness is constrained by mechanical considerations,
such as the fact that an opaque element cannot be surrounded only by transparent elements.
Thus, the mask is self-supporting. Its open fraction is 40%. This is a miniaturised version of
the mask initially developed for the purpose of the ECLAIRs spaceborne instrument

devoted to Gamma-Ray Burst detection [9].

The mask is set at 5.8 cm from the detector. From geometrical considerations, the Fully
Coded Field of View is consequently 34.5° and the total Field of View is up to 51.5°. In this
work, we use the total Field of View. From simple geometrical considerations of the
projections of the mask, according to the mask element unit size and the detector pixel
pitch, for a source at infinity from the gamma camera, the reconstructed image, called the

“sky”, 1s discretised with 75x75 positions, with a resolution of 0.7°.

3 Formulation of the reconstruction problem, Classical algorithm and Limitations

3.1 Reconstruction problem
In order to pose the problem mathematically, we consider that we register a hit map Y,
where Y; represents the number of photons detected in each detector pixel i. Y is a vector of

size 256 (16X16). We want to reconstruct the position on the sky, from which the recorded



145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

photon was emitted. For this purpose, we designate the sky intensity map by X, where X; is

the number of photons emitted by position j. X is a vector of size 5625 (75X75).

Finally, we introduce M, the mask matrix, where M;; contains the expected projection of the

mask on the detector pixel i for a source at position j. From a probabilistic point of view, Y

follows a Poisson probability law as described in Equation (1).
Y ~ Poisson(M. X + ¢) (1)

where ¢ is a perturbation term, which takes into account the background counts, false events
due to electronic noise and a potential dead pixel map. Note that a first difficulty arises from
the fact that the components of the term € depend on measurement conditions that are

generally unknown.

On the other hand, the probabilistic aspect of the problem creates inherent noise in the
reconstruction due to the Poissonian counting fluctuations, especially for low photon count

statistics.

Eventually, the reconstruction problem is not injective. Indeed, the dimension of the
reconstructed sky X is larger than the dimension of the measurement Y. This leads to the

limits of the reconstruction of extended sources that we will show in paragraph 3.3.

3.2 Maximum Likelihood Expectation Maximisation (MLEM)

A classical way to solve this ill-posed inverse problem in a probabilistic paradigm is to use

an algorithm that maximizes the probability p(Y|X) of observing the data Y given the
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reconstructed image X, also known as the likelihood. It is equivalent to solving the problem

given in Equation (2).

o _ 2

X argm)?x(p(YlX)) (2)
MLEM is a method initially developed in the framework of tomographic reconstruction [10]

and provides an iterative algorithm when the data follows a Poisson law, in order to find the

optimal value X. For each iteration n, Equation (3) gives the update formula.

> > p(il)Y;
g =gp Yy PO 3
5T s pORE ©)

p(i]j) indicates the probability that a detected photon emitted at position j will be detected

in the detector’s pixel i. Actually, p(i|j) is given by the mask matrix element M;;.

For initialisation, X° can be chosen as a uniform strictly positive image. The algorithm
ensures the conservation of the number of photons Nype: given in Equation (4), for each

stepn > 0.

Z)?jn = z Y; = Nphot (4)
J

This algorithm has a low sensitivity to the unknown perturbations € in Equation (1), such as
dead pixels or background uniformity. However, there is no clear stopping criterion to
determine when the algorithm reaches the convergence, which can lead to the overfitting of

data.
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Finally, we will show in the paragraph 3.3 that MLEM algorithm does not overcome the

limitations identified for the reconstruction of extended sources.

3.3 Limitations for extended sources

The deconvolution problem (1) is non-injective, which means that one observation Y can be

associated to several sky maps X. This phenomenon is illustrated in Appendix 7.

Fig. 3 shows a simulation of an extended square source with 10® detected photons without
background in the simulation, and the corresponding image reconstruction with MLEM
algorithm. The simulation is a direct application of the mask projection, combined with a
random draw of the number of photons detected according to a Poisson distribution, in each
pixel. In this simulation, the photons are fully absorbed by the opaque elements of the mask.
Although this is an ideal case, the MLEM algorithm is not able to locate or reconstruct the

simulated source.

Since MLEM is based only on the likelihood of the data, it does not embed any
regularization property. A regularization term properly designed could favour solutions with
compact sources. Regularization can be done by adopting a Bayesian paradigm through a
MAPEM (Maximum A Posterior Expectation Maximization) algorithm [16], which consists
of maximizing the a posteriori probability p(X|Y), proportional to p(X).p(Y|X). The prior
p(X) is then seen as the regularisation term. On the one hand, the difficulty arises from the
mathematical formulation of this prior in order to favour compact sources. On the other

hand, the resolution then requires the use of another algorithm because the algorithm given
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in Equation (3) cannot be applied. To the best of our knowledge, there is no study in the
literature, which introduces such a method to reconstruct extended sources with coded mask

aperture imaging.

In Section 4, we propose a method using Convolutional Neural Networks to address this

problem.

4 Use of a Convolutional Neural Network for image reconstruction

4.1 Architecture of the CNN

The performance of deep learning algorithms in the domain of image processing, and
recently for coded mask [11] [12] aperture imaging of gamma-ray point sources, show that

the study of these methods is relevant to the problem of extended sources.

We propose a Convolutional Network Architecture in order to test the reconstruction of

extended sources by means of deep learning algorithm. The architecture is presented in Fig.

4.

The rationale for the use of convolution layers is given by the fact that the input image, the
hit map, is expected to be locally correlated through the projection of the mask patterns. The
number of layers has been tuned in order to ensure the learning of the algorithm. Our first
tests on shallower networks show that numerous convolution layers and fully-connected
layers are needed, otherwise the learning is blocked and does not converge. We do not apply
pooling operations since the input size is small.

We use dropout as a regularisation technique. We leave the dropout active during testing to
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approximate a Bayesian neural network by means of Monte-Carlo (MC) dropout method
[17]. This method has been developed to provide an uncertainty estimate on the result, but
our preliminary tests have shown that it gives promising results on our problem. At test
time, we run the neural network on the same example several times, typically 100 times,
and we determine the median of the results, which we consider to be the final answer of the
network.

We point out that many relevant architectures can be tested alternatively. Performance of
uncertainty quantification by MC Dropout can be evaluated, but these studies are out the

scope of this paper.

4.2 Online training with synthetic data

Training data are required to use machine learning algorithms. We chose to create simulated
data since simulations allows us to control exactly the shape, the position and the intensity

of the sources.

To create extended sources with different shapes, we use the random_shapes function of the
scikit-image [18] Python package. This allows us to create random elementary shapes:
circles, rectangles and triangles. We also apply random rotations and resizing’s of the
shapes for each training example. The intensity of the emission is considered to be uniform
over the shape. This shape X is the output that the neural network must predict. The
simulated image is normalized in norm 1: its elements sum up to 1.

Given the shapes, we compute the corresponding projections Y,on the detector. For each
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example in the training set, we draw the number of simulated photons Nppocbetween 10 and

107 photons, logarithmically following equation (5) in order not to penalize low counting

statistics.

Nphot = 107x+1'x ~ Unlf([O,l]) (5)

We then draw a hit map with Npp,¢ photons corresponding to the computed projection Y.
We add a uniform noise on the detector with an intensity between O and the intensity of the
simulated source. We also randomly disable up to two pixels of the detector to anticipate a
partially malfunctioning pixel array and take real experimental conditions into account in
the training. The resulting hit map Y is normalized by its maximum value and corresponds
to the input of the neural network. The normalization must be applied for each example
presented to the network.

One training example is illustrated in

Fig. 5, which shows the simulated shapes and the corresponding simulated hit map on the

detector.

The simulation is fast since it takes about 8 ms to create one example, regardless of the

number of simulated photons, which is an advantage over real measurements.

A more realistic Monte-Carlo simulation, such as a Geant4 [19] code, can be considered to
take into account the energy of the photons and the detailed interactions in the surrounding
environment. However, the computation time will be much longer and will depend on the

number of simulated photons. In Section 5, we show that such a detailed simulation is not
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necessary at low energy, when opaque elements of the mask are fully efficient in stopping
the photons. At higher energy, Compton scattering becomes the dominant interaction
process and a complete Monte-Carlo simulation is necessary, which is beyond the scope of
this paper.

As the number of possible configurations is infinite (shapes, positions, intensities of
sources, number of photons, random noise...), we decided not to create a fixed pre-
generated database with a limited number of examples, but we rather use “online” learning,
meaning that we simulate examples at the learning phase. This has the advantage of
showing a large number of different examples to the network and avoids memory storage

issues.

During the learning phase, at each iteration, we generate 1000 examples, divided into 900
examples for the training set and 100 examples for the validation set, to check the training.
Then we compute a learning step of one epoch out of 900 training examples. We repeat this
process for 200 000 iterations, so that the network learns with approximately 200 million

examples.

The loss function used for training is the binary cross-entropy function and the optimizer is
the ADAM algorithm [20] with a learning rate of 10™* and moments $; = 0.9 and 3, =
0.999. The training is made on NVIDIA GeForce RTX 2080Ti GPU. We use Keras [21]
Library for implementation in Python. In this configuration, our learning phase lasts one

week.
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5 Results

5.1 Performance evaluation on simulated data

5.1.1 Performance assessment in an ideal case

Before confronting our CNN network with real data, we quantitatively evaluate its
performance on the simulated database and compared results with the MLEM approach to
solve the coded mask aperture image reconstruction problem. We evaluate the results
relatively to the size of the extended sources. For that purpose, we built a test set with
square shapes of different sizes ranging from 0.7° (i.e. 1 pixel on the sky) up to 20.6° (30
pixels on the sky), with 1000 examples for each size. Note that the largest source nearly
corresponds to 40% of the total field of view. In this section, the simulated hit map is
calculated in ideal conditions: no background, no disabled pixels, large statistics with 10
million photons simulated. Although these conditions are not realistic, applying the
deconvolution with both CNN and MLEM reconstruction techniques allows us to easily
intercompare both method results. For illustration, one example is shown in Fig. 6, which
represents a simulated square shaped source, the corresponding simulated hit map and the

reconstructed images obtained with our CNN and MLEM.

To quantify the performance, we use the standard metric Intersection over Union (IoU),

which is given by Equation (6).

Area(True N Recons)
U= (6)

~ Area(True U Recons)
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Area(True N Recons) is the area covered by both the reconstructed positions and the
expected simulated positions. Area(True U Recons) is the area covered by at least the
reconstructed positions or the expected simulated positions. A perfect reconstruction would
give an IoU of 1 while a value of 0 would indicate a total absence of intersection between
the reconstructed image and the real source position.

The reconstructed positions are selected for each algorithm as the positions with an intensity
above a threshold. If X is the reconstructed image, we choose this threshold to be 20% of
max()? ) This threshold is set empirically and can be optimized. The choice of this

threshold does not favour one method over the other.
Fig. 7 shows the results for the CNN and the MLEM algorithm.

When the size of a source corresponds to one (point sources) or two pixels on the sky, the

1mage reconstruction is perfect for both algorithms.

MLEM performance drops drastically as the sources get more extended. IoU is found to be
lower than 0.1 for 5° extended sources, while the performance of the CNN decreases much

more slowly and IoU remains higher than 0.8.

After IoU for MLEM reaches a minimum, it begins to increase slowly with the source size
when it exceeds 8° of angular size. This effect is expected and due to the fact that the larger
the source is, the more likely we are to randomly reconstruct positions within the expected
source region. The red curve in Fig. 7 corresponds to the fraction of the field of view

covered by the simulated and known area of the source. We notice that the loU of MLEM
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follows the trend of this quadratic curve, which means that a large part of the IoU is
attributed to randomness.

This quantification study shows that the CNN is able to reconstruct a large part of the
sources at the right position in the sky, even if they are extended in angular area up to a fifth
of the Field of View, while MLEM is not able to perform such a reconstruction when the

size of the source exceeds 3°.

We point out that the CNN does not contain an explicit regularization term that would
favour the reconstruction of compact sources. However, the CNN does have regularization
properties due to the training database we designed, which contains only examples of
compact extended sources. This is a significant advantage of the CNN over the MLEM
algorithm. The latter would require the introduction of an explicit prior in order to transform
it into a MAPEM algorithm and then, the corresponding maximization algorithm must be
created.

This study is carried out considering an ideal case, with only one of the available shapes
included in the training set of our neural network. In paragraph 5.1.2 and 5.2, we
demonstrate that our CNN is successfully applied to other shapes, even if they are not

included in the training simulations.

5.1.2 Image reconstruction in the case of a randomly generated extended source

In this section, we illustrate the performance of the algorithms in non-ideal cases. Fig. 8

shows the reconstruction for a shape that is not included in the training simulation set. Its
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intensity is not uniform, which is also not learned in the training simulations. With 50 000
photons and by adding noise of the same intensity as the source, the extended source is
successfully located by the CNN. The localization is correct and the shape is roughly

restored, while the MLEM algorithm fails to provide any information.

5.2 Reconstruction test on real data acquired with a detector

We test our algorithms on real data acquired with our gamma camera. Our laboratory is not
equipped with extended radioactive sources, but only with point sources. In order to mimic
an extended source, we place three point-sources on a rotating blade that rotates slowly and

thus mimic a disc shape after some acquisition time.

The sources are *! Am with activities of 312, 393 and 440 kBq. The sources are placed so as
to mimic a disk shaped source of 6.5° in diameter. The source is nearly in the center of the
field of view, intentionally slightly off-axis. We set our rotating system 1 m away from the
detector. One can consider the source to be placed at an infinite distance for our imaging
system according to our geometry. The dose rate at detector level is thus 27 nSv/h, the same

order of magnitude as a typical level of natural background radiation.

For illustration purpose, we superimpose the gamma image obtained by our algorithms with
an optical image caught from an optical camera associated to our gamma camera. A

calibration process has been previously computed to realize this superposition.

Fig. 9 shows the result after a 2 hours and 35 minutes long acquisition. Gamma ray events

are selected in the energy range from 15 to 62 keV, which corresponds to the dynamic of
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interest for ! Am. Our CNN is able to locate the source and restore its shape and size as a
disk shape of 5° in diameter while MLEM is unable to give exploitable information. The

IoU is found to be 0.72 and 0.15 for CNN and MLEM respectively.

We make another acquisition by moving the sources away from the centre of the field of
view. In addition, we occult part of the source by placing a 5 cm thick triangular lead brick
in front of the sources, so that the shape is no longer a disk but a circular sector. Photons
with an energy lower than 60 keV are entirely absorbed by the lead. The acquisition time is
1 h 30 and the energy selection is again between 15 keV and 62 keV.

Fig. 10 shows the result of the reconstruction with both algorithms. Our CNN locates the
source position and its shape accurately. MLEM still fails to provide any exploitable

information. The IoU is found to be 0.76 and 0.15 for CNN and MLEM respectively.

These tests were performed with 241 Am sources so that the photons interacting with opaque
elements of the mask are totally absorbed. In future studies, other radioelements, such as
137Cs are considered to test and evaluate the reconstruction performance. To do this, the
simulation process may need to be refined using a more complex simulation code, such as

Geant4, as we describe 1n section 4.2.

6 Conclusions

The localization of extended radioactive sources with coded mask aperture imaging is a
challenge for algorithmic processing since the deconvolution problem is not injective. Even

using ideal data, with very high counting statistics and without any noise or perturbation,
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the classical algorithm MLEM is unable to solve this problem when the source is large
compared to the imaging system angular resolution. A regularization technique, such as in
MAP-EM algorithm, is thus necessary.

We demonstrate that convolutional neural networks have the capacity to process this type of
data and to reconstruct the position of the sources and their shape. Our CNN has been
successfully tested on ideal simulated data as well as on noisy simulated data and,
importantly on real data. We can interpret their ability to reconstruct the sources through a
regularization process, which is intrinsic to training data since our CNN has been trained to
reconstruct only compact extended sources.

Further studies are needed to evaluate the ability of deep learning algorithms to handle
multiple point sources or multiple extended sources. In addition, the findings of this study
apply to low-energy gamma radioactivity below 100 keV. For higher energy gamma-ray
emission such as photons emitted by *’Cs or ®Co, the study and tests will be performed
again, including full treatment of scattering both within the detector and in the inactive
materials surrounding it. Non-uniform background noise, due to radiation sources outside
the field of view, should also be studied. It is also relevant to work on uncertainty

assessment and dose rate quantification with these machine learning techniques.

7 Appendix

The objective deconvolution problem given by equation (1) is to reconstruct a sky map X of

size 75 X 75 from a detector hit map Y of size 16 X 16. Because of the dimensions of X
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and Y, the problem is non-injective: several sky maps X can lead to the same observation Y.

This property implies limitations especially in the case of extended sources reconstruction.

Fig. 11 illustrates this phenomenon:
* In Fig. 11a, we simulate an extended source X with a 10° square shape and we
calculate the corresponding projection Y by the mask on the detector in Fig. 11b.
Here, we intentionally consider an ideal case as we do not introduce any
perturbation € and we calculate the shadowgram without taking into account
Poisson's law.
* In Fig. 11c, we solve the least square problem given in Equation (7) in order to find

the optimal positions X of the sources, with a positivity constraint on the result.
X = argmin(|lY — M.X|13) (7)

where [|. ||, is the Euclidean norm.
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The resulting reconstruction solution in Fig. 11c is clearly different from the expected

simulated extended source in Fig. 11a. However, when reprojecting this result through the

mask onto the detector, one finds the image in Fig. 11d, which is identical to the expected

projection, the relative difference being as low as 10715, Even in an ideal case, the expected

source cannot be found.
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11 List of figures captions

Fig. 1: Gamma camera prototype equipped with a coded mask aperture and an optical

StGI’GOSCOpiC camera

Fig. 2: Random coded mask aperture. The black elements are the opaque elements, the

white elements are the empty elements or holes.

Fig. 3: a. Projection of the source with 108 photons. The photons interacting with the
opaque elements of the mask are fully absorbed. b. Reconstruction with MLEM algorithm,

the yellow dashed square indicates the simulated source location.
Fig. 4: CNN architecture

Fig. 5: a. Simulated source with normalization by the sum — Output of the training example
b. Simulated hit map with normalization by the maximum — Input of the training example.

10 000 simulated photons, one disabled pixel.

Fig. 6: a. Simulated source square, 10 million photons, no noise. b. Normalized hit map. c.
Reconstruction MLEM. d. Reconstruction CNN. The yellow dashed squares indicate the

source position.

Fig. 7: Performances of CNN and MLEM according to the IoU metric relatively to the size

of the simulated square.



500

501

502

503

504

505

506

507

508

509

510

511

512

Fig. 8: a. Simulated source, random shape, 50 000 photons with noise. b. Normalized hit
map. c. Reconstruction MLEM. d. Reconstruction CNN. The yellow dashed lines indicate

the source position.

Fig. 9: Real test acquisition with ! Am sources, 2 h 35 mn acquisition duration.
a. MLEM reconstruction. b. CNN reconstruction. The black square is the coded mask field

of view. The yellow dashed circles are the expected shape of the disk source.

Fig. 10: Real test acquisition with >*' Am sources, 1 h 30 acquisition time.
a. MLEM reconstruction. b. CNN reconstruction. The black square is the coded mask field

of view. The yellow dashed lines are the expected shape of the circular section source.

Fig. 11: a. Simulated squared shape extended source, 10° by side. b. Computed shadowgram
on the detector plane. c. Reconstruction by the least square method, the yellow dashed
square indicates the expected position of the simulated source (a). d. Reprojection of the

reconstruction solution (c¢) on the detector.





