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a b s t r a c t

Compton imaging is the main method for locating radioactive hot spots emitting high-energy gamma-
ray photons. In particular, this imaging method is crucial when the photon energy is too high for coded-
mask aperture imaging methods to be effective or when a large field of view is required. Reconstruction
of the photon source requires advanced Compton event processing algorithms to determine the exact
position of the source. In this study, we introduce a novel method based on a Deep Learning algorithm
with a Convolutional Neural Network (CNN) to perform Compton imaging. This algorithm is trained on
simulated data and tested on real data acquired with Caliste, a single planar CdTe pixelated detector. We
show that performance in terms of source location accuracy is equivalent to state-of-the-art algorithms,
while computation time is significantly reduced and sensitivity is improved by a factor of ~5 in the Caliste
configuration.
© 2021 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Localization of radioactive hotspots is a crucial problematic in
the frame of nuclear safety, for radiological scenemonitoring, in the
field of Decommissioning and Dismantling applications [1] or for
nuclear medicine applications [2] and space science [3]. Gamma
cameras constitute the principal solution to address this issue. They
rely on the detection of high-energy gamma-ray photons, ranging
from few keV up to ~2 MeV, associated to an image reconstruction
method. Coded mask aperture is the main technique for gamma-
ray photons with a sufficiently low energy to interact into the
mask. Typically, 1-mm thick tungsten masks can be used for pho-
tons with energy up to 250 keV.

When the energy of the photons is getting higher, coded mask
aperture imaging is no longer efficient. In fact, thicker masks
degrade the image reconstruction properties and field of view due
to the vignetting effect. Compton imaging is therefore a relevant
method to perform radioactive hotspot localization of sources
emitting high-energy photons. Moreover, above 250 keV, Compton
scattering starts to be the dominant interaction process in CdTe.

In the following, we will use 137Cs radioactive sources with an
by Elsevier Korea LLC. This is an
emission line at 662 keV to evaluate the response of our Compton
reconstruction algorithm. This radioelement is used as a marker in
nuclear safety applications and is often considered as a reference to
evaluate high-energy imaging spectrometers’ performances.

Compton imaging relies on the use of Compton scattering that
corresponds to a partial deposition of the energy of the impinging
photon, which is scattered with the rest of the energy.

If we denote E0, the initial energy of the incident photon, E1, the
energy of the scattered photon, E2, the energy deposited by the
interaction and q the scattering angle, the conservation of the total
momentum of the system gives the Compton kinematics [4] in
Equation (1):

cosðqÞ¼1�mec2
E1

E2E0
(1)

mec2 ¼ 511 keV is the mass energy of electrons.
Equation (1) is valid only if the interacting electron in the ma-

terial is at rest, which is not true in practice and this is the origin of
the phenomenon known as Doppler broadening [5].

A system measuring the scattering direction and the energy
deposition is able to provide the angular direction of the incident
photon thanks to Compton kinematics. Since Equation (1) only
gives the scattering angle, we can only derive a cone of the possible
directions of origin of the photon. One source can then be localized
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using several cones from a multitude of independent recorded
photons.

Such systems, known as Compton cameras, have been exten-
sively developed over the past decade. Focusing on semiconductor-
based Compton cameras, some systems rely on the use of one or
more detection layers with a low atomic number material, such as
Si, as scattering layers followed by one or more absorbing layers
with high atomic number material, such as CdTe [6,7]. On the other
hand, some systems use 3D-position sensitive detectors with thick
CdZnTe crystals [8]. In our setup, we use a single planar pixelated
CdTe configuration, which is not advantageous a priori to perform
Compton imaging compared to the aforementioned configurations.
In any case, the recorded signals are complex and the direct pro-
jection of the cones, namely Simple BackProjection (SBP), may not
provide sufficiently accurate positions. Therefore, more advanced
algorithms must be further developed for Compton imaging. For
instance, among themost advanced algorithms in the literature, we
find iterative algorithms based on the Maximum Likelihood
Expectation Maximization method, such as List-Mode (LM) MLEM
[9]. We can also cite a stochastic algorithm based on Monte-Carlo
Markov Chain, called Stochastic Origin Ensemble (SOE) [10] and
one of its declinations, which considers uncertainties on interaction
position and energy deposition, known as SOE with Resolution
Recovery (SOE-RR) [11].

In this study, we present a novel method based on Deep
Learning methods, especially on a Convolutional Neural Network
(CNN). These methods have shown interesting performances in
signal processing in the field of image recognition and are used in
gamma-ray imaging for coded mask aperture systems [12e14]. To
the best of our knowledge, these methods have never been applied
to Compton imaging so far.

In this paper, we use the detection system Caliste-HD [15], a
CdTe single planar pixelated detector with high energy resolution,
to test our algorithm on real data acquisitions and for comparison
with state-of-the-art methods applied to the same data sets.

The paper is structured as follows:
Section II briefly presents our detection system Caliste-HD and

state-of-the-art Compton reconstruction algorithms. Section III
focuses on the training method of our CNN, based on simulated
data. Finally, we report our results on real test data in section IV and
the comparison with other algorithms.
2. Compton imaging with Caliste-HD

2.1. Caliste-HD: A CdTe pixelated detector for gamma-ray photons

Caliste-HD [15] is a CdTe detector, equipped with a 1-mm thick
crystal, with 16�16 pixels, 625 mm pixel-pitch. The total sensitive
area is 1 cm2 and each individual pixel is an independent spec-
trometer. The CdTe detector is associated to a dedicated ultra-low
noise readout electronics, the IDeF-X HD ASICs [16,17].

The main advantage of Caliste-HD is its spectrometric
Table 1
Characteristics of Caliste-HD.

Parameter CALISTE-HD

Number of pixels 256 (16�16)
Pixel Pitch 625 mm
Crystal thickness 1 mm
Dimension without CdTe 10�10�16.5 mm3

Power Consumption 200 mW
Energy Range per pixel 2e1000 keV
FWHM at 60 keV 670 eV
FWHM at 662 keV 4.7 keV
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capabilities, which reaches a resolution of 670 eV FWHM (Full
Width at Half Maximum) at 60 keV and 4.7 keV FWHM at 662 keV.
Energy resolution is an important parameter for Compton imaging
in order to apply the Compton kinematics formula. Each pixel has
an individual dynamic range, which extends from 2 keV to 1 MeV.

Table 1 summarizes the main characteristics of Caliste-HD.
These performances are reached at an operating temperature

of �10 �C obtained by means of Peltier coolers. Therefore, the
detection system is embedded in a portable device, the gamma-
camera prototype WIX-HD, with a mass of 1 kg.

Under illumination, the WIX-HD camera records single and
multi-events triggering its readout electronics. Hit channels, time
and amplitudes feed an event list. According to each calibrated
pixel parameters determined in advance, an energy calibrated
event list is generated and used in the following.
2.2. Event selection in Caliste-HD for Compton imaging

A priori, the single planar configuration of Caliste-HD is not
advantageous to perform Compton imaging. This detector was
originally designed for applications in spectrometry or for Coded
Mask Aperture imaging. However, we have demonstrated in [18]
that this flaw is partially compensated by Caliste-HD's properties,
especially its energy resolution and its fine-pitch. It indeed allows
us to select carefully the relevant Compton events to reduce the
background noise caused by irrelevant events.

Our pre-processing for Compton events selection is detailed in
[18]. It consists of three steps. First, we select multiple events that
are recorded in different pixels in time coincidence (corresponding
to a unique trigger). Compton events are indeed composed of at
least two simultaneous interactions in the detector, so that we can
determine the scattering direction.

We defined an interaction as a single event, i.e. a single pixel hit,
or a cluster of 2e4 adjacent pixels to take into account possible
charge sharing and fluorescence escape. The interaction position
will be defined as the energy-weighted barycentre of the hit po-
sitions. A relevant Compton event is a pair of interactions recorded
in the same time period and separated by at least one untriggered
pixel as represented in Fig. 1.

Finally, we perform a spectral selection, by assuming that we
preliminarily know the radioisotope to localize, by means of an
automatic identification algorithm for instance such as the one
described in reference [19]. This selection consists of keeping
events whose total energy deposited is close to an emission line of
the identified radioisotope. In the present paper, we apply this
selection to a137Cs source, with an energy window between
647 keV and 670 keV surrounding the emission line at 662 keV.
Therefore, we only keep for processing events that Compton scat-
tered and stopped with photoelectric absorption within the de-
tector. Typically, after this selection, only 1 to 2 events per thousand
are selected as Compton events.
2.3. Coordinates reference system

In the following parts, the reconstructed image will be repre-
sented in terms of longitude and latitude, following the spherical
coordinate system represented in Fig. 2. The image represents a
semi-sphere with both longitude and latitude between �90� and
90�. The discretization we use is 4� in longitude and latitude.
Therefore, the localization accuracy is limited to the size of the
discretization steps. Other configurations can be considered,
especially a regular discretization of the sphere, but this is not in
the scope of the present study.



Fig. 1. Several event configurations e Example of valid patterns used for Compton reconstruction are a: Two pixels separated, b: One single pixel and one cluster and c: Two clusters
separated. Examples of rejected patterns are d: One cluster and e: Two unseparated clusters.

Fig. 2. Spherical coordinates system - The square represents the detector crystal.
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2.4. Performance and limitations with SOE-RR, a state-of-the-art
algorithm

SOE-RR is an iterative algorithm relying on the concept of
Monte-Carlo Markov Chains (MCMC). It first attributes a random
position j0 on the Compton cone defined by each event i. For each
iteration n, it draws another random position jn and accepts or
rejects the new position following a transition probability
pðjn�1 /jnÞ. The latter is computed in order to favour positions j
which concentrate the highest densities of events.

The Resolution Recovery version of SOE allows including phys-
ical considerations, especially uncertainties due to the detection
system. It consists of adding randomness in the axis (according to
the spatial resolution of the detector) and the angle (according to
the spectral resolution of the detector) of the Compton cones.

By applying the SOE-RR algorithm [11,18] on real data acquisi-
tions, we have previously achieved an angular resolution of 7.9� for
a single point source and we were able to separate two point
sources placed 10� apart, in a Field of View of 180�.

On the other hand, the planar configuration of our detector
limits the sensitivity, here defined as the lowest achievable number
of cones required to locate a point source. More than 2000
Compton cones are indeed required to perform the reconstruction
with SOE-RR.

In Sections III and IV, we will demonstrate the contribution of
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the Deep Learning approach to the sensitivity, that surpasses SOE-
RR.

Finally, we mention that LM-MLEM (List-Mode Maximum
Likelihood Expectation Maximization) is another classical algo-
rithm applied to Compton imaging. However, the application of this
method leads to bad performances with our system, because of the
uncertainties due to the geometrical configuration of our single
planar 2D detector.

3. Convolutional Neural Network conception and training
applied to Compton imaging

3.1. Simulated data set generation

It is necessary to train the network with as many positions as we
want to recognize. Since we cannot possibly collect real data
continuously for all the positions in the sky, we use Monte-Carlo
simulations to create a training data set. We simulated the sour-
ces at 2025 separate positions between longitudes and
latitudes �90� and 90� with a discretization step of 4�, in front of
the detector. Each simulation contains about 140 000 Compton
events from a single 137Cs source located at a distance of 10 m from
the virtual detector. We simulate only the 662 keV emission line.

The network does not operate directly on the event distributions
given by the simulations. Only the relevant events are selected by
the selection method as described in paragraph II.B. An image is
constructed by application of the Simple BackProjection algorithm
on those events, which then forms the input of the neural network.
To recreate the constraints of real-world measurements, some in-
formation from the simulations is considered unknown. The
interacting position of an event is rounded to the center of the pixel
in which the event occurred, on the surface of the detector. The
order of interaction is also considered unknown, and the photo-
electric absorption of the scattered photon is systematically chosen
to be the event with the smallest energy.

To account for the energy resolution of a real detector, the en-
ergies are drawn randomly in a Gaussian with a standard deviation
of 6 keV around the exact values given by the simulation. This
process may cause two cases that we systematically reject in the
simulation:

� the recorded energy deposited by Compton scattering is higher
than the Compton edge (i.e. 478 keV for the 662 keV emission
line);

� the recorded energy deposited by photoelectric absorption is
lower than the energy of a backscattered photon at 180� (i.e.
184 keV for the 662 keV emission line).

After the selection, the number of relevant events, and thus the
number of projected cones, is reduced to around 10 000. The
simulations also contain for each event the probability pCompton that
the photon would create a Compton event, i.e. a Compton



Fig. 3. a: Example of the position of a simulated source, it is the expected output of the
neural network. b: Corresponding SBP.
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interaction followed by a photoelectric absorption of the scattered
photon.

The pixels of the back-projected image, which correspond to
solid angles of size 2� by 2� in the field of view, are then normalized
by their maximum to contain values between 0 and 1. This 90� 90-
pixel, 1-channel image is then passed to the network as input for
training, along with a label containing the position of the source,
corresponding to the desired output of the network for this
particular input.

The output of the neural network is a vector with 2025 elements
Fig. 4. Architecture of the CN
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corresponding to the 2025 simulated positions with a discretiza-
tion of 4� by 4�, with a 1 for the label corresponding to the simu-
lated position and 0 for the other positions. This vector is then
represented as a 45�45 image, from �90� to 90� in both longitude
and latitude with the discretization step of 4�.

Fig. 3 shows an example of a simulated position on a 45x45
image, which represents a training output for the neural network,
and the corresponding SBP, which is the corresponding input for
the network.

3.2. Architecture of the CNN

For the conception of the CNN, we use an architecture adapted
from the AlexNet architecture [20], which consists of several con-
volutional layers followed by fully-connected layers. This archi-
tecture was initially designed for image processing, especially
image recognition tasks, and seems a priori relevant for our
problematic.

We have adapted the architecture to our data format, so that the
inputs are 90� 90, 1-channel images and the output is a 2025 el-
ements vector. The final architecture is given in Fig. 4.

3.3. Training of the CNN with a dynamic database

Weuse a dynamic database, also called “online learning”, to train
our CNN. To build one example, we randomly draw a position and
thenwepickup a randomnumberof cones, between30and3000, in
the simulation described in paragraph III.A to create the corre-
sponding backprojection. The probability to pick up one specific
cone is proportional to the factor pCompton associated to this cone in
the simulation.We create this waya sample of 1000 examples. Then
we train our CNN with one epoch on these 1000 examples and we
iterate this process bygenerating 1000newexamples anddoingone
training step. This process is done 2000 times, whichmeans thatwe
show 2 million different examples to the CNN.

For the training, we use the categorical cross-entropy loss
function, given by Equation (2):

LðbY ; YÞ¼ X
position i

yi logðbyiÞ (2)

where bY ¼ ðbyiÞi is the vector containing the predictions of the
neural network for each position i and Y ¼ ðyiÞi is the vector
encoding the real position of the source: yi ¼ 1 if i is the position of
the source, else yi ¼ 0.

The optimization algorithm for the training is Adam (Adaptive
Moment Estimation) [21] with a learning rate of 10�4, b1 ¼ 0:9,
b2 ¼ 0:999 (moment-related parameters in the Adam algorithm)
and ε ¼ 10�8 (constant of the Adam algorithm for numerical sta-
bility). We use the Pytorch library [22] and GPU parallelization on
an NVIDIA GeForce RTX 2080 Ti 11 GB. The training time for 2000
iterations is about one week.
N, adapted from AlexNet.



Table 2
Characteristics of the measurements.

Position of the source (longitude and latitude) Source activity Measurement time Total number of counts Number of selected Compton events

(0� ,0�) 1.7 MBq 35.6 h 3190418 4855
(10� ,0�) 1.7 MBq 57.7 h 5423829 8065
(30� ,0�) 1.7 MBq 83.8 h 6993265 12222
(35� ,0�) 1.7 MBq 19.5 h 1672290 3014
(40� ,0�) 1.7 MBq 76.8 h 4791771 11581
(-22� ,33�) 3.6 MBq 61.1 h 8213658 17978

Fig. 5. Results of the algorithms applied to the (10� ,0�) position measurement. a: Simple BackProjection. b: CNN. c: SOE-RR. An interpolation (spline16 with the matplotlib library)
has been applied to the Compton reconstruction for representation purposes.
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Fig. 6. Localization error of the algorithms vs the number of Compton events used in
the reconstruction. The scale is log-log.
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4. Results and discussion

Our CNN based reconstruction algorithm has been optimized by
means of simulations. In this section, we apply the network to real
data and compare the results with SOE-RR on the exact same data
set (event lists).
4.1. Experimental setup

We have made six acquisitions to build a test set with real data.
Each acquisition consists of a measurement with Caliste-HD from
a137Cs source, at 30 cm from the detector. The corresponding dose
rate at detector level is �1.4 mSv/h for the 1.7 MBq source and �2.9
mSv/h for the 3.6 MBq source.

Table 2 gives the positions of the source and the characteristics
of eachmeasurement. The precision of the positioning of the source
is given with about 3� uncertainties. The total number of counts
takes into account of the multiplicity of each hit: several triggers
occurring at the same time in different pixels are counted as one
hit.
4.2. Application of CNN and SOE-RR algorithms to process Compton
imaging

We show in Fig. 5 one reconstruction example for the mea-
surement at the position (0�,10�). We apply the SOE-RR and CNN
algorithms to the full measurement, and we also show the SBP
image, which is the input of the CNN. The gamma image is super-
imposed on an optical image taken by an optical camera at the
detector position. We highlight that the Field of View of the gamma
image is 180� and we represent only a partial area of this Field of
Table 3
Computation time for 2000 Compton events.

Algorithm Time (s)

SBP 1:80±0:01
CNN 1:83±0:02
SOE-RR (20 000 iterations) 56:2±1:5
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View, restricted to the optical image.
SOE-RR is applied with 20 000 iterations. This parameter can be

optimized, it is chosen here as it insures the convergence of the
algorithms. Each algorithm is able to reconstruct the correct posi-
tion of the source.

4.3. Performance assessment and algorithm benchmark

To evaluate the localization performance of the algorithms, we
build a test dataset with the six measurements described in Table 2.
We consider n Compton events, where n varies from 100 to 2000,
with a step of 100. For each number n of Compton events, we build
100 examples by randomly drawing n Compton events in the
measurements. For each example, we apply the algorithms (SBP,
CNN, SOE-RR) and we compute the angular difference between the
true position and the position with a maximum intensity given by
the algorithms. The real position is known with 3� uncertainty,
which is taken into account in the error computation.

Fig. 6 shows the average of the localization error computed for
100 examples for each number of Compton events n used for the
reconstruction. The error bar is computed as the standard deviation
on the 100 results for each n. SOE-RR is applied with 20 000
iterations.

Our CNN shows a better performance compared to all of the
other algorithms when the number of Compton events is lower
than 1100. After 1200 events, SOE-RR and CNN have similar per-
formances. CNN reaches a localization error lower than 3� with
only 200 cones while SOE-RR reaches this performance with 900
cones, which shows that CNN has amuch higher sensitivity, about 5
times better than SOE-RR.

Moreover, SOE-RR has a worse performance than the other al-
gorithms if the number of Compton cones is too low (lower than
400 cones). If the number of cones is too low, SOE-RR does not
converge and is more likely to assign a random position to the
source.

We compare in Table 3 the computation time of each algorithms
for 2000 Compton events. Each algorithm has been individually
optimized in terms of computation time.

In Table 3, the computation time of our CNN includes both the
computation time of the SBP, which is necessary to produce the
input image for the CNN, and the computation of the CNN itself. The
computation time of the CNN alone is about 30 ms, which is
negligible compared to the SBP. Moreover, the computation time
does not depend on the number of Compton events used in the
reconstruction. Consequently, the computation time of the whole
CNN calculation relies only on the computation time of the SBP,
which is proportional to the number of Compton events to be
processed.

SOE-RR takes much longer to process. Its computation time
depends on both the number of iterations and the number of
processed Compton events.

5. Conclusion and outlooks

We have developed a new method based on Convolutional
Neural Networks to perform Compton image reconstruction. Our
CNN has been trained on simulated data and tested on real data
measurements with a137Cs source. Compared to SOE-RR, another
classical state-of-the-art algorithm, we evaluated that our CNN has
better localization performances in terms of localization error and a
sensitivity ~5 times better than the SOE-RR algorithm. In addition,
the computation time of our CNN is equivalent to the SBP, which is
the fastest existing Compton reconstruction algorithm so far.

The development and the tests of the CNN have been conducted
in the case of the localization of a single point source. The presented
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results provide a rationale to carry out studies in more complex
scenes, with several point sources or extended sources and several
radioelements. The learning method must be adapted to the
application. Other neural network architectures that are a priori
relevant for this application should also be considered, the most
promising ones being convolutional autoencoders, which consist in
convolution/deconvolution operations in order to reconstruct a
filtered image. Finally, modifications of the detector system will be
studied to perform 3D positioning of the interactions in the de-
tector crystal, in order to reduce uncertainties and further improve
the sensitivity.
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