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Abstract—The purpose of this paper is to review the most popular deep learning methods used to analyze
astroparticle data obtained with Imaging Atmospheric Cherenkov Telescopes and provide references to the
original papers.
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1. INTRODUCTION

Imaging Atmospheric Cherenkov Telescopes
(IACT) register extensive air showers (EAS) gen-
erated by gamma rays and cosmic rays (charged
particles) when they interact with the atmosphere.
These events are images recorded by IACT’s highly
sensitive camera, which consists of hundreds of
photomultiplier tubes. EASs generated by charged
particles are the main background when searching for
gamma radiation sources. Therefore, the main task
of analyzing IACT data is the ability to distinguish
between these two types of EAS. In addition, other
properties of the primary high-energy particle, such
as energy and direction of arrival, may be determined
too.

In recent years, deep learning methods have made
significant progress in identifying gamma events and
reconstructing their features. The main purpose of
this paper is to provide an overview of works that
use deep learning to analyze IACT data. Note that
the principles of deep learning methods themselves
are not considered here. They can be found, for
example, in [1, 2] and in the reviews [3–5]. The
review also does not cover machine learning methods
that do not use deep learning, such as random forests
[6] or boosted decision trees [7, 8]; see also [9] and
references therein. As a rule, we do not provide details
of the physical results obtained in the papers under
review. They are closely related to the physics of
EASs, and their discussion would overload the text.
We assume that the reader interested in the methods

*E-mail: kryukov@theory.sinp.msu.ru

under consideration will find further details in the
original papers.

There are several reviews devoted to this discussed
topic. The review [10] aims to summarize the most
common statistical tools for IACT data analysis. The
short review [11] focuses on advances in detector de-
sign and calibration using machine learning methods.
The recent review [12] is mainly devoted to traditional
methods of analysis in gamma-ray astronomy and
very briefly mentions deep learning methods.

This paper is a shortened version of the extensive
review [13]. It also includes a number of new papers
that were published after the review was written. This
will allow the reader to better understand the state of
the art in this field.

2. PARTICLE TYPE CLASSIFICATION

A difficulty of ground-based gamma astronomy is
that gamma-ray showers account for a small fraction
of the total number of observed EASs. The back-
ground from showers induced by charged particles
exceeds signal events by a factor of 104. The ability
to distinguish between gamma-ray and cosmic-ray
events is one of the main factors determining the fea-
sibility of studying gamma-ray sources using IACT.
Gamma-ray showers are caused by electromagnetic
processes, while in cosmic-ray showers hadronic pro-
cesses play an important role. This difference is
reflected in the structure of the shower image in the
IACT camera and can be used to classify events (see
Fig. 1). Gamma-ray event images are more elongated
and directed toward the center of the camera, while
proton events are less elongated and have random
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Fig. 1. Examples of simulated EAS images in an IACT camera for the TAIGA experiment (on the left: for an EAS initiated by
a gamma ray, on the right: for an EAS from a charged particle (proton)).

directions. One of the first papers on the use of deep
learning in gamma-ray astronomy is [14], which used
a network with only one hidden layer. It was shown
that neural networks can separate gamma and proton
events.

The paper [15] presents the results of a study on
the applicability of deep learning as a method for
classifying extensive air shower (EAS) events within
the Cherenkov Telescope Array (CTA) project [16].
For this purpose, Monte Carlo (MC) event simu-
lations in CTA were used. The EAS simulations
were performed using the CORSIKA package [17],
and the simulation of telescopes and cameras were
performed using specialized software for CTA. In [15]
two well-known neural network architectures were
used: ResNet50 [18] and Inception V3 [19] (both
are available as applications in Keras). Thanks to
the use of batch normalization, optimization of layer
sizes, and careful balancing of the width and depth of
the network, Inception V3 shows good performance.
ResNet50 uses a residual mapping approach, which
is implemented as shortcut connections through con-
volutional layers. This allows very deep networks to
be trained more efficiently. The Inception V3 neural
network showed slightly better, although still close to
ResNet50, accuracy rates. The paper demonstrated
that deep learning methods can be used to classify
Imaging Atmospheric Cherenkov Telescope (IACT)
images without any prior parameterization and any
assumptions about the physical processes in EAS.
The classification accuracy in the tested models de-
pends on the energy of the primary particles of EAS.
For the Inception V3 architecture, the accuracy in-
creases from 81.4 to 91.6% in the energy range from
0.1 to 100 TeV.

The paper [20] presents the results of the back-
ground (hadron-induced showers) rejection and re-

construction of the EAS direction of arrival by an-
alyzing IACT data with the help of combination of
convolutional neural networks (CNNs) applied to im-
ages from four telescopes of the H.E.S.S. experiment
[21]. An interesting feature of this paper is the first
attempt to use recurrent neural networks (RNNs) in
combination with CNN to analyze image sequences
time-ordered by triggers of each of the four IACT tele-
scopes. This approach helped to solve some technical
problems. However, the authors of [20] did not find
sufficiently convincing arguments for its further use.
In particular, the computational requirements in this
case are significantly higher.

The problem of converting IACT data using a
hexagonal packing of photomultiplier tubes in cam-
eras to the rectangular grid format of a convolutional
neural network (CNN) is the subject of [22, 23].
These papers present and compare several strategies
for solving this problem. Their conclusion is that the
values of the main quality criteria of neural networks,
such as accuracy and ROC/AUC score, coincide
within errors for all the methods studied. Somewhat
worse results were obtained only for the nearest in-
terpolation. One more method is based on tranfor-
mation to the regular square grid by using oblique
coordinates with the angle 60◦ (see, e.g., [32]). A very
interesting approach to solving the hexagonal lattice
problem is to apply special convolution operations to
such pixel geometry. To do this, one can use the
IndexedConv package [24], based on the PyTorch
framework [25]. This package allows the user to apply
convolution to any pixel organization defined by a
matrix whose elements are nonzero only for adjacent
pixels.

In [26], high-performance hadronic background
rejection algorithm was developed based on convo-
lutional recurrent neural networks (CRNNs) using
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data from several telescopes (stereoscopic mode). It
permits significantly increase the efficiency of back-
ground rejection in the energy range from 0.1 to
100 TeV. The paper demonstrated that CRNNs im-
prove the hadronic background rejection of about 20–
25% compared to using the conventional algorithms
based on Hillas parameters. Note that when only
simulated data are used, the quality of the background
rejection is even higher (20% for RNN with Hillas
parameters as the input and 60% for CRNN with
EAS images as the input). The problem of back-
ground suppression caused by primary electrons was
also studied in the paper [27]. It is also emphasized
that the use of CNNs can provide a direct event
classification method that takes into account all the
information contained in the EAS images. This may
allow online data processing. In the paper [28] deep
learning methods apply not only to the analysis of
gamma rays, but also to other particles, such as
muons.

In [29], a self-supervised learning approach is ex-
plored. It allows using of new unlabeled images of
real data to improve the performance of the classifier.
This technique is based on the so-called pseudo-
labeling strategy, which enables training on labeled
and unlabeled data.

A distinctive feature of [30] is that it not only
poses the problem of classifying already known pri-
mary particles like gammas and protons that generate
EAS, but also the search for unknown particles. The
authors propose to use autoencoders based on convo-
lutional layers (CAE). The main idea is that the CAE
is trained on simulated MC events initiated by known
particles. Then, when presented with a real image
IACT, such an autoencoder reconstructs it well in the
case of a known primary particle and distorts it in the
case of an unknown particle. This may be a signal of
the presence of anomalous events in the cosmic ray
flux.

The key components of the deep learning based
IACT data processing for particle type classification
are presented in Fig. 2.

3. RECONSTRUCTION
OF EAS PARAMETERS

The aim of [31] is to test the possibility of using
CNNs to extract gamma-ray events from the back-
ground and reconstruct the EAS parameters for the
CTA setup. In contrast to the previously considered
papers, here for the first time CNN was used for
processing CTA simulated data not only to classify
particles (rejection of the hadron background), but
also to reconstruct the gamma-ray parameters. To
reduce the complexity of processing, the main at-
tention in the paper was paid to the processing of

Fig. 2. The key components of the deep learning based
IACT data processing.

showers recorded by four telescopes simultaneously
(stereoscopic mode). Using more than one telescope
greatly improves the ability to reconstruct the prop-
erties of the primary particles, since the same EAS is
registered from several locations. Also, to simplify the
analysis, four images were combined into one image
by summing the pixel values. The transformation
from the hexagonal grid of the CTA cameras to the
rectangular one was carried out by the oversampling
method. The authors found the results of CNNs
to be promising, although they are still not as good
as the results of existing algorithms based on Hillas
parameters. The main advantages of CNNs over
conventional algorithms are that they do not require
additional physical assumptions and require minimal
data preprocessing. A similar approach was used in
[32, 33] for data simulated for the telescopes of the
TAIGA project [34].

In [32], CNNs based on two open source machine
learning libraries, PyTorch [25] and TensorFlow [35],
were used to investigate the possibility of rejecting
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hadron background events. The networks built on
the basis of both platforms showed approximately the
same results, which do not exceed the quality ob-
tained by means of the Hillas parameters and machine
learning methods without neural networks.

The general conclusion is that the use of CNN-
based methods is promising, but requires further im-
provements. More complex neural networks such
as ResNet, GoogLeNet, and DenseNet, combined
with the joint processing of images from multiple
telescopes, lead to more promising results [33, 36].

The aim of papers [37, 38] is to separate gamma
rays from charge cosmic rays and restore their pa-
rameters (energy and direction of arrival) using multi-
task deep learning methods. The neural network is
applied in the context of one LST-1 telescope, the first
prototype of the CTA telescope built in the Northern
Hemisphere (La Palma, Canary Islands, Spain). The
γ-PhysNet system presented in the paper is a multi-
task neural network model that performs full event
reconstruction with a single deep neural network,
see Fig. 3. It consists of two parts. The first one
is a very deep CNN (ResNet 56), which plays the
role of an encoder and is supplemented with blocks
with an attention mechanism (see, for example, [1]
and references therein as well as the famous work
[39]). The attention units help the model focus on
the relevant part of the feature map [40] to extract
important features of the input data. This representa-
tion is then passed to the second part of the network,
which is a multitask unit. This unit is designed
to reconstruct the energy, extract gamma rays from
the background, and reconstruct the direction of the
EAS axis and the arrival point. Multitask learning
helps to improve the generalization properties of the
model and, therefore, the quality of parameter re-
construction. The γ-PhysNet system implements a
method of upload data [24] that allows deep learn-
ing to be applied directly to the LST-1 images with
hexagonal grid. The performance of the system was
evaluated using the results of the MC simulations for
LST-1. The performance of the γ-PhysNet system
was compared with the conventional method based
on the Hillas parameters and classification by the
Random Forest method [6]. The angular and en-
ergy resolution show that γ-PhysNet outperforms
this conventional method. The improvement is no-
ticeable at the lowest energies (below 100 GeV). In
particular, γ-PhysNet improves the accuracy of re-
constructing the EAS axis direction to 0.3◦.

Let us focus in more detail on two main fea-
tures that distinguish the γ-PhysNet system [37, 38]
from other approaches to the analysis of IACT data,
namely, on multitask learning and attention mecha-
nism.

Fig. 3. The simplified γ-PhysNet architecture.

The main idea of multitask learning (MTL) [41] is
to improve the generalization capabilities of a neural
network by exchanging representations between re-
lated tasks. In other words, MTL helps the neural
model focus on features that are relevant to all tasks.
In MTL, the model is trained simultaneously using a
partially shared representation for all tasks.

In the most cases MTL models use hard sharing
architecture. In this case, the first layers of the net-
work are used simultaneously by all tasks. Then the
network branches out and each branch is used for
its own task. In soft-sharing architectures, separate
networks are trained for each task, but they share
some information with each other.

Attention is a mechanism that helps the deep
learning model to focus on essential features based on
a specific context with the help of trainable weights. It
originated in the field of natural language processing,
but was generalized in [42] for image generation and
later for image classification and object detection.

There are two models of attention: soft and hard.
In the first case, the network accesses all the data
it has access to, but the importance of this data is
different. This makes a neural network with this
attention property more accurate, but not faster than
regular RNNs.

In the second case, the network accesses only a
part of all existing data, which improve of the ac-
curacy and speed of calculations. However, such a
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network is significantly more complex in terms of its
training, since it ceases to be continuous, and there-
fore differentiable. Paper [38] explore three variants
of networks with attention: self-attention, squeeze-
and-excitation, and dual attention. As already noted,
the comparison of γ-PhysNet with the Hillas and
random forest parameter-based method shows that
neural networks using MTL and attention mecha-
nism have better performance and accuracy of IACT
data analysis. It is possible to obtain more detailed
energy spectra of gamma sources. Improvements in
angular resolution and classification quality increase
the signal-to-noise ratio, allowing detection of signif-
icantly weaker sources. In addition, it is important for
the comparative study of point and extended sources.
The attention mechanism was also successfully used
for IACT data analysis in [43–45].

The papers [46, 47] are a continuation of [37, 38]
and aim to assess how the results obtained on simu-
lated data transfer to the analysis of real data. In par-
ticular, the systematic learning error due to the differ-
ence between simulated and real data is discussed. Of
particular importance is the difference between these
two data types related to night sky background. This
problem was solved by adding noise to the simulated
data used to train the model. The Hillas+random
forest method trained on simulated data is used as
a reference method for both simulated and real data.
The γ-PhysNet system, based on multitask learning
and an attention mechanism, was able to detect a
signal from the Crab Nebula with a statistical signif-
icance of 14.3σ, which outperforms the conventional
approaches. In [48] the InceptionV3 model is used,
the results of which were compared with boosted de-
cision trees method. Overall, the networks performed
better. The authors noted that decrease the quality
of the MC data leads to a noticeable decrease in the
accuracy of the reconstruction of the parameters of
the primary particles.

The authors of [49] studied the possibility of using
CNNs for the ALTO detector of the CoMET project,1

which significantly simplified the procedure for recon-
structing the primary properties of gamma rays, such
as energy and maximum shower depth (Xmax). The
main conclusion of [49] is that the quality of EAS
energy reconstruction by ordinary (that is, without
RNN, LSTM, and attention blocks) CNNs does not
significantly exceed conventional approaches. This
is consistent with the findings of other authors pre-
sented in this review. On the other hand, even CNNs
[49] performed better than conventional approaches in
determining Xmax. This means that CNNs are able to
more accurately account for correlations between ob-
served image features EAS and physical parameters.

1 https://alto-gamma-ray-observatory.org.

The main issue studied in [50] is the possible de-
pendence of the performance of RNN networks (more
precisely, CRNNs) on the method of ordering images
of the same EAS from different telescopes (i.e., in
the stereoscopic regime). To understand the im-
pact of ordering on neural network performance, two
CRNNs were trained to classify simulated gamma
and proton images. The only difference in train-
ing was the change in the sequence of the input
images. The control variant was a neural network
trained on images ordered by telescope identification
number. Another network was trained on images
ordered by the Size parameter (the overall intensity
of the image). The quality of the two models in
[50] was about the same. The reference model was
even slightly better. It achieved 80.6% accuracy and
0.899 AUC, while the model with images ordered by
Size parameter achieved 80.2% and 0.894, respec-
tively. Therefore, it was not possible to obtain confir-
mation that image sorting by the Size parameter im-
proves the efficiency of gamma-proton classification
using the CRNN model. This leaves open the possi-
bility that a different telescope image ordering could
lead to improved CRNN performance. Although the
Size parameter is related to the EAS parameters,
training on Size ordered images has little effect on the
quality of the model.

In [51–53] it was proposed to use generative
adversarial networks (GAN) [55] (Fig. 4) as a re-
placement for the MC generator for fast modeling of
gamma event images in IACT. The method is sup-
posed to be used for data analysis within the TAIGA
experiment [34]. Currently, modeling of event images
for the IACT TAIGA project, as in almost all other
similar projects, is carried out using the CORSIKA
software based on the MC methods. Additionally, the
specialized program OPTICA-TAIGA [54] is used to
simulate the response IACT and perform a full tracing
of Cherenkov photons through the telescope optics.

The difficulty lies in the fact that the computational
models underlying the physical processes are very
resource intensive and require a lot of computational
time. For some analysis purposes, such as reduc-
ing class imbalance using synthetic resampling [56],
full model information is redundant. Therefore, less
complex and more efficient generation methods can
be used. The papers [51–53] show the possibility
of using GAN for fast simulation of gamma/proton
event images for the TAIGA-IACT experiment. It has
been shown that using GANs allows one to quickly
generate sets of new images whose parameter distri-
butions are statistically indistinguishable from those
of the images in the training set. The training was
done using a sample of images obtained with the
MC simulation program, containing 25 000 gamma
and 25 000 proton events. Of particular interest are
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Fig. 4. The general GAN architecture.

conditional GANs (cGANs), which allow images to
be divided into several classes depending on the value
of some image property, and then specify the desired
class when generating new images. In [57], the
cGAN method was used to create images similar to
those obtained in the TAIGA-IACT experiment with
a predetermined spectrum in terms of the Size pa-
rameter while in [58] with a predetermined spectrum
in terms of the energy. In [59], for the same pur-
pose of generating images in an IACT camera with a
given spectrum, a conditional variational autoencoder
(cVAE) was used. It was shown that GAN, cGAN,
and cVAE simulate proton and gamma events for
the TAIGA-IACT experiment with a high degree of
accuracy and reliability. It was shown that GAN,
cGAN, and cVAE simulate proton and gamma events
for the TAIGA-IACT experiment with a high accu-
racy and reliability. Most of the generated events are
indistinguishable from those generated using the MC
method. The event generation rate using generative
models is orders of magnitude higher than for the MC
method.

4. DEDICATED SOFTWARE
FOR ANALYZING IACT DATA

The CTLearn software 2 [60] provides a backend
for training neural networks for event reconstruction
IACT using TensorFlow. Input data can be loaded in
three modes: mono (single images from a particular
type of telescope); stereo (events recorded by multiple
telescopes of the same type); and multistereo (events

2 The code is freely available on GitHub:
https://github.com/ctlearn-project/ctlearn.

involving multiple types of telescopes). The core
module of the CTLearn software is the run_model
module, which parses the configuration parameters,
loads the data, and initializes the model. The
CTLearn framework also includes a number of helper
scripts that provide a convenient way to present the
results and plot the corresponding graphs.

The goal of the GammaLearn project 3 [61, 62]
is to optimize neural networks by hyperparameters
for the problems of gamma-ray and cosmic-ray clas-
sification and gamma-ray parameter reconstruction.
The software is based on the PyTorch framework and
has an advanced set of tools that provide all the nec-
essary functions for loading data sets, preprocessing
data (filtering, augmentation, transformation), net-
work training, validation and testing, monitoring the
training process, and visualizing results. For exam-
ple, GammaLearn contains the IndexedConv pack-
age, which provides convolution and pooling opera-
tions for input data (images) on any grid including a
hexagonal grid. The GammaBoard package provides
a dashboard that displays various event reconstruc-
tion metrics IACT. In addition, the GammaLearn en-
vironment provides useful tools for visualizing moni-
toring data (such as the weight distribution of a neural
network during training or the GPU memory used),
training metrics (such as the evolution of the error
or accuracy function values). A simplified general
architecture of GammaLearn is depicted in Fig. 5.

5. DISCUSSION AND CONCLUSIONS

The review of the papers on the application of deep
learning methods for analyzing IACT data shows
that their use is promising for both existing installa-
tions and future generation telescopes. An important
advantage of neural networks is that they provide
the ability to reconstruct the parameters of events
associated with extensive air showers directly from
images in IACT cameras, without requiring complex
preprocessing steps. Convolutional neural networks
(CNNs) which are the basis of the most popular
of deep learning methods applied to image process-
ing, demonstrate the high quality of IACT data pro-
cessing. Future generation setups will consist of
several or even many synchronized IACTs (stereo-
scopic mode). Thus, an approach based on com-
bining CNNs with recurrent networks (RNNs) and
LSTM cells allows processing series of images from
different telescopes. Also note that, given that the
EAS image (number of pixels fired) in an IACT cam-
era usually occupies a relatively small part of the
entire camera area, the use of neural networks with

3 The code is freely available on Gitlab IN2P3:
https://gitlab.in2p3.fr/gammalearn/gammalearn.
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Fig. 5. The simplified general architecture of Gam-
maLearn.

an attention mechanism can be productive. Im-
portantly, despite the difficulties of the training and
optimization process, neural networks show good
performance during execution, which makes them
potentially suitable for real-time data analysis.

The widespread use of deep learning methods for
analyzing IACT data will also be facilitated by the
development of specialized computer platforms that
provide users with convenient tools and automate the
processes of creating and configuring the correspond-
ing neural networks.
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48. J. Juryšek, E. Lyard, and R. Walter (for the CTA-LST
Project), arXiv Preprint (2021).
https://doi.org/10.48550/arXiv.2111.14478

MOSCOW UNIVERSITY PHYSICS BULLETIN Vol. 79 Suppl. 2 2024



MACHINE LEARNING IN GAMMA ASTRONOMY S699

49. T. Bylund, G. Kukec Mezek, M. Senniappan, Yv. Be-
cherini, M. Punch, S. Thoudam, and J.-P. Ernen-
wein, in Proceedings of 37th International Cos-
mic Ray Conference—PoS(ICRC2021) (Sissa Me-
dialab, 2021), p. 758.
https://doi.org/10.22323/1.395.0758

50. A. Brill, Q. Feng, T. B. Humensky, B. Kim, D. Nieto,
and T. Miener, in 2019 New York Scientific Data
Summit (NYSDS), New York, 2019 (IEEE, 2019),
p. 1.
https://doi.org/10.1109/nysds.2019.8909697

51. J. Dubenskaya, A. Kryukov, and A. Demichev,
in Proceedings of 37th International Cosmic
Ray Conference—PoS(ICRC2021) (Sissa Medi-
alab, 2021), Vol. 2021, p. 874.
https://doi.org/10.22323/1.395.0874

52. J. Dubenskaya, A. Kryukov, and A. Demichev, in
Proceedings of The 5th International Workshop
on Deep Learning in Computational Physics—
PoS(DLCP2021) (Sissa Medialab, 2021), Vol. 2021,
p. 11.
https://doi.org/10.22323/1.410.0011

53. J. Dubenskaya, A. Kryukov, and A. Demichev, CEUR
Workshop Proc. 3041, 270 (2021).
https://doi.org/10.54546/mlit.2021.11.22.001

54. E. B. Postnikov, A. A. Grinyuk, L. A. Kuzmichev, and
L. G. Sveshnikova, J. Phys.: Conf. Ser. 798, 012030
(2017).
https://doi.org/10.1088/1742-6596/798/1/012030

55. I. Goodfellow, J. Pouget-Abadie, M. Mirza,
B. Xu, D. Warde-Farley, Sh. Ozair, A. Courville, and
Yo. Bengio, Commun. ACM 63 (11), 139 (2020).
https://doi.org/10.1145/3422622

56. J. M. Johnson and T. M. Khoshgoftaar, J. Big Data 6,
27 (2019).
https://doi.org/10.1186/s40537-019-0192-5

57. J. Dubenskaya, A. Kryukov, A. Demichev, S. Po-
lyakov, E. Gres, and A. A. Vlaskina, in Proceedings

of The 6th International Workshop on Deep Learn-
ing in Computational Physics—PoS(DLCP2022)
(Sissa Medialab, 2022), Vol. 429, p. 4.
https://doi.org/10.22323/1.429.0004

58. Yu. Yu. Dubenskaya, A. P. Kryukov, E. O. Gres,
S. P. Polyakov, E. B. Postnikov, P. A. Volchugov,
A. A. Vlaskina, and D. P. Zhurov, Moscow Univ.
Phys. Bull. 79 (8) (2024).

59. S. Polyakov, A. Kryukov, A. Demichev, J. Duben-
skaya, E. Gres, and A. A. Vlaskina, in Proceedings
of The 6th International Workshop on Deep Learn-
ing in Computational Physics—PoS(DLCP2022)
(2022), Vol. 429, p. 003.
https://doi.org/10.22323/1.429.0003

60. D. Nieto Castaño, A. Brill, Q. Feng, T. B. Hu-
mensky, B. Kim, T. Miener, R. Mukherjee, and
J. Sevilla, in Proceedings of 36th International
Cosmic Ray Conference—PoS(ICRC2019) (Sissa
Medialab, 2019), Vol. 358, p. 752.
https://doi.org/10.22323/1.358.0752

61. M. Jacquemont, T. Vuillaume, A. Benoit, G. Maurin,
P. Lambert, G. Lamanna, and A. Brill, in Proceedings
of 36th International Cosmic Ray Conference—
PoS(ICRC2019) (Sissa Medialab, 2019), Vol. 358,
p. 705.
https://doi.org/10.22323/1.358.0705

62. T. Vuillaume, J. Mikael, L. Antiga, A. Benoit,
P. Lambert, G. Maurin, and G. Silvestri, EPJ Web
Conf. 214, 06020 (2019).
https://doi.org/10.1051/epjconf/201921406020

Publisher’s Note. Allerton Press, Inc. remains
neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

AI tools may have been used in the translation or
editing of this article.

MOSCOW UNIVERSITY PHYSICS BULLETIN Vol. 79 Suppl. 2 2024



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile (Color Management Off)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 290
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 290
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 800
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /RUS ()
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


