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Abstract In this paper we propose a novel algorithm based on the use of Principal Components
Analysis for the determination of spherical coordinates of sampled cosmic ray flux distribution. We
have also applied a deep neural network with encoder-decoder (E-D) architecture in order to filter-off
variance noises introduced by sampling. We conducted a series of experiments testing the effectiveness
of our estimations. The training set consisted of 92 250 images and validation set of 37800 images. We
have calculated mean absolute error (MAE) between real values and estimations. When E-D is applied,
the number of cases (estimations) where MAE < 10 increases from 48% to 79% for 6 and from 62% to
65% for ¢, MAE < 5 increases from 24% to 45% for 6 and from 47% to 52% for ¢, MAE < 1 increases
from 6% to 9% for 6 and from 12% to 16% for ¢, where 6 is the zenith angle, and ¢ is the azimuthal
angle. This is a significant change and it demonstrates the high utility of the E-D network use and
shows the accuracy of the PCA-based algorithm. We also publish the source code used in our research
in order to make it reproducible.

Keywords: cosmic-ray shower, spherical coordinates, detector grid, Principal Component Analysis,
Encoder-Decoder network.

1. Introduction

The ultra-high-energy cosmic radiation reaching the Earth’s atmosphere is extensively
studied because of its still unknown sources and mechanisms of acceleration as well as be-
cause of the implications for the dynamics of the atmosphere, life on Earth, interferences
with electronic systems and even possible correlations with seismic phenomena [25], to
name just a few [5]. Practical exploration of these phenomena is based on observations
obtained from specialized detectors capable of detecting secondary jets produced in the
atmosphere and reaching the Earth’s surface. These jets can arise due to atmospheric
collisions of either single primary high-energy particles or cosmic ray ensembles (CRE),
i.e., groups of cosmic rays generated in outer space.

Such observations are made primarily by large-scale infrastructure detectors in pro-
jects such as Pierre Auger Observatory in Argentina [48], IceCube in Antarctica [1,2]
or Baikal-GVD at Lake Baikal in Russia [6,44]. Due to their fixed location, such in-
stallations have a limited detection area. To expand the possibilities in this regard,
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observational structures involving small-scale detectors distributed around the world
have been proposed. Projects such as CRAYFIS [32], DECO [51], CREDO [9,24] incor-
porate widely available mobile devices like smartphones and webcams into the citizen
science paradigm. Projects allied within the CREDO consortium aggregate observations
obtained from a variety of simple and low-cost detectors that can be densely distributed
over a local area [29]. The novel image processing algorithms make it possible to detect
potential cosmic ray events using even off-the-shelves CMOS cameras [21].

Recently, advanced Al methods have been widely used to analyze such data. The
potential of such techniques is used both for low-level recognition of detector signals [8,
19, 37, 53] and globally to detect features and correlations for surface or distributed
detector networks [13,28,31,45,49]. The latest scientific and implementation research
allows for real-time detection of potentially anomalous particle tracks and similar particle
tracks detection in big data image datasets acquired by CMOS sensors [22,38]. We
need simulations to understand spatial distribution of showers [16,34]. In this paper,
we propose an Al-based method to disentangle the directional information from sparse
lateral distributions.

AT methods used in detection of ultra-high-energy particles are basically determined
by the types of measurement sensors that are used to detect cosmic rays. Stationary
observatories such as Pierre Auger, IceCube or Baikal-GVD use a well-defined spatial
arrangement of homogeneous detectors. For this reason, this is a fundamentally differ-
ent research problem than the one considered in our work, which is a feasibility study
aimed at proving that the jet geometry can be reconstructed with non-homogeneous
but very flexible cosmic rays detectors set-up. This set-up may consist of various types
of detectors, both industrial made and amateur constructions, with almost arbitrary
localizations which fit into the general notion of Citizen Science paradigm. The paper
proves that it is possible and our method is directly useful in the design of small-scale
complex cosmic-ray exposure (CRE) secondary flux detection systems which can be a
part of distributed cosmic ray observatories like CREDO.

To the best of our knowledge, the results presented in this work are pioneering in the
design of small-scale complex CRE secondary flux detection systems, and it is difficult
to point out research results with which to contrast our proposed method.

2. Material and methods

2.1. Muon lateral distribution

In order to generate the simulated cosmic shower, we used the approach previously
described in the paper [20]. The equation describing the muon distribution is shown in
equation (1) (muon is an elementary particle similar to the electron but with a much
greater mass). According to this equation the distribution is singular at r = 0 for typical
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values of the age parameter s, thus needs to be truncated for distances smaller than
Tmin [12,17].

( ) pu(rmin)7 oy ous 7 < Tmin » (1)
PulT) = N, I'(4.5—s) - 4
2m2 T 5-25) \ 7o 1+ . T>Timin,

where s is the age parameter [52], N, is the shower size parameter, and 7 describes the
characteristic size of the shower.

It should also be taken into account that the cosmic shower can hit the ground at
different angles, which can be defined using the spherical coordinates 6 € [0, 7/2] and
¢ € [0, 7] (r is constant), 6 is the zenith angle, and ¢ is the azimuthal angle [12]. There
is no need to consider a larger range of angles, since the distributions in them at the
ground are periodic (see visualizations in [20]). Example distributions depending on the
angles of (0, ¢) can be seen later in this paper (Figures 6, 7); a detailed analysis can be
found in [20]. The paper [20] also presents the relationship between spherical coordinates
0, ¢ and the distribution of projection of cosmic ray shower registered on ground.

Finding a pair of angles (6, ¢) on the basis of statistical analysis of the distribution of
cosmic shower particles on the earth’s surface makes it possible to determine the direction
from which the cosmic shower came. The proposition and evaluation of the algorithm for
determination of spherical coordinates of sampled cosmic ray flux distribution using data
acquired by grid of detectors in the presence of background noise is the main objective
of this paper.

2.2. Calculation of angles (0, ¢) based on analysis of cosmic ray particle dis-
tribution using Principal Components Analysis

Determining the (6, ¢) pair of angles allows us to determine from which direction the
cosmic rays came.

An Img matrix of size nxm is given, which represents a discrete measurement grid of
cosmic rays. The value in each grid field is equal to the number of particles that have been
recorded in that grid field. Suppose there is a recorded cosmic shower inside the grid with
a distribution consistent with (1) but with unknown values of (6, ¢). The Algorithm 1
allows us to estimate these unknown angles using PCA [27]. PCA is a popular and proven
technique, which in different variants allows analyzing the distribution of data depending
on angular parameters for example in geodesic [18,33,41,42] or climatological data [40].
Paper [47] reports successful application of PCA-based analysis of cosmic-ray data for
extraction of Hale Cycle. In [43] authors perform fully empirical atmospheric correction
of cosmic ray data using PCA. Because of those facts, PCA seems to be promising for
analysis of another natural phenomena like analysis of spherical coordinates of cosmic
ray flux distribution.
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Data: Input: Img — input image with dimensions nxm
Result: (0, ¢) — a pair of spherical coordinates.
// Resample image to range [0,255] making values discrete
Img = Integer(255 - (Img - min(Img)) / max(Img));
// Create empty list of points
Points «+ 0;
// Iterate through all grid points and add as many times a point with the
given coordinates as the number of times a particle has been registered
in it
for z = 0;x < n;z + + do
for y=0;y <m;y+ + do
for ¢ = 0; ¢ < Img[z,y];c+ + do
‘ Points. Append((z, y));
end

end

end

// meanl, mean2 - mean points value; vl, v2 - PCA components; exvl, exv2 -
explained variance

[mean, v0, v1, exv0, exvl] = PCA(Points);

// modify the first vector in order to have first coordinate positive

if v1][0] < 0 then

| vl=—1x%0l;

end

6 = arccos(exvl/exv0);

¢ = m — arctan2(v1[0], v1[1]);

return (0, ¢);

Algorithm 1: Estimating the angles (6, ¢) of the distribution (1).

In practice, however, we will not have such a dense measurement grid to be able
to measure the distribution of particles at discrete points in contact. Suppose we have
a square grid in which the distance between the particle detectors horizontally and
vertically is constant at d (see Figure 1. Let us denote the sampled Img grid as Img,,.

Analysis of variance based on a set of relatively distant samples might be biased. To
increase the spatial density of the samples, we can use a convolution with a Gaussian
kernel with a size proportional to the sampling d [26]. In our case, we proposed a filter
size equal to 4 - d + 1 with 0 = 0, which has a large enough diameter to cancel out the
sampling “holes” (2):

Imgy Gauss = Img ® GaussianKernel(4.q41,4.4+1) » (2)

where ® denotes convolution. For the purpose of performing variance analysis with the
Algorithm 1, it is not necessary to use a high-resolution grid. If the distribution is inside
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Fig. 1. An illustrative drawing showing a 7x 7 grid of detectors, spaced by d in both directions. The
detectors are black squares that are equally spaced along the x and y axes. A hypothetical
histogram of the density of the particle distribution is shown in the background.

the sampled area, which preserves its spatial contour, it may be possible to resampling
the original grid to a given lower resolution. This can be done using, for example, the
following proposed Algorithm 2. It allows us to create fewer samples while preserving
the sum of the detected particles.

2.3. Enhancing sampled distribution image by deep convolutional encoder-
decoder

The method proposed in the previous section for determining the parameters of (8, ¢)
consists of three steps: registration of radiation samples, Gaussian filtering (2), resam-
pling with the Algorithm 2, and estimation of angles using the Algorithm 1. We can try
to improve the reconstruction of the original particle distribution by using an encoder-
decoder (E-D) neural network [14, 15,23,46]. The role of this network will be to re-
construct the original pre-sampled signal, but after applying Gaussian filtering (2) and
rescaling with Algorithm 2. For this purpose, we used the following network:
e Encoder:
o Convolution layer with 16 3x3 filters followed by ReLU activation and max pooling 2x2;
o Convolution layer with 8 3x 3 filters followed by ReLLU activation and max pooling 2 X 2;
o Convolution layer with 8 3x 3 filters followed by ReLU activation and max pooling 2 X 2;
e Decoder:
o Convolution layer with 8 3x 3 filters followed by ReLU activation and up-sampling 2 x 2;
o Convolution layer with 8 3x 3 filters followed by ReLLU activation and up-sampling 2 X 2;
o Convolution layer with 16 3x3 filters followed by ReLU activation and up-sampling 2x 2;
o Convolution layer with 1 3x 3 filter followed by sigmoid activation.
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Data: Input: Img — input image with dimensions n xm; scale — resampling factor
(scale > 1)

Result: Img,  — resampled image.
// calculate the size of the resampled image
xSize = Integer(n / scale);
ySize = Integer(m / scale);
// initialize the resulting matrix with zeros
Img, .. = zeros(xSize, ySize);
// iterate through all grid points
for £ = 0;x < xSize;z + + do
for y = 0;y < ySize;y + + do
sum = 0;
for a = 0;a < scale;a + + do

for b =0;b < scale; b+ + do

| sum = sum + Img|(scale  z) + a, (scale * y) + b];

end
end
Img,.. [z, y] = sum;
end
end

return Img,;

Algorithm 2: Resampling with preservation of the sum of detected particles.

In training, we will use the binary cross entropy loss function. The training data
consisted of pairs:
eas an input Img filtered by (2), resampled by Algorithm 2 and scaled to discrete
(integer) range [0,255]
e as an output Img, filtered by (2), resampled by Algorithm 2 and scaled to discrete
(integer) range [0,255]
The resulting image generated by the encoder-decoder described in this section is
then subjected to the Algorithm 1 to estimate the (6, ¢) angle pair. In Figure 2 we
present a diagram that explains the proposed method.

3. Results

In this section, we will describe the validation tests of our PCA-based Algorithm 1 and
how the use of E-D network affects the resulting angle pair estimates (6, ¢).

To test the performance of our method, we specified the following particle flux param-
eters (1): IV, = 105 (corresponds to a primary particle energy of more than 10¢ eV [39]),
ro = 100 (this value is compatible with the Moliére radius in the Earth’s atmosphere at
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Physical phenomenon Data processing and analysis

Sampled jet
with background radiation

UHECR

Application Gaussian filtering
and deep encoder-decoder

Unknown spherical

coordinates Reconstructed jet

Algorithm 1,
PCA-based analysis

Principal axes

«edePe s

Spherical coordinates of cosmic ray flux distribution

Fig. 2. Diagram that explains the proposed method. Ultra-high energy cosmic ray (UHECR) with
unknown spherical coordinates generates a jet that is observed on Earth surface by the detectors.
Data registered by detectors is sampled and mixed with background radiation (noise). After
applying Gaussian filtering, deep encoder-decoder network reconstructs the original jet and
Algorithm 1 is used to calculate spherical coordinates of the cosmic ray flux distribution.

the ground level [3,4]), s = 1.3 [20]. We assumed that the particle flux is recorded over
an area of 800 x 800cm. The area is divided by a 1x1 cm grid. This means that the
initial Img image has a resolution of 800x800 (n = m = 800). Let us assume that in the
800 x 800 cm area at intervals of d = 25cm there are detectors equally spaced horizon-
tally and vertically, each with an area of 1x1cm. This means that we sample Img with
32x32 = 1024 samples (detectors) thus obtaining Imgy. We assume that each detector
is capable of recording all the radiation particles that hit it during a single event. We
have assumed the value of background radiation according to [35,36], where the muon
flux density at the earth’s surface is 1 3= Thus, we can assume that over a period
of 1 second, the background radiation density at 1cm? of the earth’s surface averages

_ 1 muons __ muons
P = %0 scm? — 001(6) s-cm? *

We conducted a series of experiments testing the effectiveness of the Algorithm 1.

1. Angle estimation based on Img with resolution 800 x 800;

2. Angle estimation based on Img filtered by (2) and resampled with Algorithm 2 to a
resolution of 80 x 80 pixels.

3. Angle estimation based on Img, filtered by (2) and resampled with the Algorithm 2
to a resolution of 80x 80 pixels.

4. Angle estimation based on Img, filtered by (2) and resampled with Algorithm 2 to a
resolution of 80 x 80 pixels and reconstructed by E-D network.
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Encoder-decoder training

loss (binary crossentropy)

0.080 0.085 0.090 0.095 0.100 0.105
I

epoch

Fig. 3. A plot of loss function value during training.

The last two cases in the list above (3 and 4) are real-life scenarios. Cases 1 and 2 are
used to check the validity of the Algorithm 1 assumptions, since in practice in these
cases we have a very densely sampled distribution, which is not very realistic.

In order to train the E-D network, we generated distributions (1) in which the angle
of € {0,2,4,...,80}, ¢ € {0,2,4,...,178} (a total of 3690 distributions). We then
discretized the distributions to an 800x800 grid by adding offsets along the x and y axes
of {0, 3, 6, 9, 12} cm. Thus, the final training set consisted of 92 250 discrete images. We
filtered the 800x800 image (2) and resampled with the algorithm 2 to resolution 80x80.
These images were the input to the E-D network. In the output we used the same
data Img,; where d = 25. We filtered Img, by (2) and resampled with Algorithm 2 to
resolution 80x80. In this case, the validation set was not needed because the validation
was done as part of the validation of the entire Algorithm 1 (see discussion below). We
used the optimization algorithm Adam [30] with learning rate = 0.001. The training
lasted 50 epochs. A plot of loss function is presented in Figure 3.

We implemented our approach in Python 3.8 using Keras/Tensorflow 2.8, scipy 1.8
and opencv-python 4.5 libraries. Significant speed-ups in generating distributions (1)
were achieved using the numba 0.56 library. The entire experiment including data gen-
eration, network training and validation Algorithm 1 on a PC computer with Intel Core
i7 3.00 Ghz; 64 GB RAM, Windows 10 OS took more than 3 days to execute. Some of
the figures were made in R 3.6 language using dplyr 0.8 library and ggplot2 3.4.

In order to test the performance of our method, we generated a validation set of
distributions (1) in which the angles § € {1, 3,5, ...,83}, ¢ € {1, 3,5, ...,179}. In addition,
we introduced a random offset of the distribution along the z and y axes in the range
of values [0,12] cm which corresponds to half the distance between the positions of the
simulated particle detectors. For each test configuration of the (6, ¢) pair, we performed
10 independent simulations (1) and background radiation with random offset values.
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There were 37800 images in total. We then applied the Algorithm 1 to each test case
1, 2, 3 and 4. The results for each pair (6, ¢) were averaged and the estimated angles
(0, ¢) are shown in Figures 4 and 5. All the results are shown in degrees.

The source codes we have written can be downloaded from [10]. That online repos-
itory contains all source codes that are required to replicate the study including data
generation script, network training, evaluation and plotting the results. All calculations
included in this work were made using source codes from that repository.

The examples of results form the presented analysis made with the Algorithm 1 are
shown in Figs. 6 and 7.

4. Discussion

The training of the E-D network, which changes in the loss function in successive itera-
tions can be seen in Figure 3 was stable. After 50 epochs, loss had a binary cross entropy
value of 0.080, which has remained virtually unchanged since epoch 40.

As can be seen in the Figures 6 and 7, the Algorithm 1 using PCA to detect the
directions along which the largest variance is found works as expected. The axes are
found with relatively small error, so that the estimation of the angle 8, which is calculated
directly from the first axis of the PCA, is precise. In the case of the angle ¢, for the
calculation of which the variance ratio along the PCA axis is used, images that have
more noise such as Img+sampled+Gauss and Img+sampled+Gauss+resampled have a
less precise estimate of the ¢ angle than the img+Gauss+resampled and Img+sam-
pled+Gauss+resampled+E-D example. Figures 6 and 7 also show that the proposed
E-D is effective in cleaning Img+sampled+Gauss+resampled from measurements that
cause disturbances in the variance estimation, which directly translates into improved
estimation of 6.

These conclusions are supported by detailed statistic studies, the results of which we
present in Figures 4 and 5. These figures show mean absolute error (MAE) estimates
of (0,¢). In the case of the full Img image, the 6 angle estimate is very accurate and
decreases due to resampling. The largest error in determining the angle 6 is in the
area of small value of this angle (less than 10 to 20 degrees) because then the change
in the statistical distribution of radiation particles is not large enough to be accurately
estimated by PCA. A similar phenomenon also occurs in the case of the angle ¢, when
the largest estimation error is in the interval [0, 10] and [170, 180]. This is due to
trigonometric periodicity. Both of the phenomena discussed above are expected and
easily explained, which proves the stability of our proposed method. As can be seen in
Figure 5, the use of the E-D network significantly improves the accuracy of the angle 6
estimate, which is calculated based on the variance along the PCA axis sometimes by as
much as 20 degrees on average, compared to the estimate without the E-D architecture.
The larger the actual 6 angle is, the more the particle distribution is “stretched” in space
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Fig. 4. MAE of estimations of (6, ¢) from Algorithm 1. Each measurement is averaged over 10 trials.
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Fig. 5. MAE of estimations of (6, ¢) from Algorithm 1. Each measurement is averaged over 10 trials.
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Fig. 6. Examples of results of Algorithm 1 for (0 = 62,¢ = 85). From left to right, from top to
bottom (see also the titles of images): estimation of these angles for Img (800 x 800) equals
(6 = 62.64,¢ = 85.15), for Img convolved by Gaussian it is (6 = 60.96,¢ = 85.38), for Img
convolved by Gaussian and resampled to 80 % 80 it is (f = 60.77,¢ = 85.21), for sampled Img,
convolved by Gaussian (800 x 800) it is (6 = 50.17, ¢ = 84.34), for sampled Img,; convolved by
Gaussian and resampled to 80x 80 it is (6 = 49.43, ¢ = 84.19), for sampled Img, convolved by
Gaussian, resampled to 80x 80 and processed by E-D it is (§ = 56.55, ¢ = 84.84).

and more noise appears on Img, through the sampling process. The E-D network does
an excellent job of reducing this unfavorable phenomenon. As in the previously discussed
cases, this phenomenon is expected and easily explained, which proves the stability of
Algorithm 1. When E-D is applied for Img, convolved and resampled, the number of
cases (estimations) where MAE < 10 increases from 48% to 79% for 6 and from 62% to
65% for ¢, MAE < 5 increases from 24% to 45% for 6 and from 47% to 52% for ¢, MAE
< 1 increases from 6% to 9% for 6 and from 12% to 16% for ¢. This is a significant
change and demonstrates the high utility of the E-D network used.

5. Conclusion

The proposed algorithm based on the use of PCA for the determination of spherical
coordinates of sampled cosmic ray flux distribution proved to be an effective and precise
method in the experiment we conducted. The additional use of a deep neural network
with an encoder-decoder architecture significantly increases its efficiency in the area of
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Fig. 7. Examples of results of Algorithm 1 for (§ = 76,¢ = 170). From left to right, from top to
bottom (see also the titles of images): estimation of these angles for Img (800 x 800) equals
(6 = 75.87,¢ = 169.54), for Img convolved by Gaussian it is ( = 72.96,¢ = 169.85), for Img
convolved by Gaussian and resampled to 80x 80 it is (§ = 72.85, ¢ = 169.81), for sampled Img,
convolved by Gaussian (800x800) it is (6 = 57.13, ¢ = 169.97), for sampled Img, convolved by
Gaussian and resampled to 80x 80 it is (§ = 57.04,¢ = 170.01), for sampled Img, convolved by
Gaussian, resampled to 80x 80 and processed by E-D it is (§ = 72.00, ¢ = 173.06).

high values of angles (6, ¢) making the proposed approach even more effective. Our Al-
gorithm 1, together with the E-D network, is a very important method that will find its
application in the research related to physical observations of fundamental astronomical
processes. In particular, the introduced scheme can be directly useful in the design of
small-scale complex CRE secondary flux detection systems. As we mentioned earlier,
to the best of our knowledge, the results presented in this paper are pioneering in the
field of small-scale complex CRE secondary flux detection systems, and it is difficult to
point out research for the direct comparison. However, based on published research de-
scribing the use of a deep encoder-decoder for image denoising and original probabilistic
distribution reconstruction [7,11,50,54] we obtained the expected results, that is, the
removal of unwanted noise at various frequencies while enhancing the signal with the
desired statistical distribution. The effect of this denoising was an increased accuracy in
estimating the rotation angles of the particle distribution described by the equation (1).

Several research problems have arisen in the preparation of this study that need to
be addressed in future work. These include the effect of the topology of the detector grid
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on the efficiency of estimating the angles (0, ¢), the estimation of the appropriate grid
density on the correctness of the estimate, and the dependence of the estimate on the
energy of the particle flux and the offset of the flux center with respect to the detector
grid center. These issues will be the subject of future research; nevertheless, it can
already be summarized that our proposed method is a very effective approach.
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