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Extensive air showers

High-energy particles colliding with the Earth
atmosphere generate cascades of secondary particles
known as extensive air showers (EASs). Cherenkov
radiation generated by EASs can be detected from the
ground and used to reconstruct the parameters of EAS
and the primary particles that generated them: its type,
energy, core, and direction of arrival (DoA).

The DoA is necessary for determining the particle origin
and is important for inferring other parameters from
the data from ground-based instruments.

In the TAIGA experiment, several types of installations
are used to collect EAS data, including imaging
atmospheric Cherenkov telescopes (IACTs) and an array
of wide-angle detector stations called HiSCORE. For
reconstruction of DoA, the data from HiSCORE are the
most important.
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HISCORE array

" The HiSCORE array o |13 TAIGAHISCO
consists of 120 wide- J s el
angle Cherenkov detector -
stations with 4 .
photomultipliers each, :
covering an area of ~1 S
kmA2 in Tunka valley in
Siberia, Russia. 500 -
° Their data include the
time of the signal, the -1000 gD T e S
integral of its amplitude, 1000 S0 @ N L0

and the duration of signal
at half of the peak
amplitude.
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Algorithms for DoA estimation /”f:

The traditional approach analyzes HiSCORE data by assuming spherical-like
wave front.

In the paper Kryukov, A. P., Vlaskina, A. A., et al. [1], the locations of the
HiSCORE stations were approximated by a 2D grid and their data (signal
registration time, signal duration, and its amplitude) were arranged as two-
dimensional quasi-images with 3 channels. A 2D convolutional neural
network (CNN) was trained with zenith and azimuth angles of the DoA as
labels.

In the paper Kryukov, A. P., Polyakov S. P., et al. [2], multi-layer perceptrons
with skip connections were trained to estimate DoA using data from and
coordinates of 8 or 10 triggered HiSCORE stations. This allowed us to
augment the training data by using several subsets of the triggered stations
of the same event, and derive more accurate composite estimates during
inference by averaging multiple subset-based estimates.

The results of both [1] and [2] were comparable with those of the traditional
approach: in [1] (from a 44 station array), the errors of zenith and azimuth
angles were on the order of 1°, in [2], the mean angular error was on the
order of 0.2°. The traditional approach currently yields mean angular errors
of 0.1°-0.5°.
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Improved algorithm for DoA

estimation
We propose a modification of the algorithm from - B e g [
2] AR
* We restrict the inputs to the data from and _ —200- ARy
coordinates of a relatively small number K of ~ _400- ; B
triggered stations. s - -
* The inputs are represented as a sequence of o - I 400
length K with several channels. -S00-00-200' 0 _200° 300 600 208

* Instead of fully connected NNs, we use 1D
convolutional NNs with kernel size 2:

Xl+1. :A(Z Wl+1
Lq p 4

: xl. + Wl+1 xl + bl+1 )
bp  Lp 9, q

Lp  i+lp

where A is the activation function, w and b are
the NN weights and biases, respectively, and x/;,
is the p-th feature at position i (i=1..K), calculated

by the NN layer / (/=0 for input channels).
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Input data for /ﬂg

the 1D convolutional NNs

* We use Monte Carlo-simulated data on events where the primary
particles are protons with energy between 40 and 400 TeV.

* The station trigger threshold is set at 200 photoelectrons; only
events with 5+ triggered stations are included.

* For our 1D convolutional NNs, we use data and coordinates from
K=8 stations as inputs. The 7 input values for each station are: t,
vQ, In(Q), d, x, y, z.

t — the average of photoelectron detection times (ns);

Q — signal amplitude or the number of photoelectrons (ph.e.);

d — the standard deviation of photoelectron detection times (ns);
X, ¥, Z — station coordinates (m).

(If fewer than K stations were triggered, the remaining values are
set to 0.)
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Architecture of
the 1D-convolutional NN

* The 1D-convolutional NN has i Residual block (1
33 hidden layers with f=576 P ,
— | Residual block (f) | BatchNorm
channels each. > I 1 s i
o 2 .
* Batch normalization and ¥|Hesidua+mmﬁ| el
Sigmoid Linear Unit (SiLU) i Bacom 15
1 SiLU
activation is used. ;s v
Sonce D ! ConviDI[2] F |
* The output layer is fully Ot 2 O
connected with linear
activation.
* The NN has ~21.3 M trainable
parameters.
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Architecture of
the 2D-convolutional NN
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[ Residual blo

* The 2D-convolutional NN has  —+——
a similar ResNet-like | Hesid::IXtJII:::{ﬁ.-ﬂj | Tesidual Block (1, )
architecture with 33 hidden I, ’
layers with f, = f, = 272 filters ° —= d:; : -
and a fully connected output . === ¢
|ayer ck (fp, f) | il | ConvE[t[SxB]fg | ;

* It has ~21.4 M trainable '
parameters. -

‘_‘_‘_g‘_‘_
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Defined parameters

Originally, we used plain
zenith and azimuth :

angles 8 and ¢ as labels. e o
However, this runs into
problems if the training

set has examples
spanning 360° for .

So we switched to x7, y*
from the gnomonic
projection.

This has also
substantially sped up the
training.
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Training: augmentation /”“5

Approximately 171 thousand events were used for training.

For the 1D convolutional NN, new inputs were generated every
2 epochs for the events with n > K triggered stations by

randomly choosing nonintersecting subsets of size K, resulting
in ~287 thousand samples.

Additionally, a mirror augmentation was used: the inputs and
labels had the sign of y and y* values changed at even epochs.

* At the final 20 epochs, the mirror augmentation was not used and
new inputs were generated every epoch.

For the 2D convolutional NN, K triggered stations were
randomly chosen at each epoch and the rest were masked.

* Atthe final 25 epochs, no masking was applied.
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Training: weights and learning rate /m;

schedule

* To avoid early overfitting for dimmer events, the NNs
were trained with weights proportional to n* where n is
the number of triggered stations.

* The learning rate was 0.001 for 1000 epochs.

* At the final 20 epochs, it exponentially decreased by
the factor of 1024.

* For the 2D convolutional NN, the final epochs were
preceded by 5 additional epochs with the learning rate
0.001 without masking.
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Results

Let Q denote the angular separation between the DoA used in the MC
simulation (true) and reconstructed one by one of our algorithms.

For the 1D convolution-based algorithm, Q depends on the number of
subset-based estimates.

We compared them for the maximum number of subsets M=1, 10, and
100.

91’ o Ql[}, o Q*I[}[}, o QZD’ o

mean 0.0909 0.0752 0.073 0.0831
median 0.0698 0.0507 0.0479 0.0578
68" percentile 0.0967 0.0758 0.0731 0.085

(Q" uses weighted meadians of the estimated zenith and azimuth angles
instead of their arithmetic means: the medians are more accurate for
M=100.)
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Distribution of zenith and azimuth

angle errors
Qsim and QDsim are the Zenith and iljr&)aditio-nal (-aII energies)

azimuth angles of the EAS axis SRR NI INE || 20
used in the MC simulation, Brec S 00q . .
and @rc are the corresponding $-054, I
estimates by the 1D convolution- ~1.0 T—— 1100
based algorithm (M=100). S N
1D CNN (all energies) 2D CNN (all energies)
1.0 1.0
S 051 10 & 05- 10¢
S 00 ] o % cIS 0.0 1 s ot 3
q‘§ ~0.5 - Q;E ~0.5 -
-1.0 T 10° -1.0 T 10°
-] 0 1 -1 0 1
(@sim — Preco)Sin(Osim) [°] (@sim — Preco)Sin(Bsim) [°]
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Conclusion ﬂa,e

* We developed an algorithm for estimating DoA of EASs from
TAIGA HiSCORE data based on 1D convolutional neural
networks.

* The proposed algorithm outperforms the traditional approach
on the same events, achieving on average ~3.5 times smaller
error. It also outperforms a simpler algorithm using 2D
convolutional NNs.

* On average, the angular error of the DoA estimates by the
algorithm is ~0.2° for events with 5 triggered stations and ~0.05°
for events with 8+ triggered stations.

* We plan to use the obtained results for the analysis of TAIGA
data, including multimodal data analysis of combined data of
the IACT and HiScore.
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Thank you!
Questions?
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