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Abstract—The TAIGA-HiSCORE setup is a wide-angle Cherenkov detector array for recording extensive
air showers (EASs). The array comprises over 120 stations located in the Tunka Valley near Lake Baikal.
One of the main tasks of data analysis in the TAIGA-HiSCORE experiment is to determine the axis
direction of the EASs and their core location. These parameters are used to determine the source of
gamma rays and play an important role in estimating the energy of the primary particle. The data collected
by HiSCORE stations include signal amplitude and arrival time and allow for estimation of the shower
direction of arrival. In this work, we use Monte Carlo simulation data for HiSCORE to demonstrate
the feasibility of determining the EAS axis directions with artificial neural networks. Our approach
employs multilayer perceptrons with skip connections, which take data from subsets of HiSCORE
stations as input. Multiple station subsets are selected to derive more accurate composite estimates.
Furthermore, we use a two-stage algorithm, where the initial direction estimates in the first stage are
refined in the second stage. The final estimates have an average error of less than 0.25◦. We plan to use
this approach as a part of multimodal analysis of data obtained from several types of detectors used in the
TAIGA experiment.
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1. INTRODUCTION

High-energy cosmic and gamma rays collide with
the nuclei of atmospheric atoms, creating cascades
of secondary particles known as extensive air show-
ers (EASs). These showers can be detected and
registered using various instruments such as imag-
ing atmospheric Cherenkov telescopes or arrays of
Cherenkov detectors of different types. Experimen-
tal facilities that employ multiple detector types si-
multaneously include, for example, TAIGA [1] and
LHAASO [2]. The obtained data allow experimenters
to determine the direction of the EAS axis, their core
location, the type of the primary particle and its en-
ergy.

Estimates of the shower axis direction can be ob-
tained from measurements of the shower registra-
tion time by several detectors distributed over a large
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area. This method is used in TAIGA-HiSCORE [3],
LHAASO [2], and HAWC [4] experiments. In this
paper, we demonstrate the feasibility of inferring the
axis direction of the EAS from the HiSCORE array
data using fully connected neural networks. We use
Monte Carlo-simulated data for EASs produced by
gamma rays.

Convolutional neural networks seem to be a natu-
ral choice for this problem, since HiSCORE stations
form a two-dimensional grid. However, the works [5,
6] using this approach have produced estimates that
are less accurate than previously developed methods,
such as [7]. We use multilayer skip-connected per-
ceptrons instead. They take data from a fixed number
of HiSCORE stations as input and produce partial
direction estimates. To use all of the available data, we
combine multiple partial estimates based on different
subsets of stations to derive composite direction esti-
mates.
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To improve the accuracy of direction estimates, we
added a second stage of the algorithm using a sep-
arate neural network. The initial direction estimates
(the composite estimates produced in the first stage)
are used to transform the input data for the second
stage, where the corrections to the initial estimates
are calculated. Same as the first stage, multiple par-
tial corrections calculated by the neural network are
combined to derive composite corrections. The final
estimates obtained in the second stage are compara-
ble in accuracy to those produced by the traditional
approach.

2. METHODS

2.1. Two-Stage Algorithm

We have a two-stage algorithm, with each stage
using its own artificial neural network. The first-
stage network (ANN-1) computes initial direction
estimates, and the second-stage network (ANN-2)
refines them. This is achieved by transforming the
input data for each event based on the initial direction
estimate. The transformation consists of projecting
the HiSCORE stations onto a plane orthogonal to the
estimated direction and adjusting the signal recording
times of the stations. Since the shower is symmetrical
about its axis, the adjusted times should have axial
symmetry around the intersection of the shower axis
and the projection plane. Inaccuracies of initial di-
rections result in deviations from this symmetry that
should be easier detected by ANN-2, allowing it to
calculate the necessary corrections.

2.2. Partial and Composite Estimates

Each stage of the algorithm uses a neural network
that takes data from a fixed number of stations. Any
subset of triggered stations (stations recording signal
at or above the threshold response amplitude) can be
used. The outputs of neural networks thus only use
part of the available data for the event. We call them
partial direction estimates for ANN-1 and partial cor-
rections for ANN-2. By combining multiple par-
tial estimates (corrections) for the same event based
on different subsets of triggered stations, we obtain
composite estimates (corrections). The final direction
estimates by the algorithm are composite estimates
by the first stage with composite corrections by the
second stage.

2.3. Input Data

The dataset we use consists of events simulated
using the Monte Carlo software for the TAIGA ex-
periment [8, 9]. The primary particles are gamma
rays with energies from 100 to 1000 TeV. The range
of EAS zenith and azimuth angles is 30◦ ≤ θ0 ≤ 40◦,
120◦ ≤ φ0 ≤ 240◦, respectively. The Cherenkov radi-
ation produced by the showers is detected by an array
of 121 HiSCORE stations with a threshold response
amplitude of 100 photoelectrons. The data from some
stations were discarded to ensure that for any event
the interval between signal detections by different
stations never exceeds 3 μs. Events with fewer than
10 triggered stations were excluded, except for the
training set for ANN-1, which was expanded using
events with 8 or 9 triggered stations. In the remaining
79 745 events, the average number of triggered sta-
tions is about 42. These events were randomly divided
into training, validation, and test sets, comprising
66 490, 7447, and 5808 events, respectively.

The input data for the neural networks are ob-
tained from fixed-size subsets of triggered stations.
The subset sizes are K = 8 for ANN-1 and K = 10
for ANN-2. Each input vector includes the station
coordinates, the number of detected photoelectrons,
and the mean and standard deviation of the detection
time for each station in the subset. The stations
are sorted by detection time. The shower direction
estimates must be shift-invariant, so the detection
time and station coordinates are given relative to the
first station, resulting in 6K—4 input values.

We used different algorithms to select station sub-
sets for the training set and for the validation and test
sets. For the training set, we aimed to moderately
expand the data without introducing excessive redun-
dancy. For the validation and test sets, the accuracy
of the composite estimates generally increases with
the number of subsets, so we used large numbers of
subsets per event.

For the ANN-1 training set, we selected random
subsets in a way that ensured that no pair had more
than two stations in common. This resulted in 3.88
million training input vectors. For the main validation
and test sets, we chose m = 120 as the maximum
number of subsets per event. In addition, sets with
m = 30, 60, and 240 were used.

At the second stage, generation of the training
data can follow two approaches. The first one is a
specialized approach trying to train the neural net-
work to correct the estimation errors made by the
first stage neural network ANN-1. The second one
does not focus on the specific ANN-1 and is aimed
at correcting any estimation errors of the magnitude
similar to the errors made by ANN-1. We chose
the second approach and randomly generated up to
100 direction estimates for each event with θ and
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Fig. 1. The architecture of the first stage neural network.

φ angles from the normal distributions N (θ0, 1.5
◦),

N (φ0, 3
◦). Such an approach is equivalent to data

augmentation. We chose standard deviations 1.5◦

and 3◦ that are approximately 5–6 times larger than
the standard deviations of the respective angles of the
initial direction estimates to better cover the cases
with large errors. For each pair of an event and a
direction estimate we independently selected random
subsets of triggered stations such that no pair shared
more than one station. This resulted in 42.9 million
training input vectors. Validation and test sets were
generated using composite direction estimates calcu-
lated in the first stage. Each has the same maximum
number of subsets per event m that was used to derive
the corresponding composite estimates.

2.4. Architecture of the Neural Networks

In the architecture of the proposed neural network,
we use two types of skip connections: ResNet-like
connections using addition and DenseNet-like con-
nections using concatenation [10, 11]. These types
of skip connections were proposed for convolutional
NNs to mitigate the vanishing gradient problem. We
use their analogs for fully connected layers. Smaller
blocks with fixed-size layers and residual connec-
tions (ResNet-like blocks) produce outputs that are
concatenated with the previous outputs to form the
inputs for the next block. Figure 1 shows the archi-
tecture of ANN-1. The first densely connected layer

has 800 neurons, followed by 12 ResNet-like blocks
containing 3 layers of 200 neurons with two residual
connections. ANN-2 is similar, but with 400 neurons
in each layer of its ResNet-like blocks instead of 200.
Batch normalization and leaky ReLU activation are
applied after each hidden layer.

The output of both neural networks is two linearly
activated values, which are interpreted as zenith and
azimuth angles θ1, φ1 for ANN-1 or corrections Δθ2,
Δφ2 for ANN-2, in degrees.

2.5. Training

The neural networks were implemented and trained
using TensorFlow.

For ANN-1, the loss function we used was sin2 ω1
where ω1 is the angle between the Monte Carlo axis
direction and the direction estimate by the neural
network. The network was trained for 400 epochs,
and the parameter values at epoch 330 were chosen
based on the accuracy of the composite estimates for
the primary validation set.

For ANN-2, the loss function was

(Δθ2 −Δθ0)
2 + sin2 θ(Δφ2 −Δφ0)

2,

where Δθ0 = θ − θ0, Δφ0 = φ− φ0 are the correc-
tions that the network needs to learn, and (θ, φ) is
the direction estimate that was used to transform the
input data. The network was trained for 50 epochs,
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Table 1. Mean angles between EAS directions and their
composite estimates by ANN-1

Weight Mean Median

1 0.2802◦ 0.2654◦

S 0.2729◦ 0.261◦

S2 0.2697◦ 0.26◦

S3 0.269◦ 0.2611◦

and the parameter values at epoch 45 were chosen.
In both cases, Adam optimizer [12] with the learning
rate 10−4 was used.

3. RESULTS

We used our two-stage algorithm with the trained
networks to obtain the EAS axis direction estimates
for the validation and test sets. Estimation errors
(angles between Monte Carlo EAS axis directions
and their estimates) for partial and composite esti-
mates were calculated for each stage. The partial and
composite estimation errors are denoted by ω and Ω,
respectively.

In the first stage, partial direction estimates pro-
duced by ANN-1 for each input vector in the primary
test set (with up to m = 120 vectors per event) have
the mean error ω1 = 0.546◦.

The simplest way to derive a composite estimate
from partial estimates is to calculate their arithmetic
mean. However, these estimates can be improved
by giving more weight to the subsets in which the
stations recorded higher amplitudes and by using me-
dian values for θ and φ instead of mean. We compared
eight composite estimates using weighted means and
weighted medians with weights 1, S, S2, and S3,
where

S =

K∑

k=1

Ak

and Ak is the number of photoelecrons detected by
kth station of the subset, 1 ≤ k ≤ K. Table 1 shows
the mean errors Ω1 of the eight composite estimates
for the primary test set. On average, the most accu-
rate composite estimates on the primary validation set
were S2-weighted median estimates, so they were se-
lected as the output for the first stage of the algorithm
and the initial estimates used in the second stage data
transformation.

For the primary test set, the mean error of the first
stage composite direction estimates Ω1 is 0.26◦. The
distribution of ω1 and Ω1 errors is shown in Fig. 2.

Table 2. Mean angles between EAS directions and their
composite S2-weighted median estimates by ANN-1 with
composite corrections by ANN-2

Weight Mean Median

1 0.2235◦ 0.2193◦

S 0.2196◦ 0.2165◦

S2 0.2176◦ 0.2153◦

S3 0.2171◦ 0.2159◦

In the second stage, the composite estimates by
ANN-1 with partial corrections by ANN-2 have the
mean error ω2 = 0.364◦ for the test set.

We compared mean and median composite cor-
rections with weights 1, S, S2, and S3 for the primary
validation set, and selected the S2-weighted median
correction. Table 2 shows the mean errors Ω2 of the
initial estimates with the eight composite corrections
for the primary test set.

The final result of the algorithm is the composite
estimate produced by the first stage with the compos-
ite correction by the second stage. For the primary
test set, the final direction estimates have the mean
value of estimation errors 0.215◦, median 0.125◦,
RMS 0.344◦. The distribution of the ω2 and Ω2 errors
is shown in Fig. 3.

The final estimates tend to become more accurate
with the number of triggered stations: for the 5237
test events with at least 15 triggered stations Ω2 =
0.183◦, for the 4670 events with at least 20 triggered
stations Ω2 = 0.162◦, for the half of the events with
at least 38 triggered stations Ω2 = 0.116◦, and for the
1341 events with at least 60 triggered stations Ω2 =
0.0885◦. Figure 4 shows the mean estimation errors
Ω2 depending on the number of triggered stations.

Table 3. The weight formulas used by composite estimates
and composite corrections and the corresponding mean
estimation errors by the first and the second stages for the
test sets with at most m input entries per event. S is the
total number of photoelectrons detected by the stations in
the subset

m
Stage 1
weight Ω1

Stage 2
weight Ω2

30 S 0.2711◦ S 0.2222◦

60 S 0.2654◦ S2 0.2175◦

120 S2 0.26◦ S2 0.2153◦

240 S3 0.2561◦ S2 0.2135◦
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Fig. 2. The distribution of the angles between EAS di-
rections and their partial and composite estimates by the
first stage of the algorithm. (The part where the fractions
are indistinguishable from zero is not shown; maxω1 =
15.135◦ , maxΩ1 = 4.714◦ .)

Less accurate estimates can be obtained at lower
computational cost by decreasing the number of sta-
tion subsets. Conversely, increasing the number of
subsets tends to increase the accuracy of the com-
posite estimates. Table 3 shows the mean errors of the
composite estimates obtained from the test sets gen-
erated with at most m = 30, 60, 120, and 240 station
subsets per event. In each case, the corresponding
validation set was used to select the most accurate
composite estimate. All composite estimates use
weighted medians with the weight formulas shown in
the table.

The accuracy of the conventional method for esti-
mating EAS directions based on TAIGA HiSCORE
data is on the order of 0.1◦ [7, 13]. When applied to
the data that we used, the preliminary results were
less accurate: the mean estimation error was 0.349◦,
median 0.12◦, RMS 0.67◦ [14].

4. CONCLUSIONS

We use multilayer perceptrons with skip connec-
tions to obtain EAS direction estimates based on data
from subsets of TAIGA-HiSCORE stations. The
obtained results are combined to obtain composite
estimates. The algorithm consists of two stages:
initial axis direction estimate and its refinement.

Our results show that artificial neural networks
estimate EAS directions with accuracy comparable to
that of conventional methods. For the events of our
test set, the average error of the estimate is 0.215◦,
and if we consider only the events detected by at least
60 of the 121 stations, the average error is 0.0885◦.

The TAIGA installation includes several types of
detectors located in the same place as HiSCORE.
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Fig. 3. The distribution of the angles between the EAS
direction and its estimates by ANN-2 for the primary test
set. (The part where the fractions are indistinguishable
from zero is not shown; maxω2 = 6.312◦ , maxΩ2 =
4.544◦ .)
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Fig. 4. The mean estimation errors for the test events
grouped by the number of triggered stations.

We plan to integrate the proposed approach for the
analysis of multimodal data, which will include data
from different setups.
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