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Abstract—The SPHERE-3 telescope, currently under development, is designed to study cosmic rays in
the energy range of 1–1000 PeV. In this work, we propose a method for filtering extensive air shower
(EAS) events whose axes lie outside the telescope’s field of view by employing two complementary machine
learning approaches. The first approach uses a convolutional neural network (CNN) to regress the distance
between the telescope axis and the EAS axis. The second relies on an autoencoder with an embedded spatial
transformer network, trained to reconstruct only “true” EAS images and to discriminate events based on
reconstruction error. We demonstrate that the combined approach achieves high accuracy: most “true”
events are retained while “false” ones are effectively suppressed. Since the method does not depend on the
primary particle’s energy, mass, or arrival direction, it provides robust and universal filtering. The method
can be integrated into a trigger system or event selection pipeline for subsequent physical analysis.
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1. INTRODUCTION

The SPHERE-3 telescope, currently under de-
sign, is intended to study cosmic rays with energies
ranging from 1 to 1000 PeV. The telescope will reg-
ister Vavilov–Cherenkov radiation (Cherenkov light,
CL) reflected from a snow surface in order to ac-
complish this goal. One of the key steps in data
processing is the correct identification of events in
which the axis of an extensive air shower (EAS) falls
within the telescope’s field of view (FOV), or more
precisely, within its fiducial area.

In every experiment, a specific set of conditions
must be satisfied for an event to be accepted for
analysis. One of these conditions is the location
of the shower axis within a certain area (spacial or
angular). Typically, this region is fully contained
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within the detector’s geometrical area (or full FOV)
and might be smaller. For conventional large-scale
EAS detector arrays, it is typical to step one or two
stations from the border of the array [1, 2]. For smaller
arrays, the selection criteria typically requires that
the reconstructed EAS axis lies within the detector
perimeter [3].

At large distances between the EAS axis and the
center of the FOV, fluctuations can create situations,
in which the apparent bright spot does not accurately
correspond to the actual position of the EAS axis,
especially in case of near-edge axes location. This
can lead to systematic errors when reconstructing
the properties of the primary particle based on an
approximation of the photons lateral distribution
function.

To improve the quality of data analysis, filtering
of such “false” events is necessary. Correct identifi-
cation of images in which the brightness maximum
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Fig. 1. SPHERE-3 experiment scheme. On the left is a schematic representation of the experimental setup, on the right is
a schematic representation of the EAS events, whose axis fell inside and outside the field of view boundary. The images are
conceptual and not based on actual data or simulations.

corresponds to the true position of the EAS axis
reduces systematic uncertainties and enhances the
reliability of subsequent physical analyses. This work
proposes a method for filtering such events, based on
the use of machine learning algorithms specifically
trained on simulated images, achieving high accuracy
in distinguishing true and false maxima, independent
of the energy, mass, and angle of arrival of the primary
particle.

The SPHERE-3 experiment setup is presented
in Fig. 1. The telescope with a 20◦ field of view is
mounted on an unmanned aerial platform with flight
altitudes ranging from 500 to 1500 m above the snow
covered surface. The telescope’s sensitive camera has
379 optical segments, each housing 7 silicone pho-
tomultipliers (SiPM) with lens light collectors, 2563
pixels in total. The detector’s effective aperture is
about 2 m2 [4]. This configuration allows for detecting
of EAS CL reflected from the surface in the energy
range of the primary particle from 1 to 1000 PeV. The
geometry of the experiment defines a critical zone: as
the shower axis moves away from the center of the
field of view, the image gradually moves out of the
observable region. For each height, there exists a
radius beyond which the axis is no longer under direct
observation.

2. BACKGROUND AND RELATED WORK

2.1. Methods for Reconstructing EAS Primary
Particle Parameters

Various techniques have been developed to recon-
struct the primary parameters of EAS. Ground-based
particle arrays, such as the Pierre Auger Observa-
tory and the Telescope Array, employ networks of
scintillation or water-Cherenkov detectors to mea-
sure the density of secondary particles at the ground.
In contrast, imaging atmospheric Cherenkov tele-
scopes (IACTs) detect the direct Cherenkov light
emitted in the atmosphere. Some arrays combine
optical and particle measurements to extend the ef-
fective area, though they require large infrastructures.
The SPHERE concept offers an alternative, enabling
such studies with a single, compact instrument by
detecting Cherenkov light reflected from a snow sur-
face using a telescope carried on a balloon or un-
manned platform. This method provides informa-
tion close to the shower core with minimal hardware,
though it introduces specific systematic effects.

2.2. The SPHERE Series

The technique of detecting Cherenkov light from
extensive air showers via reflection from a snow sur-
face has been explored in the SPHERE program and
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Fig. 2. Performance of the classical approach to filtering maxima base on the quality of approximation by an axially symmetric
function.

related efforts for decades. Balloon-borne SPHERE-
2 [5] measurements performed in 2011–2013 demon-
strated the feasibility of the approach and provided
both simulated and experimental constraints on re-
construction accuracy and systematic effects for re-
flected Cherenkov observations [6].

Our recent studies were focused on modeling and
improving the methodology for reflected-light tele-
scopes. In particular, modelling efforts developed for
SPHERE-3 indicate enhanced angular and photo-
metric sensitivity compared to earlier prototypes.

2.3. Status of SPHERE-3 and Origin
of the “False Maxima” Concern

The SPHERE-3 detector is currently in the de-
sign and simulation stage and has not yet acquired
real data; therefore, the present paper and related per-
formance estimates are based on detailed simulations.

Simulation studies provide the primary evidence
that local fluctuations can produce a brightest pixel
(a local maximum) that does not correspond to the
true projection of the shower axis. Independent work
within the collaboration has explicitly examined the
impact of filtering out these “false maxima” on the
reconstructed primary parameters, showing that such
filtering can significantly alter the estimated energy
and composition distributions in model-based stud-
ies. In particular, the [7] presents a method for filter-
ing and quantifies how the results change depending
on the accuracy of the filtering process, using simu-
lated events for their analysis. Similar to this study,
our research was conducted on simulated events us-
ing a software suite [8].

3. THE PROBLEM OF “FALSE” MAXIMA

Registration of events near or outside the FOV
boundary leads to a specific problem. Methods for re-
covering primary parameters based on approximating
the CL photons distribution assume that the bright-
ness maximum of the image corresponds to the pro-
jection of the shower axis. However, in the case of
partial observation of the EAS, the brightness max-
imum may be caused by local fluctuations of the
cascade and be shifted towards the edge of the image,
not coinciding with the true axis. Using such “false”
maxima in the reconstruction of primary particle pa-
rameters leads to systematic errors, particularly when
estimating the energy distribution.

The traditional method, also described in [7], is
based on constructing some feature extraction func-
tion (a function that yields a value using all pixels’
data), the distribution of which should differ for true
and false events (i.e. the χ2 of the best-fit axial-
symmetric function approximation). Then, based on
this value, a threshold is selected that allows rejecting
as many events with a “false” axis as possible and
preserving the maximum number of true ones. The
errors of the method as a function of the primary
particle mass and energy are shown in Fig. 2. It
can be seen that despite the high quality of the fil-
tering (partly due to the higher relative contribution
of lighter particles (p) and low energies (1–5 PeV) to
the total error), the errors of the method depend on the
parameters of the primary particle.

Thus, it is reasonable to develop a neural network
method for reliable filtering of “false” maxima events
with minimal dependence on the energy, mass and
angle of arrival of the primary particle.
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Fig. 3. On the left are regression errors for reconstructing the distance to the true shower axis. On the right is the reconstructed
distance for two classes of events—true and false. For a telescope height of 500 m, a distance of 180 m from the telescope axis
corresponds to the real position of the FOV boundary.
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Fig. 4. Dependence of the separation boundary on the mass (type) and energy of the primary particle.
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Table 1. CNN architecture

Layer Type Kernel Stride
Out

channels

conv1 Conv2d 3× 3 1 2

conv2 Conv2d 4× 4 2 6

conv3 Conv2d 4× 4 2 3

conv4 Conv2d 4× 4 4 3

fc1 Linear – – 1

4. DATA SIMULATION

To develop and test the filtering methods, we gen-
erated an extensive model database of EAS images
using the computational resources of the Lomonosov
supercomputer [9]. The simulation was carried out
for three fixed energies (5, 10, 30 PeV), three types
of primary particles (proton (p), nitrogen (N), iron
(Fe)) and three zenith angles (15◦, 20◦, 25◦), the
QGSJETII-04 [10] hadron interaction model was
used. The telescope height was fixed at 500 m.
The CORSIKA [11] and Geant4 [12] software pack-
ages were used to simulate the development of the
shower and the passage of photons through the op-
tical scheme of the telescopes.

For each combination of parameters, many re-
alizations of cascades were generated, taking into
account statistical fluctuations in the development of
the showers. Each cascade was also reused multi-
ple times for uniform filling of the simulated field of
view. All methods described below were trained on the
same training set, across all its examples. Similarly,
the same test set was used for testing all methods.
A total of 18 000 images were used for training, and
9 000 for testing.

The images were processed to reconstruct the
shower axis position by fitting the distribution of

Table 2. STN module architecture

Layer Type
Kernel/

Stride
Units

stn.conv1 Conv2d 5×5 1

stn.pool1 MaxPool2d 2×2 2

stn.conv2 Conv2d 5×5 1

stn.pool2 MaxPool2d 2×2 2

stn.fc1 Linear 32 –

stn.fc2 Linear 6 –

Cherenkov photons with an axis-symmetric func-
tion [7]. Events in which the reconstructed axis
location deviated by more than 25 m from the true
value were labeled as false maxima. The analysis
showed that when the true axis was within the
detector’s FOV, the method almost always recon-
structed the axis position correctly. However, in cases
where the axis was located near or beyond the FOV
edge, the algorithm performed poorly. Therefore, we
reformulated the task as the identification of whether
the EAS axis is located within the detector’s FOV.

So, in this work it is considered that “true” images
correspond to the situation when the shower axis lies
inside the telescope’s FOV, “false”—when it does not.
For a telescope altitude of 500 m, this boundary will
lie approximately at 180 m: events in the simulation
of which the shower axis fell further than 180 meters
will be called ‘false’.

The ratio of true to false events in this simulation
setup was approximately 1 : 3.

5. METHOD

5.1. Method 1—Regression of the Distance
to the EAS Axis

The first proposed approach is based on regressing
the distance from the center of the telescope’s FOV to
the projected shower axis using a convolutional neu-
ral network (CNN) [13]. The network architecture
includes several convolutional blocks with ReLU [14]
activation functions, and a fully connected output
layer that predicts the scalar distance, as detailed
in Table 1. The training was performed using the
MSE loss function with synthetic data where the true
distance to the axis is known.

To classify events based on the regression results,
a distance threshold was introduced, above which

Table 3. Autoencoder architecture

Layer Type Kernel/Units Stride

enc.1 Conv2d 3× 3 2

enc.2 Conv2d 3× 3 2

enc.3 Conv2d 3× 3 2

neck.1 Linear 128 –

neck.2 Linear 1600 –

dec.1 Deconv2d 3× 3 2

dec.2 Deconv2d 3× 3 2

dec.3 Deconv2d 3× 3 2
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Fig. 5. Dependence of the feature used for classification on the true distance for both proposed architectures: on the left for
CNN, on the right for the autoencoder. The red line at 180 meters shows the boundary of the telescope’s field of view (for an
altitude of 500 m), events to the left of this boundary are true, to the right are false. It can be seen that distance regression gives
a smaller and better interpretable error, while the image restoration error has a more stochastic distribution.
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Fig. 6. On the left is the combination of features of different methods and the optimal threshold of linear separation for
classification. On the right are the resulting ROC curves of the described methods.

events were classified as “false”. The threshold op-
timization was carried out to maximize filtering ac-
curacy while minimizing losses of true events. The
most effective threshold was found to be 210 m, which
suppresses 71% of false events while losing only 2.3%
of true events (Fig. 3). The analysis showed that
the optimal threshold is virtually independent of the
primary particle mass and changes only slightly with
energy (see Fig. 4), confirming the universality of the
approach.

5.2. Method 2—Autoencoder with Spatial
Transformer Network

The second approach is based on the use of an
autoencoder [15], trained to reconstruct true EAS
images. The model architecture includes a prelim-
inary spatial transformer network (STN, [16]) block

that learns the optimal transformation of the input
image (including rotation and scaling) to normalize
the orientation and position of the Cherenkov light
spot. The presence of the STN block turns out to
be extremely important for the autoencoder due to
the different possible positions of the light spot on
the mosaic: without preliminary transformation, the
autoencoder would have to learn the shape of the
image for each set of coordinates of the shower axis
incidence. The STN-block parameters are given in
Table 2, the autoencoder parameters are in Table 3.

The autoencoder was trained using the standard
MSE loss for true events, and for false events, a
negative contribution to the loss function was added,
encouraging an increase in the reconstruction error.
The reconstruction error (MSE between the original
and reconstructed images) was used as a feature
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Fig. 7. Neural network combined “false” maxima filtration performance.

Table 4. Performance comparison between classical and suggested methods (values in %)

Particle
Energy, Filtered false Lost true

PeV Classical Ours (Δ) Classical Ours (Δ)

p

5 48.66 93.51 (+44.85) 2.97 4.51 (+1.54)

10 28.27 86.36 (+58.09) 4.60 0.66 (–3.94)

30 49.93 93.51 (+43.58) 4.78 <0.01 (–4.78)

N

5 69.09 91.86 (+22.77) 7.52 3.74 (–3.78)

10 32.90 90.32 (+57.42) 1.83 2.31 (+0.48)

30 51.10 88.34 (+37.24) 3.66 <0.01 (–3.66)

Fe

5 83.04 91.31 (+8.27) 24.46 4.62 (–19.84)

10 54.35 93.51 (+39.16) 10.99 3.08 (–7.91)

30 61.76 89.00 (+27.24) 13.53 0.22 (–13.31)

for classification. Although the autoencoder alone
demonstrated lower efficiency compared to CNN (see
Fig. 5), it has a different error nature, opening the
possibility of useful contamination of the two meth-
ods.

5.3. Combination of Methods

The combination of the two methods is imple-
mented in a straightforward manner by using their
outputs as independent features. In our case, we
adopted a linear decision boundary. Although more
complex nonlinear classifiers could, in principle, pro-
vide slightly higher precision, the gain was found to
be negligible compared to the simplicity and inter-
pretability of the linear approach. The optimal deci-

sion boundary was determined using logistic regres-
sion with class weights (2 : 1 for “true” vs. “false”
images to address imbalance). The model learned a
linear separator of the form

15.68|R| + 3.46ζ − 12.05 = 0,

where |R| denotes the recovered distance and ζ rep-
resents the reconstruction error (MSE). The optimal
decision boundary and the final AUC of separation are
shown in Fig. 6.

6. RESULTS

Table 4 shows the results of the combined “false”
maxima filtering method compared to the classical
method. It is shown that the method achieves higher
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accuracy for the selected primary particle type and
energy. We also provide a diagram in Fig. 7 similar
to Fig. 2 to illustrate the extremely weak dependence
of the method errors on the primary particle mass and
energy in the claimed range of values.

7. DISCUSSION

The results demonstrate that the combination of
CNN-based regression and the autoencoder with
a spatial transformer effectively suppresses false
brightness maxima in EAS images without the need
for adjustments based on specific primary particle
parameters. This makes the method particularly
promising for integration into the online or offline data
processing system of the SPHERE-3 experiment.

It should be noted that the training was conducted
exclusively on model data, which requires further val-
idation taking into account electronics noise, SiPM
crosstalk and digitization effects. An additional direc-
tion for development is the adaptation of the approach
to the variable flight altitude, taking into account the
influence of background photons and decreasing the
sensibility of the method to changes in the telescope
operation parameters and conditions.
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