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The origin of ultra-high-energy cosmic rays (UHECRs) is one of the intriguing mysteries in as-
troparticle physics. In order to identify their sources, we need precise knowledge of the mass com-
position of UHECRs. The direct detection of UHECRs is not feasible at energies above 0.1 PeV,
necessitating the use of mass-sensitive observables of extended air showers induced by UHECRs
interacting with the atmosphere. One way to achieve high statistics for these mass-sensitive ob-
servables is to use ground-based detector arrays, such as the Surface Detector (SD) of the Pierre
Auger Observatory. The SD consists of three sub-arrays of independent detector stations arranged
in triangular grids with different spacings. Recently, it has been shown that neural networks (NNs)
can extract mass-sensitive observables from data taken by the SD-1500, the largest sub-detector
of the SD. In this contribution, we demonstrate the feasibility of using NNs to reconstruct a high-
level shower observable, the depth of the shower maximum, from data simulated for and observed
by the SD-750, the second-largest detector array nested within the SD-1500. A simulation study
shows that the SD-750 NN exhibits behavior similar to that of an SD-1500 NN and outperforms
the latter in the energy range [1, 10) EeV. Moreover, we show that, after performing a correction
and calibration procedure, the predictions of the SD-750 NN are consistent with the measurement
of the depth of the shower maximum obtained by the Fluorescence Detector of the Pierre Auger
Observatory.
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1. Introduction

The Pierre Auger Observatory is a hybrid detector designed to observe extensive air showers
(EAS) induced by ultra-high-energy cosmic rays (UHECRs) with several sub-detector systems. One
of the most important sub-detectors is the Surface Detector (SD) of the Pierre Auger Observatory.
The SD consists of ∼1660 autonomous detector stations, each of which is equipped with multiple
detector systems. The core of these stations is the water-Cherenkov detector (WCD). The WCDs
stochastically record the weighted densities of the secondary particles from particle cascades that
reach the ground, known as the shower footprint. The detector stations are arranged in three triangu-
lar grids with different inter-detector distances. The grids are named SD-�, where � is the distance
between the nearest neighbors in meters, referred to without units. Nested within the main SD array,
the SD-1500, the SD-750 is the second largest grid of detector stations. One of the main objectives
of the Pierre Auger Observatory is to measure the mass composition of UHECRs. Knowledge of the
mass composition simultaneously provides insights into the physics at macroscopic scales, such as
the sources of UHECRs, and at microscopic scales, such as the high-energy proton-air cross section.
Due to their scarcity [1], the direct detection of UHECRs around 1 EeV is not feasible. Analyses
in this regime depend on so-called ‘mass-sensitive observables’ (MSOs), such as the depth of the
shower maximum -max [2], which can be determined indirectly from the measurement of the shower
footprint.

Since exploiting the complex spatio-temporal information of the shower footprint is non-trivial,
as shown in [3], we mitigate the need for modeling to signal distributions on the ground by using
neural networks (NNs). An NN-based approach allows us to directly relate the spatio-temporal
information of the shower footprint to any MSO. This contribution is a feasibility study focused
on extracting -max from the shower footprints of vertical air showers that were simulated for and
observed by the WCDs of the SD-750. It is a low-energy extension of the approach discussed in [4, 5]
using the employed NN architecture (AixNet) as a blueprint. Using the SD-750 greatly increases
the amount of available statistics in the energy range of [0.1, 3) EeV, enabling searches for breaks
in the -max spectra.

1.1 Neural network architecture

Mass-sensitive observables, such as the depth of the shower maximum -max, are properties of
the shower. Therefore, we aim for an event-by-event inference using information from an SD-750
measurement. Each event is represented by two 3D tensors �8 of the shapes (�, �, �8), where �8

is the number of channels, e.g., time bins of signal measurement, and � is the size of the encoded
shower footprint. Essentially, the triangular grid of the detectors triggered by an EAS is mapped to
the � ·� positions of the tensors. The encoding procedure and the preprocessing follow the recipes
described in [6, 7]. The first input tensor �0 contains up to 120 bins (�0 = 120) of the signals ((C)
detected by the triggered WCDs. The second input tensor �1 contains two additional observables
(�1 = 2). We set � = 7 as the spatial size of the tensors.

The basic architecture of the NN, sketched in Fig. 1, consists of two sub-NNs, denoted as sNN1
and sNN2. The sub-NN sNN1 acts as a feature extraction algorithm compressing the 120 signal bins
into a 12-dimensional feature vector using long short-term memory layers [8]. Thus, the output of
sNN1 is a tensor of shape (7, 7, 12). All input signals are processed in the same way. Namely, the
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Figure 1: Sketch of the NN architecture: The NN is comprised of two sub-NNs: sNN1 and sNN2. Essen-
tially, sNN1 extracts 12 features from the 120 signal bins recorded by the WCDs. These features are then
combined with two additional features (see Section 1.2) via tensor concatenation. Sub-NN sNN2 correlates
the spatial information stored in these features to predict -max.

same weights are used for each spatial position in the encoding. Positions without a working station
are not propagated through sNN1. The output of sNN1 is combined with �1 via tensor concatenation
yielding a new tensor of shape (7, 7, 14) used as the input of sNN2. The sub-NN sNN2 correlates
the spatial information of the recorded shower footprint. It consists of six layers of 2D convolutions
which conserve the spatial size of the tensors. The input of each convolution is added to the output
creating so-called shortcuts. The output is then passed through two blocks, each consisting of a
residual layer followed by a 2D convolution that reduces the spatial dimensions. Finally, the output
is flattened and used as the input for the next NN layer: a two-layer perceptron that returns a single
prediction for -max. All components are implemented using PyTorch [9].

1.2 Simulated data sets and input data

Our simulation data set consists of detector simulations based on air shower simulations de-
tected by an ideally working and perfectly regular detector array arranged like the SD-750. The air
shower library consists of an equal mix of air showers induced by proton, helium, oxygen, iron, and
tellurium primaries. Air showers induced by tellurium are simulated using CORSIKA 77560 and
air showers induced by the remaining primaries are simulated using CORSIKA 77420 [10]. In both
cases the hadronic interactions are simulated using EPOS LHC [11]. Please note that the tellurium
primaries are primarily used to increase the statistics for smaller -max values. The detector response
is simulated using Offline [12]. The data set comprises of Monte Carlo (MC) shower energies, �MC,
within �MC ∈ [0.1, 10) EeV, which follow an �−1 distribution. The MC zenith angles, \MC, are
within \MC ∈ [0◦, 60◦) and are uniformly distributed in sin2 \MC. The energy and zenith ranges
contain events that lie outside of the full efficiency of the SD-750 [13]. Each simulated air shower
is used to generate 6 detector responses by randomizing the impact point of the shower core. The
air showers are simulated (in equal parts) for four different atmospheric conditions related to those
expected during January, March, August, and September at the observatory. In total, the simulation
data set contains ∼5·105 detector simulations.

We randomly split our full data set into three sets: a training set and two test sets, using an 8:1:1

split. The first test data set is used to select the best NN from an ensemble of NNs trained under
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similar conditions. The second test data set is used for the quality control plot in Section 2. In this
way, we reduce the risk of over-interpreting fluctuations in the first data set. During NN training,
we use 10% of the training data set for validation.

For each event, 768 signal measurements are stored for each triggered WCD and are referred to
as signal bins. The first input tensor �0 contains up to 120 signal bins starting from the reconstructed
start bin, 1s, of the signal and ending at min(1s+120, 1e) where 1e is the reconstructed end bin. Note
that the signal bins of multiple triggered WCDs are not synchronized with each other. The exact
trigger time corresponding to the reconstructed start bin is saved separately. Since the signal values
span three orders of magnitude, the signal ((C) is logarithmically rescaled as described in [4]. The
second input tensor, �1, contains two additional features that provide supplementary information
about the EAS measurement. The two features are a map containing the status of the WCDs and
the trigger times relative to the station reporting the highest signal [4]. The status values for each
position in the map are −1 for not working, 0 for not triggered, 1 for triggered, 2 for high-gain
saturation, and 3 for low-gain saturation.

1.3 Training procedure

Due to the challenging composition measurement of UHECRs, we favor a low bias for the
different primary types over high resolution. During training, we reinforce this by separating the
loss calculation for EAS induced by different primaries and by adding an additional bias penalty
term to each of these sub-losses. The loss for a mini-batch B is

L =

1
∑

Pr∈B

∑

Pr∈B



1
∑

8∈Pr

∑

8∈Pr
(H8 − ?8)

2 +

(
1

∑
8∈Pr

∑

8∈Pr
[H8 − ?8]

)2
, (1)

where 8 is the sample index, Pr is a primary (e.g., iron) found in the batch B, H8 is the label, and ?8

is the NN prediction. The first term in Eq. (1) is a standard mean squared error loss function. The
second term penalizes the total bias of the showers induced by one of the primaries, steering the
NN training towards a minimum that exhibits a lower bias for the different primary types.

Occasionally, SD detector stations exhibit malfunctions during operation. In order to obtain
a more accurate footprint distribution, these glitches are mimicked during training by randomly
removing stations from the shower footprint and setting their station status to −1. During training,
we used a turn-off rate of 4%, ensuring that at least three stations remain active for each event.
The SD-750 is relatively small compared to the SD-1500. Especially at higher energies, shower
footprints are not fully contained within the array. Therefore, the status (see Section 1.2) of any
position in the encoding that is outside of the SD-750 is also set to −1.

The training process uses Adam [14] for weight updates. Training starts with a learning rate
of 1.2·10−3 using 128 events per batch for up to 200 epochs. During training, the learning rate is
reduced by a factor of 0.99 after each epoch. If the loss on the validation data set (see Section 1.2)
does not improve for five epochs, the learning rate is reduced by a factor of 0.8. The training
is stopped early if the loss on the validation data set does not improve for eight epochs or if the
learning rate drops below 10−5.
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Figure 2: First (left) and second (right) moments of the difference between the predicted and true -max as a
function of the Monte Carlo energy �MC for showers of the second test data set (see Section 1.2) simulated
in the January and March atmospheres. The colors indicate the primary type. The colored, dashed lines in
the right panel depict the width of the true -max distribution for EPOS LHC [11]. The black line depicts the
bias when using the AugerMix composition for EPOS LHC [15]. The diamonds show the first and second
moments for an SD-1500 NN sharing the same architecture as the SD-750 NN.

2. Performance on simulations

To gauge the performance of the NN in simulations, we examine the first and second moments of
the difference between the predicted and true -max, separated for the different primary particle type
as a function of the energy (see Fig. 2) for the January and March atmospheres. We interpret the first
moment as the bias and the second moment as the resolution of the NN. Both moments show similar
trends to those of AixNet for the SD-1500 [4]. Namely, the bias for different primaries decreases
and the resolution improves with increasing energy. For energies around 0.3 EeV the predictions for
proton-induced EAS are too low, and for iron-induced EAS are too high exhibiting an averaging-
towards-the-mean behavior. The bias for the proton- and iron-induced EAS is comparable to the
average difference of the expected -max values for proton and iron primaries in EPOS LHC. Above
1 EeV, the bias decreases below 10 g cm−2 for all primaries. At around 3 EeV, the biases of the
heavy and light primaries cross. The negative global bias is due to the atmospheres used. A similar
plot for the August and September atmospheres shows a positive global bias at high energies. The
absolute difference between both atmospheres is around 10 g cm−2. Above 0.3 EeV, The resolution
improves almost monotonically with increasing energy reaching ∼20 g cm−2 for the highest energy.
Using the AugerMix composition for EPOS LHC [15], we find that the NN predictions exhibit only
a weak dependence on the energy which is below 5 g cm−2 per decade in energy. Comparing the
moments to that of an NN trained for the SD-1500 using a similar architecture, shows a reduction
of the bias and an improvement in resolution in the energy range of [1, 10) EeV.

3. Performance on measurements

Since the NN predictions depend strongly on the WCD signals, we reduce the impact of satura-
tion effects and biases resulting from imperfect geometry reconstruction by selecting a high-quality
subset from the SD-750 data set. Inspired by the selection used in [5], we only consider events
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with reconstructed core positions for which the distance to the central station lies within the interval
[175, 500] m. In addition, to minimize edge effects from being too close to the border of the phase
space used during training, we only consider events with \ < 50◦. Moreover, we restrict the data
set to events with a reconstructed energy �SD greater than 0.5 EeV, which corresponds to the lowest
energy bin in the FD -max spectrum [17].

Due to imperfections in the shower and detector simulations, a direct application of the NN
predictions (see Section 1.3) introduces biases, as seen in [4]. We compensate for the differences
between the simulations and the measurements by following the procedure described in [4, 5]. First,
we correct for effects that were not adequately accounted for in the detector simulation. Then, we
calibrate the corrected NN predictions by comparing them with the direct -max measurement on a
subset of events detected simultaneously by the FD and the SD-750.

In the simulations, all of the WCDs behave identically. However, due to aging effects and
PMT fluctuations, the detector response of the PMTs in the WCDs differs. To counteract this dif-
ference, we apply the correction described in [16] to the recorded signals. This correction changes
the shape of the time signals, making them more simulation-like. In addition, we correct for any
difference between the simulation and the measurement that introduces nonphysical dependencies
in the predictions, e.g., on the atmospheric temperature, by using the following procedure: (1) iden-
tify a nonphysical dependence on variable G8 , e.g., atmospheric pressure, by looking at the average
predictions as a function of G8 , (2) try to find a simple model 58 (G8;�8 , ®08) with the parameters ®08

and a constant offset �8 that captures the relationship found, and (3) choose an anchor point Ga
8

that
represents either the expected value in simulations or the most likely value estimated from the dis-
tribution of {G8}. Assuming all corrections are independent, we merge them into a global fit model
absorbing all �8 into a global offset, �cor. We restrict ourselves to using only linear or sinusoidal
models for each 58 . After performing a least squares fit to all events in the high-quality data set,
we set �cor = 0 and add the model values to the NN -max predictions. Compared to the SD-1500
study [5], there is a stronger dependence on the reconstructed zenith angle. For �SD > 3 EeV, the
bias ranges from −5 g cm−2 to 5 g cm−2 across low and high zenith angles.

The ground signal distributions of the simulations and the measurements differ (e.g., [18]). For
AixNet, this introduced a constant bias when comparing high-quality FD measurements with NN
predictions. A similar bias for the predictions was observed in the SD-750 NN predictions when a
similar comparison was performed for events that were simultaneously observed by the FD and SD-
750. Assuming that the bias is constant, we find the calibration constant �cal = (24.5±1.6) g cm−2.
After the correction and the calibration the difference between the measurement and the prediction
is below ±10 g cm−2 (see Fig. 3). The correlation between the FD measurement and NN predictions
is 0.73 when the elongation rate reported by FD [17] is removed from both -max values.

Since the calibration procedure is performed with the FD, we assume that all systematic uncer-
tainties of the FD -max measurement are inherited by the NN prediction. We add the uncertainty
on �cal and 5 g cm−2 for the mass composition bias in Fig. 2 in quadrature to this and use the re-
sult as the systematic uncertainty for the mean -max values. Because no detector simulations were
available for other hadronic interaction models, the systematic uncertainties of the standard devia-
tion are approximated using the uncertainties reported in [4]. The first and second moments of the
corrected and calibrated NN predictions align with the FD measurement within uncertainties (see
Fig. 4). There is only one significant deviation for the second moment in the penultimate energy
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bin. When we perform a least squares fit to the means using a piecewise linear function with a
single breakpoint, we obtain the elongation rates of (84.8 ± 10.4) g cm−2 and (33.0 ± 10.3) g cm−2

for each decade below and above the break, which occurs at (2.2 ± 0.5) EeV.
Since the SD-750 is nested within the SD-1500 there is a subset of EASs which is detected by

both arrays simultaneously. In Fig. 5, we compare the NN predictions of the SD-750 NN and SD-
1500 NN, which was used in Fig. 5, for the SD-750 energy estimate in the energy range [1, 10) EeV

and for events that triggered more than three SD-1500 stations. The SD-1500 NN is the one used
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The 95% uncertainty on d is estimated via bootstrapping.

for the comparison in Fig. 5. In the interval [2, 9) EeV the difference between the -max predictions
remain relatively constant. Below 2 EeV and above 9 EeV, the bias decreases. Above 3 EeV, the
total bias between both predictions amounts to (−4.1 ± 1.6) g cm−2, which is consistent with zero
when the systematic uncertainties are taken into account. Nevertheless, after correcting for the FD
elongation, both predictions are linearly correlated by 0.72.

4. Conclusion

Although the shower footprints recorded by the SD-750 are more restricted due to its smaller
size, the NN presented in this work shows a behavior similar to that of AixNet on the SD-1500
[4, 5]. In simulations, the bias and resolution improve with increasing energy, surpassing the per-
formance of a similar SD-1500 NN in the energy range [1, 10) EeV (see Fig. 2). After a correction
and calibration procedure inspired by [4], the first and the second moments of the -max predictions
of the NN are comparable to the FD measurement (see Fig. 4). Moreover, comparing the predic-
tions of the SD-750 and SD-1500, NNs indicates that the approach is self-consistent and that the
methodology used in [4, 5] may be extendable to lower energies (see Fig. 5).
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