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The measurement of the mass composition of ultra-high energy cosmic rays constitutes a prime
challenge in astroparticle physics. Most detailed information on the composition can be obtained
from measurements of the depth of maximum of air showers, -max, with the use of fluorescence
telescopes, which can be operated only during clear and moonless nights.
Using deep neural networks, it is now possible for the first time to perform an event-by-event
reconstruction of -max with the Surface Detector (SD) of the Pierre Auger Observatory. Therefore,
previously recorded data can be analyzed for information on -max, and thus, the cosmic-ray
composition. Since the SD operates with a duty cycle of almost 100% and its event selection is
less strict than for the Fluorescence Detector (FD), the gain in statistics with respect to the FD is
almost a factor of 15 for energies above 1019.5 eV.
In this contribution, we introduce the neural network particularly designed for the SD of the
Pierre Auger Observatory. We evaluate its performance using three different hadronic interaction
models, verify its functionality using Auger hybrid measurements, and find that the method can
extract mass information on an event level.
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1. Introduction

Measuring the mass composition of ultra-high energy cosmic rays (UHECRs) provides insights
into cosmic-ray acceleration and propagation. Beyond this, composition estimates on an event
level could enable new analysis techniques for the search for cosmic-ray sources. However, the
reconstruction of mass-sensitive information of UHECRs at the Pierre Auger Observatory [1] on an
event-level is currently confined to fluorescence observations [2, 3], with their limited duty cycle.

In recent years, several strategies were developed to reconstruct mass information using the
Surface Detector (SD) to increase the event statistics by a factor of 25 above 3 EeV (12 beyond
30 EeV) when compared to the Fluorescence Detector (FD). Using the phenomenological approach
of shower universality [4] information on the mass composition can be reconstructed by decompos-
ing the measured signals into the shower components. Recently, promising results were obtained
for determining -max with good accuracy [5, 6]. The so-called ‘delta method’ that was extensively
studied in the past is based on the rise times of the recorded signals and can measure the average
composition of UHECRs accurately from 0.3 EeV to 100 EeV [7, 8]. Nevertheless, a more precise
measurement beyond the average composition has not yet been possible.

The approach discussed in this work is aimed to exploit mass-sensitive information beyond
the average composition on an event-by-event basis. Our technique to reconstruct -max from the
SD data is based on the deep neural network (DNN) developed in [9] and recently tailored to the
conditions of the Pierre Auger Observatory [10]. In this contribution, the potential of this method
for determining mass information on an event level will be examined in detail.

2. Data

The SD registers the time-dependent signals induced by air-shower particles traversing water-
Cherenkov detectors (WCDs). Using three photomultiplier tubes (PMTs), three signal traces are
recorded in time steps of 25 ns. By adopting a dedicated algorithm to suppress backgrounds, the
starting time of the signal trace can be determined [11]. For eachWCD this results in a characteristic
arrival time of the first shower particles and three cleaned signal traces, which are further trimmed
to 3 `s (120 time steps). By means of a local calibration, the signals are converted to a multiple
of the signal from a vertical equivalent muon (VEM) — the signal a single muon induces when
traversing a WCD vertically.

2.1 Simulation libraries

For simulation studies, we use air showers simulated using CORSIKA [12] and the hadronic
interaction models EPOS-LHC [13], QGSJetII-04 [14], and Sibyll 2.3 [15]. The detector responses
were simulated using Geant4 [16] and the Offline framework [17] of the Pierre Auger Observatory.
Each of these three data sets consists of hydrogen, helium, oxygen, and iron showers in equal
fractions. The simulated energies follow a spectrum of �−1 and range from 1 to 160 EeV. The
showers are uniformly distributed in azimuth angle and follow a zenith-angle distribution that
ranges from 0◦ to 65◦ and is flat in cos2 \. In total, each simulated data set contains 450,000 events.
For training the network, we use 400,000 events of the EPOS-LHC data set and leave 50,000 for
evaluation. The data sets of QGSJetII-04 and Sibyll 2.3 are entirely used for evaluation. In contrast

2



P
o
S
(
I
C
R
C
2
0
2
1
)
3
5
9

-max reconstruction using deep learning Jonas Glombitza

to training, we evaluate the DNN in an energy range of 3 EeV to 100 EeV and a zenith range of
0◦ ≤ \ < 65◦, since in this phase space, the SD ensures particularly reliable reconstructions [11].

2.2 Hybrid measurements

For verifying and calibrating the DNN, we prepare a data set of hybrid measurements with
event reconstructions from the SD and the FD. For a detailed description of the hybrid selection
and reconstruction, refer to [2]. In this work, we use events measured between 1 January 2004 and
31 December 2017 with energies larger than 3.16 EeV, as measured by the SD. We further discard
events with an inactive WCD station in the first hexagon around the station with the largest signal,
and events that feature bad calibration values. In summary, 3,109 events remain after the selection.

2.3 Pre-processing

Pre-processing of data is crucial for training neural networks and is briefly discussed below.
To process the recorded footprint, we use for each event a cutout of 13× 13 stations, centered at the
station with the largest signal. This significantly reduces the memory consumption since almost all
events have smaller footprints. Further, we re-scale each measured signal traces (8 (C) using:

(̃8 (C) =
log10 [(8 (C)/VEM + 1]

log10 [(norm + 1] , (1)

where (norm = 100 is used to normalize signals of 100 VEM to 1. In addition, the arrival times are
standardized with respect to gcenter, the arrival time of the station with the largest signal, using:

C̃0,8 =
C0,8 − gcenter

fC ,train data
(2)

Here, fC ,train data denotes the standard deviation of the distribution of arrival times calculated over
the entire training data set.

3. Deep-learning based reconstruction

TheDNNused here is based on state-of-the-art machine learning techniques and can be roughly
divided into two parts. The first part of the network utilizes recurrent networks (Long-Short Term
Memory [18]) to process the signal traces measured by each WCD. In the second part, space- and
time-dependent information is analyzed using hexagonal convolutions [19] to exploit the hexagonal
structure of the SD array. The network is implemented using Keras [20] and TensorFlow [21].

3.1 Training

For training the network, we used 400,000 showers simulated with EPOS-LHC. During the
training, we used an on-the-fly augmentation of data that mimics realistic but changing operating
conditions of the observatory, such as failures of PMTs or WCDs. As an objective function, we
chose the mean squared error that is minimized separately for each of the four elements. We trained
the DNN for 150 epochs with a batch size of 48, which took roughly 60 h on an NVIDIA GeForce
GTX 1080 GPU. For more details on the network architecture and the training strategy, see [10].
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Figure 1: Energy-dependent (a) bias (` = -max,DNN − -max,MC) and (b) resolution of the DNN evaluated on
EPOS-LHC showers. The DNN was trained using EPOS-LHC showers. Different colors indicate different
primary species.

4. Performance on simulations

In the following, the performance of the network trained on EPOS-LHC is evaluated using
air showers simulated using the hadronic interaction models EPOS-LHC, QGSJetII-04, and Sibyll
2.3. In Fig. 1 the -max reconstruction performance — the bias and resolution of the DNN — is
shown as a function of energy for showers simulated using EPOS-LHC for a pure proton, helium,
oxygen, and iron composition. Statistical uncertainties, denoted by vertical bars, are mostly hidden
by the markers and were obtained using bootstrapping. As visible in Fig. 1a, below 10 EeV the
reconstruction exhibits a moderate composition bias (` = -max,DNN − -max,MC). Here, on average
-max is reconstructed too shallow for proton and helium showers and too deep for oxygen and iron
showers. Beyond 10 EeV, the composition bias diminishes and is below ±5 g/cm2. When averaging
over all compositions, the overall bias vanishes.

The energy-dependent resolution of the method on EPOS-LHC showers, as shown in Fig. 1b, is
composition-dependent and improves with increasing energy and particle mass. This dependency
is expected, as for larger energies larger footprints are induced on the SD, and for increasing mass,
the shower-to-shower fluctuations decrease. At 3 EeV, the resolution for reconstructing protons
(iron) is 45 g/cm2 (25 g/cm2) and improves to roughly 30 g/cm2 (15 g/cm2) at 100 EeV.

The evaluation of the -max reconstruction using showers simulated with a different hadronic
interactionmodel than used for training is shown in Fig. 2. When investigating the energy-dependent
bias of the reconstruction (compare Fig. 2a and Fig. 2c), a composition bias can be found, which is
similar to the composition bias seen in Fig. 1a. However, an overall bias — when averaging over
the composition — can be observed, which depends slightly on the energy. At higher energies,
this shift amounts to roughly −5 g/cm2 for showers simulated using the QGSJetII-04 and roughly
−15 g/cm2 for Sibyll 2.3 showers.

In contrast, the event-by-event resolution is similar to the results obtained using EPOS-LHC. It
amounts to roughly 40 g/cm2 (20 g/cm2) at 10 EeV for protons (iron) and improves with increasing
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(c) Sibyll 2.3
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Figure 2: Evaluation of the DNN trained using EPOS-LHC showers. Energy-dependent bias (left) and
resolution (right) when evaluating the DNN with showers simulated using QGSJetII-04 (top), and Sibyll 2.3
(bottom). Different colors indicate different primary species.

energy to 30 g/cm2 (15 g/cm2) (compare Fig. 2b and Fig. 2d).
To conclude, the event-by-event resolution is independent of the hadronic model. In contrast,

the -max scale of the DNN depends on the hadronic model, which implies that a calibration of the
method is required. A calibration of the DNN to the -max scale of the FD is discussed in Section 5.

4.1 Separation of protons and iron nuclei

To assess the suitability of an estimator to perform mass-composition studies on an event level,
a so-calledmerit factor can be used, which estimates the discrimination power between two primary
species. The merit factor for discriminating between iron nuclei and protons is given by

5MF =
|〈-max,P〉 − 〈-max,Fe〉|√
f2(-max,P) + f2(-max,Fe)

, (3)

where 〈-max〉 denotes the mean and f(-max) the standard deviation of the -max distribution formed
by protons or iron nuclei, respectively. Merit factors of 1.5 and larger correspond to a good
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Figure 3: Energy dependent merit factors for discriminating between proton and iron primaries using the
(a) simulated (true) -max and (b) the reconstructed -max values of the DNN.

separation of the two primary masses and can be theoretically achieved using the true (simulated)
-max values, as shown in Fig. 3a.

For comparison, we show the energy-dependent merit factors using -max reconstructions of the
DNN in Fig. 3b for EPOS-LHC, QGSJetII-04, and Sibyll 2.3 showers. At 3 EeV, the merit factors
amount to roughly 1.25, improve with increasing energy, and reach the theoretical limit of 1.5 at
approximately 20 EeV. This finding indicates that after calibrating the DNN to the -max scale of the
FD (see below), it can be used to perform mass-composition studies on a single event level with
excellent fidelity.

5. Application to hybrid data

To verify the reconstruction of the DNN and to calibrate the method to the -max scale of the
FD — which can be precisely determined [2] — we use golden hybrid events. Prior to comparing
the -max reconstructions of the DNN to FD observations, we correct the DNN reconstructions for
detector ageing effects of the WCDs. This correction is described in detail in [10] and is based on
information provided by detector monitoring [22].

In Fig. 4, we show the correlation between the -max reconstruction of the FD and the DNN.
The event-by-event correlation amounts to 0.63 and remains above 0.6 if we further correct -max

for the elongation rate as measured by the FD [2]. A bias of roughly −30 g/cm2 can be observed,
indicating that the DNN predictions are too shallow on average. A bias is expected since we
observed a negative bias when evaluating the DNN on hadronic interaction models different to that
used for the training (see Section 4). However, the size of the bias is larger than expected. One
reason for this could be that the current generation of hadronic interaction models cannot describe
the muonic component of air showers in full detail [7, 8, 23, 24].

This bias exhibits no significant dependency on the energy, as shown in Fig. 5a. Only the first
bin deviates slightly from the observed bias of −30 g/cm2, which may be caused by the increased
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Figure 4: Event-by-event correlation of -max as measured by the DNN and the FD using golden hybrids.

reconstruction bias at low energies (compare to Fig. 1a). After fitting a constant to the data, which
yields −30.0 ± 0.6 g/cm2, the predictions of the DNN are calibrated to the FD -max scale.

We show the energy dependence of f(-max,DNN− -max,FD) in Fig. 5b. Statistical uncertainties
are estimated using bootstrapping. To extract the resolution of the DNN, we first parameterize this
dependency by fitting the function fΔ-max (�) = 0 · 4−1 · (log10 �/eV−18.5) + 2 to the data. The obtained
parameters are 0 = 18.0 ± 2.5 g/cm2, 1 = 2.9 ± 1.2, and 2 = 27.7 ± 2.6 g/cm2. The fit is depicted
as the continuous red line in Fig. 5b. To determine the resolution of the DNN, we subtract the FD
resolution [2], which is shown as dashed grey line, in quadrature. The resulting DNN resolution is
shown as a dashed red line. It improves from approximately 40 g/cm2 at 3 EeV to below 25 g/cm2

beyond 20 EeV. This is in good agreement with our expectations from simulation studies (compare
with Fig. 2) and strengthens the finding that the resolution is independent of the interaction model.
This implies that only a calibration to the -max scale of the FD, as performed above, is needed for
using the DNN for event-by-event composition studies.

6. Conclusion

In this contribution, we presented a deep neural network (DNN) to reconstruct the atmospheric
depth of the shower maximum -max using the SD. The network was trained using EPOS-LHC
showers and further evaluated on QGSJetII-04 and Sibyll 2.3 showers. The composition bias of
the reconstruction is similar for all interaction models and amounts to only a few g/cm2 beyond
10 EeV. Additionally, it was found that the overall bias of the -max reconstruction depends on the
hadronic interaction model used, requiring a calibration of the method. In contrast, the resolution
was found to be independent of the interaction model. It amounts for protons (iron) to roughly
40 g/cm2 (25 g/cm2) at 10 EeV, and reaches 30 g/cm2 (15 g/cm2) beyond 100 EeV. By further
investigating the discrimination power of the reconstruction, it was shown that the DNN will enable
mass-composition studies on an event level.

To verify the method’s performance and calibrate the predictions of the DNN to the -max scale
of the FD, hybrid measurements were used. The calibration was found to be energy-independent,
with a size of the -max bias moderately above expectations from simulation studies. The resolution
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Figure 5: (a) Energy-dependent reconstruction bias of the DNN when compared to the FD. The calibration
fit is shown as a continuous red line. (b) f(-max,DNN − -max,FD) as a function of energy. Its fitted energy
dependency is depicted as a continuous red line. The extracted resolution of the DNN is shown as a dashed
red line after accounting for the resolution of the FD (dashed grey line).

extracted from data matches the expectations and improves from 40 g/cm2 at 3 EeV to 25 g/cm2

beyond 20 EeV. This will enable a precise measurement of the UHECR composition to the highest
energies and give new prospects for composition-based analyses on an event level. Including in the
future the upgraded AugerPrime detectors opens up possibilities for even improved reconstructions.
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