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RECONSTRUCTION OF MUON BUNDLES
IN KM3NeT DETECTORS
USING MACHINE LEARNING METHODS

Abstract The KM3NeT Collaboration is installing the ARCA and ORCA neutrino detec-
tors at the bottom of the Mediterranean Sea. The focus of ARCA is neutrino
astronomy, while ORCA is optimised for neutrino oscillation studies. Both
detectors are already operational in their intermediate states and collect valu-
able data, including the measurements of the muons produced by cosmic ray
interactions in the atmosphere. This work explores the potential of machine
learning models for the reconstruction of muon bundles, which are multi-muon
events. For this, data collected with intermediate detector configurations of
ARCA and ORCA was used in addition to simulated data from the envisaged
final configurations of those detectors. Prediction of the total number of muons
in a bundle as well as their total energy and even the energy of the primary
cosmic ray is presented.
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1. Introduction

Atmospheric muons produced in cosmic ray (see Sec. 2) interactions to many may
seem a terra cognita. Upon closer examination it becomes clear there is still much
to be explored. The most prominent example is the (in-)famous Muon Puzzle [8,21]:
experiments measuring the muon flux consistently report a deficit in muon events
observed at high energies and high multiplicities (number of muons from a single
cosmic ray interaction). Uncertainties alone cannot explain the discrepancy between
the measurements and current state-of-the-art theoretical predictions. The KM3NeT
observatory contributes to a better understanding of the problem by measuring the
muon flux at the bottom of the Mediterranean Sea. A simulation workflow has been
established to study the properties of muon bundles – groups of muons originating
from the same primary cosmic ray. With a dedicated muon simulation, it was possible
to train a machine learning model to reconstruct several important observables, such
as the total number of muons in a bundle, their total energy and the energy of the
primary cosmic ray. Measuring those quantities can help to pinpoint the shortcomings
of the current theoretical models used to compute the muon flux.

2. Cosmic rays

The existence of cosmic radiation was discovered by Victor Hess in 1912 following
a series of balloon-borne radiation measurements [17]. Since then, a wide range of
experiments have embarked on a quest for better understanding of the nature and
origin of cosmic rays (CRs) and pushed to improve the precision of CR measure-
ments [1, 2, 4, 9, 22].

1 103 106 109 1012

Energy [GeV]

10−7

10−5

10−3

10−1

101

103

E2
In

te
ns

it
y

[G
eV

m
−

2
s−

1
sr
−

1 ]

AMS-02
AUGER
BESS
CALET
CREAM
DAMPE
FERMI
HAWC
HESS
ICECUBE
ICETOP+ICECUBE
KASCADE
KASCADE-Grande
NUCLEON
PAMELA
Telescope Array
Tibet-III
TUNKA
VERITAS

LHC

Knee

Ankle

1/
m

2 /s

1/
m

2 /yr

1/
km

2 /yr

e−+e+

e+

p̄

p

ν + ν̄

γ

γ IGRB

github.com
/carm

eloevoli/The
C

R
Spectrum

10−10 10−8 10−6 10−4 10−2 1 102
Energy [J]

Figure 1. Energy spectra of various CR primary particles measured by several experiments.
The “LHC” arrow indicates the kinetic energy achievable

with the Large Hadron Collider (as of 2023). The figure was adapted from [12]
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A CR is a high-energy particle or atomic nucleus arriving at Earth from outer
space. As shown in Figure 1, the vast majority of primary CRs are protons, followed
by electrons, positrons and photons. A tiny contribution from the cosmic neutrinos
has been observed as well. Direct measurements of primary CRs are only possible with
detectors placed at extremely high altitudes. What can be observed at the Earth’s
surface and below are the products of CR interactions with the atmospheric molecules.
Such collisions result in a cascade of particles called an extensive air shower (EAS).
A typical EAS starts at an altitude of approximately 30 km; some of the secondary
particles will reach sea level and even some distance underground or underwater.
The most penetrant secondaries are muons and neutrinos, which are studied using
the KM3NeT telescopes.

3. The KM3NeT experiment

KM3NeT [3] is a network of two neutrino telescopes at the bottom of the Mediter-
ranean Sea, currently under construction: ARCA near Portopalo di Capo Passero in
Italy and ORCA offshore Toulon in France. They share the same hardware, however,
their physics focus and thus geometry differ. ARCA is located at a depth of 3500m
and is the more sparse of the two detectors, allowing for the study of cosmic neutri-
nos in the TeV-PeV energy range. ORCA is placed shallower, at 2500 m underwater.
Its more dense instrumentation allows for precise studies of atmospheric neutrino
oscillations in the GeV-TeV energy range. The design of the KM3NeT detectors is
summarised in Figure 2.
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Figure 2. Pictorial summary of the design of KM3NeT neutrino telescopes.
From left to right: the components of an optical module, the module integrated into

a detection unit, an artist’s impression of a detection unit and a building block

The optical modules are composed of many elements; the most important are the
photomultiplier tubes (PMTs), which measure the Cherenkov light. Muons and other
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electrically charged products of neutrino interactions travelling faster than light in
water cause emission of Cherenkov photons by the water molecules upon deexcitation.
Each optical module contains 31 PMTs facing different directions, which allows for
directional reconstruction [5]. A vertical line composed of 18 buoyant DOMs, anchored
to the seabed and kept straight by a buoy is called a detection unit. A building block
of a detector consists of 115 detection units. ORCA will comprise a single building
block, while for ARCA two building blocks are foreseen. Separation into two separate
blocks instead of a single larger one has been driven by cost-efficiency considerations
rather than a specific physics goal.

The main interest of KM3NeT is to observe neutrinos. However, most of the
collected data consists of muons produced in EASs. The muons do not only constitute
the main background for neutrino measurements due to a similar signal produced
in the detector but also present a valuable opportunity for indirect study of the
primary CRs from which they originate.

4. Muon simulation

In KM3NeT, two standard muon simulation tools are developed: MUPAGE [10] and
CORSIKA [16]. Both were used for this work and are briefly described in what follows.

MUPAGE (atmospheric MUons from PArametric formulas: a fast GEnerator
for neutrino telescopes) is a code inherited by KM3NeT from the ANTARES exper-
iment. It extensively makes use of parametrised functions, which can be tuned to
experimental data and simulations. The original tuning was performed based on the
HEMAS [24] Monte Carlo (MC) simulation code and data from the MACRO experi-
ment at Gran Sasso in Italy [14]. The output of MUPAGE consists of muon bundle
events sampled on a cylindrical volume surrounding the detector, called the can.

CORSIKA (COsmic Ray SImulations for KAscade) originated as an MC simula-
tion code for the KASKADE experiment [9]. With time, it evolved into a state-of-the-
art solution for simulating cosmic ray air showers. The code generates EASs starting
from the very beginning, i.e. from the first interaction of the primary particle in the
atmosphere. It includes a plethora of customization possibilities such as the geometry
of the problem, the assumed atmospheric density profile, the choice of low- and high-
energy hadronic interaction models and more. Although currently only used for muon
simulations by KM3NeT, CORSIKA is not limited to this. All particles produced in
the shower are available to the user at a specified observation level (sea level in the
case of KM3NeT simulations).

In Figure 3, the processing chain of the muon simulation is shown. As can be
seen, the starting points differ, however, both simulation codes and the experimen-
tal data go through certain common stages. The sea level is unique to CORSIKA
simulation and to transport the muons to the can, the gSeaGen [6] software was
adapted by the author of this work. It is the subject of an upcoming paper “gSeaGen
code by KM3NeT: an efficient tool to propagate muons simulated with CORSIKA”.
JSirene [18] is an application developed to simulate photon emission and detection

https://git.km3net.de/opensource/gseagen/
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by the PMTs, including the signal from environmental background. The JTE code
selects potentially interesting events, i.e. performs triggering. Finally, the observables
are reconstructed for each event using a specialized algorithm. Here, the standard
KM3NeT tool for muon track reconstruction is JMuon. It is a multi-stage fit based
on a maximum likelihood approach, assuming a single muon hypothesis. This paper
presents a novel reconstruction method utilizing machine learning techniques to pre-
dict the muon bundle energy as well as the energy of the primary cosmic ray and the
muon multiplicity.
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Figure 3. The processing chain for muon simulations in KM3NeT. The colour coding dis-
tinguishes three possibilities: CORSIKA simulation marked in purple, MUPAGE simulation
in orange and experimental data indicated by the grey colour. The order of execution is
from top to bottom, along the vertical arrow. At the trigger stage, both simulations and

experimental data can be compared against each other

5. Reconstruction of muon bundle properties

In this section, the reconstruction of three muon bundle observables is presented:
bundle energy, primary CR energy and muon multiplicity. The data used to produce
the results is summarized in Table 1. The reconstruction was performed separately
for two detector configurations for both ARCA and ORCA. In each case, it was a full
building block (ARCA115, ORCA115) and an intermediate state with 6 detection
units installed (ARCA6, ORCA6).

The data preprocessing included extracting 46 features (described in detail
in [19]), event weights and target (observable) values. Each feature had its mean
removed and was scaled to unit variance (standard scaling). This was done for each
detector configuration before the division into training, validation and test datasets.
Event weight scaling was also considered but proved not to improve the training.
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Before reaching the final result of reconstruction, several loops of training and vali-
dation were performed to select the best machine learning (ML) regression model for
the task, pick the features that improve the performance and tune the hyperparame-
ters (internal parameters of the model). The regressor selection was performed only
for bundle energy; the result was used for primary CR energy and muon multiplicity
reconstruction. The outcome for each of the observables is presented in the following
subsections.

Table 1
Summary of the datasets used to train and evaluate the machine learning models. The simu-
lated data was split between training, validation and test datasets in proportion 64 : 16 : 20
and was extracted from the official KM3NeT CORSIKA simulation produced by the author
of this work. The experimental data comes from the measurements taken by ARCA6 and

ORCA6 detectors in 2020 and 2021

ARCA115 ARCA6 ORCA115 ORCA6

Training data 14 374 415 3 894 293 15 439 946 6 154 895

Validation data 3 598 133 974 371 3 857 715 1 539 988

Test data 4 489 177 1 215 552 4 825 073 1 923 475

Experimental data × 3 013 982 × 4 574 887

5.1. Muon bundle energy

The first step in determining the muon bundle energy was the selection of the best ML
model. A range of regression models available in the Scikit-learn library [23], as well
as LightGBM [20] and XGBoost [11] were considered. The criteria for determining
the best model were the weighted coefficient of determination (R2-score) and weighted
Pearson correlation coefficient c. As demonstrated in Figure 4, the best performer
was LightGBM, a histogram-based gradient-boosting model. Not only was it superior
in terms of achieved scores, but thanks to working on the histograms rather than on
the events themselves, it turned out to be one of the fastest models as well (see [19]).
The negative R2 despite quite high c value in case of some models is a result of
the difference in focus of the two metrics. The R2-score explicitly tests the difference
between the truth and prediction, while the correlation coefficient only checks whether
their relation is close to linear. Examples of 2D histograms with such negative R2

can be found in the appendix of [19].

The next step was to evaluate the usefulness of individual features. Not all were
equally important and several were strongly inter-correlated, which could indicate
redundancy. The feature importance was defined as the mean decrease of the R2-score
upon removal of a given feature. The results for ARCA115 are shown in Figure 5.
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Figure 4. Different machine learning models in terms of achieved weighted R2-score and
weighted Pearson correlation coefficient c. The models were trained on a fraction (50k) of
the ARCA115 training dataset because of the infeasibly long runtime and RAM memory

required by some of the models
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Four different approaches to feature selection were considered:
1. Using all available features.

2. Taking only features with positive importance and selecting the most important
feature from each cluster.

3. Using only the single most important feature.

4. Requiring positive importance for all features.

The comparison between those four categories for ARCA115 is presented in Figure 6.
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Figure 6. Comparison of predicted and true bundle energy for different feature selections for
the ARCA115 configuration: all features (a); selected features (importance & clustering) (b);
only 3DMUON_3DSHOWER_trig_hits (c); selected features (positive importance) (d).
The training target for the reconstruction was the bundle energy, not its logarithm. The

logarithmic scale is only used for clearer visualisation
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The feature selection method requiring the positive importance of each feature
provided the best results. Interestingly, even with a single feature (Fig. 6c), it was
possible to achieve a reasonable performance. There was no hope that this task could
be reliably done just by counting the number of hits (the feature used is the number
of triggered hits), however, it constituted an important sanity check, as hit counting
is the basis of most of the energy reconstruction algorithms.

After performing the hyperparameter tuning using the Optuna library [7], the fi-
nal results presented in Figure 8 were produced for the ARCA115, ARCA6, ORCA115
and ORCA6 configurations. Comparison of Figure 8a against Figure 6d shows that
tuning is an important step, which can significantly improve the outcome. As ex-
pected, the bundle energy reconstruction is most accurate for ARCA115 – this con-
figuration instruments the largest volume and hence can observe the largest energy
deposits. There is a threshold energy of about 1TeV below which the model cannot
make reasonable predictions. Towards the highest energies, there is a growing under-
estimation of the true bundle energy. This might result from the smaller number of
such events in the MC simulation and the smaller chance for such events to be fully
contained within the can.

The comparison of the experimental data against the MC simulations for the re-
constructed bundle energy is shown in Figure 7. The simulations reproduce the data
within the few-TeV energy scale, however, at higher energies discrepancies are visible,
similarly as in Figures 10 and 12. The consistency between MUPAGE and COR-
SIKA behaviour suggests a common issue for both generators, whether it is the
theoretical inputs, the way the simulated events are processed or something else.
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and ORCA6 (b) data. The quality selection is described in detail in [19]
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Figure 8. Comparison of reconstructed and true muon bundle energy for ARCA115 (a),
ARCA6 (b), ORCA115 (c) and ORCA6 (d)

5.2. Primary cosmic ray energy

The outcome of the previous subsection encouraged an attempt to reconstruct the
primary CR energy. The same procedure was followed, with the same feature selection
but a different hyperparameter tuning. Despite the bad performance, the results
reported in Figure 9 look promising above 100PeV, given how much of the original
information is lost when the EAS has reached the detector. It suggests that KM3NeT
may contribute to the primary CR measurements at the highest energies, notably
to the study of the Greisen-Zatsepin-Kuzmin (GZK) cutoff [15, 25]. The data from
ARCA6 and ORCA6 used in this work is insufficient to make any decisive statements
about the (non-)observation of the GZK cutoff (see Fig. 10), both due to limited
exposure time and detector size.
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Figure 9. Comparison of reconstructed and true total primary energy for ARCA115 (a),
ARCA5 (b), ORCA115 (c) and ORCA6 (d)
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Figure 10. ML-based primary CR energy reconstruction results for ARCA6 (a)
and ORCA6 (b) data. The quality selection is described in detail in [19]
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5.3. Muon multiplicity

Counting the muons in the bundle is a challenging task. Some muons may not be
energetic enough or only skim the edge of the sensitive volume, resulting in insufficient
illumination of the PMTs. To account for this, the multiplicity definition has been
adapted by counting only the muons with energy above 120 GeV for ARCA and 1GeV
for ORCA. An additional spatial criterion was found beneficial for ARCA6, requiring
that the closest distance from the muon trajectory to the can centre is at most 269.4 m
and the muon pathlength inside the can is at least 240 m. Details are provided in [19].
Such a muon selection results in the possibility of having bundles with multiplicity
equal to 0, which is indeed the case, except for ORCA6 (see Fig. 11).
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Figure 11. Comparison of muon multiplicity reconstructed with the LigthGBM model
against the true value for ARCA115 (a), ARCA5 (b), ORCA115 (c) and ORCA6 (d).

Both metrics were computed on the bin values, not individual events

Reconstructing such events proves troublesome for the same reasons that led
to discarding the muons in the first place. Nevertheless, the overall performance
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is improved thanks to more accurate prediction for high-multiplicity events. The
multiplicity reconstruction is more accurate for ARCA, thanks to the typical muon
signature in a detector (elongated track). For each detector configuration, the best
performance was observed for low (except for 0) and intermediate multiplicity, with
a growing underprediction for events with a larger number of muons (with similar
reasons as for the muon bundle energy).

The application of the trained models to the experimental data is presented
in Figure 12. There is good agreement between the data and MC simulations for
bundles with multiplicity between 1 and 10. For MUPAGE and CORSIKA at higher
multiplicities, the comparison between data and MC simulations indicates a need
for further work on CR shower simulations to understand the underlying problem.
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Figure 12. ML-based energy reconstruction results for ARCA6 (a) and ORCA6 (b) data.
The quality selection is described in detail in [19]

6. Conclusion

The partial KM3NeT detectors already collect data containing large numbers of
muons created in air showers. They could be studied thanks to simulations gen-
erated with CORSIKA. Reconstruction of the energy of muon bundles and primary
CR primaries using machine learning models is promising.

The potential for further improvement lies in achieving a better understanding
of the discrepancies between the data and MC. The model training could poten-
tially benefit from extracting features from even lower-level data to ensure minimal
information loss. Considering other machine learning models, like graph neural net-
works [13], might yield valuable results. For full detector configurations, an attempt
to reconstruct individual muon tracks may be considered.
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