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Deep learning algorithms have gained importance in astroparticle physics in the last years. They
have been shown to outperform traditional strategies in particle identification, tracking and energy
reconstruction. The attractive feature of these techniques is their ability to model large dimensionality inputs and catch non-trivial correlations among the variables, which could be hidden
or not easy to model. This contribution focuses on the application of deep neural networks to
the event reconstruction of the Limadou High-Energy Particle Detector on board of the China
Seismo-Electromagnetic Satellite. We describe the model adopted for the neural network and
report on the performance measured on simulated and real data.
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1. Event Reconstruction with Deep Learning

2. The CSES mission
The Limadou High Energy Particle Detector is the Italian contribution to the China Seismo
Electromagnetic Satellite (CSES) [4]. The CSES mission is a joint collaboration between the
China National Space Agency (CNSA) and the Italian Space Agency (ASI) aiming to build a
sophisticated space observatory focused on the monitoring of the electromagnetic environment,
the plasma and particle populations in the atmosphere, ionosphere and magnetosphere. The main
scientific objectives of the missions are:
• clarify on the existence and nature of a correlation between seismic events and variation of
fluxes of charged particles in the Van Allen Belts;
• extend the previous measurements of low energy cosmic rays spectrum for protons and
electrons [5], from few MeV to hundreds MeV;
• study impulsive solar activity as Coronal Mass Ejections (CMEs) and solar flares.
On February 2018 the first satellite of the mission (CSES-01) equipped with nine instruments,
among which there was Limadou HEPD, was launched and is now orbiting around the Earth. It is
placed on a 98◦ Sun-synchronous circular orbit at an altitude of about 500 km, with an expected
lifetime of at least 5 years. A second satellite will be launched by the end of 2022 to increase the
coverage and the collected statistics.
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The most modern particle physics and astrophysics experiments are increasingly including
Deep Learning (DL) based models in their event reconstruction procedure [1, 2]. Such an approach
has the main advantage that correlations between variables are discovered automatically by the
algorithms via the minimization of the loss function in the learning procedure. These methods
can help not only because physical intuition can miss some of these correlations, but also because
the machine can automatically take into account detector asymmetries and data inhomogeneities to
improve its prediction.
In this work we present an application of Deep Learning algorithms to space experiments.
Two set of Fully Connected Neural Networks are designed to reconstruct particles traversing the
Limadou High Energy Particle Detector (HEPD). The networks have as input the digitized signal
from the detector and return as output the arrival direction in the local frame, the kinetic energy
and the particle-type.
A large and reliable GEANT4 [3] simulation was produced to train and test the neural networks
on data as close as possible to the real one. In particular the networks at the base of the reconstruction
chain are trained on a sample of electrons with energy ranging between 1-200 MeV and a sample
of protons with energy between 30-1000 MeV, simulated with an isotropic flux. Moreover, real test
beam data are used to crosscheck the reconstruction performance.
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3. Limadou HEPD: Detector and Simulation
Limadou HEPD is optimized for the detection of 30-200 MeV protons and 3-100 MeV electrons
(fig. 1). As shown in figure 2, it is composed by several submodules which performs different
measurements:
• A tracker made of two planes of double-side silicon micro strip sensor planes placed on the
top of the HEPD.;
• A trigger made of 6 paddles (200 mm x 30 mm x 5 mm each) of plastic scintillator, each one
read out by a photomultiplier tube (PMT) on each side;
• A calorimeter divided in upper and lower modules. The upper calorimeter is made of 16
planes of plastic scintillator (150 mm x 150 mm x 10 mm), each one read out by two PMTs.
The lower calorimeter consists in an array of 3 x 3 matrix of LYSO crystals (5 mm x 5 mm x
4 mm), each one read out by a PMT;
• A veto system made of 5 planes of plastic scintillators that works as an anti-coincidence
detector for particles not coming from the top of the apparatus.
This detector and the interaction with protons and electrons have been simulated using the
GEANT4 toolkit [3]. The energy deposited in the scintillator planes is converted into light which is
then collected by the PMTs. Indeed, the Monte Carlo simulation was tuned on data acquired during
test beam runs before the launch [6]: a conversion factor from the number of photo-electrons in the
scintillators and the LYSO crystals to ADC counts has been derived and applied to obtain exactly
the signal produced by the detector. Events have been generated in the following phase space:
3
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Figure 1: Estimated acceptances for simulated electrons and protons [4].
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• isotropic flux: azimuthal angle 𝜙 sampled uniformly in [−𝜋,𝜋] and polar angle 𝜃 sampled
uniformly in cos2 𝜃;
• Kinetic energy for electrons in [0,200] MeV;
• Kinetic energy for protons in [0,1000] MeV;
The event selection currently used with flight data was applied to train the FCNNs on the signal
produced by passing trough particles:
𝑇 & (𝑃1 & 𝑃2) & (𝑛𝑜𝑡 𝐿𝑎𝑡𝑉 𝑒𝑡𝑜)
where T means a signal on at least one of the trigger paddles, P1 and P2 mean that we require a
signal on the first and second plane and "not LatVeto" stays for no signal registered by the lateral
veto planes.

4. DL-based reconstruction strategy
A sketch of the reconstruction scheme is shown in fig. 3. The input set is represented by a
vector of 53 signals produced by the particle interaction with the detector: 12 signals of the trigger
PMTs, the 32 signals coming from the upper calorimeter PMTs and the 9 signals from the LYSO
crystals. These signals are used to train two sets of Fully Connected Neural Networks with a similar
structure, 4 hidden layers with up to 512 nodes. The first one discriminates between electrons and
protons (classification task - BCELoss [7]). The second ones reconstructs the kinetic energy and
the arrival direction of the incoming particle (regression task - L1Loss [8] + angular distance).
The NNs are designed and trained using PyTorch [9]. They were trained keeping the 80% of
the Monte Carlo dataset for the training and validation sets and the remaining 20% as independent
test set on which we evaluate the performance.
4
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Figure 2: Estimated acceptances for simulated electrons and protons [4].
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Figure 4: The kinetic energy generated with our MC vs. the one estimated with DL-based algorithms for
protons (left) and electrons (right). The dashed red line is the bisector.

5. Performance on Monte Carlo and results on Test Beam data
Protons and electrons are discriminated by the first NN with a cumulative accuracy of 97.1%
over all the simulated energy ranges. The particle identification performance is particularly challenging at higher energies when particles are not contained anymore and the shape of their energy
deposits in the detector start to be similar.
The performance of the NNs in the reconstruction of the kinetic energy from the ADC signals are
quite different in the case of protons and electrons. This was expected due to different ways with
which the two particles release their energy on the scintillators and it was one of the main the reason
for training two separate networks. In fig. 4-left we can appreciate how the protons FCNN𝐾 𝐼 𝑁 is
able to correctly predict the energy in the range 50 − 1000 MeV, with some saturation effects that
emerge after that point up to 800 MeV. The DL-based algorithms are able to reconstruct protons
not fully contained in the calorimeter (full containment around 200 MeV for protons), looking the
raising of the charge deposition plane-by-plane. On the other hand, this is not true for the electrons
(fig. 4-right) where the reconstruction is heavily affected by containment issues and the energy lost
via Bremsstrahlung, which is not measured in the scintillators planes/LYSO crystals.
The arrival direction is estimated at the same time of the kinetic energy. The DL-based
5
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Figure 3: A sketch of the DL-based reconstruction scheme is shown in the picture.
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Figure 6

reconstruction strategy exploits two things: the correlation between the difference in the charge
collected by the 2 PMTs of the same plane along all the planes and the correlation between the
arrival direction and kinetic energy. In fig. 5 is shown the behaviour of the angular difference
between the true and reconstructed direction as a function of the energy. Obviously, the more
energetic is the particle the more it penetrates inside the calorimeter producing more signal to be
fed to our DL-based reconstruction chain and therefore the performances improve. As usual, the
angular resolution is better for protons which lose more energy in the calorimeter, producing more
information about their trajectory. In both cases the direction provided by the NNs is better then
the one obtained pointing always the vertical (𝜃 = 0).
The same neural networks have been applied also to the test beam data used to calibrate the
apparatus before the launch [6]. In fig. 6, we show an example of the performance in the kinetic
energy reconstruction for 60 MeV electrons acquired at the Beam Test Facility of Frascati (Italy)
and for 174 MeV (protons) acquired at the APSS Proton Therapy of Trento (Italy).
The energy is reconstructed correctly for electrons and protons within (5%). A slight overestimation is present due to Data/MC differences and will be corrected with an unfolding procedure.
6
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Figure 5: The angular difference Ψ as a function of the kinetic energy reconstructed by our neural networks,
for electrons (left) and protons (right). The red points represents the error in the reconstruction with DL
approach, the blue points the one obtained with the vertical pointing. In both cases the error bars are the half
width at half maximum of the distributions.
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6. Conclusions
In this contribution is shown how a Deep Learning based approach to the event reconstruction
can be applied successfully to the case of the Limadou HEPD. The DL chain is able to reconstruct
the particle identity, the kinetic energy and the arrival direction of the incoming particle. DL
efficiently reconstruct the kinetic energy also for not contained protons that cannot be obtained
with standard methods. These algorithms show good performance and has been adopted by the
collaboration for the reconstruction of real data acquired in flight.
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