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Abstract

Artificial intelligence has made remarkable progress across numerous domains, including

physics, where machine learning and deep learning methods have become increasingly

common. In high-energy physics, these approaches have significantly advanced tasks

like event reconstruction, pattern recognition, and large-scale data analysis. The present

study explores the application of machine learning techniques to the classification of

electromagnetic and hadronic showers in space calorimeter experiments. Leveraging

Monte Carlo simulations and a dedicated feature engineering, the findings demonstrate

the strong potential of AI to improve classification performance in space calorimetry.

Keywords: artificial intelligence; machine learning; deep learning; classification task;

Transformer; XGBoost; space calorimetry

1. Introduction

Cosmic rays are highly energetic particles, mostly protons and atomic nuclei, that

constantly reach the Earth from outer space. When they interact with the atmosphere or

with detectors, they produce cascades of secondary particles whose measurement provides

key information about their origin and composition. Calorimeters, which are detectors

designed to measure the energy of these particles through their energy deposition in

dense materials, play a crucial role in this field. Cosmic rays provide critical insights into

high-energy processes in our galaxy and beyond. Their study enables the investigation of

extreme astrophysical phenomena, such as supernova explosions, active galactic nuclei, and

potential signatures of dark matter. Accurate determination of their origin, composition,

and propagation benefits measurements above the Earth’s atmosphere. Satellite-based

detectors allow for direct observations of charged particles and photons up to knee energy

(few PeV for charged particles). As space missions become increasingly complex, integrat-

ing artificial intelligence (AI) technologies is essential for optimizing their performance

and enhancing scientific outcomes. This study focuses on the use of machine learning

techniques for calorimeters in space-based experiments. It is important for space-based

calorimeter experiments to distinguish between different particle types, such as electrons

and protons. In particular, this work focuses on the energy range from a few GeV up to

1 TeV, where the abundance of cosmic ray electrons is significantly lower—by a factor

of 10−3 to 10−2—compared to that of cosmic ray protons. This disparity makes precise

measurement of the electron spectrum a challenging task. To address this challenge, we pro-

pose a novel classification approach leveraging machine learning techniques—specifically
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Transformer models [1] and the XGBoost algorithm [2] —to enhance particle identification

performance in space-based calorimetry experiments. Similar architectures have already

been successfully employed at the LHC for jet tagging applications [3].

The HERD (High Energy cosmic-Radiation Detection facility) experiment [4], de-

scribed later, has been chosen as a test bench for this application, since its custom simu-

lation framework (HerdSoftware), built upon the Geant4 Monte Carlo toolkit, accurately

models particle interactions and energy deposition in the detector materials, providing a

comprehensive and realistic description of the detector and the interactions of particles

with its components [5].

This paper is organized as follows:

• Section 2 provides a brief overview of the HERD experiment,

• Section 3 details the AI-driven analysis pipeline for the calorimeter including data

processing and algorithms implementation considered in this paper,

• Section 4 presents the preliminary results obtained from the two machine learning

techniques.

2. HERD Experiment as Test Bench

HERD experiment is an upcoming space mission designed for the direct detection of

cosmic rays, planned for deployment from the Chinese Space Station in 2027 [6]. The detec-

tor will feature a fully homogeneous, isotropic, and finely segmented three-dimensional

calorimeter, complemented by multiple sub-detectors for charge, timing, and tracking

measurements.

Thanks to its innovative design, HERD will be able to detect particles from five di-

rections, resulting in a large geometric acceptance. Combining it with excellent energy

resolution, the HERD geometric factor is expected to be roughly an order of magnitude

higher than that of current space-based experiments dedicated to charged particles mea-

surements. This enhanced sensitivity will enable HERD to measure the cosmic ray proton

flux up to energies of 1 PeV.

The HERD apparatus is composed of several sub-detectors, organized from the inner-

most to the outermost:

• CALO: the central calorimeter is the core of the experiment, used to measure particle

energies and to distinguish electrons from protons and heavier nuclei. It consists of

approximately 7500 LYSO cubic scintillating crystals, each 3 cm per side [7];

• FIT: the FIber Tracker surrounds the CALO on the top and four lateral sides. It is

designed for particle tracking and charge measurement and consists of five tracking

sectors, each with seven X-Y double layers of closely packed scintillating fibers, allow-

ing for seven independent position measurements of traversing charged particles [8];

• PSD: the Plastic Scintillator Detector is made of plastic scintillator bars and measures

particle charges also serving as a trigger for low-energy gamma rays [9];

• SCD: the Silicon Charge Detector is a micro-strip silicon detector for precise particle

tracking and charge measurement [10];

• TRD: the Transition Radiation Detector is positioned on one side of the detector

and consists of THick Gaseous Electron Multipliers (THGEM), primarily used for

calibration of TeV nuclei [11].

A schematic figure of the detector is shown in Figure 1.
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Figure 1. Schematic picture of HERD apparatus [7].

The HERD Simulation Dataset

The full HERD simulation dataset, generated using the custom HerdSoftware frame-

work, comprises 4,300,000 events, evenly split between 2,150,000 electron events and

2,150,000 proton events. This balanced dataset provides a robust basis for testing classifica-

tion algorithms under controlled conditions. In order to investigate possible differences

in classification performance across energy scales, the dataset was further divided into

two balanced subsets: the low-energy range (1 GeV–100 GeV) and the high-energy range

(100 GeV–1 TeV). All events are simulated according to a power-law energy spectrum

E−1, spanning from 1 GeV to 1 TeV, and distributed within a spherical region surrounding

the detector.

3. Pipeline for AI Electron and Proton Discrimination Algorithm

The classification pipeline begins with the extraction of relevant features from the

simulated HERD events, two distinct sets of features were defined for the analysis, tailored

to the two machine learning approaches considered: Transformers and XGBoost.

For the Transformer-based model, the input consists of low-level detector information.

In particular, each event is represented by the spatial coordinates of the activated calorimeter

pixels and by the corresponding deposited energies. This raw description of the shower

development preserves the full granularity of the detector response, enabling the model to

learn directly from the underlying spatial-energy patterns.

For the XGBoost classifier, the input instead relies on higher-level physics variables

reconstructed from the calorimeter signals. These include:

• Lateral moment until the fourth order: quantifies the spread of energy deposition per-

pendicular to the shower axis, providing insight into the transverse size of the shower;

• Longitudinal moment until the fourth order: characterizes the distribution of energy

along the depth of the calorimeter, reflecting the shower development along its axis;

• Longitudinal energy profile: which encodes the energy deposition pattern across

successive calorimeter layers.

In both cases, all input features were normalized in the range [0, 1] to ensure stable

training and to improve convergence of the models.

3.1. The Transformer Classification Algorithm Definition

Transformers are deep learning architectures originally developed for natural language

processing, where their attention mechanism enables the efficient modeling of long-range

dependencies [1]. Their ability to extract correlations between sequence elements makes

them particularly well-suited for analyzing spatially distributed data. In our application,



Particles 2025, 8, 87 4 of 9

we employ them to classify events based on calorimeter pixel information. Each event is

represented by the list of activated pixels and their associated energy deposit, which form

the sequential input to the model. The decoder component has been omitted, highlighting

how the modular nature of Transformers can be adapted to applications beyond natural

language processing. A schematic overview of the original Transformer architecture is

provided in Figure 2.

The TransformerClassifier model is a custom architecture specifically developed in

this work for the binary classification of particle events, a schematic representation of its

architecture is shown in Figure 3, and consists of the following:

Figure 2. The Transformer—model architecture [1], specifically designed for generating sequences.

Figure 3. Architecture of the TransformerClassifier, a custom model tailored for the binary classifica-

tion of particle events.



Particles 2025, 8, 87 5 of 9

• Embedding Layer: Input features are first projected into a higher-dimensional space

through a linear embedding layer. This step expands the representational capacity of

the model, enabling the subsequent layers to better capture non-trivial correlations in

the data.

• Positional Encoding: Since the Transformer framework does not inherently encode

sequential or spatial relationships, positional encodings are added to the embedded

vectors to convey information about the relative position of each element in the input

sequence. In this work, we implemented a custom function that generates fixed

sine–cosine positional encodings and adds them to the input embeddings. These

encodings use sinusoidal functions at different frequencies, enabling the model to

infer distances and relative ordering between elements from their phase relationships.

In practice, this allows the Transformer to distinguish, for instance, between energy

deposits occurring in different pixels of the calorimeter, even though all inputs are

processed in parallel.

• Transformer Encoder: The central component is a stack of five Transformer encoder

layers. Each layer contains two sub-blocks: a multi-head self-attention mechanism,

which learns long-range dependencies between sequence elements, and a position-

wise feed-forward network, which enhances the model’s ability to capture complex

high-dimensional structures. Residual connections and layer normalization are au-

tomatically handled by the PyTorch (version 2.6.0) nn.TransformerEncoderLayer

implementation [12].

• Classification Layer: The encoder outputs are aggregated by computing their mean

along the sequence dimension, yielding a fixed-size feature vector. This vector is

passed to a fully connected layer that produces the final binary classification output.

For model optimization, we employed the Optuna library [13], which performs hyper-

parameter search using Bayesian optimization. The full set of tested hyperparameters and

their ranges is reported in Table 1, while the optimal configuration identified during the

search is summarized in Table 2. Model selection was guided by validation accuracy, with

the best-performing configuration chosen as the final architecture.

Table 1. Hyperparameters considered in the Bayesian search and their values for the Transformer-

Classifier.

Hyperparameter Values

Embedding Input Dimension 128, 256, 512

Number of head attention 4, 8

num_layers 1, 2, 3, 4, 5, 6, 7, 8

learning rate (lr) between [10−5, 10−3]

patience 3, 4, 5, 6, 7, 8, 9, 10

max_epochs 20, 21, . . . , 50

batch_size 16, 32, 64

Table 2. Optimal hyperparameters and best accuracy obtained using Optuna.

Hyperparameter Optimal Value

embedding dimension (dmodel) 256

number of heads (nheads) 8

number of layers (num_layers) 5

learning rate (lr) 3.05 × 10−5

patience 6

max epochs 74
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3.2. The XGBoost Classification Algorithm

XGBoost is an optimized gradient boosting framework that constructs ensembles of

decision trees in a highly efficient manner, making it particularly suitable for handling

structured data. It is well known for its ability to combine hand-engineered features

with strong predictive performance, while ensuring scalability to large datasets. In this

work, a dedicated feature engineering process was carried out to derive a set of physically

motivated variables from the calorimeter signals, tailored to maximize the discriminative

power between electromagnetic and hadronic showers. The first group of features are the

longitudinal and lateral moments of order n.

Mlong(n) =
∑i Ei

(

d̄ · (x̄i − x̄0)
)n

∑i Ei
, (1)

Mlat(n) =
∑i Ei dn

i

∑i Ei
, (2)

Equation (1) defines the longitudinal moment of order n: where the sum runs over all

calorimeter cells i. Here, Ei denotes the energy deposited in the i-th cell, x̄i is the position

vector of the cell, and x̄0 is the shower starting point (typically the interaction vertex).

The unit vector d̄ defines the shower axis, along which the moment is calculated. This

definition provides an energy-weighted characterization of the longitudinal development

of the shower.

• For n = 1, Mlong(1) corresponds to the average longitudinal displacement of the

deposited energy along the shower axis.

• For n = 2, Mlong(2) is related to the longitudinal spread (or variance) of the energy

deposition.

• Higher orders (n > 2) capture more detailed features of the shower profile.

Equation (2) defines the lateral moment of order n: where Ei denotes the energy

deposited in the i-th calorimeter cell, and di is the transverse distance of the cell from the

shower axis (defined by the unit vector d̄ passing through the shower starting point x̄0).

This quantity provides an energy-weighted characterization of the lateral development of

the shower:

• For n = 1, Mlat(1) represents the mean lateral displacement of the deposited energy

with respect to the shower axis.

• For n = 2, Mlat(2) corresponds to the lateral spread (variance) of the shower profile.

• Higher orders (n > 2) capture finer details of the transverse distribution.

From a physics perspective, these features capture essential differences between

electromagnetic and hadronic showers. Electromagnetic showers, initiated by electrons

or photons, tend to be narrower, with a more compact lateral spread and a faster energy

deposition along the calorimeter depth. In contrast, hadronic showers, induced by protons

or heavier particles, typically exhibit larger fluctuations, broader lateral distributions, and

a more irregular longitudinal development due to nuclear interactions. By exploiting these

physically motivated observables, XGBoost can effectively learn patterns that distinguish

between the two classes of events. Moreover, in addition to these variables, the longitudinal

energy profile was also derived, according to the following procedure: for each calorimeter

hit, its projection onto the shower axis is determined, allowing the longitudinal position

relative to the shower start to be computed. The shower axis is then divided into ten

segments of equal length according to Equation (3).

LongStep =
Length of the shower

10
(3)
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Within each segment, the deposited energy from all hits inside a fixed maximum

radius around the axis is summed. This procedure yields the “longitudinal energy profile”,

which is then normalized by dividing the total energy in each bin by the step length. The

result is an energy density distribution that characterizes the shower development along

its axis.

4. Results

4.1. Transformer Results

As a preliminary study, due to time efficiency, we initially trained the Transformer on

a smaller dataset of 20,000 events in the energy range 100 GeV–1 TeV subset, comprising

10,000 events produced by electrons and 10,000 events produced by protons. A classic

80%–20% train-test split was applied. The model was trained for 100 epochs using the

Adam optimizer [14] to minimize the binary cross-entropy loss. The result is shown in

Figure 4.

Figure 4. Training and validation loss curves from the TransformerClassifier training. The observed

overfitting and fluctuations in the curves are due to the small size of the dataset.

It is evident that overfitting and fluctuations are present, which can be attributed to the

limited size of the dataset. Training on the full dataset is still under investigation to enable

a more robust evaluation, leveraging the parallelization of the Optuna search procedure.

The performance metrics are summarized in Table 3.

Table 3. TrasformerClassifier model performance metrics.

Metric Value (%)

Accuracy 94.55
Precision 92.58
Recall 96.81

4.2. XGBoost Results

The XGBoost classification algorithm was trained and evaluated separately on

two distinct energy intervals: the low-energy range from 1 GeV to 100 GeV, and the

high-energy range from 100 GeV to 1 TeV. This division allows us to assess the model’s per-

formance across different shower development regimes. The results are shown in Figure 5,

and the performance metrics are listed in Table 4.
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(a) (b)

Figure 5. Comparison of XGBoost training and validation loss curves in two different energy

ranges. (a) Training and validation loss curves for the energy range 1 GeV–100 GeV; (b) Training and

validation loss curves for the energy range 100 GeV–1 TeV.

Table 4. Comparison of XGBoost performance metrics for low and high energy datasets.

Metric Low Energy (%) High Energy (%)

Accuracy 99.19 99.50
Precision 99.16 99.53
Recall 99.21 99.47

5. Conclusions

We explored different machine learning approaches to classify electromagnetic and

hadronic showers in the HERD calorimeter: XGBoost performed very well on physics-

inspired features such as lateral moments and energy profiles; Transformers allowed the

direct use of spatial and energy information from activated pixels. The two approaches

show complementary strengths, suggesting that combining feature engineering and deep

learning can enhance classification performance in high-granularity calorimeters.
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