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The Cherenkov Telescope Array Observatory (CTAO) is the next-generation ground-based obser-
vatory for very-high-energy (VHE) gamma-ray astronomy. The Large-Sized Telescope prototype,
LST-1, located on the Canary Island of La Palma, is responsible for observation of the low-energy
range of the VHE gamma-ray spectrum. It is undergoing commissioning and has already observed
the Crab Nebula as a standard reference source. Accurate reconstruction of shower parameters
(e.g. energy, direction, and particle type) is crucial for achieving the scientific goals of the CTAO.
In this work, we use CTLearn to implement deep-learning event reconstruction, as an alternative
to the standard Random Forest method. CTLearn is built to be fully compatible with ctapipe,
a framework for prototyping the low-level data processing algorithms for the CTAO, and can
be seamlessly used for data analysis without changing the general framework. It implements
convolution-neural-network based models that take the integrated charge and the relative peak
time of calibrated pixels in cleaned images as an input, to infer the primary particle’s properties.
Using Crab Nebula observations as a validation sample, we explore two different approaches. The
first is to train a model with Monte-Carlo (MC) simulations covering all possible altitude-azimuth
coordinates of the Crab Nebula sample observations, resulting in a single model that can be used to
reconstruct events from any Crab Nebula observations. The second approach is to train 10 models
along this coordinate line, each incorporating a range of ~10° in altitude. In this contribution, we
present our investigation of the performance of CTLearn models, and highlight the potential of
CTLearn for future data analysis in CTAO.
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1. Introduction

The Cherenkov Telescope Array Observatory (CTAO) [1] is the next-generation ground-based
gamma-ray observatory. It consists of two arrays in La Palma, Spain, and Cerro Paranal, Chile,
with numerous Imaging Atmospheric Cherenkov Telescopes (IACTs) of various sizes. A primary
objective of CTAO is to achieve a sensitivity five to ten times greater than current instruments, with
energy coverage from 20 GeV to over 300 TeV. This range is accomplished using three IACT types:
the Large-, Medium-, and Small-Sized Telescopes (LST, MST, and SST). The LSTs are engineered
for the lowest energies (~20 GeV to several hundred GeV), using large 23-meter mirrors and fast
electronics to detect the faint Cherenkov light from low-energy particle showers. The CTAO North
site will utilize four LSTs; the first, LST-1, is fully constructed and is now in its commissioning
phase, acquiring science-grade data on astrophysical sources.

IACTs like the LST-1 detect Cherenkov photons emitted by the interaction of very high-energy
(VHE) particles with the atmosphere (photons, protons, electrons, ...). The resulting pool of light is
collected at 1 GHz by a photomultiplier (PMT) camera. The critical task in gamma-ray astronomy is
to infer the primary particle’s properties (particle type, energy, and direction) from this light. This
process, called event reconstruction, is traditionally performed with a machine learning method
known as Random Forest (RF). The RF method uses a parameterization of the camera image known
as Hillas parameters [2], which includes temporal information, to train decision trees.

This work proposes a deep learning approach to event reconstruction, utilizing deep convolu-
tional neural networks (CNNs) to improve upon established methods. Unlike the RF method, CNNs
do not rely on image parametrization. Instead, they use the full information from the integrated
charge and relative time development images to learn and extract features directly.

2. Methodology and data

CTLearn1 [3] is a deep learning python package developed for performing event reconstruction
on IACTs. It uses a range of possible inputs such as waveforms, images, calibrated or not, etc.,
to reconstruct events. In the case of this work, the models are fed with 2 images per event (pre-
processed into a square-pixel lattice with the DL1-Data-Handler2 [4]), the cleaned and calibrated
integrated charge image, and the relative peak time image (time at which each pixel reached max
amplitude in the waveform). These images are convoluted with various kernels to extract features,
that are then passed to a shallow residual neural network (ResNet) [5] with 33 layers inspired by the
Thin-ResNet [6], that learns the relevance of each feature [7] and infers properties of the events.

In order to efficiently conduct the experiments of this work, a companion package called
CTLearn Manager3 was developed. It enables the simple training, testing, data prediction, and full
benchmarking of the models through a simplified interface. Model collections can be created to
compare strategies and experiments, also to other reconstruction algorithms. All plots shown in
this work were produced by the CTLearn Manager.

1https://github.com/ctlearn-project/ctlearn
2https://github.com/cta-observatory/dl1-data-handler
3https://github.com/BastienLacave/CTLearn-Manager
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Note on vocabulary, in the following, unless explicitly expressed, the term model will define a
collection of three models, one for the energy regression task, one for the direction regression task
and one for the particle type classification task. The term tri-model may also be used for clarity.
Moreover, the term node will not define parts of the neural networks used in this work, but the
position in the sky where simulated shower come from, making for discrete points, for training and
testing the models.

Figure 1: Sky map of the training nodes of the multi
models. Each incorporates 2 adjacent nodes. The
teal areas represent the ranges of application of each
model. Red circles represent the nodes used for testing
at different positions along the declination line. For
future reference, the models are indexed from 0 to
9 starting at the top (azimuth 270°) and going down
towards azimuth 90°.

Two distinct deep-learning strategies were
implemented to evaluate the trade-offs between
a generalized versus a specialized approach to
event reconstruction. The first, labeled the "Sin-
gle Model", is a universal tri-model trained on
Monte-Carlo simulations covering all poten-
tial observation directions for the Crab Neb-
ula. This approach offers significant oper-
ational simplicity, as a single, robust model
can be applied to any dataset without regard
to the specific pointing direction. The second
strategy, the "Multi-Model" approach, involves
training 10 separate tri-models, each special-
ized for a narrow range of observation alti-
tudes by using only two adjacent training nodes.
Although this approach is more computation-
ally intensive and complex to manage, it was
hypothesized to yield higher performance by
learning direction-specific features. The mod-
els are indexed from 0 to 9, covering an azimuth
range from 270° to 90° (Figure 1). Note that
the models are not fed with the coordinates of
the events.

This project constitutes a total of 11 tri-
models, one single model and 10 multi models, each being a group of three CNN models for each of
the three reconstruction tasks, resulting in 33 reconstruction tasks to train. The bulk of the training
was mad at the Centro Svizzero di Calcolo Scientifico (CSCS) in Lugano, Switzerland, on NVIDIA
GH200 Grace Hoppers, allowing for under 6h training for each multi model for 7 epochs. Due to
a larger amount of training data for the single model, a training time of ~2 days was needed. The
Monte-Carlo (MC) data was produced using CORSIKA [8] and sim_telarray [9]. Each models
is trained on diffuse gamma simulations (events simulated in a cone with a given field of view), in
addition to diffuse protons for the classification task. Due to the lower amount of protons in each
node, the adjacent nodes were also included in the training, as well as the 4 nodes with same zenith
but opposite azimuth, in order to have a balanced training set between gamma and proton samples.

Finally, the real LST-1 Crab nebula data processed in this work is a subset of the LST-1 Crab
performance paper sample [10], including the following runs 2933, 2934, 2974, 2975, 2976, 2989,
2990, 2929, 2914, 2949, 2968, 2969, 3093, 3094, 3271, 3272, 6304, accounting for 5h of effective
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time.

3. Monte-Carlo performance

Trained models are tested on ring-wobble gammas (as seen on Figure 3) from the closest
testing node along the Crab nebula declination line. A series of low-level checks are performed to
ensure the models work as expected. The migration matrices for both the multi-model and single-
model approaches (Figure 2) show a high concentration of events along the identity line, where
reconstructed energy equals true Monte-Carlo energy. This confirms that both models accurately
reconstruct event energies across the tested range. Similarly, the sky maps of reconstructed event
positions (Figure 3) demonstrate that reconstructed event directions are tightly clustered around the
true source position for both model types, indicating precise angular reconstruction. Finally, due to
the lack of testing protons data, the classifier could only be tested on gammas. Their distribution of
gammaness is shown on Figure 3.

Figure 2: (Left): Migration matrix for the multi model n°0 tested at zenith 37.814° and azimuth 270.0°.
(Center): Migration matrix for the multi model n°4 tested at zenith 10.0° and azimuth 248.117°. (Right):
Migration matrix for the single model tested at zenith 10.0° and azimuth 248.117°.

Figure 3: (Left): Sky map of reconstructed event positions for the multi model n°4 tested at zenith 10.0°
and azimuth 248.117°. (Center): Sky map of reconstructed event positions for the single model tested at
zenith 10.0° and azimuth 248.117°. (Right): Gammaness distribution for Multi Model n°4 for the testing
point-like gamma sample.

Performance on MC data is evaluated on an optimized sample of the data, generally involving
a cut on the gamma-hadron classifier value, also called gammaness. By keeping event with high
gammaness (probability of being a gamma event), one obtains the performance for gamma-like
events. Moreover a cut of the angular separation from the source (theta) is applied to benchmark
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energy resolution on the target events, discarding outliers coming from background regions. This
cut is referred to as the theta cut. In order to achieve the best performance possible on real data,
cuts are optimized in an energy-dependent way on MC, such that in each energy bin, a certain
percentage of the gamma events are retained. We call this percentage efficiency, and it is defined
for both gammaness and angular separation (theta efficiency). This way, cuts are obtained such that
a given percentage of gamma events (on MC) are kept, en then, a given percentage of those with
a theta cut. Note that for the angular resolution benchmarking, no theta cuts are applied as this
would defeat the purpose of evaluating the capacity of the model to infer the position accurately, and
artificially improve it. These cuts can then be applied of real data, and given that the MC matches the
data, the same percentages of gamma-like events will be kept in the analysis, eliminating proton-like
events. For cuts optimization, the ctapipe-optimize-event-selectio tool is used, then IRFs
(Instrument Response Functions) are computed using these cuts with ctapipe-compute-irf [11].

A quantitative comparison of model performance is presented in Figure 4. The analysis reveals
a clear performance trade-off between the two approaches. The Multi-Model strategy yields a
notable improvement in energy resolution, particularly at energies below ~500 GeV. This is a
critical advantage for spectral analyses. In contrast, the angular resolution of the Single Model is
better across the full energy range. Given the significant overhead of managing multiple models,
the Single Model’s ability to achieve similar angular resolution makes it a compelling choice for
analyses of large amount of data spanning across zeniths.

A quantitative comparison of model performance is presented in Figure 4. The analysis reveals
that the multi-model approach yields a notable improvement in energy resolution, particularly
at lower energies below ~500 GeV, when compared to the single-model, more suitable for higher
energies. While the angular resolution (68% containment radius) is broadly comparable between the
models, the single-model consistently performs better, due to a broader training sample. Note that
at lower energies, the random forest implements a cut of the events where the shower development
direction (disp sign in [10]) reconstruction fails, artificially improving the resolution curves at lower
energies. CTLearn does not use disp sign reconstruction and can therefore not apply such a cut.

Preliminary Preliminary

Figure 4: (Left) : Angular resolution. (Right) : Energy resolution. On each plot, the single model is plotted
with the multi models closest to that testing direction. The RF curves are taken from [10].
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4. Crab nebula data

The models were subsequently applied to 5 hours of LST-1 observations of the Crab Nebula.
The resulting theta-squared plots (Figure 5) show a clear excess of events from the source direction
for both the single and multi-model approaches, confirming a significant detection.

For real data analysis, the same cuts that were optimized on MC are applied, to produce
the desired metrics. Note that the LST-1 Crab performance paper [10] does not use the same
optimization algorithm on real data for benchmarking of RF models, therefore, a direct comparison
of the metrics computed here with those in that work would not be appropriate. It is the reason the
RF curves are not shown on some plots. Plans to compare to the RF method are described in the
outlook.

In order to evaluate what model strategy is the best for sensitivity and real data analysis, we
compute the following metrics :

1. Point Spread Function (PSF)

The PSF on real data is simply computes as the 68% containment radius of the events around
the source, in bins of reconstructed energy. For this analysis, gammaness cuts for 70% are
applied, but not the theta cuts (Figure 6).

2. Sensitivity

On real data, sensitivity is computed by first applying the MC-optimized cuts for 70%
efficiency on the data. Then, the goal is to find the minimum flux fraction that results in a
5𝜎 detection in 50h, compared to the actual sensitivity and observation time of the analyzed
sample. For this, on proceeds iteratively, setting the current observed flux factor to 𝑓 0

𝑓
= 1

and scaling the flux by the ratio of the target observation time (50h) and effective observation
time 𝑓𝑡 = 50ℎ/𝑡𝑒 𝑓 𝑓 . Then, computing the corresponding Li&Ma significance, and scaling
the flux by the ratio of the target significance to the current one (5𝜎). Until the significance
of the scaled sample gives 5 sigmas, the flux factor in percentage of observed flux is the
sensitivity on real data (Figure 6).

Crucially, the high-level performance metrics computed from this data (Figure 4) validate the
trends observed in simulations. The PSF, or 68% containment radius, is comparable between the
two models. However, the differential sensitivity measurement shows a clear advantage for the
single-model approach, which achieves a better sensitivity across the majority of the energy range.
This indicates that the single-model strategy would allow for the detection of fainter sources in an
equivalent amount of observation time.

5. Discussion and conclusion

In this work, we evaluated two deep-learning strategies for LST-1 event reconstruction using
CTLearn: a single, universal model and a set of ten specialized multi-models. Our validation on
both Monte-Carlo simulations and 5 hours of Crab Nebula observations demonstrated that while
the specialized Multi-Model approach offers superior energy resolution, the operationally simpler
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PreliminaryPreliminary

Figure 5: Theta square plots of the LST-1 Crab nebula data. (Left) : Single model. (Right) : Multi models.

Preliminary Preliminary

Figure 6: (Left) : Point Spread Function computed on LST-1 Crab nebula data, comparing the single model
to the multi model approach. (Right) : Differential sensitivity obtained with the analyzed sample in units of
the total observed flux.

Single Model achieves highly comparable angular resolution and, most critically, better overall
differential sensitivity. Since sensitivity is the key metric for the detection of faint gamma-ray
sources, the single-model approach currently stands as the preferred strategy for general-purpose
analysis.

These results suggest a promising path for future development: a hybrid reconstruction method.
Such a system could leverage the strengths of both approaches by using the multi-model output ex-
clusively for energy estimation, while employing the more sensitive single model for event direction
and gamma/hadron classification. This could provide optimal performance for all reconstruction
tasks simultaneously.

A limitation of this study is the lack of a direct benchmark against the standard Random Forest
(RF) [12] analysis pipeline. Future work will focus on this essential comparison. Additionally, we
plan to explore the use of transfer learning to drastically reduce the training time of specialized
models, which would make the development of a hybrid system more efficient. In conclusion,
CTLearn provides a powerful and flexible framework for CTAO data analysis, and these results
provide a foundation for developing advanced, highly-optimized reconstruction techniques.
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