cherenkov

Event reconstructlon using p' _ elscope
_networks @wtthhﬂwO v T

e e el -

— i . -
- - — _/g'ﬂ ——T —-.-Nw : - . - y -
’ - -
U

"]ann Aschersle n 1S ;-;2- , Reynier eletl

. — S — - — ——-

-— e

~_Kapt .-,;rLAstmnomleaHnsEiute U;l:/ersffy—ef Gd*bnlng h, PO Bo& 80 00 AV Gronmgen Th Netherla

2Bernoulli Institute for Mathematics, ComputerSc:enc a dArt::c:al Intel" efice, Umvg;;s?:ty f Gronin

‘\‘-c...

See www.cta-observatory.org & = R < - N e

L
r
~:-—‘ :_.s. -\ ¥ \_\)_-' s St

8

The Cherenkov Telescope Array (CTA) is the future observatory for ground-based imaging atmospheric Cherenkov telescopes. Each telescope will provide a snapshot of gamma-ray induced particle showers by capturing the induced
Cherenkov emission at ground level. The simulation of such events provides camera images that can be used as training data for convolutional neural networks (CNNs) to differentiate signals from background events and to
determine the energy of the initial gamma-ray events. Pattern spectra are commonly used tools for image classification and provide the distributions of the sizes and shapes of features comprising an image. The application of
pattern spectra on a CNN allows the selection of relevant combinations of features within an image.

In this work, we generate pattern spectra from simulated gamma-ray images to train a CNN for signal-background separation and energy reconstruction for CTA. We compare our results to a CNN trained with CTA images and find , university of
that the pattern spectra-based analysis is computationally less expensive but not competitive with the purely CTA images-based analysis. Thus, we conclude that the CNN must rely on additional features in the CTA images not groningen
captured by the pattern spectra.
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1 - Introduction 2 - Analysis During training, the CNN based on pattern spectra needs a factor 3.1 less random access memory (RAM) and is a factor 2.6 faster
The interaction of a gamma ray with the Earth The pattern spectra are generated from the CTA images by compered to the CNN based on the CTA images (Tab. 1).

atmosphere induces a particle shower, which calculating the size (area 4) and shape (//4° with the moment of 4 - Discussion

produces a flash of Cherenkov light. The inertia /) of each feature (Fig. 2). Separately, the CTA images or the The pattern spectra-based analysis is computationally less expensive but not competitive with the CTA images-based analysis. Thus, we
Cherenkov Telescope Array (CTA) will be able to  Pattern spectra are used as an input for a convolutional neural conclude that the CNN must rely on additional features in the CTA images not captured by the pattern spectra.

capture the Cherenkov emission at ground level, network (CNN), which is trained and tested for signal-background

which provides information about the energy of Separation and energy reconstruction. The CNN is trained ten times BB True photons 8000 - BB True photons 107 ‘ " Tab. 1: Computational performance of the CNNs based on
the initial gamma ray. Pattern spectra [1] are for energy reconstruction to obtain a mean energy resolution and 30000 - True protons o True protons 0.8 - (a) CTAImages a“ﬂé‘iﬁ;’;ﬁlﬁ;ﬁ:ﬂ?ﬁii :“"“g"a'“'“gf"'

commonly used tools for image classification, '*>Uncertainty.

which provide the distributions of the shapes 3 - Results
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Fig. 3: Gammaness distribution of the events obtained with the CTA images (left) and pattern spectra (middle). Receiver operating
characteristic (ROC) curve and area under curve (AUC) comparison (right).
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