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Abstract

Gamma rays are electromagnetic radiation with millions of times higher energy than vis-
ible light. These energies can only be reached by the most violent non-thermal events in
the Universe. Unlike cosmic rays; charged particles coming from all directions of the uni-
verse at relativistic velocities, gamma rays have a null electric charge which makes them
immune to magnetic �elds and their de�ection e�ects, leading them to directly point
their source. Our planet is constantly struck by all of these rays which interact with
atmosphere molecules, creating a cascade of ultra-relativistic particles and generating a
blue glow: the Cherenkov light. Imaging Atmospheric Cherenkov Telescopes (IACTs),
such as the CTA project's telescopes, are used to detect and observe this phenomenon
on Earth's surface.

To optimize the detection of gamma rays (
 rays), one of the telescope's priorities is
the ability to distinguish images produced by
 rays from those produced by other cos-
mic rays (hadrons), being the signal to background ratio lower than 1/1000. Nowadays,
machine learning algorithms, like Random Forest, are used to perform the
 /hadron sep-
aration and reconstruction of energy and arrival direction of
 rays. Unfortunately, the
large amount of data, in the order of Tera/Petabytes, and the not su�cient computation
capabilities of hardware, leads to the necessity of parameterizing the telescope recorded
images prior of being analyzed by algorithms. This implies a consequent and inevitable
loss of the pixel-wise information. Luckily, thanks to the latest developments in hard-
ware devices, such as Graphic Processing Units (GPUs) and to the implementation of
the latest deep learning techniques, such as Convolutional Neural Networks (CNNs), we
are nowadays able to process big amounts of data at the pixel-wise level without any
loss of information. CNNs architectures are inspired by the organization of the brain
visual cortex, imitating its behavior, where a single neuron responds to stimuli only in
a restricted region of the entire visual �eld. Its coverage is entirely due to the overlaps
created by the full collection of neurons. Thanks to this feature, CNNs allow to work with
raw images and native information by means of special layers called Convolutional and
Pooling layers. All of this happens without requiring a strong preprocessing phase such
as imaging parametrization, making CNNs the ideal candidate for this analysis process.

In this thesis I propose two new reconstruction algorithms, based on a full use of CNNs
trained and evaluated in GPUs, allowing to speed up the decision and regression opera-
tions while dealing with a greater amount of information. This strategy will lead to an
improvement in the performance of a particular telescope type of the CTA project: the
Large Size Telescopes (LSTs).
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Sommario

I raggi gamma sono radiazioni elettromagnetiche con un'energia milioni di volte più el-
evata della luce. Queste energie possono essere raggiunte solamente da processi non
termici presenti negli eventi più violenti dell'Universo. Diversamente dalla maggior parte
dei raggi cosmici, elettricamente carichi, i raggi gamma sono composti da particelle con
carica nulla, detti fotoni, che rendono la loro traiettoria immune agli e�etti di attrazione
e repulsione dei campi magnetici presenti nel Cosmo. Questa caratteristica è anche il
motivo principale del loro studio in quanto è possibile risalire alla loro sorgente. Il nostro
pianeta è costantemente colpito da tutti questi raggi che, interagendo con la nostra atmos-
fera, creano una cascata di particelle ultra relativistiche dando vita ad un bagliore blu,
chiamato luce Cherenkov. Per catturare questo fenomeno sul suolo terrestre gli scienziati
si servono dei Imaging Atmospheric Cherenkov Telescopes (IACTs), come i telescopi del
progetto Cherenkov Telescope Array (CTA).

Per studiare al meglio le proprietà delle sorgenti gamma una delle priorità dei telescopi è
la capacità di distinguere eventi prodotti da un raggio gamma rispetto a eventi prodotti
dalle restanti tipologie di raggi cosmici, identi�cati come adroni. Questa abilità è cru-
ciale in quanto, sfortunatamente per l'astronomia gamma, il ratio di osservazioni seg-
nale/rumore è minore di 1/1000. Oggigiorno, per la separazione gamma/adrone, la ri-
costruzione dell'energia e della direzione d'arrivo dell'evento vengono utilizzati algoritmi
di Machine Learning, come Random Forest. Questa scelta è stata dettata dalla grande
mole di dati, nell'ordine dei Tera/Petabyte, e le prestazioni hardware non ottime per
una computazione accettabile, che hanno richiesto la parametrizzazione delle immagini
registrate dal telescopio prima di essere analizzate dagli algoritmi. Purtroppo, come
per ogni parametrizzazione, si ha una conseguente ed inevitabile perdita di informazioni
contenute nei pixel. Tuttavia, con gli ultimi sviluppi della componentistica hardware e
dell'intelligenza arti�ciale, sono state realizzate nuove unità di calcolo più veloci, come le
Graphics Processing Units (GPUs), ed implementati nuovi algoritmi più e�caci nel risol-
vere problemi complessi, come le Convolutional Neural Networks (CNNs). Quest'ultime
hanno un'architettura ispirata alla corteccia visiva del cervello ed un comportamento che
tende ad imitarla, dove ogni singolo neurone risponde agli stimoli di un'area ristretta
della visuale totale che, anche attraverso delle sovrapposizioni, viene mappata dall'intero
insieme di neuroni. Grazie a questa caratteristica le CNNs permettono di lavorare su
immagini grezze tramite particolari strati di neuroni detti convoluzionali e di pooling,
manipolando direttamente l'informazione nativa senza richiedere una fase di preprocess-
ing importante, come la parametrizzazione. Questa loro peculiarità le rende il candidato
ideale per questa tipologia di analisi.

In questa tesi propongo due nuove architetture, basata sul completo utilizzo delle CNN
combinato all'utilizzo di GPU. Ciò permetterà di velocizzare le operazioni di decisione
e regressione trattando, contemporaneamente, una maggiore quantità di informazioni.
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Questa strategia porterà un miglioramento nelle performance di una particolare tipologia
di telescopio del progetto CTA, i Large Size Telescopes(LSTs).
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Chapter 1

Introduction

Gamma-ray astronomy is a young branch of Science whose purpose is to study very
high-energy (VHE) photons and astronomical objects under extreme conditions. In 1989
the detection of TeV 
 rays from the Crab nebula by the Whipple telescope opened the
door of VHE 
 -ray astronomy, leading to a subsequent evolution of Imaging Atmospheric
Cherenkov Telescopes (IACTs). Starting in 1990, IACTs became more and more sophis-
ticated, from HEGRA1 to H.E.S.S.2 and new discoveries have been made, such as the
existence of cosmic particles accelerators, possible origin of
 rays, and a more deep view
of the most energetic Universe with respect to the one known before. These advances
led to the planning of the Cherenkov Telescope Array (CTA)3 project, consisting in the
creation of � 100 telescopes, located in both hemispheres, to cover the full sky.

IACTs are peculiar telescopes: they point directly to the
 -ray source but, instead of
directly detecting the 
 -ray photons, they observe the Cherenkov light generated in the
atmosphere, where this electromagnetic radiation is emitted by the interaction between

rays and air nuclei. IACTs are properly designed to capture these events, known as Ex-
tended Air Showers (EASs), and to record images of these showers. Due to the enormous
quantity of data, in the order of Tera/Petabyte, and the insu�cient hardware perfor-
mance, the IACT standard analysis requires the cleaning and parametrization of each
single image. Image cleaning is a lossy procedure, but necessary to remove the light of
the Night Sky Background (NSB), with which the information of most of the pixels is
lost. Typically, pixels with signi�cant information after image cleaning are those con-
taining photoelectrons produced by the atmospheric shower. These de-noised images are
then parameterized calculating image parameters. After these pre-processing steps, the
image parameters are used as input to train a Random Forest model, a machine learning
algorithm, with the purpose of performing the event reconstruction. This process consists
in a set of operations with the intent of estimating the probability of being a
 -ray event
and then reconstruct the energy and the sky position of the source.

Fortunately, in the recent years, new hardware architectures and much faster comput-
ing units, such as Graphics Processing Units (GPUs), have been developed allowing to
overtake the computational problems and to fully employ Convolutional Neural Network
(CNN), such as VGG16 (Simonyan & Zisserman, 2015) and ResNet (He et al., 2016), as
neural network architecture for IACT analysis.

1https://web.archive.org/web/20050209034041/http://www-hegra.desy.de/hegra/
2https://www.mpi-hd.mpg.de/hfm/HESS/pages/about/telescopes/
3https://www.cta-observatory.org/
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Chapter 1. Introduction

The aim of the work presented in this thesis is to implement new methods for Convolu-
tional Neural Network analysis and propose an optimal neural network con�guration for
each of the reconstruction steps, i.e. signal/background separation, energy reconstruction
and arrival direction reconstruction, leading to better telescope performance.
Two solutions are suggested:

� A modi�ed VGG16 architecture, trained on raw images.

� An hybrid ad-hoc architecture, built by the concatenation of a Deep Feed Forward
network, trained on the image parameters, and a modi�ed VGG16, trained on raw
images.

Since the �le format of the given dataset is not suitable for training a neural network,
two software libraries are employed and their code has been extended in this thesis. The
DL1 Data Handler (DL1DH)4 package is used for the necessary preprocessing steps, such
as preprocess the dataset and the input images; while the CTLearn5 package is used for
the neural networks training and prediction. My contribution in extending both of the
software libraries allows to train and implement both of the proposed architectures in
this work.

This thesis is the outcome of my work experience in the Group of Multimessenger Astro-
physics in Padova, at the Istituto Nazionale di Fisica Nucleare (INFN), and it is divided
into �ve further chapters:
Chapter 2 contains the overall concepts on astrophysics and physical phenomena, such
as 
 rays and generation of the Cherenkov light. It is organized to give the reader a
basic knowledge of
 rays, showing their galactic and extra-galactic origins as well as the
evolution of EAS.
Chapter 3 describes Imaging Atmospheric Cherenkov telescopes and the
 -ray data
analysis. This chapter presents the IACT techniques and data analysis; in addition it
illustrates the CTA project that, thanks to telescopes as the LSTs, will revolutionize

 -ray observation.
Chapter 4 presents an introduction to Convolutional Neural Networks, listing the di�-
culties faced and the solutions proposed, before describing the neural network architec-
tures used and the libraries for their implementation.
In Chapter 5 I report the dataset and the strategies used, the obtained results and the
performed analysis, in addition to the comparison between the CNN approach and the
standard machine learning one.
At last, Chapter 6 contains the conclusions and discussion of the results of the thesis
with a list of possible future works.

4https://github.com/cta-observatory/dl1-data-handler
5https://github.com/ctlearn-project/ctlearn
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Chapter 2

Glimpse to VHE gamma-ray astronomy

Since ancient times, the night sky has been studied by humanity which, thanks to tech-
nological advances, has succeeded to observe it in various ways more and more precisely.
In the beginning the Universe was observable only in the visible light band until, in 1912,
the physicist Victor Hess, with an aerostatic balloon, was able to notice what is invisible
to our eye. Hess observed that as the altitude increases the density of ionized particles
increases as well, concluding that the reason must be an extraterrestrial radiation source.
Later, given their origin, these radiations were called cosmic rays by Robert Millikan.
(Millikan & Cameron, 1926).

CR studies reveal that their energy range spans from108 eV to above1020 eV while their
structure is composed of charged particles, such as protons (87%) and Helium nuclei
(12%). This characteristic leads to random de�ections of their trajectory, due to mag-
netic �elds encountered in their travel, obliterating any possibility of tracing back their
origin once on the Earth's surface. As a consequence, to observe their source, we need to
study CR acceleration products in non-thermal processes, such as neutrinos and photons
- particles with a neutral charge, una�ected by magnetic �elds.

CR acceleration products o�er di�erent points of view from which the Universe can be
observed. Photons are the fundamental pillar of the Multi-Wavelength Astronomy (Mid-
dleton et al., 2017), where a cosmic object is observed in all the possible emission wave-
lengths, such as Infrared and
 rays, while for the Multi-Messenger Astronomy (Hinton &
Ruiz-Velasco, 2020) , not only photons are observed but also gravitational waves (Abbott
et al., 2016) and neutrinos emission, in order to reveal di�erent information about their
sources.

Figure 2.1: Crab Nebula in multiple wavelengths. Credits to NASA et al., 2005
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Chapter 2. Glimpse to VHE gamma-ray astronomy

2.1 Types of Atmospheric cascades

The Earth's atmosphere acts as a barrier between us and the Electromagnetic (EM)
radiations, letting only few frequencies of the EM spectrum reaching the ground. The
most powerful part of this spectrum, where we �nd the
 -ray radiation, has the peculiarity
of interacting with atmospheric air nuclei, generating cascades of relativistic particles, as
shown in Fig. 2.2.
According to the role played in EASs, particles can be classi�ed as:

� Primary particles : they interact with the high atmosphere and originate the
EASs. A primary particle can be a
 ray or a cosmic ray, mainly hadrons.

� Secondary particles : they are the product of the interaction between primary
particles and atmospheric nuclei. They move faster than the speed of light in the
atmosphere and consequently produce the so-called Cherenkov light. There are
many types of secondary particles, like positrons or electrons, but also muons and
kaons.

Figure 2.2: The EM spectrum (above) as seen from the altitude where photons are fully
absorbed in the atmosphere (below). From (Olaizola, 2000), (Wagner, 2007), (Longair,
2011), (López-Coto, 2017)
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Di�erent types of primary particles generate di�erent types of EAS:

� Electromagnetic air shower : generated by
 rays or leptons as primary particles.
In this case, if a particle with an energyE, where E & 20 MeV, interacts with
air nuclei, the process called pair-production takes place, generating an electron-
positron pair. These particles, interacting with the air nuclei and magnetic �eld,
emit 
 rays via bremsstrahlung. By the continuous succession of pair-production
and bremsstrahlung processes, a cascade of particles is produced until the electrons
and positrons reach the so-called critical energy, in airEc = 86 MeV. Below this
threshold, energy losses are dominated by ionization.

� Hadronic air shower : generated by hadrons as primary particles. In this case,
the interaction with air nuclei produces pions and kaons, both undergoing into more
collisions or decays, generating more sub-showers. The shower continues to grow
up until the energy per nucleon is up to� 1 GeV, which is the minimum energy
needed for pion production (Fernández Barral, 2017). As illustrated in Figure 2.3,
pions decay into photons and muons, generating secondary EM and muon-initiated
showers. Hadronic showers constitute the main background signal that we want to
�lter out, being the 
 /hadron ratio < 1/1000 .

Comparing EASs, we can observe that hadronic initiated showers are wider and more
asymmetrical than the EM air showers. That is due to the major number of sub-showers
and the higher transversal momentum of kaons and pions with respect to electrons and
positrons. Even timing is di�erent, EM air showers develop in less than 3 nanoseconds
while Hadronic air showers take more than 10 nanoseconds to develop.

Figure 2.3: Two sketches of EASs development. Credit: K. Bernlöhr.
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2.2 Cherenkov radiation

In 1934 a Soviet physicist, Pavel Cherenkov, demonstrated that every time a particle
moves through a medium, such as air or water, with a speedv faster than the speed of
light in that material, EM radiation is generated. This radiation, called Cherenkov light,
propagates around the charged particle track in the form of a cone of angle� calculated
as:

cos� =
c

vn(� )

wherec is the speed of light in the vacuum andn(� ) is the refraction index of the material,
which depends on the wavelength of the Cherenkov light.
The cone shape represents how faster the particle is travelling in the material respect to
the light's speed. If speeds are very similar the cone will be very wide, otherwise very
narrow. In this particular scenario, where air in the atmosphere is the dielectric material,
� have slightly di�erent values due to the non-uniform density of air's refraction index at
di�erent altitudes, being 1� its average.

Hadronic and 
 -ray initiated EASs produce a cascade of particles which travel faster
than the speed of light in the atmosphere, generating a circular pool of light, product of
the superposition of every single interaction: the Cherenkov light pool. Since primary
particles hardly fall perpendicular to the ground, the shape of the light pool is often an
ellipsoid, especially for
 -ray initiated showers. For EM showers, the amount of Cherenkov
light is proportional to the energy of the primary particle, allowing IACTs to reconstruct
this energy, based on the recorded image.

Figure 2.4: Atmospheric Cherenkov angle variation with altitude. (Schultz, 2013)

6



Chapter 2. Glimpse to VHE gamma-ray astronomy

2.3 Gamma-ray astronomy

CR acceleration and their interaction with the surrounding environment can produce
high energy photons, called
 rays, which allows scientists to trace back their origin. For
this reason,
 -ray astronomy has gained more and more importance in recent times. The
study of 
 rays allow scientists to observe the non-thermal Universe, exploring the most
violent phenomena within and gain a deeper knowledge to answer unsolved questions,
such as the annihilation of dark matter and the nature of particle acceleration itself.
 -
ray astronomy deals with the most powerful part of the electromagnetic spectrum, with
energy above� 1 MeV, and divided into several energy domains, as shown in Table 2.1.

Name Abbreviation Energy range

low energy LE 1 MeV - 30 MeV

high energy HE 30 MeV - 50 GeV

very-high energy VHE 50 GeV - 100 TeV

ultra-high energy UHE 100 TeV - 100 PeV

extremely-high energy EHE >100 Pev

Table 2.1: 
 -ray astrophysics energy domains (López-Coto, 2017)

2.4 Gamma-ray sources

Gamma-ray sources are related to the most powerful events in the Universe and, at the
time of writing this thesis, there are more than 220 established VHE
 -ray sources1,
whose origins may be galactic, such as:

� Pulsars :

Pulsars are highly magnetized rotating Neutron Stars (NSs) where particles
are accelerated in narrow beams in very speci�c regions along the magnetic
�eld. Here, 
 rays are produced due to the extreme magnetic �elds that
photons, electrons and positrons su�er within the pulsar magnetosphere. The
best studied pulsar is the Crab pulsar, �rst detected by MAGIC (Aliu et al.,
2008) and recently observed with LST-1.2

� SNRs :

Supernova Remnants (SNRs) are the leftovers of Supernova explosions. It is
supposed that
 rays are produced by the interaction between the Supernova
(SN) ejecta and the Interstellar Medium (ISM), where particles get accelerated.
An example is the SNR G24.7+0.6 where the
 -ray emission can be interpreted
as the result of proton-proton interaction between the supernova and the CO-
rich surroundings (V. Acciari et al., 2018).

1http://tevcat.uchicago.edu/
2https://www.cta-observatory.org/lst1-detects-vhe-emission-from-crab-pulsar/
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� PWN :

Pulsar Wind Nebula (PWN, plural PWNe) is a kind of nebula that lies inside
SNR remains, directly fed by the NS at the center. The interaction between
the ISM and the pulsar relativistic e� wind causes VHE emission (Aleksi¢ et
al., 2014).

� Gamma-ray binaries :


 -ray binaries consist of a massive star and a compact object, such as a black
hole (BH) or a NS, which orbit around the common center of mass. Particles
are accelerated according to two possible scenarios: in the microquasar one,
as SS 433, they get accelerated by a jet; while, in the pulsar wind scenario,
particles get accelerated by the interaction between the pulsar wind and the
companion wind, as LS 5039.

Alternatively, their origins could be extragalactic, as:

� AGN :

Active Galactic Nuclei (AGN) are actively growing super massive black holes in
the center of some galaxies which present two relativistic jets perpendicular to
the accretion disk. Here, charged particles get accelerated and produce
 -ray
emission. Depending on the position of its relativistic jets towards the Earth,
this phenomenon take the name of Blazar, or radiogalaxy, and present some
peculiar characteristics, such as an high observed luminosity with a very rapid
variation. Two of the most studied and brightest sources in the extragalactic
TeV sky are the blazars Markarian 421 (Mrk 421) and Markarian 501 (Mrk
501) (de León et al., 2019).

� Starburst galaxies :

A galaxy is called Starburst Galaxy when the star formation rate is exceedingly
high. Consequently, the high rate of SNe leads to a higher CR density allowing
shocks strong enough to accelerate particles and emit VHE
 rays. An example
is the famous Messier 82, also known as The Cigar Galaxy (Karlsson, 2009).

� GRBs :

Gamma-ray bursts (GRBs) are the most energetic and di�cult to observe

 -ray outbursts known. It is believed that their origin take place during a
massive star collapse, such as a hypernova, or a merging of two compact ob-
jects. Depending on the origin, the GRB created can be classi�ed as short
GRB, if its duration is less than 2 seconds, or long GRB, if it persists more
time. The �rst GRB ever reported by an IACT was GRB 190114C (V. Acciari
et al., 2019) On14th January 2019 by the MAGIC telescopes.
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Figure 2.5: Map of the VHE
 -ray sky in mid-2019. Credits: J. Hinton.
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Chapter 3

Imaging Atmospheric Cherenkov
Telescopes

To detect the broadband 
 -ray spectrum, scientists have developed several detection
techniques that perform indirect 
 -rays observations at ground level, as carried out in
ground-based experiments, or direct observation above Earth's atmosphere with space-
born satellites.

Thanks to on-board 
 -rays detectors, such as the Large Area Telescope (LAT) on the
NASA's Fermi, satellites detect photons before their interaction with the atmosphere's
air nuclei. They perform long observations, examining a large portion of sky, thanks
to their great �eld of view (FoV), and succeed in catching energies from MeV to a few
hundred GeV. Over this threshold, satellites are not large enough to allow their detection.
Consequently, scientists built di�erent kind of instruments, detectors and ground-based
telescopes, with the purpose of increasing the collection area observing EASs. As shown
in Figure 3.1, they can also be interconnected with each other, reaching a multi-km2

collection area.
There are two main techniques:

� Imaging Atmospheric Cherenkov Telescopes (IACTs) : They are designed
speci�cally for reconstructing primary particle information using the atmosphere
itself as a calorimeter. Because of this, their sensitivity to the light is high, forcing
their functioning only during the nighttime. IACT standard operations and best
performances are archived under the so-called dark conditions (i.e. the moon is
absent from the sky), about 1600 h/yr. The LST-1 and MAGIC are amongst this
type of instruments.

� Extended Air Shower Arrays : They usually use water tanks equipped with
photomultipliers for the detection of the Cherenkov light produced by the secondary
particles when they cross the water. They have a worse angular and a worse energy
resolution compared to IACTs but they have an almost 100% duty cycle and have
larger FoVs. The HAWC observatory is a perfect example of this kind of instrument.
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Figure 3.1: Illustration of the complementary detection techniques of high-energy
 rays
from the ground. Credit: R. White, F.Schmidt, J.Knapp

3.1 The Imaging Atmospheric Cherenkov Technique

The main purpose of IACTs is to produce images of EAS, combining the spatial and the
temporal information of the recorded Cherenkov light. To obtain this result, the telescope
requires:

� Large re�ectors, to collect the maximum number of photons from the cascade.

� A camera composed of very fast response pixels, usually Photomultiplier Tubes
(PMTs).

Each pixel is a photo-detector that converts the collected light into an electrical signal,
which is pre-ampli�ed and sent to the readout board and to the triggering system. When
several PMTs are above a certain threshold, this system is activated and the camera
starts to record images; each image corresponds to a single shower. Once the digital
image of the event is captured, the IACT data analysis can be performed starting with
the classi�cation of the primary particle of the shower, an example is illustrated in Figure
3.2.
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Figure 3.2: Example of
 -ray initiated shower images on the left column and hadron
initiated shower images on the right column. As can be seen in these four pictures, it is
usually di�cult to classify images correctly (second row), while, very few times, it is less
tricky (�rst row).

Since the e�ective observation time with the Cherenkov telescope arrays is limited to
clear sky conditions, atmospheric agents, such as clouds, and the light pollution from
cities, represent serious obstacles. To avoid them, at least for the majority, building sites
are located at 2000-3000 m.a.s.l.1, in areas with a low NSB level. Usually, each
 -ray ob-
servatory is composed by multiple IACTs working in the so-called Stereo Mode (Caraveo,
2020), in order to improve the event reconstruction process.

3.1.1 Pointing modes

IACTs perform their observations using two di�erent strategies: the ON/OFF and the
Wobble pointing modes.

� ON/OFF : In this mode two di�erent types of observations are performed. To
capture the signal, the source is positioned in the center of the camera and tracked,
this is called ON observation; while the OFF observation refers to record events,
pointing at sky regions where no
 -ray sources are expected. For a better estimation
of the background, OFF observations should be taken in the same conditions of
Zd/Az and NSB level encountered during ON observations.

� Wobble : In the Wobble observation mode (Fomin et al., 1994) the source is located
with a certain o�set from the center of the camera. This mode saves observation

1Meters above sea level
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time, not requiring OFF observations, and guarantees a properly background esti-
mation using the Wobble positions, as shown in Figure 3.3. To obtain a less biased
result, due to the particular location of the source in the camera, the source position
in the camera is rotated around the center by an angle of 180� or 90� every � 20
minutes.

Figure 3.3: Wobble mode with 3 OFFs. A single OFF point, also called Wobble position,
is a region in the camera located at a distance equal to the o�set from its center. The
o�set depends on the source, the usual one is around 0.4deg

3.1.2 Data analysis

In 
 -ray studies, recording useful images as well as analyzing them properly plays a key
role. In this process, called data analysis, meaningful information are extracted from
the recorded images and then used as input data for the event-reconstruction algorithm.
Since the reconstruction steps are performed only on
 -ray events is crucial that this
algorithm is able to distinguish e�ciently the signal from the background, looking at the
di�erences between the showers, as the more complex form of those initiated by hadrons
(Fig. 3.2).

The currently IACT standard analysis pipeline is divided in 3 processing steps:

� Low-Level data processing : Once an image is recorded, an algorithm calibrates
it, subtracting the pedestal2 and integrating the signal. This allows to extrapo-
late the total number of photons and their averaged arrival times; these values are
named charge and peak times respectively. Images are then cleaned from any other
remaining source of noise, such as stars in the FoV, selecting only the extended pat-
terns of photoelectrons, see Figure 3.4, which are then parameterized to extrapolate

2the measured quantity of NSB and readout noise recorded before the observation start

13



Chapter 3. Imaging Atmospheric Cherenkov Telescopes

the image parameters, like the Hillas parameters (Hillas, 1985), see Figure 3.6. For
a more detailed view see sections 3.1.2.1 and 3.1.2.2.

Figure 3.4: Illustration of images before (left) and after (right) the cleaning procedure. At
the center is shown the cleaning mask: the preserved pixels are the yellow ones, each group
is also called island. The cleaning procedure was performed with the tailcuts_clean(6,3)
method.

� Intermediate data processing : In this step the event reconstruction process is
performed employing algorithms such as Random Forest (RF) (Albert et al., 2008),
or Look Up Tables (LUTs). Depending on the required task, RF is trained on the
image parameters calculated of speci�c dataset:

� For the classi�cation task , i.e. 
 /hadron separation, the training data is a
combination of MC simulated di�use 
 -ray and real hadron events.

� For the regression tasks , i.e. energy and arrival direction reconstruction, a
data collection of MC simulated di�use 
 -ray events is used.

� High-Level data processing : In this step, graphs and plots, such as the skymaps
and � 2 plot, are displayed. They allow to understand and properly estimate the
results leading to the physics analysis.

Since the LST-1 telescope is a prototype its analysis tools are still under development
and only MC simulations are employed. Nowadays, the standard LST-1 data analysis
pipeline is fully performed by the cta-lstchain package3, which allows the analysis in mono
mode up to high level. This package is based on ctapipe: the low-level data processing
pipeline software of CTA. However, in this thesis, a combination of the ctapipe package,
DL1 Data Handler and CTLearn is used, de�ning a new data analysis pipeline. A deep
explanation of this last two packages can be found in Chapter 4 section 4.3.1 and 4.3.2.
All of these packages are written in Python and are under active development.

3.1.2.1 Image Cleaning

Calibrated images contain the charge and arrival time values for each PMT, but most
of them capture only noise, useless for the data analysis. Thus, the aim of the cleaning
algorithm is to discard all the noisy pixels and maintaining only the ones that contain
useful information about the shower. This process is performed de�ning two scalars:�
and � , with � < � , and maintaining a pixel only if:

3https://github.com/cta-observatory/cta-lstchain
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� It detects a number of photons >� , or

� It detects a number of photons >� and is adjacent to a pixel that detected more
than � photons.

In this work the tailcuts_clean algorithm has been used with three di�erent cleaning
intensities, storing image parameters calculated fromtailcuts_clean(6,3), the softer one,
which is the standard cleaning and the one employed in the hybrid architecture,tail-
cuts_clean(8,4) and tailcuts_clean(10,5) which are harder and experimental cleaning, as
illustrated in Fig. 3.5.

Figure 3.5: Comparison between the three cleaning algorithms employed performed on
the same event. The �rst row refers to thetailcuts_clean(6,3), the second to thetail-
cuts_clean(8,4) and the last to the tailcuts_clean(10,5)

3.1.2.2 Image Parametrization

Once the core and boundary pixels are selected, revealing large patterns called islands,
the resulting images are parametrized, as illustrated in Figure 3.6. The obtained pa-
rameters are a transposed representation of the images in the values domain and their
calculation is very useful since they relieve the computational load of the event recon-
struction algorithm. The image parameters are divided into several groups to represent
every useful detail of the image:

Image Quality parameters : They are used to evaluate the containment of the shower
or the quantity of noise in the image.
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� LeakageN : fraction of the size of the source contained in the N outermost rings of
the camera.

� Number of islands : number of non-connected groups of pixels that survived the
image cleaning.

Source-Dependent parameters : They are still related to the physical properties of
the shower, but they depend on the expected position of the source.

� Dist : Angular distance from the source expected position in the camera to the
CoG of the shower image.

� Alpha : Angle between the ellipse major axis and the line connecting the expected
source position to the CoG of the shower image.

Time parameters : They are still related to the shower physical properties focusing on
the time information.

� Time gradient : slope of the linear �t to the arrival time projection along the
major axis of the ellipse.

� Time intercept : intercept on the ordinate axis of the linear �t to the arrival time
projection along the major axis of the ellipse.

Hillas parameters : Represent the shower physical properties and are derived by �tting
an ellipse to the maintained pixels:

� Intensity : also called size, is the total charge (in phe) contained in the image.

� Width : semi-minor axis of the ellipse. It measures the lateral development of the
shower.

� Length : semi-major axis of the ellipse. It measures the longitudinal development
of the shower.

� CoG : centre of gravity of the image. It is computed as the mean of the X and Y
weighted mean signal along the camera coordinates.

� Conc(N) : Fraction of the image concentrated in the N brightest pixels. It measures
how compact the shower is and tends to be larger in gamma rays.

� � : angle between the line connecting the CoG with the centre of the camera and
the x-axis.

�  : angle between major axis of the ellipse and the x-axis.

� r : angular distance between the CoG and the centre of the camera.

� Skewness: 3rd order Hillas parameter.

� Kurtosis : 4th order Hillas parameter.
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Figure 3.6: Illustration of the Hillas parameters calculated on a single island (left) versus
on multiple islands (right).

3.2 IACT arrays

A common characteristic of IACT sites is to consist of multiple telescopes, in order to
gain better performance by improving the detection of low
 -ray �uxes and capture dif-
ferent images of the same event. This allows to properly reconstruct the direction of the
incident 
 ray and have a better background suppression.
Currently, several IACT arrays are present and functioning, observing the sky from dif-
ferent areas of the globe. The most famous are:

� H.E.S.S. : The High Energy Stereoscopic System (H.E.S.S.) array is located near
the Gamsberg Nature Reserve, Namibia, and went into full operation on July 26,
2012. It is composed of �ve telescopes: four of them are equipped with a mirror of
just under 12 meters in diameter, while the largest one is built in the centre of the
array and equipped with a mirror of 28 meters. In 2016, the H.E.S.S. collaboration
reported deep
 -ray observations showing the presence of PeV protons originating
in the galactic core of the Milky Way (HESS Collaboration, 2016).

� VERITAS : The Very Energetic Radiation Imaging Telescope Array System (VER-
ITAS) 4 array is a 
 -ray observatory consisting of four 12-meters spherical re�ectors,
located in southern Arizona, in the United States. It became fully operational in
September 2007, discovering in 2009 the �rst starburst galaxy to emit gamma-ray
energies, the Cigar Galaxy (V. A. Acciari et al., 2009).

� MAGIC : The Major Atmospheric Gamma-ray Imaging Cherenkov (MAGIC)5 ar-
ray is composed of two IACTs: MAGIC-I (2004) and MAGIC-II (2009), of 17-meters
diameter parabolic re�ector each. It is located in the Roque de Los Muchachos Ob-
servatory, on the island of La Palma, and received a major update in the years
2011-2012; the aim was to reduce the di�erences between the two telescopes to im-
prove stereo performance. The lower energy threshold reached, 25 GeV, and their
big size make the MAGIC array ideal for observing high redshift6 
 -ray sources.
MAGIC telescopes have given proli�c scienti�c results such as the detection of the

4https://veritas.sao.arizona.edu/
5https://magic.mpp.mpg.de/
6the cosmological measure unit that indicates how far away objects are by measuring their wavelength.
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