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Zusammenfassung

Der Ansatz von Deep Learning Methoden zur Unterscheidung von Luftschau-
ern induziert durch v Strahlung und Hadronen aufgenommen mit H.E.S.S., erzielte
Ergebnisse, welche vergleichbar sind mit den standard Analyse Methoden. Aus die-
sem Grund wird der Deep Learning Ansatz getestet, um Bilder von kosmischer
Strahlung zu klassifizieren. Die Ziele dieser Arbeit sind die Unterscheidung der mit
H.E.S.S. detektierten ausgedehnenten Luftschauerbilder von kosmischer Strahlung,
deren Energierekonstruktion sowie die Erzeugung eines Eisenspektrums. Fir die
Zuordnung der Luftschauerbilder zu dem initialen kosmischen Teilchen wurde ein
Deep Learning Ansatz gewihlt. Es wurden fiir das Training des Deep Learning Al-
gorithmuses Monte-Carlo (MC) Simulationen verwendet. Die Energie des priméren
Teilchens wurde ebenfalls iiber einen Deep Learning Ansatz rekonstruiert. Um aus
diesen Daten ein Eisenspektrum zu erstellen, wurde der Foward Folding Algorithmus
implementiert und erweitert, sodass er auf hadronischen Teilchen angewandt werden
kann. Es wurden unterschiedliche Deep Learning Architekturen gestest. Die Archi-
tektur mit der hochsten Genauigkeit bei der Bestimmung des initialen Teilchens
wurde fiir die weiterfithrende Analyse verwendet. Durch die zusétzliche Energiere-
konstruktion der hadronischen Teilchen konnte der Forward Folding Algorithmus
angewendet werden. In dem Eisenspektrum sind systematische sowie statistische
Fehler, die durch den Detektor, den Klassifizierungs und Energie Rekonstruktions
Alorithmus entstanden sind, vernachlédssigt worden. Der grofite Fehler ist gegeben,
durch die stark fehlerbehaftete Klassifizierung von Eisen Kernen mit dem Deep
Learning Ansatz, welche sich bei der Anwendung auf reale Daten von PKS 2155-
304 starker ausgewirkt hat, aufgrund u.a. der Diskrepanz zwischen MC und realen
Daten. Es war moglich ein Eisenspektrum aus MC Simulationen zu rekonstruieren.

Abstract

Deep Learning methods are shown to be applicable on the distinction task of
v-ray and hadrons induced extensive air showers (EASs) observed with H.E.S.S..
The results are comparable to the common analytical analysis methods. Therefore
the Deep Learning approach is tested to distinguish cosmic radiation images. The
goals of this thesis are to distinguish images of cosmic radiation EAS observed
with H.E.S.S., to reconstruct their energy and to create an iron energy spectrum
with these results. The Deep Learning approach was chosen for the classification
of EAS images of an initial particle. Monte-Carlo (MC) simulations were used for
the training of the Deep Learning algorithm. The energy of a primary particle was
reconstructed using this approach, too. To create an iron energy spectrum out of
these data, the Forward Folding algorithm was extended such that it can be applied
on hadronic signal. Several algorithms were tested. The one having the highest
accuracy was used for further analysis steps. Due to the energy reconstruction of
the hadronic particles the Forward Folding algorithm can be used. The iron energy
spectrum takes not into account the systematic and statistic errors caused by the
response of the detector, the classification and energy reconstruction algorithm.
The greatest error is given by the erroneous classification of iron nuclei using Deep
Learning which has the most impact on the real data classification of PKS 2155-304
due i.a. to the discrepancy between MC and real data. It was possible to create a
MC iron spectrum.
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Introduction

So far the key science question for the gamma-ray (v-ray) observations in the energy
range of MeV up to PeV is the origin of cosmic radiation. Therefore knowledge about
sources which provide the energy for cosmic radiation, the acceleration process and their
energy spectrum [28] is of interest. The observation of ~-ray and hadronic particles
extensive air showers (EAS) is done by e.g. ground-based methods such as H.E.S.S..
For the reconstruction of y-ray EAS analytical approaches are well established due to
their elliptical shape in the camera image of the telescopes [55]. In the case of a detected
hadronic EAS there are already some approaches developed e.g. focusing on the Direct
Cherenkov light (DC-light) pixel in the camera image for reconstruction [6] or the use
of a Boosted Decision Tree [10] for classification.

In this thesis a Deep Learning (DL) approach is tested to analyze images of hadronic
EAS. DL is related to Machine Learning (ML). Arthur Samuel defined in 1959 ML as
the

7[...] field of study that gives computers the ability to learn without being
explicitly programmed”.

He was a pioneer in this field and is known for his Checkers-playing program which was
the first self-learning program. On the basis of it he tried to teach computers how to
learn from their previous tasks [40].

Another pioneer in the methods and applications of ML is Tom Mitchell. He described
in 1998 the learning problem as follows:

"A computer program is said to learn from experience E with respect to
some task T and some performance measure P, if its performance on T, as
measured by P, improves with erperience E”.

Today ML is used in many scientific fields such as automotive driving [56], health care
[11] and ~-ray astronomy [58].

In the v-ray astronomy DL methods are used to distinguish heavier nuclei and recon-
struct their energy. In addition, the reconstruction of a y-ray gives information about
the observed source. Analytical solution do already exist for this particle type and up
to now it is not possible to achieve better results using a ML approach. Therefore it
is tried to reconstruct marginalized groups such as the hadronic particles because the
conventional methods are not able to analyze them.

The goals of this thesis are to use a ML approach to distinguish cosmic radiation repre-
sented by the six classes Gamma, Proton, Helium, Carbon, Silicon and Iron where Iron



represents all heavier elements. In addition, a reconstruction of their energy is done to
create an iron nuclei spectrum using real data observations from PKS 2155-304.

In principle it is possible to create a spectrum of the other 5 classes using a ML ap-
proach but they are not part of this thesis. The ML tasks are trained on Monte-Carlo
(MC) simulated shower events simulated under a zenith angle of 20 °, an azimuth angle
of 180°, with a maximum offset of 2.2° and 2.5° having an energy of £ > 5TeV and
E < 100TeV.

To find the best architecture for the distinction of cosmic radiation several buildings
are tested. An architecture is the formal expression of a mathematical approach used
to define the given task. It is tried to improve the classification performance by inves-
tigating different architectures. The one having the highest accuracy is chosen for the
multi-classification task distinguishing cosmic radiation. An other architecture is used
for the energy reconstruction task. The results of both task are used for the application
of the Forward Folding algorithm in order to create an iron nuclei spectrum.

The contents of this thesis contain among others an introduction to the theory of EAS
and their observation, analysis methods and Fe™ spectrum reconstruction. In detail,
the first chapter gives a brief overview to the origin of cosmic radiation and the related
energy spectrum. Followed by the different types of air shower and their detection in
the second chapter. In the third chapter the Hillas analysis is briefly explained and
the ML approach is introduced in detail. The fourth chapter contains the methods to
accomplish the results. The fifth chapter represents the results of the classification and
energy reconstruction of the cosmic radiation and in addition, the created iron nuclei
spectrum. The last to chapters contain the discussion and conclusion of the results.



1. Cosmic Radiation

Since Viktor Hess proved the existence of cosmic radiation by measuring increasing
ionization radiation in higher altitudes a lot has been explored about cosmic radiation
[35]. This chapter will give a brief overview about the origin of cosmic radiation and
their energy spectrum in association to their differential fluxes.

1.1. Sources of ultra-high Cosmic Radiation

Cosmic radiation is a high energy radiation divided into y-rays and cosmic-rays (CRs)
nd comes from outside of the solar system [30]. ~-rays are very high energy photons
in ranges higher than 100keV. A ~-ray is created if a cosmic particle is accelerated in
interstellar medium and a decay process or an inverse Compton scattering occurs [27].
Today, the origin of CRs is still not fully comprehended. CRs are heavier nuclei synthe-
sized in stars [30]. So far, there are two general approaches for the emergence of CRs.
One of them are top-down scenarios which assume that a CR is created as decay prod-
uct of the decay of heavy particles. The others are bottom-up scenarios where particles
are accelerated by fast cosmic fields also called (bow) shocks near supernova remnants
(SNR) [18].

The bottom-up scenarios are the most plausible because their energy distribution is com-
parable to the observed one of the CRs. The energy distribution of CRs is introduced
in sec. [[.2

Fermi Acceleration of Cosmic Rays

Enrico Fermi originally tried to explain the acceleration mechanism of cosmic particles.
He made the assumption that a relativistic particle is reflected and accelerated by cosmic
fields. There it either gains or looses energy depending on its charge whereby the energy
gain is more likely than the losses [26].

He showed that the average energy gain can be described by a power-law and that it is
proportional to the square of the speed of the cosmic field v.; divided by the square of

2
the speed of the relativistic particle ¢,: o (%) [18]. This is defined as second-order

Fermi acceleration. Despite this approach some mechanisms can not be explained [I§].
In comparison to the second-order acceleration, in the first-order Fermi acceleration the

c

energy gain is linear: (Uc—f) This leads to a more effective acceleration of relativistic
P

particles in shocks near SNR. If the particle moves with isotropic velocity into a shock
it will be diffusely reflected and also its velocity will be increased. The orientation of



the particle’s direction is changed from either down- to upstream or up- to downstream
[50]. After multiple repetitions of the processes by many particles the resulting energy
gain can be approximated by a power-law:

N(E)dE ~ E"%dFE

with dE the fractional energy gain and N(FE) the number of particles. The power-law
index is —2 for the first-order Fermi acceleration [1§].

In summary, v-rays are created from the interaction of CRs with nuclei in interstellar
medium and decays of neutral pions 7°. CRs mostly originate outside of our galaxy due
to their high energy and deflection in cosmic clouds and magnetic fields. Because, by
now it is assumed that particles are diffuse accelerated in shocks which is described by
first-order Fermi mechanism. It expects a linear energy gain which can be approximated
for many particles by a power-law with an index of —2. This is close to the observed
spectral index I' for CRs and is therefore a good approximation. One has to consider that
not every particle is equally accelerated in cosmic mirrors. Thus the energy distribution
of cosmic radiation has a wide range which will be discussed in the next part.

1.2. Energy Spectrum

The energy spectrum of cosmic radiation reaches from 1eV up to 100 EeV due to its
different acceleration in cosmic fields and composition. To measure the energy spectrum
of cosmic radiation it has to be detected directly or indirectly via detection methods
introduced in section 2

Subsequently, the measured cosmic radiation has to be separated into its components to
describe the primary spectrum of cosmic radiation which is described by the differential
flux measured in m~2s~!sr~! TeV~! per nucleus [67]:

dd ENT

with ®( the absolute flux normalization, I" the spectral index and Ey the normalization
energy. The energy E describes the kinetic energy of the particle. The differential flux
follows a power-law and is similar to the calculated power-law of first-order Fermi accel-
eration.

High energy CRs can be divided into ionized nuclei, electrons, and antimatter. The
dominant components of the ionized nuclei are hydrogen (89 %) and helium (10 %) [47].
Whereas in comparison heavier nuclei and electrons are very rare [67]. Figure depicts
the differential flux of CRs.
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Figure 1.1. — Differential flux of major components of primary CRs. Figure
adapted from Ref. [30)].

Since the energy spectrum follows a power law at higher energies the low flux demands
a greater effective area to ensure enough data. This can be achieved via the Imaging
Atmospheric Cherenkov technique which is described in detail in the following chapter.



2. Detection of Cosmic Radiation using
Imaging Atmospheric Cherenkov
Telescopes

Already in 1911, Viktor Hess discovered during two balloon rides that in addition to
the radiation of radioactive substances at the ground there must be other sources of
gamma radiation. He came to this conclusion because, unlike expected, the ionization
energy did not change with increasing altitude. In 1912, he tried again to measure the
radioactive radiation in Earth’s atmosphere at even higher altitudes independently of
time and other external influences. He found out that from about 2000 m upwards the
ionization of the Earth’s atmosphere increases. This can only be explained by the fact
that radiation is of cosmic origin [35].

Based on his research further investigations were made. For example, Robert Millikan,
known for the oil drop experiment, developed automated, self-registering gauges which
were used to measure ionization regardless of the altitude [65].

Cosmic radiation consists of high-energy particles (E > 100 MeV [69] up to E < 100 EeV
[19]) and is entirely absorbed in the Earth’s atmosphere. The reason is the opacity of
the atmosphere which is highly energy dependent. Therefore, high energy ~-rays have
to be detected directly via space-based satellite telescopes like the Large Area Telescope
on the Fermi satellite or indirectly via ground-based techniques for example Imaging
Atmospheric Cherenkov Telescopes (IACT).

However, for the detection of very high energy (VHE) particles, e.g. larger detection
areas are needed because the differential flux is described by a power law see eq. [1.1

Due to the limited size of a satellite, the area of a detector is constrained and therefore
ground-based techniques introduced in section are necessary for the detection of air
showers[28]. In the following the generation of air showers and Cherenkov light will be
described in more detail.

2.1. Extensive Air Shower

Fach time a VHE particle enters the Earth’s atmosphere an EAS is induced. If pri-
mary cosmic radiation interacts with nuclei in Earth’s atmosphere at a height of around
10 — 20 km interaction products are created, so called secondary particles. Each VHE
secondary particle interacts again with atmospheric nuclei. This produces a cascade of
particles.

A distinction is made between electromagnetic (EM) and hadronic showers depending
on the interactions in the Earth’s atmosphere and the primary cosmic radiation.



2.1.1. Cherenkov Radiation

During particle cascades many charged VHE particles are produced. Due to their high
energy they move faster than the speed of light in the dielectric medium air. This leads
to radiation of Cherenkov light in visible and ultraviolet wavelengths lasting for a few
nanoseconds [69] [27]. Cherenkov light is also known as Cherenkov effect. It is emitted
under a characteristic angle 6¢:

C

cos(0c) = (2.1)

Nair -V

Where 0¢ is determined by the speed of light ¢, the refractive index of air ng;, and the
velocity of the particle v. Since cos(f¢) must be smaller than 1, the maximum angle 6¢
is constrained by the velocity of ultra-relativistic particles (v ~ ¢):

()
0c max = arccos

Nair

In the air the maximum angle 0c q. is approximately 1°. Due to the dependency of
refractive index ng;r to the height in the atmosphere, Cherenkov photons are emitted in
a light cone around the shower axis [27].

In conclusion, Cherenkov light is emitted by charged particles moving faster than the
speed of light in air (¥ > %) around the shower axis in a light cone.
Secondary particles of EAS fulfill these criteria thus emitting Cherenkov photons. Those
are created during interactions of a primary particle with air nuclei. The evolution and
behavior of different air showers is explained in more detail below.

2.1.2. Electromagnetic Shower

Electromagnetic showers are induced by interactions of electrons, positrons or photons
of high energy with electric fields of atomic nuclei in the air. The interaction process be-
tween a relativistic particle and a nucleus in the Earth’s atmosphere depends on the type
and energy of the particle. The dominant interactions are ionization, bremsstrahlung
and pair production.

VHE electrons/positrons lose their energy through bremsstrahlung by emitting a (VHE)
~-ray. This VHE ~-ray interacts with an atom via pair production creating an electron-
positron pair which in turn emits new (VHE) ~-rays through bremsstrahlung, see Fig.
Particle production processes increase the number of particles in the shower while
decreasing the average energy per particle £ exponentially:

E = Eoei%

where FEjy is the initial energy of the primary particle and X is the atmospheric depth
which corresponds to the interaction length. The characteristic length X, is defined as
the distance where the energy is reduced by 1/e due to interaction processes [32].



These processes are repeated until the energy E drops under a critical point (B¢ air =~
81 MeV [30]). Below this threshold the loss of energy by ionization of air molecules
dominates the loss of particle production processes. Particles with F < E¢ qir do not
radiate and lose their rest energy by e.g. Compton scattering, ionization and photoelec-
tric effect. During interaction processes, the energy and momentum must be conserved.
A simple model of an EM shower development was created by Heitler [45]. The model is
divided into a longitudinal and lateral shower development. The axial shower profile is
characterized by the maximum size which is determined by the penetration depth X,,q..
It depends logarithmically on the factor Ey/FE,. and is given by:

Ey
Xmaz = Xoln (Ec)
with X as radiation length.

The lateral expanse of the EM shower depends also on the initial energy. This means for
higher energies of the primary particle the shower becomes narrower. This is comparable
to the Moliere Radius Rj; which describes the transverse expansion of an EM shower in
a medium [20]:

Ry=X2

M = .

with Es (~ 21MeV [20]) as scale energy. Along the shower axis within a radius of
3.5 Ryr, 99 % of the energy is deposited[20].

Development of gamma-—ray air showers
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Figure 2.1. — Exzample of a y-ray induced cascade. The incoming primary particle
interacts with the atmospheric nuclei producing an electron-positron pair. These
created particles interact again with nuclei in the Earth’s atmosphere in turn creating
(VHE) ~v-rays. Figure extracted from Ref. [T])].



Recapitulating, the number of particles in a shower reaches its maximum if £ < E...
At this point no further particles are produced and the rest energy is deposited in air
via ionization. This is synonymous to the shower maximum in penetration depth X,,qz-
Where X4, provides information about the longitudinal shower development which
depends also on the initial energy of the primary particle.

As mentioned in section the radiation reaching Earth’s atmosphere does not only
consist of VHE ~-rays but also of CRs. In the following section the development of
showers induced by CRs is described.

2.1.3. Hadronic Shower

A hadronic shower is induced via inelastic interactions between a CR and an atmospheric
nucleus. If the resulting secondary particle is hadronic with an energy above a certain
threshold then in turn it interacts inelastic with surrounding medium creating new sec-
ondary particles.

A hadron with an energy FEj interacting in the atmosphere creates a;,x new particles
with an energy Ey/at. Those are separated into hadron (proportion 2/3) and EM com-
ponents (proportion 1/3) [23]. Their energy is determined by the initial energy of the CR
FEy and the number of interactions t:

92 t
Ehadron = <3> EO

1\t
Epm = (3> Ey
The EM components in a hadronic shower result from the decay of charged muons and

neutral pions. A muon decays in an electron/positron depending on its charge if its
energy is below a certain decay energy Ejecay-

u+ — e+ + Ve + lju (2.2)
put—e +rve+uyy,

If the energy of a muon is higher than a minimal emission energy it emits radial

Cherenkov photons forming a so called muon ring. At sea level the decay of a muon into

a low-energy electron is dominant [30].

The main decay (98.82 % [54]) of neutral pions is:

7T0—>2’7

This process happens immediately and mainly takes place at high altitudes [23] [30].

The hadronic components result from charged m-mesons or kaons. If their energy is
above the decay energy Fgecqy, they interact again inelastically with atmospheric nuclei.



If their energy is below FEgecqy, they tend to decay in a charged muon and a neutrino
(99.98 % for pions and 63.56 % for kaons [54]) [23]:

™ = pF +vu(y)
K* — pu* +u,(7,)

The charged muon in turn contributes to the EM component of the hadronic shower,
see eq. The decay energy Fgecqy is similar to the critical energy E., introduced in
section [2.1.2] which describes an energy dependent threshold for interaction processes.
Ejecqy depends on the actual density gradient of the Earth’s atmosphere and decreases
with increasing initial energy of the primary particle. In consequents, heavier incoming
CRs produce smaller EAS because of their energy dependency on the mass number.
At the shower maximum the energy of the particle is equal to Egecqy and the particles
deposit their energy by ionization of the air molecules.

The spatial development in longitudinal direction can be described by the interaction
length A [7]:
A

Aint = ~———
NApUinel

with 0;,¢ as hadron effective collision cross-section of one nucleon and % as the density
of the atoms. The longitudinal development of hadronic showers is slightly broader than
those of EM showers due to A\j: > X [69] and inelastic interaction processes leading to
a wider spreading of the cascade.

The lateral shower profile is characterized by the transverse narrow expansion of the
EM components measured in Rj;. The hadronic components consist mainly of non-
relativistic particles and their interactions add a transverse momentum which broadens
the lateral shower profile.
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Development of cosmic-ray air showers

Primary particle
(e.g. iron nucleus)
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Figure 2.2. — Ezample of an iron nucleus induced hadronic shower. The ionized
iron nucleus interacts inelastically with atomic nuclei in the Farth’s atmosphere
inducing an FAS. Fach interaction creates secondary particles e.g. pions emitting
Cherenkov light. Charged pions decay in charged muons and neutrinos. Figure from

Ref. [14)].

Another important contribution to the hadronic shower profile is the primary CRs
ability of emitting Cherenkov light because in comparison to EM showers the primary
particle is charged. This phenomenon is also called DC-light and creates an additional
light cone with an radius of ~ 100 m which is much narrower as the light cone produced
by secondary particles due to the higher emission height, the resulting smaller Cherenkov
angle as well as it is produced by the primary particle itself, see eq. The intensity
of the DC-light is described by the charge Z of the primary particle [6]:

I~ 72

To fully understand the development of the hadronic shower profile a more detailed
modeling of the interaction processes is needed. This can be done via MC simulations
which will be briefly explained in section [2.3.2]

As mentioned above, EM and hadronic showers have different properties. They are
compared in table
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Table 2.1. — Comparison of attributes of the two types of EAS

H EM shower ‘ Hadronic shower

Interaction length small high

Secondary particles v, et pt, ot w0,
Scattering narrow wide
DC-light no yes

The described EAS can be used to draw conclusions about the initial particles. Hence,
detecting EAS is an indirect method to observe cosmic radiation. The next section
presents a ground-based cosmic radiation detection technique.

2.2. Imaging Atmospheric Cherenkov Telescopes

The TACT technique is the most used technique for ground-based astronomy in the VHE
range. It is a tool to detect visible Cherenkov light emitted by EAS generated by cosmic
radiation during clear nights.

It was firstly implemented in the Whipple 10 m gamma-ray telescope which was located
on Mount Hopkins at the Fred Lawrence Whipple Observatory in Southern Arizona.
Due to the improvement in sensitivity (minimal detectable flux) by TACT technique it
was possible to detect the first TeV ~-ray source, the Crab Nebula, in 1989 [66]. The
Crab Nebula is a part of the Milky Way galaxy and was created by a supernova during
an explosion of a massive star and is a supernova remnant.

Another improvement towards higher sensitivity in TACTs was achieved through the
combination of a very large mirror and fast timing in Major Atmospheric Gamma Imag-
ing Cherenkov Telescopes (MAGIC) and also through stereoscopic imaging arrays like
Very Energetic Radiation Imaging Telescope Array System (VERITAS) and High En-
ergy Stereoscopic System (H.E.S.S.) [27]. Another IACT experiment is planned, the
Cherenkov Telescope Array (CTA). It will consist of three different telescope sizes: small,
medium and large and it will be located at two different locations to be able to detect
sources on the hole sky map. The IACT arrays will be located in Atacama Desert in
Chile which belongs to the Southern Hemisphere and La Palma which is in Northern
Hemisphere.

Cherenkov Light Detection

Cherenkov light is emitted by EAS in an altitude of about 20 km at the Cherenkov angle
O¢ of ~ 1° in air. The emitted light cone results in a circle on the ground with a
diameter of 100 to 150 m depending on the local altitude of the IACT [37].

The technique uses very large focusing mirrors to catch and reflect Cherenkov light onto
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the focal plane of the camera, see Fig. Since the Cherenkov photons act like light
pulses which expose the camera plane in a very short time fast photomultiplier tubes
(PMTs) are needed. Due to the specular reflection of the incident Cherenkov light pulse
on the telescope reflector, the angle is preserved. This can be used to reconstruct the
direction of the initial y-ray. TACTs have an angular resolution of 0.1° [2§]. With
increasing reconstruction performance it becomes easier to [44]:

e resolve images of galactic sources
e measure flux variations with a minimal limit of 200s

e measure energy spectra up to 70 TeV

focal plane

123 70 [__
Yy

shower axis reflector z

Figure 2.3. — The left figure illustrates an EAS which emits Cherenkov light at
the Cherenkov angel 0, around the shower axis. The light is divided into three paths
pointing onto the reflector which focuses the light beams to the focal plane in the
drawn order. The figure on the right shows the imaged FAS in the camera plane
(u,v). The red point at (—0,,—0,) defines the origin of the primary cosmic particle.
Figure extracted from Ref. [{1]].

As mentioned above, one of the IACTs is H.E.S.S.. Because this thesis follows up
with real observation data and Monte Carlo simulations of H.E.S.S. it will be described
in further detail below.

2.3. H.E.S.S.

H.E.S.S. is based on the IACT technique and studies y-ray sources in an energy range of
100 GeV up to an order of TeV. It is located in the Southern Hemisphere at the Khomas
highland at 1800 m in Namibia [28]. Due to the sensitive technique Namibia was chosen
because of its clear night sky and good weather conditions.

The stereoscopic imaging array is divided into two phases. H.E.S.S. T consists of four
12m Cherenkov telescopes (CT1-4) with a mirror area of 108 m? per telescope and
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H.E.S.S. IT adds a fifth 28 m telescope (CT5) with a mirror area of 614m? to the array
[38], see figure It shows the stereoscopic imaging array H.E.S.S. with the position
of the telescopes.

Figure 2.4. — H.E.S5.S. with all five telescopes. C'T1-4 are arranged in a square of
120 m side length [38]. CT5 is located in the middle of the square. Figure from Ref.

(2.

2.3.1. Optical System of CT1-4

The optical system of the H.E.S.S. telescopes is mounted on an alt-azimuth motorized
dish. It operates in the Southern Hemisphere. The reflector is partitioned in spherical
mirror facets. The mirrors of the telescopes do focus to a distance of 10 km corresponding
to the altitude at which EAS are induced. The incident light pulse is reflected by a mirror
onto Winston cone light collectors focusing on photon detectors consisting of PMTs [16].
The photomultiplier camera is positioned perpendicular to the center of the dish held by
four camera arms. It has a field of view (FoV) of 5° diameter and 960 hexagonal pixels
[38]. The pixels are divided into 60 drawers whereby each drawer includes 16 pixels. The
system has an angular resolution of 0.1°, hence it is possible to observe not only point
sources but also the extend of expanded sources.

The trigger conditions of H.E.S.S. I are summarized and ordered by priority in the

following [38]:

e signal of 5 photoelectrons (p.e.) = single pixel triggered

e 3 to 5 pixels trigger by coincidence within a 8 x 8 pixel sector in a time window of
1.5ns = telescope triggered

e two or more telescopes trigger = multiplicity fulfilled
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If these conditions are fulfilled data is taken. One data take lasts ~ 28.2 min and is called
run. A run consists of events containing the intensity, triggered pixels and additional
data. These include e.g. dead-time corrected run duration, number of participated
telescopes, telescope alignment and Hillas parameters which will be introduced in section

B.1

2.3.2. Data Representation

As mentioned above the IACT technique is used to detect Cherenkov photons. The data
acquisition system of H.E.S.S. collects and performs a real time analysis on data from
photo detectors. The observed data can then be illustrated in pixelated images as shown
in Fig. The elliptical shape of the imaged shower results from the elliptically formed
EM showers. Hadronic showers are rejected by the offline analysis methods because of
their wide scattering [37].

1TeV

Figure 2.5. — In an daltitude of 20km a cosmic radiation induced EAS emits
Cherenkov light in a light cone resulting in a circle on the ground. H.E.S.S. de-
tects Cherenkov photons by reflecting those via mirrors and image them on the focal
plane of the camera. Figure from Ref. [37].
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Real Data Observation

Real data observations were taken from PKS 2155-304. BL Lac PKS 2155-304 is a VHE
~-ray source with a redshift of z = 0.116 [5]. As the name implies it belongs to the group
of blazars which are a class of Active Galactic Nuclei. These have active supermassive
black holes in their centers [49] like our Milky way. Since 2002 PKS 2155-304 is observed
by H.E.S.S. and is the brightest blazar in the Southern Hemisphere at the energy of
200 GeV [5]. It is monitored continuously to detect bright flares, which are needed to be
able to study the VHE flux variability within the expanse of tens of seconds [5].

For this thesis the following selection criteria for PKS 2155-304 runs are required:

e observed data must be of phase 1b
e multiplicity of participated telescopes is 2
e maximum offset € [0,5°]

e zenith angle € [19.5°,20.5°]

Monte-Carlo Simulations

The H.E.S.S. MC simulations used in this thesis were created with CORSIKA TACT
option and simtel_array. CORSIKA is a program simulating EAS evolutions in depen-
dency of the air opacity of cosmic radiation as well as their detection [15].

For the analysis done in this thesis diffuse MC EAS were simulated of phase 1b under
a zenith angle of 20°, an azimuth angle of 180°, with a maximum offset of 2.2° in an
energy range of 5 TeV to 100 TeV.

With TACTs it is possible to detect Cherenkov light emitted by EAS and image those
with a telescope camera. The main task of the IACT technique is to differentiate between
EM and hadronic shower cascades.

2.3.3. Image Preprocessing

Image preprocessing of H.E.S.S. data is used to prepare observed shower images for
further analysis, including shower classification and reconstruction with computational
analysis tools. Some image preprocessing steps are necessary to transform the data to be
able to apply additional computational algorithms. Others can improve the calculation
performance by extracting features in advance.

Image Cleaning

Image cleaning is a standard preprocessing step in the H.E.S.S. analysis. It is used to
reduce the noise level of observed data. Noise in images can originate from for example
night sky, light pollution of cities and electronic noise. In this thesis MC simulation
images are cleaned with 5-10 Image Cleaning.

This type of image cleaning requires a threshold of at least 5p.e. for each pixel, in
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addition at least one neighboring pixel intensity has to exceed 10p.e.. In images with
hexagonal pixels each pixel has 6 neighbors but the ones at the edge of the image. If
in sum the neighboring pixels do not reach the limit of 10 p.e., then the pixel is set to
0 p.e., otherwise the pixel retains its current value.

For the usage of our framework which is an analysis tool to classify and reconstruct
EAS shower another preprocessing step has to be applied.

Pixel Conversion

As already explained in section the camera used in H.E.S.S. telescopes consists of
hexagonal pixels and since most numerical algorithms are applicable to images consisting
of quadratic pixels, it is necessary to transform the hexagonal pixel grid into an image
with quadratic pixels. Two kinds of pixel grid conversions are used in this thesis.

Interpolation is a common method for defining new pixel values and positions for
given pixel vertexes and their intensities. The hexagonal pixel grid of the shower images
is subdivided into 2-simplexes, triangles, forming a new meshgrid. The angle between
vertexes is maximized by Delaunay triangulation such that no vertex is inside a cir-
cumscribed circle of any triangle following a linear interpolation on each simplex [12].
Linear interpolation is mostly applied on real data observations for tasks of energy and
direction reconstruction due to the fact that pixel positions are influenced by the way
pointing corrections are handled. Discussion of further details are beyond the scope of
this thesis.

Rebinning is a method to translate hexagonal simplexes into square ones. Consider-
ing the observed data as hexagonal histograms gives the possibility to conserve the total
intensity after transforming them into square histograms [64]. Rebinning uses sparse
matrix multiplications thus reduce calculation time. In this thesis it is used on MC
simulations of shower images and real data observations in classification tasks.

The following, optional preprocessing step was implemented during the research phase
of this work in order to see if this improves the analysis. It is applied after the pixel
conversion.

Principal Component Analysis

The Principal Component Analysis (PCA) is a method to find correlations in data and
represent it by new orthogonal eigenvectors so called principal components reducing the
dimension of a given dataset [4]. One advantage of dimension reduction is the lower
computation time afterwards.

PCA is a tool operating on a stack of N 2D matrices with dimension d denoted as
XnN,dxd- Before PCA can be used the data must be standardized. Then singularity
value decomposition (SVD) is applied calculating the singular values and eigenvectors
of a square symmetric matrix, covariance matrix or correlation matrix [4]:

X =UsvT,
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where the matrices U and V contain the left and right singular vectors respectively and
the entries of the diagonal matrix S represent the singular values.

The singular values have to be sorted in descending order to choose the k (k < d)
largest ones where k is the dimension. These can be determined either by a user depen-
dent threshold or variance. The associated eigenvectors construct one projection matrix
Py}, which transforms the original matrices X 4xq4 into a new feature subspace Cn gx
containing the principal component scores:

X~(C.-pT

Figure shows an example application of PCA on a dataset containing EAS images of
two different particle types, y-rays and HT. On the left side of the figure an exemplary,
combined y-ray EAS image X 4x4 with 1764 principal components is illustrated. The
dimension of the image can be reduced by multiplying the feature subspace C1 gx; with
the projection matrix (Pyxx)”. In this example the dimensions are d = /1764 and
k = 1/223. The projection matrix contains all principal components with singular values
fulfilling the constraint of having a variance of smaller than 90% of the maximal variance.
The resulting projected image is shown on the right.

In this thesis PCA is performed as a preprocessing step on shower images after rebinning
was applied, see section [5.3
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Figure 2.6. — Illustration of the process of PCA illustrated on a combined image of
a y-ray EAS. Figure inspired by [8].
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3. Analysis Methods

This chapter introduces the used analysis methods which are applied after the prepro-
cessing steps. y-ray EAS observed by H.E.S.S. are reconstructed using the algorithm
Image Pixel-wise fit for Atmospheric Cherenkov Telescopes (ImPACT) by part of the
H.E.S.S. collaboration. ImPACT fits an assumed template to the triggered pixels in the
camera using a likelihood fit [53].

Before the reconstruction of an EAS a selection of v-ray and hadronic induced events
needs to be done. The classical approach is to use Hillas analysis [55]. For a few years
analysis methods have also been developed in the field of ML e.g. Boosted Decision Trees
[10] and neural networks (NNs) [58]. Hillas analysis and NNs will be explained in more
detail in the following. In addition, spectral analysis, a method for the reconstruction
of the differential flux, is introduced.

3.1. Hillas Analysis

The Hillas analysis is the basic analysis method used for image observations with H.E.S.S.
and is applied after the image cleaning [53]. The Hillas parameters are used for post-
selection of ~-ray signal and hadron background in EAS images. The triggered PMTs in
images of hadronic showers are randomly distributed over the hole camera plane due to
their wide scattering in the Earth’s atmosphere. Whereas for «-ray induced EAS they
are notably triggered more tightly near the image axis forming a two-dimensional ellipse

see Fig.
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Event #53529-0-132219, E = 15.050 TeV, combined Event #50425-0-246618, E = 15.401 TeV, combined
(raw camera pixel)

1.0 1.0

3 ®

B
Normalized Intensity

Normalized Intensity

@

(a) y-ray EAS. (b) HT EAS.

Figure 3.1. — Exzample EAS shower of a ~y-ray and a H™ EAS observed by H.E.S.S..
The title above each combined telescope image indicates the event number including
the corresponding run number and the energy of the observed EAS. The note raw
means that no preprocessing step was applied expect Image cleaning. In a) a vy-ray
image and in b) a HY EAS image is shown.

This information can be used to reduce the image properties to a domain of boundaries
which are described by an elliptical shape and orientation angle c. The ellipse is defined
by the length [ of the semi-major axis and the width w of the semi-minor axis. The
geometrical parameters are pictured in Fig. 3.2
The Hillas parameters are listed in the following [55]:

e Size (intensity of all pixels)

e Peak intensity (image center of gravity)

Length [ and width w of the ellipse

e Distance d to the image center

Orientation angle «

Azwidth (combined shape and orientation characteristics)

Miss (distance between semi-major axis and image center)
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Figure 3.2. — This figure illustrates the characteristic elliptical shape of a -
ray shower parametrized by Hillas parameters. The ellipse is defined by the half
width and length of semi-minor/magjor axis. Inside the ellipse is the center of
gravity (peak intensity) marked as a circle. The distance and the orientation an-
gle o define the range and orientation of the ellipse to the image center which is
cross-marked as source. The azwidth is perpendicular to the distance and describes
the effective extension of the ellipse. The parameter miss defines the distance from
the image center to the semi-magor azis. Figure extracted from Ref. [53]

A detailed calculation of the parameters [, w, d and « can be found in Survey of candidate

gamma-ray sources at tev energies using a high-resolution cerenkov imaging system from
Reynolds et al. [55].

3.2. Machine Learning

In this thesis, the first attempt was using ML methods to distinguish not only 7-rays from
hadrons [58], but CRs in general. The following subsections will explain the structure,
learning types, training and evaluation of a ML task.

Neural Networks

To solve ML tasks artificial neurons are used. They receive inputs  which are mapped
to an output using an activation function like the rectified linear unit (ReLU)

a(x) = maz(0,z) .

The output depends not only on the activation function but also on the weighting @ of
the inputs. Higher weighted input data is more likely to be considered as ’'important’
and thus contributes more to the output.

The simplest ML architecture consists of one artificial neuron solving only linear prob-
lems. The more complex the problems become the more neurons are needed building a
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NN. These networks are divided into multiple layers which consist of numerous neurons,
so called nodes. The first layer is the input layer followed by some hidden layers. The
result is given by the output layer. Several layers can be connected in series where each
node is linked to the previous and following layer node except bias nodes. A bias node
is an additional neuron with value one which provides more flexibility to fit the input
data. It is used in hidden layers and in the input layer. It is also possible to fully connect
each node with every node from the previous and following layer. Those layers are then
called fully connected layers.

The aim of using NN is to describe a highly complex application by one function Ay, ()Z' )
which shall approximate the target function

ftarget(X) = 37501 )

where X is the selected input data and ¥, denotes the right solution of the given
application. An example of a simple architecture of a NN is illustrated in figure [3.3

Data Input Hidden
Layer Layers
Figure 3.3. — Schematic structure of a simple model. Input data is given to the

first layer of the model. The data is further computed by the hidden layers leading
to an output contributing to the specified task.

There are several ways to train a NN for different tasks and given examples. Two are
introduced in the following.

Supervised Learning

Scientists distinguish between supervised and unsupervised learning. In unsupervised
learning there is no labeled training data provided and the NN has to find out how to
solve the given problem by itself. In this thesis only supervised learning is discussed.
Further details about unsupervised learning can be found in Title from author et al.
[57].

In supervised learning the user provides a training data set X to the computer which
contains in addition the right solution ¥, of the application. In general, supervised
learning can be divided into two kinds of problems. The first one is the regression
problem. It predicts a continuous quantity solution, a real-value output, for a given
problem. A quantity could be something like the energy of incoming Cherenkov photons
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of a shower where the energy value describes the real-value output and the name of the
quantity would be the word ”energy”.

The second one is the classification problem. As the name implies, it maps the input
data to their predicted classes. A classification problem can be defined by its characteris-
tics, called features. For instance, a shower was detected by H.E.S.S.. The self-learning
program has to decide whether it is a proton shower or a ~y-ray shower based on the
detected image. The features have to be extracted from the image (input data). A two
class problem (e.g. proton- and v-ray shower) is also called binary classification and a
problem considering more than two classes is a multi-classification problem.

As already mentioned, to solve highly complex problems, deeper networks with more
hidden layers are needed. In the following section these deep neural networks (DNNs)
are explained in more detail.

3.2.1. Deep learning

Deep learning is a subset of ML using multiple layers. Often, a given problem is too
complex to be described mathematically, so deep learning methods are used. They
can extract highly abstract features [29] from training input data and use them to
make predictions to different input data. Deep learning architectures are applied to e.g.
speech recognition and image classification. All used DNN architectures in this thesis
are introduced in this section.

Convolutional Neural Network

The convolutional neural network (CNN) is the most common one. CNNs are applied
to data with grid-like topology e.g. images. They use the mathematical operation
convolution in at least one of their layers [29].

In 2D a convolution is equal to a matrix multiplication of an image with a filter kernel.
As an example one can imagine the original image as a 6 x 6 matrix and the filter as a
3 x 3 matrix applied on every pixel. The kernel operates on an area of 3 x 3 pixels in
the original image and maps those to one pixel. This is repeated until the whole image
is scanned by the filter kernel. The size of the output matrix is dependent on the step
size of the convolution, stride. If in the given example the stride is equal to 2 the output
would correspond to a 3 x 3 array which contains all features of the original image and is
in ML commonly named feature map. If an input image is square with odd side lengths
(e.g. 5 x5 or 7x7) or has sides with unequal length (e.g. 6 x 7 or 6 x 8) the borders
are filled, for instance, with zeros to get a square image. This modification of the input
image is called padding and is usually used by convolutional (conv) layers and pooling
layers. In CNNs it is common to insert pooling layers between conv layers which reduce
the size of their output by focusing it onto its significant features.

The connection between conv layers differs from fully connected layers. Each neuron from
the following layer is connected to a local field to the current layer. Such regions are
called receptive fields and are of the same size as the kernel. Extending this definition
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one feature contains information about a whole region of a specific size in the input
image. These receptive fields are stable to simple transformations [43] and are used to
verify the number of conv layers in CNNs.

In this thesis conv layers are a part of every build NN due to their important ability of
extracting features on their own.

Residual Network

Residual Networks (ResNets) were introduced to rectify or to understand the degradation
problem of training accuracy, see section which occurs mostly for deeper networks
[34]. In ResNets the convolutional layers are not only connected to their following layer.
In addition a side path leads to an identity layer. These map the input back to themselves
meaning the input equals the output. The result from an identity layer is concatenated
to another following layer, thereby gaining additional degrees of freedom. This leads to
an improved learning [34].

Residual layers were included in the architectures during the research phase of this work.

Recurrent Neural Network

Recurrent Neural Networks (RNNs) are characterized by the repeated application of the
same operation on a sequential input. A sequence is interdependent data like a video.
Its images are arranged in chronological order and are provided one by one to the RNN.
RNNSs are capable of finding correlations between the previous input image and the next.
An extension of RNNs are Long Short Term Memory (LSTM) networks using LSTM
cells. These support RNNs to extract and learn long-term dependencies. The core idea
of LSTMs is to regulate an internal cell state, add or remove features, via gates [51].
In terms of shower images detected by H.E.S.S. telescopes, the use of RNNs is not
immediately apparent. Since the telescopes do not trigger at the same time due to
time shift of incoming Cherenkov photons, detected images can indirectly be seen as a
sequence. In this work RNNs were used in the binary classification task.

Siamese Network

Siamese networks are used for similarity measure between two images. In comparison to
the previously introduced models, the Siamese network consists of two identical networks
which are concatenated after the output layer. These networks are not only identical,
they also share their weights, hence the name Siamese network. The internal network’s
architecture differs from standard classifiers only in the last layer. Instead of a prob-
ability, the output vector contains the extracted weighted features of the input image.
In this thesis the two images contain detected showers from different initial particles in
diverse variations caused by:

e varying size of the shower due to energy fluctuations

e position of the shower in the image generated by different impact points
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e expressions in the meaning of inner shower shape caused by diverse interactions of
particles with air molecules

e varying background dependent on night sky, clouds and dust

In Siamese networks a distance metric learns to evaluate the similarity of provided train-
ing data X. The distance metric utilized in this thesis is the Mahalanobis distance d M
see equation [3.1] which searches for a linear transformation weighting matrix projecting
the two outputs hy (X,) and hy (Xp) of the Siamese network into a subspace. There
the Mahalanobis distance equals the Euclidean distance [39].

dn (Xas Xp) = [|hw (Xa) — hw (Xp)]l2 (3.1)

where X, and X} are the inputs provided to the identical networks.

Since the detected showers are similar if induced by the same type of initial particle and
different if created by another kind of initial particle, it was an approach chosen for this
thesis that uses these two properties to classify the cause of the EAS. There the simi-
larity measure and classification task are combined. Due to this, it is called multi-task
network. It is based on [40] which unites for the first time classification and similarity
measure.

The multi-task network was adapted for this thesis and implemented in the existing
framework.

The model is composed of many statistical and numerical methods of physics and
mathematics. However, the problem determines the architecture of the model and there-
fore how to proceed to get the right solution regarding to the task. The following sections
explain the learning phase of a NN grouped into training and evaluation of a model.

3.2.2. Training

Before the training can be started the architecture has to be build. Between each
convolution and fully connected block and between each fully connected layer a dropout
is insert in the used architectures introduced in section [(.2.2

Dropout is an approximation method used for regularization of a NN. It supports the NN
during the learning phase by dropping out nodes which means setting a defined number
of weights to zero. The probability that a neuron is set to zero is given by the dropout
value defined by the user. After one learning epoch a model consisting of n neurons has
2" possible variants of itself [59]. During the validation phase these are combined in
one NN sharing their weights. There the NN is tested on unseen data without applying
dropout. The nodes dropped out during one learning epoch are also considered as zeros.
The resulting NN can be seen as the average over all possible variants. The dropout
prevents the stagnation of learning accuracy and over-fitting. Both are explained in
section .23

In addition one can optimize the learning of the NN by tuning the hyperparameters which
regularize the learning. The defined hyperparameters and their definitions are listed in
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table In the case of similarity measurement two additional hyperparameters, m and
As, were introduced.

Table 3.1. — Hyperparameters for classification and multi-task NNs.

Parameter Definition

I5; average over weights of the last training steps

No. epochs per decay epochs after which the learning rate decays

« decay factor learning rate decay value

Qinit initial learning rate value

staircase exponential or gradual decay of learning rate

m minimal distance between two dissimilar images
As scale value for contrastive loss

To find the function which describes the given problem best the NN has to be trained
on an example dataset. During training phase input data X is gradually presented to
the model, in so called batches. Batches are used due to computational limits. A higher
batch size is better because this means more train examples are presented to the NN
at once and therefore more variability of one class is presented to the NN. The weight
lek of node j in layer [ is adjusted to the associated input xmf,c_l of node k in layer
[ — 1. This process is repeated multiple times. In supervised learning the calculated
outputs a(xmi_l);f " in the final layer lf;, are compared with the true solution Y after
each iteration. The error of the final layer between predicted and desired output is
calculated by a loss function L. The summation over each error of all neurons using
back-propagation [I7] is defined as the cost function J(W). In back-propagation the
cost of each neuron is calculated via the derivative of the loss function which is affected
by weights and biases of the associated node. Ensuing the costs are summed up. An
optimizer is used to minimize the cost of the model. This forces the system to adjust
weights for the application and in the end to predict the correct output.

Loss Function

The loss is calculated during the training of each example. There are several loss function
for each task. The ones used in this thesis are presented below.

Cross Entropy Loss works best in classification tasks because it avoids saturated states
and prevents gradient vanishing [36] which are essential components of optimizers. The
general form of cross entropy loss is

N
LC(M/? ghW(X)7X) == Z Yhyw (X), class log(PhW(X),class)

class
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where ¥, (x) is a one-hot vector of dimension 1 x N, which has N — 1 zero entries
and a one at the correct label yy,, (x) class=sol POSition. N is the number of classes and
Phyy (X)), class 18 the predicted probability of an input example X to be of class class.

Contrastive Loss is used in Siamese networks to minimize the distance between similar
image pairs and maximize it for dissimilar pairs. Using the Mahalanobis distance the
contrastive loss has the following form:

Ly(W, 9, X0, X3) = (1= )3 (da)* + ygmaz (0, m — dyy)?

where the margin m > 0 defines a radius around the feature vector hy (X) [31]. The aim
is to keep the distance dj; between classes larger than the margin. The labels y differ
from those of the traditional classification task. They do no longer represent the actual
label of the input image instead they symbolize the similarity y = 0 or dissimilarity
y = 1 of input image pairs.

In the course of this thesis a multi-task network uniting classification and similarity
measurement is implemented in the preexisting framework. The loss is a summation of
cross entropy loss with contrastive loss [40]:

L=L.+Xs-Ls

Here the parameter A\ is used as a scale value to balance the losses.
Mean Absolute Error is used in regression tasks. As the name implies the absolute
difference between predicted and true real-value is calculated by

L (W, Gy (x)5 X) = [Ty (x) = Gy ()]

where 7, (x) is a vector containing the real-value outputs of the model.
The error of one train example can be calculated by the loss function whereas the cost
of the whole network is determined by sum over the loss of all train examples.

Optimizer

As mentioned above optimizers in ML are used to minimize the cost function by updating
the networks weights iteratively based on the loss function’s gradient. In addition, the
gradient is scaled by a learning rate «. This parameter «;n;; has to be chosen carefully. A
too large learning rate causes the optimizer to jump back and forth between the optimal
or local minimum not converging. Whereas using a too small learning rate the NN needs
very long training time. The best case is to find the global minimum and not a local
minimum or saddle point.

Adam is the most popular optimizer used for classification tasks due to its good result
and low computation time. It is an algorithm based on first-order gradient stochastic
optimization to obtain adaptive estimates of lower-order moments [42]. In comparison
to higher-order optimizers Adam is able to handle noisy data with sparse gradients and
with online, update of events after each iteration, and non-stationary cost functions.

Nesterov Adam (Nadam) is an extension of optimizer Adam adding Nesterov momen-
tum [22]. This leads to faster decay along directions with small and nearly constant
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gradients whereas the decay is slower along directions with strongly fluctuating gradi-
ents [61]. The optimizer is robust against applications having very complex features.
Detailed information about Nadam can be found in Incorporating nesterov momentum
into adam from Dozat et al. [22].

After each training epoch and after the learning phase a performance evaluations is
done to test the NN on unseen data. Therefore validation and test set have to be created.
The following section describes methods to evaluate the NN depending on the specific
task.

3.2.3. Performance Evaluation

The training of the NN will continue until the criterion hw()z ) ~ ftarget()? ) has been
fulfilled. In practice the function of the application fmwet()? ) is unknown, therefore
other verifications have to be done.

In classification and regression the evaluation during training of a NN is done using a
validation set. It contains data other than that used for learning and is only used to
monitor the performance of a NN during training with the current weights and chosen
hyperparameters. The loss of a validation set is an indication of how well the model
behaves after an iteration. A decreasing validation loss is desired. If the loss remains
nearly constant or even increases the model might be under-fitted or has run into an
over-fit respectively.

Under-fitting occurs if the model can not capture all complex features of a problem.
This usually comes along with low variance and a high bias. Whereas a model is over-
fitting if it performs perfect on the train examples but guesses on unknown data [9].
In the case of high bias it is recommended to either train longer such that the loss is
sufficiently minimized or to stop the training and redo it with other hyperparameters,
more training examples or an extended architecture. Over-fitting can be prevented by
choosing a smaller model or by stopping the training and reset the weights to an earlier
state where the validation loss is minimal.

Additionally, in classification tasks the evaluation of the NN performance offers metrics
such as accuracy, precision, recall, F;-Score and receiver operating characteristic (ROC)
curve [63].

e Accuracy is a measure of how good the classifier performs on the current data. It
can only be used if the dataset contains equally distributed examples of all classes.

e Precision can be described as the proportion of correctly labeled events to the sum
over all as positive predicted examples.

e Recall is the amount of all as positive predicted events and is also known as the
sensitivity of a classifier.

e [-Score or F-measure is the harmonic mean of precision and recall. It is used if
the example distribution of the classes are unequal or the focus is on the precision
and recall of a classifier.
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e ROC curve is determined with the area under the curve (AUC). The ROC curve is
a measure of the models ability to distinguish between classes. A high AUC value,
> 90 %, means the NN is able to separate good between the classes. However,
a value < 50% means the classifier is guessing a class. In the ROC curve the
recall, also called true positive rate, is plotted against false positive rate which is
determined by (1-specificity). In figure an example of a ROC curve is shown
with descriptions. At point A a classifier is correctly predicting TNs, at point B
the classifier correctly predicts all examples which would be the optimal classifier,
at point C the classifier correctly predicts all TPs and at point D the classifier
misclassified all events. The black curve is the expected result of this illustrated
classifier and is calculated by the gradient of recall and the false positive rate.

Optimal classifier
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Figure 3.4. — [llustration of a ROC curve. The green line represents the case of an
optimal classifier and connects the points A, B and C. The violet, diagonal, dashed
line marks the border between better or worse classifiers. Figure extracted from [63)].

The metric is further divided into binary and multi-classification evaluations. In binary
classification an additional metrics, specificity and (-distribution, can be calculated.

e Specificity is the opposite of recall. It is the amount of all as negative predicted
events [63].

e (-distribution is the distribution of events predicted with a (-value € [0, 1] [58].
The (-value is the output of the classifier. In this thesis an output of > 0.5 means
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the classifier predicts this events as signal whereas an output of < 0.5 is denoted
as background.

The general form of a confusion matrix in binary classification is shown in table [3.2]
There the predicted events are subdivided into four categories. Based on this table the
metric can be easily defined mathematically. The formulas are written down in appendix

(Al

Table 3.2. — Symbolic confusion matriz in binary classification.

Actual: " .
Predicted. Positive Negative
Positive True positive (TP) | False positive (FP)
Negative False negative (FN) | True negative (TN)

In multi-classification the confusion matrix slightly differs from the binary classifica-
tion matrix. An example is shown in figure [3.5] The predicted labels, applied in rows,
are compared with the true labels, applied in columns, of the single classes. Each col-
umn represents the actual true label as well as the predictions of a classifier for the
corresponding label per row. Whereas each row represents the predicted classes and
the occurring contamination by other classes. The aim is to achieve only entries on the
diagonal of the matrix. Then one has found the perfect classifier for the application
under the constraints that sufficient sample data has been provided to the NN and the
classifier did not run into an over-fit.

Due to non-existing metrics for multi classification in the preexisting framework they
were implemented during the research phase of this thesis.
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Confusion Matrix

Predicted label
Silicon Carbon Helium Proton Gamma

90 305 707 1235

Iron

Gamma Proton Helium Carbon Silicon Iron
True label

Figure 3.5. — Exzample confusion matriz in multi-classification. The higher the
values on the diagonal entries, the better this particles were classified. The best
determined class was the one with label Gamma followed by Proton and Iron. All
other classes were poorly distinguished. From the as Stlicon classified events only
~ 37% are TP. In the case of a Multi-classifier with six different labels an accuracy
of 16 % is equal to an estimate.

The metric of regression tasks depends on the task itself. The performance of the

energy estimator can be verified by the energy migration matrix and the energy bias
Ebias~

o FEnergy migration matriz is a 2D energy resolved histogram containing the number
of events reconstructed with a specific energy FE .., and true energy Fy.,.. This

matrix is directly related to the energy resolution and dispersion of the trained
NN.

o Relative energy bias is defined as the mean value of reconstructed energy to true
MC energy:
Ereco - Etrue
Etrue

Epias is a measure of the energy estimator resolution. The corresponding standard
deviation can be derived by:

o — Ei\;()(Ebias, i Ebia5)2
std N —1

Ebias =

where N is the number of bins within the energy bias range.
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In conclusion NNs are tools to solve highly complex problems, e.g. classification of
EAS or their energy reconstruction. The architecture and chosen optimizer depends on
the task which determine the metric to evaluate the performance.

The general steps to solve a ML problem are:

1. Build NN model hg(X)
Determine training set X and associated label Y
Define cost function J ()

Minimize J () via an optimizer

RAREE S B

Adjust weights @ of hg(X)
6. Repeat steps 4. and 5. until hw(f) R ft(zrget()?)

This thesis only uses TensorFlow for the creation and validation of neural networks.
TensorFlow is an open source cross-platform software for numerical computation. It is
implemented in C++ and Python and was originally developed by the Google Brain team
to conduct machine learning algorithms and other scientific tasks [I]. All architectures
presented below and evaluations were implemented in Python.

3.3. Spectral Analysis

The spectral analysis is implemented in the course of this work to the initial framework.
It is done after the classification of the CR particles and reconstruction of their energy.
The goal is to determine the source spectrum measured by H.E.S.S. by fitting the spectral

index I' and the absolute flux normalization ®( of the differential energy spectrum %7

see eq. [L.1]

The differential particle rate is measured by H.E.S.S. and is described in terms of the
reconstructed energy FEjeco, the effective area Agrf(Eirue,0,1,v) and the probability
density function (PDF) P(Eye, Ereco, 8,1, v) for each CR [60]:

dN Emaa do

m = / P(Etruea Erecm 97 ¢7 V)Aeff (Etruea 97 d}v V)detrue .

Emin
The PDF and the effective area are determined using MC simulations created at a zenith
angle 0, azimuth angle v and an offset v with an energy Eyye.

First the on- and off-region has to be defined. The on-region is equated to the FoV
of H.E.S.S. under the assumption that the detected signal is hadronic and diffusely
distributed over the sky map. Consequently an off-region does not exist. In the case
of a «-ray induced EAS a direction reconstruction of the observed shower can be done
after the determination of the on- and off-region.

The classified MC events in the on-region are grouped into their true labels. Then they
are filled into two energy resolved F,.. histograms, one containing all true events of
a particle type and the other containing events which were correctly classified by the
trained NN. From these histogram pairs the effective area can be determined.
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Effective Area

The effective area A.r¢(F, 0,1, v) is an energy resolved and angular dependent correction
factor to compensate the misclassified events of a particle type type. The geometric area
Ageo = 7r? of an EAS on the ground is multiplied with the ratio of TP and actual
positives (AP):

NTP

Aeff(Etru67 0, 1/}7 V) = Ageo : # s (32)

type

where N,:‘de is the number of TP of type MC events and th;];je is the number of all
simulated type events.

Probability Density Function

The PDF P(E;eco, Btrue, 9,1, v) indicates the probability of an event with a specific
energy FEy..e to be reconstructed with an energy Fjeco.

e The same MC events used for the effective area calculation are used to determine
the PDF.

e The simulated events are filled in a 2D histogram Ecco vS. Eprye.

e The 2D histogram is normalized such that each column contains the relative num-
ber of events:

N
Z Ereco,k dEreco =1

k=0, Etrye=const.

The created PDF's are used as look-up tables for specific 8, 1 and v angles for com-
parison to real data. Further details can be found in Emitters of VHE gamma-radiation
as revealed by the H.E.S.S. Galactic plane survey Hoppe [60)].

In this thesis only PDFs with a zenith angle 6 of 20°, a maximum offset angle ¢ of
2.2° and an azimuth angle v of 180° are determined because the simulations were only
carried out with these parameter values. An example PDF is shown in fig.
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Figure 3.6. — [llustration of a PDF with a zenith angle 0 of 20°, a maximum
offset angle ¥ of 2.2° and an azimuth angle v of 180°. The diagonal stripe is
an indication of the dispersion of the energy estimator. In the optimal case only
the diagonal entries of the PDF would have values greater than zero resulting in a
diagonal line.

Spectrum Energy Threshold

The spectrum energy threshold is used to cut out energy ranges poorly reconstructed
by the energy estimator. It only takes energies for which the energy bias Ejp;,s is within
the range of +10% into account. The upper and lower energy boundary is derived by
the deviation of the mean of correct predicted energies. The energies for which the
Epies > 10 % are affected by large reconstruction errors. These would lead to systematic
errors by the reconstruction of the source spectrum. In contrast, energies for which
Ebiqs < —10 % are not sufficient to determine a suggestive effective area [60].

Applying the spectrum energy threshold means to keep only events measured with en-
ergies Ereco € M = {z € bias|lx > 10% AN x < —10%}. The events are filled into
energy resolved histograms. The number of those events in the off-region and on-region
is denoted as N,y and N,y,, respectively.
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Forward Folding

Forward folding is the method used to determine the measured energy spectrum by fitting
the parameters I' and ®¢ to obtain ®;;. The predefined values of Acf¢(Eirue, 0,v),
P(Ereco, Etrue,0,1), Noy and Noyr are needed to get the number of expected excess
events given by the following relation:

Ereco»l‘f‘l_
ny gt = Z tow / dEreco
runs,f,y Ereco)l (3 3)

min

where g is the observation time of a run obtained at a certain zenith angle # and an
offset V. ¢ fit(Eirue) is the fitted spectrum.
The analytical solution of the number of expected background events is given by [60]:

ny et = (a(Non + Nogg) = (1+ @)ns)? + da(a + 1)Nogpny |

« is the background normalization factor derived from the number of determined off-
regions, see reflected region method [13].

The probability of observing N,, and N,s; events can be determined by the Poisson
statistic fulfilling the following applicable assumptions

e events occur independently
e N,, events occur in an energy range AE

e constant particle rate, valid due to constant observations by H.E.S.S. in a time
interval of 15ns

e two events cannot occur at exactly the same time

The Poisson statistic can then be applied on the H.E.S.S. data given by the equation
[60]:

(ny + anp)Non ( ) nlj)v"ff
———exp(—n, — any) -
Non! ! Nyyy!

Pp(Non, Nogflny, ny) = exp(—np)

The first term describes the probability of observing a specific number of events in
the on-region N,,. Those measured events are expected to consist of excess events n.,
and normalized background events n;. The second term describes the probability of
observing background events N,y over the whole off-regions if n; are expected.

The measured flux is obtained by varying the assumed source spectrum and thereby
minimizing the negative log-likelihood function (—In L):

—InL =—InP, = Ny, - In(n, + anp) + Nosr - Inny
—((1+a)np+ny) —In Nop! —In Noygp!
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During the optimization process the derivative of —In L is determined. The constant
terms —In Noy,! and —1In N, ! are then zero and can be neglected in —In L.

The optimal fit parameters inserted in equation [1.1] yield the measured energy spectrum
multiplied by the ratio of measured events to expected excess events. The data points
of the flux for broader bins are determined using the obtained spectrum ®y;; and the
term described by the observation time, effective area and PDF [60]:

B ETECO,ZJFI Emaz
E'reco,l = tQ,w / dE’reco/ dEtrue
T‘UTLS,G,TJJ reco»l E'mzn (34)
1
¢fit(Etrue) . Etrue : Aeff(Etruea ‘97 @Z}) : P(Erecm Etruea 97 d}) ’ ni
Y
The observed flux of a specific source is [60]:
_ Nyp — aN, _
F(Ereco) — M : ¢fit(Ereco) (35)

Ty

The negative maximum log-likelihood function can be approximated by an inverted
Gaussian in 2D around its minimum. There an error estimation on the fit parameters
can be done under the condition of a very fine scanning of the fit parameter space.
The probability that the found fit parameters fall within the true parameters value is
given by Rgg assuming the standard deviation o, the expected number of events in the
on-regions, are known [62].

The standard error 1o on the estimators ¢y and I' form an ellipse centered around the
global optimal fit parameters [62]. This behavior is given by [62]:

1
—InL =InLye — 3 (3.6)
In L4z is the maximum value of the log-likelihood function.
From this geometric shape, the standard deviations of the parameters and the orientation

of the ellipse can be derived [62].
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4. Methods

This chapter contains the methods used to create the datasets, apply preprocessing
steps and determine the architectures. Further, an additional cut parameter was in-
vestigated to bias the NN decision respectively to heavier nuclei. Also, the Forward
Folding algorithm adapted on the adjusted formula of the signal background description
is explained. In addition, the application of the Forward Folding algorithm with the
investigated formula on real data is described.

4.1. Dataset Creation

The dataset is very important for the specific task and performance of a NN. If not
chosen carefully the results of the NN may be insufficient for further analysis steps. In
the case of training a classifier the classes should occur in an equally ratio to prevent
asymmetric learning. The classifier would then have a bias towards the class with more
train examples which wants to be avoided in most cases.

All datasets contain MC simulations which were created in the southern hemisphere
under a zenith angle of 20° and azimuth angle of 180 °.

4.1.1. Conditions

For the creation of the dataset standard analysis cuts, the same as used in standard
analysis, were applied on the MC simulations. They are listed in table The energy
and offset parameters were defined by comparing the values in the MC simulations of
all classes. Therefore only events with a maximum offset of 2.2° and within an energy
range of 5TeV to 100 TeV are allowed.

Only those who fulfill the cut conditions will be saved in a predetermined list. The list is
compared to a histogram limiting the maximum number of events N,,., for each energy
bin. It is created by an energy spectrum with a user provided spectral index I':

1 E'maz E =T
()
Ntot Erin EO
E; -T
Ei 1 i+1 E’
where Ny is the number of train examples and k£ the normalization factor. The normal-
ization energy Ey is set to 1 TeV and the bins are constructed such that they increase

logarithmic in size due to lower statistics in regions of higher energies.
The conditions of equal energy distribution of the classes was introduced to prevent the
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classifier from learning energy dependencies between the classes for example, iron events
are more likely to have high energies compared to y-ray events which mostly appear in
the low energy sector.

Table 4.1. — Cuts used to create the dataset containing FAS shower events to
ensure more homogeneous data.

CT1-4 parameter cuts Values Units

multiplicity 2

size (60, oof p.e.
local distance [0, 0.525] m
offset [0, 2.2] deg
energy [5, 100] TeV

4.1.2. Preprocessing

Before the preprocessing steps the images are unnormalized and consist of 960 px? hexag-
onal pixels. In this thesis only rebinning was applied on MC simulated images to train
NN. For a better comparison real data images were rebinned too. Usually, interpolation
is used on real data to assign pixel intensities with a pixel map to compensate foreign
influences e.g. gravity. This can be corrected using the pointing correction.

After applying rebinning the images have a resolution of 42 x 42px?. This value was
chosen due to technical limitations. Another reason was the following consideration.
How many pixels are needed to convert the original image, see figure into a square
one? The needed number of pixels to fill up the edges is derived by using the following
equation:

4-[3- (4px-4px)] =192px? ,

the bold 4 is the number of edges and the term [3 - (4 px - 4 px)] subdivides the four
edges into three partitions with 4 - 4 pixels each. The result is a square image with 1152
hexagonal pixels in total. The transformation of one hexagonal pixel with a circumradius
R into a square one can be done by taking the ratio of their areas:

4R* 8
R?3V3  3V3

Multiplying this ratio with the total number of hexagonal pixels results in a resolution
of ~ 42 x 42 px>.

38



Event #50326-0-902804, E = 23.307 TeV, combined
(raw camera pixel)

1.0

Normalized Intensity

Figure 4.1. — Combined, raw image of a MC Hev nuclei EAS. The EAS was
simulated with an energy 23.307 TeV. The inner and outer EAS gradient shape is
similar to a star. He™ nuclei EAS can not be described by an ellipse but this image
contains features which look like an ellipse e.g. the pixels having higher intensities.

The next preprocessing step is the application of normalization. The images are scaled
such that the mean is zero and the standard deviation is one. In regression tasks an
additional scaling factor is used to normalize the target value and the response of the
NN to values between [0, 1]. In the case of the energy estimator the scaling factor was
determined by the chosen maximum energy. A logarithmic and a linear scaling were
tested to find the best normalization method.

An optional preprocessing step PCA was tested to find correlations between the classes
and therefore reduce the number of dimensions. PCA was applied using variances 90 %,
95 %, 99 % on two different datasets.

PCA was first applied on a dataset contained ~-rays and protons. It was applied despite
the very good separation of these two classes by the Impact analysis and ML approach
to test if it can improve the classifier performance.

The other dataset contained silicon and iron events because the separation of silicon and
iron by the classifier works moderately good. PCA is used to support the distinction.
Subsequently, the model was trained using the dimensionally reduced shower events
and comparing the result with the performance of the original dataset without this
preprocessing step.
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4.2. NN Definition and Evaluation

The determination of the initial particle was done using NNs. They were trained on
six different classes denoted as Gamma, Proton, Helium, Carbon, Silicon and Iron. To
get the best performance different architectures with diverse approaches were tested. In
addition, the energy reconstruction of all six initial particles was done.

4.2.1. Architecture Selection

The minimum number of convolutional layers in the trained NN is determined by the
resolution of the receptive field ry,: which can be calculated by the following formula
[21]:

Tout = Tin + (k + 1) “din .

The receptive field size depends on the input feature map size r;, and the kernel size
k of the parameters and distance between two adjacent features d;, in regard to the
stride size s. The number of layers in relation to the resolution of the receptive field
is displayed in fig. The graphic shows the resolution of the receptive field over
the number of layers. The total number of layers includes the number of convolutional
layers and pooling layers. The combination can be done due to the structure of the NN
architecture. Between two convolutional layers one pooling layer was inserted.

Defining a resolution of 42 px a minimum number of six layers in total are needed to
cover the original image including 3 convolutional and 3 pooling layers. In the figure
the resolution 31px is the square root of 960 px?> which was the total number of
pixels in the originally hexagonal image. Whereas the resolution of 64 px was the best
approximation after applying rebinning on the MC images investigated by [64].

Four different approaches and 6 architectures were tested to find the number of convolu-
tional and fully connected layers for which the classifier performs best. The architectures
altered in their number of convolutional layers from 3 to 4 and also the number of fully
connected layers was varied from 3 to 5 which results in a total number of 6 combina-
tions. The four approaches include the combined image provision, channel approach,
the single image approach and the usage of a LSTM cell. The first approach was to
gradually present combined CT1-4 images to the model. The CT1-4 images of one event
were summed up resulting in a so called combined image. Those architectures are mark
with a star *. The second one presented the input as a stack of all CT1-4 images treating
them as RGBa channels but only in the first convolutional layer. These networks can
be recognized by the shortcut «. The third approach provided all CT1-4 images one
after another to the convolutional layers. The weights were shared which is comparable
to a Siamese NN. The four outputs of the convolutional layers of each CT image were
concatenated treating the feature maps as one feature vector. The vector was further
provided to the fully connected layers. Last a LSTM cell was added to the NN. It was
inserted between the convolution part and the fully connected layers.The architectures
are then denoted as CNN,, CNN,, CNN and RNN in the corresponding order.

To decide which classifier has the best performance of the (-distribution in over the
whole defined energy region of 5TeV to 100 TeV was compared. This was done due to

40



the known bias of £10 % within energy range 100 GeV to 100 TeV of H.E.S.S. [53].
The result of the architecture study was used to create the base frame of the architecture
for the multi-classification task.

Receptive Field

100

Resolution of Receptive Field [px]

No. of Layers

Figure 4.2. — The growth of the size of the receptive field equals an exponential
increase. The graph includes all layers, alternating convolution layer and pooling
layer. Each step from an even number to an odd one shows the increase of the re-
ceptive field by applying alternately a convolution layer and the pooling layer. The
resolution 31 x 31 pa® needs at least 5 layers to cover the hole image and the reso-
lution 64 x 64 px* needs at least 7 layers. For the chosen resolution of 42x 42 px*
in this thesis 6 layers are necessary.

The NN architectures for the regression tasks were chosen by modifying the existing
ones already fulfilling the condition of having enough convolutional layers. A recurrent
layer was added between the 4th and 5th layer concatenating its output to the penul-
timate layer. The provided input for the task of energy reconstruction included the
CT1-4 images and the event size. The size was added to the feature vector in the fully
connected layers to support the learning. The size is known for MC simulations and real
data. In addition, the dropout for this task was set to 50 %.

In the multi-classification task two additional network architectures were investigated.
Due to the moderately good results of the energy reconstruction of the MC ~-ray EAS
using the additional parameter size, the EAS image abilities size, skewness and kurto-
sis were also added to the classifiers in order to see if it improves the performance of
multi-classification. This network is denoted with CNNgg. The second tested DNNs
were a combination of Siamese and classification tasks. The architecture differed only
in the last layer which was divided into a classification and a feature vector output. For
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the multi-task network the channel approach and single image convolution were tested.
They got the shortcut SCNN, or SCNN. The combined CT1-4 approach was not tested
in the multi-classification task because no reasonable argument exists to try this ap-
proach and also the RNN architecture was not tested because it was computationally to
expensive.

The output of the multi- and multi-task classifiers is a probability vector containing the
six (-values for each class. The index of the highest (-value was chosen to determine the
predicted class by the NN.

The best found base frame architecture was used for all classification tasks. In ad-
dition, the same datasets for all multi- and multi-task classifications were used. In the
binary classification the same dataset containing y-rays and H™ events was used for
all tasks. Further the architectures performance were optimized by choosing suitable
hyperparameter.

4.2.2. Hyperparameter Optimization

The hyperparameter tuning helps to generalize the data and to find the optimal NN.
The best hyperparameter set was determined by taking the same architecture and change
the hyperparameters. The resulting performances were compared at the learning point
where the loss of the validation set was minimal. Therefore the following conditions
must be fulfilled:

e sufficient diversity of events in dataset
e training of the NN until it has converged or an overfit occurred

e the train set loss has no recognizable overfit during the learning phase

4.2.3. Model Evaluation

The goodness of the performance depends on the NN task. In the case of classification,
the classifier having the highest accuracy was used to distinguish MC simulations and
real data observed by H.E.S.S.. This is valid for binary classification and multi(-task)-
classification. Whereas the regression task compares the energy yielding a bias < 10%
and bias > —10%. In addition, the corresponding resolution of the NN was derived by
the standard deviation of the bias.

For further analysis of regression tasks there must be energies fulfilling the condition
of having a bias +10%. If not then the hyperparameters of the model have to be
changed. If this has not led to an improvement in performance, it can be assumed
that the architecture must be adjusted or an other analysis method must be applied to
reconstruct the energy of the EAS.
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4.3. Investigation of the DC-light Cut Parameter

DC-light is mostly found in heavier nuclei EAS images [6]. The idea was to get an
additional cut parameter in order to support the distinction of the classifier. In [6] they
investigated such a cut parameter for H.E.S.S. to get the real data initial particle and
create an iron energy spectrum. In this thesis a similar approach was done to find the
highest pixel in the camera image. Therefore the mean over all pixels in one image for
100000 events per class was taken. The pixel having the highest value was divided by
the mean of the image. The outcome is a ratio of the highest pixel to the mean of per
image. The results of all classes were compared to find a further cut parameter.

4.4. Forward Folding Application

The forward folding algorithm can be applied after the classification and energy re-
construction using the best NNs of each task. The effective area and the PDF were
calculated using datasets consisting of MC simulations. From now on all as signal de-
termined events can be either of hadronic type or v-rays and all remaining classes are
consequently background events. The following steps were done to make the forward
folding algorithm applicable for the determination of heavier nuclei spectra.

First the implemented forward folding was tested on a MC dataset containing 128000
events in total. This was done to check if the input spectrum can be reproduced. The
dataset was created with a spectral index I" of —2 containing only iron nuclei events.
To be able to compare the fit result with the original parameters the energy distri-
bution of the MC events was calculated which has been defined during the dataset
creation. From which the original flux normalization ¢ y/c can be derived. It is given
for VEyue € M : {bias > —10% A bias < 10%} by:

NMC Emax E -r
¢0,MC = / ( frue ) dEtTue (4 ]-)
Ayce -tue Jg,,,, 0

under the assumption that for MC simulations the area Ay;c = 1m? and also the ob-
servation time tj;c = 1s. The normalization energy F(y was set to the mean energy in
the bias interval + 10 %.

Further the whole FoV of 5° was defined as on-region consequently the background nor-
malization factor «, the measured off-region events N,rr and the expected background
events ny are set to 0. This means the measured events in total Ny, are the same as the
events from the on-region N,,. The negative log-likelihood then simplifies to:

—InL = Niot - Inniron — Niron — In Nior!

The differential flux in each mean energy E,.., bin is then given by:

_ No _
F(Ereco) = et | q)fit(Ereco) (42)

Niron
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Then background was added to the dataset to derive the function which defines the
expected background. The dataset contained MC Fe™ (signal) and Si™ (background)
nuclei events and was used to investigate the formula of expected events in total con-
taining TP and FP of one particle type:

Ntot = Nsignal T & E Np class
class

where the background normalization factor v is 1 and 7y, ¢4ss defines the expected num-
ber of a background particle wrongly classified as signal.

The formula was motivated by the assumption that the on-region is the whole FoV and
the measured signal is a mixture of events from all classes. The valid formula of the
determination of expected excess events is written down in section in equation
However, the number of expected background events of one class per energy bin de-
pends on the efficiency €gignal,class and PDF Pgignar ciass(Erecos Etrue, 0, 1) of the specific
background class. The efficiency and PDF were both determined using MC simulations
of the corresponding class. Considering the confusion matrix of the best classifier, the
efficiency can be determined by

€signal,class — Ageo : W
tot,class

where Ng;ignai class i the number of events in the row of signal and the column of class

and Nyot class the total number of events of the considered background class. In figure

the total number of the background class, e.g. Nyt siticon marked by the yellow color

and the number of the Sit nuclei events classified as class Iron marked with green, is

shown.
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Confusion Matrix

Predicted label

Gamma Proton Helium Carbon @ Silicon Iron
True label

Figure 4.3. — Example of the efficiency drawn in a confusion matriz. The yellow
border includes the true events of class Silicon and the green square includes the
number of events of SiT nuclei classified as Iron events. The ratio of the events
in the green square to the sum of events within the yellow border is given by the
efficiency.

The PDF Pyignai class(Erecos Etrue, 0,1) is determined by the probability of a back-
ground event with a specific true energy which is reconstructed with an energy FEicco
using the estimator trained on the signal class. The mathematically procedure is the
same as described in [3.3]

Therefore, the number of expected background events of one class is given by:

E l+1 E7 €C07l+1 Emaac
Np class ’E:ZZZ: Z ty K0 / dEreco / dEtrue
runs,f,y Erecol Erin
Qbfzt class(Etrue)Eszgnal class (Etrue’ 0 ¢) signal, class(Ereco’ Etru67 9’ w)
(4.3)

where ¢ it class(Etrue) is the assumed energy spectrum of the background class. This
formula is only valid for a dataset containing sufficient MC examples of each particle
type and for a classifier trained on an adequate variety of events.

Applying these cognizances on the dataset containing Fe™ and Si™ events the resulting
negative log-likelihood function is:

—InL = Ny - ln(niron + anb,silicon) — Niron — ONp, silicon — In Nyot!
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Extending these on a dataset containing multiple classes the formula can be generalized
to:

—InL = Ntot : ln(nsignal +« Z nb,class) — Nsignal — & Z Np,class — In Ntot! (44)

class class

The last application of the forward folding algorithm was on real data including the
source PKS 2155-304. The events were classified by the best found classifier and their
energy was reconstructed using the estimator trained on Fe™ events because the spectral
index and normalization flux of an Fe™ spectrum shall be determined.

The classifier can distinguish between six classes v, H™, He™, C*, Si™ and Fe™. Real
data contains events beyond those particles and therefore the total number of expected
events in the case of real data is given by:

Ntot = Now T Nmedium + Nhigh +nvy (45)

where nj,,, is the number of expected hydrogen and helium nuclei, 1,,edium 18 the number
of all particles with charges Z € [6, 8], npgn represents the particles Z € [10,16] and
ny g contains all particles with very high charges Z € [17, 26].

These groupings were taken from Cosmic Rays VII. Individual element spectra: predic-
tion and data Wiebel-Sooth [68] which were used for the creation of a MC dataset. In
this paper a grouping of the observed data was done according to their charge Z. The
spectrum parameter values of those groups serve as reference. Their differential fluxes
as well as the individually fluxes are visualized in figure In [I0] similar groupings
adapted from [68] were expanded to higher energies. These are later used for the back-
ground estimation on real data. Therefore the flux normalization ¢g was recalculated at
the normalization energy Ejy.
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(a) Single particle differential flux. (b) Grouped differential fluz.

Figure 4.4. — The differential flures were determined amongst other by satellite
detectors and balloon flights [68]. In a) the differential flux of all particle types used
for the training of the classifier is shown. The right graphic b) shows the differential
flux over all grouped particle types of [68] sorted by the charge Z. In addition, the
differential flux of PKS 2155-304 is shown. Its data was taken from [27)].

After the determination of the fit parameters ¢g and I' by the optimizer the result can
be compared to the dataset. The chosen optimizer to minimize the negative maximum
log-likelihood —log L was basin hopping. This optimizer is designed to find the global
minimum of inverted Gaussian-like functions [52] which is true for the negative log-
likelihood in the large sample limit [62]. The boundaries for the optimizer was set to
¢o € [0,00] and " € | — 0o ,00[. The error on both fit parameters was determined by
the formula [3.6] In addition, the nonlinear least square problem was used to fit the
expected distribution of events on the measured one. Therefore the curve-fit function
was applied using the Levenberg-Marquardt algorithm under the constraint that no
boundaries were set[3]. It is an numerical approach for solving non linear least square
problems x2. Further details can be found in [48]. Reasons for the choice of this function
are it considers the error on the measured data and return the fit parameters as well
as the covariance matrix. The diagonal entries of the covariance matrix contain the
fit errors. In addition, the confidence interval containing 99.999943 % of the standard
error hold by 5o [62] can easily determined using the curve-fit function. Whereas for the
log-likelihood this would be to expensive in computational time. The measured events
can be described by the Poisson statistic therefore the absolute uncertainty is given by:

aNsi na 2
A]\'fsignal = \/<(leANtot> =V Ntot (46)

where the Ng;gnqr is given by Nyt — Nejgss and is the number of measured signal events.
Further errors like the statistic error on A.y; were neglected which could have been
taken into account due to the small dataset the classifier was trained on.
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5. Results

This chapter represents the results of this work. First the result of the preprocessing step
rebinning is shown. Then the classification of cosmic EAS shower images is investigated
focusing at first on the binary classification task. In the case of binary classification
finding a reasonable good architecture, study the learning dependency of the NN on the
energy distribution of the train examples and investigate the charge difference AZ is re-
viewed. Next, the application of the preliminary findings on the multi-classification task
which is one of the main goals of this thesis is discussed. Followed by the investigation
of the optional preprocessing step PCA. Last, the results of the energy reconstruction
and the iron energy spectrum are shown which represent the second and third main part
of this work.

5.1. Rebinning

Rebinning was applied to use the standard numerical algorithms of TensorFlow. The
hexagonal pixel grid was transformed into an image consisting of square pixels. The
chosen resolution is 42 x42 px?. An event of an iron nuclei from the MC simulated run
50046 is shown in figure The MC raw images have the typical hexagonal shape
due to the camera pixels applied on the Winston cones. The orientation and size of
the images is preserved after the application of rebinning on the raw images. Even the
feature of single pixels having higher intensity are retained in the rebinned CT1-4 im-
ages. The iron nuclei MC showers’ morphology cannot be described by a geometrical
form, thus it could not be analyzed with the standard analysis tools established for the
~ hadron separation. In the CT3 image a muon is detected having a higher energy than
its minimal emission energy which can be seen in the form of a muon ring. All CT1-4
contain a DC-light pixel which occurs if the primary particle is of hadronic type and
which becomes also more likely with increasing charge Z.

In this work rebinning was also applied on real data. The usual preprocessing step is
to interpolate the real data images to compensate the outer influences on the telescope
which shifts the pixels. Despite the error it was neglected for this work due to the trained
NN on rebinned MC event images.
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Event #50921-0-167119, E = 8.263 TeV, CT1-4 Event #50921-0-167119, E = 8.263 TeV, CT1-4
(rebin)
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Figure 5.1. — Fzxample MC simulation images of an iron nuclei event. The run
and event number can be taken form the title. Here, the first value 50046 indicates
the run number and the last one 550305 is the event number. The energy of the
simulated EAS is 11.83 TeV. Each CT shows an irregular shape which is typical for
hadronic EAS. a) On the raw image of a MC event Image cleaning was applied. The
image contains therefore only pixzel groups > 2. In CT3 a part of a muon-ring was
detected. b) The shape and orientation in the rebinned MC image is preserved. The
image itself is blurred.

5.2. Cosmic Radiation Classification

The distinction of the cosmic radiation via NNs is investigated by testing different ap-
proaches of providing CT1-4 images to the model. In addition, to achieve the best
possible result the performance on different architectures and the dependency on the
chosen energy distribution were studied. Further the binary task was expanded to a
multi-classification task in order to try to distinguish all classes at once. Also the cut-
parameter DC-light was investigated which could support the classifier in its distinction
of heavier nuclei.

5.2.1. Binary Classification

First step towards the ”best” possible architecture for binary classification was done by
testing one dataset containing y-ray MC simulations. The evaluation was done at the
epoch having the lowest validation loss. The results are shown in table The table
contains the accuracy of each classifier. It can be seen there is no "best” architecture
independent of the provided input to the NN.
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The determination of the architecture using combined images did not reveal an explicit
result therefore other approaches treating CT1-4 images as a RGBa channel image in
the first convolutional layer, providing single images and using a LSTM cell were tested
in order to find an indication.

Table 5.1. — Tested number of layers in binary classification models. The results
correspond to the models accuracy which were trained on datasets containing y-ray
and HY MC events with an energy distribution having a spectral index of T' = —2.
Layer Fully connected Classes
No. 3 4 5
3 197.33% 97.22% 97.30%
CNN.
4 19793% 97.84% 97.79%
® 3 |9820% 98.11% 98.15%
S CNN,,
'g 4 198.04% 98.13% 98.14%
E 3 197.03% 97.66% 97.66%
= CNN
8 4 197.54% 97.60% 97.62%
3 197.19% 97.22% 97.22%
RNN
4 19739% 97.53% 97.52%

The single performances of the NN are similar to each other in the context of numerical
uncertainties during the learning process. Thus, the (-distribution in the energy region
between 5TeV and 100 TeV is considered to try to evaluate which architecture is the
best. The comparison of the {-distribution results in no definite difference for each (-cut.
Taken into account the accuracy in that energy range the best classifier is the CNN,
having 3 convolutional and 3 fully connected layer with an accuracy of 98.26 %. The
(-distribution of the classifier can be seen in figure The (-cut is set to 0.5 meaning
all events labeled with a {-cut greater than 0.5 are by definition signal events in this case
~-ray induced MC EAS. The background events are labeled with a ( less than 0.5, here
the H* events. Due to the highest peaks at the ¢ values 0.0 and 1.0, for background
and signal respectively and low percentage of the events in between these ( values it
can be inferred that the classifier is evidently good in the distinction of v-ray and H™
MC events. In the direct comparison to the classifiers having an accuracy of 98.14 % in
the energy region between 5 — 100 TeV and are build of 3 or 4 convolutional and 5 fully
connected layers no visible difference can be identified.

In addition, the average accuracy per architecture was used to try to determine the
"best” architecture for the application of EAS classification. It is calculated by taking
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the average of the accuracies per architecture in the table The highest average
accuracy 97.78 % do have the classifiers build of 4 convolutional and 5 fully connected
layers. It must be mentioned that the difference in the average accuracy to the second
best architecture is 0.2 %. Hence, it is not expressive.

Due to no coincidence of the two approaches to determine the best architecture and
the fact that all architectures are nearly equal in their performance the architecture
consisting of 4 convolutional and 5 fully connected layers was chosen for further analysis.
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Figure 5.2. — (-distribution in the energy range between 5TeV and 100 TeV of
the classifier build of 3 convolutional layers and 3 fully connected layers is plotted
against the percentage of events per ¢ wvalue. The total number of events in this
energy region is 41666 achieving an accuracy of 98.2%. The signal and background
events in these context are the ~v-ray and H™ events. The distribution has its peaks
at the ¢ values 0.0 and 1.0 indicating the classifier is ~99 % and ~97 % sure in its
decision for the background events and signal events, respectively. In between the (
values 0.0 and 1.0 the percentage of the number of events is low which supports the
statement that the classifier can evidently good distinguish between ~y-ray and H™
events.

The loss and the metric of the determined ”best” architecture are shown in the figures

and The hyperparameter used for the training of the CN N, are 8 = 0.995,
No. of epochs per decay = 2.0, o decay factor = 0.5, aniz = 0.0005 and staircase =
False.

The normalized loss per batch of the classifier shows a decrease in the first epochs for
both sets. The loss of the training set steadily decreases. At epoch 6 the classifier has
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its minimum loss value on the validation set. The increase after epoch 6 is due to an
over-fit of the CNN, which can be also seen in figure [5.4l There the accuracy of the
validation set reaches its maximum value. After epoch 6 the specificity decreases further
meaning the classifier learns in the over-fit to classify special shapes of HT events but
unlearns features which describe in general the class Proton. Considering the recall of
the validation set which describes how good the classifier can identify y-ray events the
course of this graph stays nearly constant. This can be an indication that y-ray events
have a typical elliptical shape in the most cases.

An other reference for the over-fit is the increasing metric of the training set. The NN
would be nearly perfect on the training dataset at an epoch > 23 by proceeding the
training which would also lead to a loss with a value close to zero including numerical
errors.

The ROC curve shown in figure is near to the optimal form which is similar to the
geometrical shape of a triangle.
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Figure 5.3. — The normalized loss per training batch gives an overview of the

current learning state of the NN. The loss of the training set is steadily decreasing.
Whereas the validation set loss first decreases until epoch 4. There the o decays the
second time due to the hyperparameter No. of epochs per decay which was set to 2.
At epoch 5 the validation loss seems to over-fit but reaches its minimal value at epoch
6. After reaching its minimal validation loss value the NN is over-fitting which can
be seen by the increasing validation loss curve and the further decreasing training
set loss. The model was evaluated at epoch 6 having a test set loss of 0.063. It is
marked by the dashed lines.
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Figure 5.4. — The evaluation metric of y-rays vs. H' nuclei events. The accuracy,
recall and specificity of the training set is steadily increasing. They are marked by the
solid lines. The validation set metric is marked by the dashed lines. Here the color
in the title indicates the class corresponding to the recall and specificity, respectively.
The dataset contains the same number of events of each class which can be seen in
the title "MC, vs MCy+ = 1:17. In this case, the accuracy is for each epoch the
mean value of recall and specificity. The course of the specificity recall has its peak in
the beginning of the training. Its value is higher as those of the training metric. After
some epochs the value decreases until epoch 16 where it stays nearly constant. The
recall of the validation set represents the class containing vy-ray events. In the first
epochs the NN learns the features of this class which can be seen by the increasing
percentage and remains nearly constant after epoch 6 with small fluctuations. The
validation accuracy has its maximum value at epoch 6. The NN is over-fitting after
epoch 6 due to the decreasing accuracy.
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Figure 5.5. — ROC curve of v-rays vs. HT nuclei events. The dashed, blue diagonal
line marks the minimal possible gradient of the orange curve. If the orange curve is
the same as the diagonal line it can be concluded that the classifier is guessing both
classes. Whereas the best case would be an appearing triangle with the edge points
(0,0) =25 (0,1) X295 (1,1). The ROC of the y-rays vs. HT nuclei events is
close to the optimal shape. Here, the AUC is 99.67 %.

Energy Distribution Study

The CNNy, is further used for the learning dependency study on the energy distribution
of the events. An overview is listed in table The dataset containing y-rays and H™
events are created using the standard cuts, see table In the table the performances of
the best and worst classifiers on a certain test set with spectral index I' are confronted.
The best classifier per test set is marked bold. The classifier trained on an energy

distribution with a spectral index I' = —1.5 vs. I' = —2.0 is the best for datasets
containing the same energy distribution for both classes. In comparison, the classifier
trained on energy distributions with the spectral indexes of I' = —2.0 vs. I' = —2.0

is the best classifier on the mixed spectral index test sets. Interesting is the fact that
this classifier is worse on its own test set where it has an accuracy of 98.14%. One
possible reason could be that this test set has more complex features which the training
set does not contain and therefore are not shown to the NN during training phase.
Using more train examples would resolve this assumption. The classifier trained on an
arbitrary energy distribution is worse in its performance compared to the predefined
energy distributions on all used test sets. To be fair it needs to be mentioned that these
arbitrary distributions are similar to those with a spectral index of ' = —1 and I = 0.
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The reason is the energy distribution of the simulated MC events of these two classes.
The distributions are shown in figure [5.6

In conclusion they have all similar results but the classifier having an energy distribution
with a spectral index of I' = —2 for both classes is the best. It can be seen that the
classifier having an nearly arbitrary energy distribution does have the energy as feature
due to its worse result for all used test sets.

Table 5.2. — Results of arbitrary and predefined energy distributions.

Test Set T’ ‘ I'vs. T ‘ Accuracy
arbit. vs. arbit. | arbit. vs. arbit. 97.81%
—2.0 vs. —2.0 97.96 %

—1.5 vs. —2.0 | arbit. vs. arbit 98.14 %
—-2.0vs. —2.0 98.33 %

—2.0 vs. —2.0 | arbit. vs. arbit 97.98 %
—-1.5vs. —2.0 98.26 %

—1.5vs. —1.5 | arbit. vs. arbit 98.01 %
—1.5vs. —2.0 98.07 %

—2.0vs. —1.5 | arbit. vs. arbit 98.01 %
—2.0vs. —2.0 98.18%
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Figure 5.6. — Distributions of the classes Gamma and Proton for a non predefined
spectrum. The MC event were created with different minimum energies and spectral
indezes and where saved in one folder per class. During the dataset creation these
events are collected randomly.
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The CNN,, and the best performance of the classifier trained on an energy distribution
with a spectral index I' = —2 were used to investigate the binary classification task of
heavier nuclei.

Metric Results of all Binary CNN,, Classifiers

The ”best” architecture as well as the predefined energy distribution with a spectral
index I' = —2 were used to build or train the classifier. The datasets contain in total
300000 events and 150000 of each class. In table 5.3 the metric results are shown. The
classifiers are sorted by the charge Z of the primary particle of the signal class. It can
be seen that the classifiers performance increases if the mass difference of the signal and
background classes also increases. The binary distinction task of H' against heavier nu-
clei and -ray events achieves the highest accuracy compared to the binary classification
task of the heavier nuclei. The lowest accuracy is reached by the classification of CT vs.
Sit and Sit vs. Fe™ events. Conspicuous is the accuracy of the classifier CT vs. Fe™T.
It has an accuracy of 76.60 % which is higher than the ones of the C* vs. Sit and Si*
vs. Fe™ events.

In order to investigate the phenomenon of the increasing mass difference to the improved
performance of the classifier a plot was created in order to try to visualize the correla-
tion. The figure shows the recall dependency of the binary classification to the mass
difference. The points color and label mark the signal vs. background class. An increase
in the recall can be seen for the signal classes Proton, Helium and Iron for increasing
mass difference. The overall best distinction is achieved by the classification of H ' and
~-ray events. An unique course show the classifiers with the signal classes Carbon and
Silicon. The recall of Carbon vs. background class decreases at first with increasing
mass difference and at a mass difference of 44u the recall has a value of 79.34 %. This
means that the shower images of C* vs. He™ and CT vs. Si' have similar features
especially at lower energies, see the a), b), d), e) figures of There the classifier
predicts more FP compared to higher energies where the classifiers TP increase. The
classification task of Si™ and Fe™ events scored the worst results compared to all other
ones. The mass difference of Fe™ and Si™ regarding to the signal class Iron is the lowest
one. All other background classes have a higher mass difference. Considering the TP
energy distribution of this classifier for Fet and Si* events in the figures and
it can be seen that the TP of the class Silicon is diminished in the low energy range and
for higher energies the TP are near to the true distribution whereas the TP distribution
of class Iron is smaller as the true one especially in the energy range of 10 TeV to 45 TeV.
It can be concluded, that the background classes which have a higher charge Z compared
to the signal class look different in the low energy region.
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Table 5.3. — Results of all binary classifiers.

Class vs. Class | Accuracy Recall Specificity

yvs. HT 98.14% 97.711% 98.58 %
H* vs. Fet 95.29% 96.87 % 93.81 %
H* vs. Sit 92.52% 94.57 % 90.66 %
Het vs. Fe® 88.96 % 92.14% 86.22 %
Ht vs. C* 86.67 % 89.48% 84.23 %
Het vs. Sit 83.49% 87.17% 80.47 %
Ct vs. Fe™ 76.60 % 79.34 % 74.32%
Het vs. CF 71.58% 73.81% 69.74 %
H* vs. Het 71.11%  74.49% 68.55 %
Ctvs. Sit 66.87% 68.53 % 65.47 %
Sit vs. Fet 62.88% 63.78 % 62.09 %
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Figure 5.7. — The graphic shows the dependency of the mass difference to the
recall of the signal class. The points label mark the signal versus background class
recall result for the corresponding mass difference. The orange points (signal class
Proton), yellow points (signal class Helium) and black points (signal class Iron) show
an increase in the recall value. Whereas the green points (signal class Carbon) have
their highest value for the classifier trained on Carbon and Proton and their lowest
recall for the classifier C*/Sit. The course of the green points shows an decrease
for increasing mass difference but the one CT wvs. Fe™. The classifiers marked
by the blue points (signal class Silicon) shows a similar behavior like the classifiers
represented by the green points.
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Figure 5.8. — Illustration of the energy distribution of the classifiers C* vs. He™,
Ct vs. Sit and Sit vs. Fet. The upper distributions belong to the ones below.
Conspicuous is the enerqy distribution of the signal and background classes. The
distributions of a), b) and c) look similar and also d), e) and f). The classifiers
show a diminished TP rate at lower energies and an increased at higher energies for

each classes.

In conclusion the best performance was achieved using the architecture with 4 convo-
lutional and 5 fully connected layers but the performances of the other tested architec-
tures were similar. Further the energy distribution study ensued that it is reasonable to
train the classifier on a examples having an energy distribution with a spectral index of
I' = —2. The binary classification task of the classes Proton, Helium and Iron depends
on the mass difference due to the increasing recall value with increasing mass difference.
The classifiers CT vs. He™, CT vs. SiT and Si™ vs. Fe™ show an unique behavior.
These results are used to investigate the multi- and multi-task classification of all six

classes at once.
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5.2.2. Multi- and Multi-Task Classification

For the task of distinguishing all classes by one classifier the architecture investigated for
the binary classification was used. In addition, a multi-task network which focuses on
both differences and similarities between and within the classes was tested to improve
the performance of the multi-classification task. The figure [5.9 shows the CNN, and
CNN of the 5 used architectures. Their base architecture was investigated in section
The others can be found in the appendix

For the training of these classifier in total 96000 train examples were used. They are
equally divided which means 32000 events of each class. The energy distribution have a
spectral index of I' = —2. The optimizers Adam and Nadam were used for the training
of the multi- and multi-task classifier, respectively. The NN architectures are similar in
their structure. All have 4 convolutional layers and 5 fully connected layers. Between
each convolutional layer a maximum pooling layer is inserted with stride 2 and padding
same. This means the feature maps shrink in their size by half after each pooling layer
and keeps only the features with the highest values within a certain kernel size. Stride 2
means that the scanning of the feature map in the pooling layer considers every second
pixel. A dropout of 0.2 is chosen to prevent over-fitting. In subfigure[5.9a]the architecture
using the channel approach is visualized. The input consists of all CT1-4 images having
a resolution of 42 x 42px? after the rebinning preprocessing step. The subfigure m
shows the single image approach. The 4 towers consist of 4 convolutional layers and in
between maximum pooling layers. In addition the towers share theirs weights. After
the towers the feature maps are concatenated and provided to the fully connected layers
consisting of 2000 nodes. The output contains the predicted class label.

The evaluation of the chosen "best” classifier CNN,, is done at the epoch where the
validation loss is minimal, see figure The determined minimum of the validation
loss is at epoch 6. At this epoch the classifier was proven on the test set. The resulting
loss is 0.998. Interesting is the fact that the validation loss is higher than the test set loss
at this point. This phenomenon could already be seen in figure [5.3| showing the binary
classification loss. Reasons can be that classifiers learned features which are more similar
to extracted one in the test sets than to the ones in the validation set. The differences
in the loss value are relatively small therefore numerical uncertainties can also lead to a
slightly smaller test set loss. After this epoch the validation loss increases steadily. In
contrast, the training set loss decreases continuously. It seems that the classifier is over-
fitting after epoch 6. The loss values are relatively high in comparison to the normalized
loss in the binary classification In other words the loss of CNN,, is about 16 times
higher than the loss of CNN, used in the binary classification.
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Figure 5.9. — lllustration of multi-classification networks having the same structure
as the ones used for the binary task expect the last fully connected layer which has 2
instead of 6 nodes. The convolutional layers are marked with the color green. They
are initialized with a kernel size 5 x5 having 128 nodes. The mazimum pooling layers
have stride 2 and use padding same. After the convolutional layers a dropout of 0.2
is inserted and after each fully connected layer to prevent over-fitting. The dropout
contains probabilities for each class. a) The channel approach convolves over the
stack of CT1-4 images treated as one RBGa image in the first layer. b) Single CT
images are provided one after another to the network sharing their weights. They
get concatenated after the convolution layers and first dropout.
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Figure 5.10. — Figure of the normalized loss of the multi classifier CNN,. The
classifier was trained on MC simulations, see title. The trainings set loss decreases
steadily. In comparison, the validation set loss decreases until epoch 6 where it has
its minimum. After epoch 6 the validation loss increases. The CNN,, is over-fitting
after this epoch which can be seen by the increasing loss of the validation set and
further decreasing of the training set loss. At epoch 6 the classifier was tested on the
test dataset. The resulting loss is 0.998. However, the loss of the validation set is
higher and the one of the training set is smaller.

The performance result of the best classifier on class Iron is shown in table and
the other classifier results can be found in the appendix [B:3] One result they all have
in common is the good differentiation of v-ray EAS events against all other classes the
classifiers were trained on. The classifier having the highest accuracy is the CNNgg using
the addition parameters skewness and kurtosis. Due to time limitations the CNNgx
was not chosen for further analysis steps but CNN,. Both performance results are
comparable therefore the reconstructed iron energy spectrum would be similar, too.
The focus in the performance of the CNN, was to suppress the background events in
each class and increase the TP number which is shown by the Fi-Score. The recall of
class Iron is 47.97 % which means that 52.03 % of true class Iron were predicted as FN.
The class which lost the most events after the classification is Carbon. On Carbon the
CNN,, has a TP rate of 39.11 %. Overall the classifier does not guess any of the classes
it was trained on. In the case of guessing the recall would have a value smaller than
16.67 %. The classifier has on its worst recognized class more than the double of guessing
value.
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Table 5.4. — Performance results of CN N, reaching a total accuracy of 56.68 %.

Class ‘ Precision Recall F;-Score

v 96.04% 97.25% 96.65 %
H* 73.71% 66.25% 69.78 %
He* 48.21% 42.44% 45.14 %
Cct 36.21% 39.11% 37.60 %
Sit 37.03% 47.07% 41.45%
Fe® 55.99% 47.97% 51.67 %

Further the recall of the validation set was considered to understand the learning of
the CNN,,. In figure the recall of the validation set is shown. It can bee seen that
the recall of class Gamma stays nearly constant over the hole learning phase. The course
of the accuracy (green solid line) is similar. The recall of the classes Helium and Carbon
seem to be correlated due to their altering recall values. The same phenomenon can be
seen by the recall values of Silicon and Iron.

In comparison to the validation set recall of the binary classifier the multi-classifier seems
to forget features corresponding to the classes Silicon and Iron in order to learn the other
classes. The binary classifier learns both classes until epoch 6 where it has its minimal
validation loss value. In addition, the binary classifier has at this epoch its maximal
accuracy value. Considering the accuracy of the multi-classifier it seems that at epoch
5 and 7 the classifier has a higher accuracy than at epoch 6 where the validation loss is

minimal.
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Figure 5.11. — [llustration of the validation set recall of CNNy. The overall ac-
curacy 1s drawn in as green solid line and is nearly constant. The classifier was
evaluated at epoch 6 marked with the thin, black, dashed line. The recall of each
class is drawn as colored, dashed line. The recall value of class Gamma is stays
almost unchanged. The classifier seems to learn some features of the classes Proton,
Helium and Carbon but at the same time forgetting some features of the classes Sili-
con and Iron in the first 6 epochs. After this epoch the recall of all classes decreases
with some fluctuations.

The result of the CNN,, can be illustrated in one confusion matrix. The confusion
matrix shown in figure [5.12| gives an overview of the number of events assigned to their
true and predicted labels. The column contains all events to the corresponding true
label and the rows the events predicted as a specific class. The classifier predicts the
most true label Gamma events as class Gamma which agrees with the result of table
m The H' induces EAS events have the second highest true positive ratio. The most
FN of class Proton were classified as Helium events and only 0.63 % were misclassified
as Iron. The number of FN of the classes Helium, Carbon, Silicon and Iron is higher
than the number of FN of class Gamma and Proton. In comparison the number of FP
decreases with increasing charge difference AZ. The FN events of class Iron were mostly
predicted as class Silicon. This result is in agreement with the one in the table in
the binary classification. The binary and multi-classifier can hardly distinguish between
classes which have lower charge difference AZ relative to the considered signal class.
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Confusion Matrix

Predicted label
Silicon Carbon Helium Proton Gamma

650 1046
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Gamma Proton Helium Carbon Silicon Iron
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Figure 5.12. — Confusion matriz of the CNN,. The columns contain the numbers
of the events corresponding to the true class. Whereas the rows symbolize all events
predicted as a certain class. The classifier dedicates the most v-ray events correctly to
class Gamma. The uncertainty or the ratio of FP of CNN, decreases with increasing
charge Z considering only the heavier nuclei (H and all heavier elements). In
the rows, the neighbor classes having the smallest charge difference AZ (above and
below) to the corresponding true class got the most FP labels. In comparison, the FP
ratio of class Proton is much smaller. For the classes Helium, Carbon and Silicon
the number of FP exceeds the number of TPs. Despite the increasing number of
FP per row the diagonal entries containing the TPs of each class are the highest
numbers.

The row of the confusion matrix containing events predicted as class Iron is further
considered. It is also directly related to the precision of the classifier. In figure the
number of events per true class are plotted against the true energy of the events. The
energy distribution of the TP of class Iron does not have the original spectral index of
—2. The classifier correctly predicts Iron events in the lower energy bins but the number
of misclassified events of other classes predicted as Iron increases, too. In the higher
energy region some bins do not contain any events. Events from the classes Carbon and
Silicon are classified as Iron until a true energy of 83 TeV. No events of class Gamma
were predicted as Iron.
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Figure 5.13. — Energy distribution of all as class Iron labeled events. The TP of
Iron dominate the histogram. In the distribution of TP some bins do not contain
events. The distribution of events misclassified as Iron predominate in the low energy
region. In the higher energy bins only Silicon and Carbon events were predicted
wrongly.

The classification of the six classes Gamma, Proton, Helium, Carbon, Silicon and
Iron did work but can be improved. None of the tested classifier did reach an accuracy
higher than 60 %. To further improve the performance of the classifier an additional cut
parameter was investigated.

5.2.3. DC Cut Parameter

Since DC-light only occurs for hadronic particles the idea was to use this feature as an
additional cut parameter to improve the distinction of hadrons especially iron nuclei.
Therefore the DC-light ratio of 100000 events of each class was calculated. The result
can be seen in [5.14] The bins in the shown histogram have a width of 4p.e.. The iron
nuclei events are present in each bin but the last one. Also the gradient of the number
of events for this class and class silicon is relatively small in contrast to the gradient of
the classes containing carbon or helium nuclei events.

One possible cut could be set at a ratio of 39p.e.. At this ratio only carbon and iron
nuclei events pass the cut. The dataset would then contain in total 125 events whereby
25 are carbon nuclei events and 100 are iron nuclei events. Hence, no reasonable cut can
be set without loosing too much of statistic. This can also be seen by considering the
distributions in which no obvious feature can be seen to be used as cut parameter. In
the aspect of creating an iron nuclei spectrum the probable DC-light cut of 39 on real
data would lead to a 80 % recall additionally no classifier would be needed.
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Figure 5.14. — DC-light distribution of 100000 events per class. The number of
events is given by the DC-light ratio. The number of events decreases linearly with
increasing intensity ratio. Between the ratios 39p.e. and 47p.e. only events of
the classes Carbon and Iron are left. The number of events of carbon nuclei events
decreases in the DC-light ratio faster compared to the other classes. Howewver the
heaviest nuclei iron and the silicon nuclei have a smaller gradient in contrast to the
other classes.

5.3. Application of PCA

An optional preprocessing step PCA was implemented and tested to find correlation
between the classes and therefore reduce the number of dimensions. PCA was applied
using variances 90 %, 95 %, 99 %. Already rebinned CT1-4 images of the training dataset
with a resolution of 42 x42 px? are given to the algorithm. PCA must not be applied on
the validation and test dataset.

5.3.1. v vs. Proton

PCA was firstly applied on a dataset containing y-rays and H*™ MC events. The di-
mension reduction method was tested despite the evidently good separation of these two
classes by the Hillas analysis and ML approach in order to improve the distinction by
the classifier.

The training dataset contains 128000 MC events in total, 64000 of each class. The en-
ergy distribution of each has a spectral index of I' = —2. The outcome of the dimension
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reduction algorithm is shown in figure [5.15] The original images are in the top row,
whereas the results can be seen in the bottom row. An example of a y-ray induced EAS
is shown in both images on the left side. It has the typical elliptical shape. From such
images the impact point can be determined and therefore the direction of the EAS. The
H™ nuclei events are shown in the right images in both figures. Their geometrical form
cannot be approximated with an ellipse. Comparing the original with the dimension
reduced images the pixels not counted among the EAS ones have a value greater than
0. Whereas in the original images those pixels were set to 0 during the Image cleaning
preprocessing step.

Combined Images CT1
Original Train Image of y Original Train Image of H* 10 Original Train Image of y Original Train Image of H* 10
0.8 0.8
2 2
0.6 2 0.6 &
1764 components 1764 components £ 1764 components 1764 components £
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I I
PCA (99.0%) y PCA (99.0%) H* T PCA (99.0%) v PCA (99.0%) H* T
04 E 04 E
i<} o
= =
0.2 0.2
0.0 0.0
550 components 550 components 575 components 575 components
(a) PCA(99 %) on combined images. (b) PCA(99%) on CT1 images.

Figure 5.15. — Comparison of the original combined and CT1 images to the di-
mension reduced images of both classes. The variance for this example was set to
99%. In the direct comparison the dimension reduced images are smoother and con-
tain more noise. The number of principal components in the original images is 1764
which is equal to the number of pizels of the resolution 42 x 42px>. a) The images
in the second row show the dimension reduced images. The EAS images have after
the PCA 550 principal components. b) In contrast the dimension reduced EAS of
one CT have 575 principal components.

The number of principal components depends on the chosen variance. In figure [5.16
the behavior of the correlation between these and the variance is shown. The number
of principal components depends on the chosen explained variance and indirectly on the
resolution of the CT1-4 images. The more pixels an image consists of the more features
can be extracted.

The course of the graph in figure[5.16]shows an exponential decrease in the total number
of principal components for decreasing explained variance. The original number princi-
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pal components 1764 correspond to the total number of pixels in the rebinned image.
Using an explained variance of 99 % reduces this number by 1215 principal components.
Choosing variances below 90% is not useful since the image then contains only few visible
features and more noise, see [5.17] The figure shows an example from a dataset which
was reduced to 80 % of the origin principal components. The dimension reduced CT1-4
images are blurry and contain additional features. These look like Moiré patterns or
alising effects. The cause of these artifacts was not further investigated.
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Figure 5.16. — The number of principal components decreases exponentially with
decreasing cumulative explained variance. The variances of 60 % up to 99 % are
marked as color points. A cumulative explained variance of e.q. 80% has in total
98 principal components.
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Figure 5.17. — The images show an example of PCA with 80 % explained variance.
The resulting dataset contains additional noise and the shape of the original shower
is modified but the orientation of the shower is preserved.

The training results on the dimension reduced datasets for variances of 90 %, 95 %,
99 % are shown in table In comparison to the dataset with 100 % variance the
accuracy is decreased. Therefore it is not useful to apply PCA on a dataset containing -
ray and H™ events. The recall represent the ratio of TP events classified as Gamma. The
decrease in the recall after PCA was applied means that the most principal components
with an explained variance of > 99% correspond to the features describing the class
Gamma. This can also be seen in the figure[5.15] There the reconstructed image of class
Gamma is more blurry compared to the reconstructed image of class Proton. In addition,
in the dimension reduced, combined image of class Proton in figure the shower part
in the upper right corner is also blurred. Considering the corresponding image in CT1
that part is not blurred. Hence, the blurred part in the combined image containing
99 % variance was a part of the 1% describing a y-ray EAS feature. Conspicuous is the
increase in the TP rate of the class Proton for the explained variances 99 % and 95 %.
Using an explained variance of 90 % or 80 % reduces significantly the specificity from
99.09 % to 92.76 % and 78.01 %, respectively. Therefore it can be concluded that several
features of class Proton have an explained variance greater than 80 % due to a lower
decrease in the recall for the same explained variance.
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Table 5.5. — Results of PCA applied on a vy-ray and H' dataset.

Variance ‘ Accuracy Precision Recall Specificity

100 % 97.72% 98.31% 97.15% 98.29 %
99 % 97.02 % 99.46 % 94.83% 99.43 %
95 % 96.33 % 99.14% 93.85% 99.09 %
90 % 93.09 % 92.70% 93.43% 92.76 %
80 % 83.45 % 73.73% 91.51% 78.01 %

The application of PCA on the y-ray and H™ EAS events dataset did not improve the
performance. PCA is investigated to test if an improvement of the accuracy using the
same NN but an other dataset containing Sit and Fe™ events is possible. Considering
the corresponding result in [5.3]the classifier has not a high accuracy compared to dataset
containing y-ray and H+ EAS events.

5.3.2. Silicon vs. lIron

The second dataset contains silicon and iron events. This dataset is chosen to investigate
if PCA can support the distinction of this classifier.

Subsequently, the model was trained using the dimensionally reduced shower events and
compare it with the result of the original dataset. The results are shown in table [5.6
Example of the original images compared to the dimension reduced ones can be seen
in figure The figure shows EAS simulated shower of Si™ and Fe™. The irregular
shape and the morphology are typical for these initial particle types. The difference of
the original and the dimension reduced images are optically relatively small due to the
chosen explained variance of 99 %. Considering the performance results the NN trained
on CT1-4 images with 99 % and 95 % of the original variance are better than the classifier
trained on the only rebinned images. Therefore it can be concluded that the principal
components having a high variance are feature of both classes which strongly correlate.
This assumption is supported by the increasing recall of class Silicon for both expalined
variances and a increasing specificity in the case of keeping the principal components
which have a variance smaller than 95%. A variance of 90 % does not improve the
performance of the classifier.

Summarizing the result of the application of PCA on the dataset containing MC Si™
and Fe™ nuclei events using a variance of 95 % does improve the accuracy and also the
precision of the classifier. Choosing a variance smaller than 95 % is not useful.
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Figure 5.18. — The images show the origin images and the rebuilt images after
PCA was applied with a cumulative explained variance of 99 %. The left image

shows combined images of silicon and iron.

The dimension reduction applied on

combined images results in fewer principal components compared to applying PCA
separated on CT1-4. It can be seen in the right subfigure with in total 698 principal

components.

Table 5.6. — Results of PCA applied on a SiT and Fe™ dataset.

Variance ‘ Accuracy Precision Recall Specificity
100 % 61.29 % 63.18% 60.88 % 61.74 %
99 % 61.87 % 59.73%  62.40 % 61.38 %
95 % 61.74 % 64.27% 61.17% 62.38 %
90 % 60.98 % 61.36 % 60.90 % 61.06 %

The optional preprocessing step, PCA, did not achieve any improvement in the accu-
racy of classifier trained on y-ray and H™ events. In the case of Sit and Fe™ events the
accuracy was higher using a variance of 99 % or 95 % compared to the classifier trained
on the original images. Since PCA did not advance the classifier for the dataset contain-
ing ~-rays and H* and only insufficient for Si™ and Fe™, it was not further applied on

any dataset for any task.
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5.4. Energy Reconstruction

The energy reconstruction of CR is an common part of the analysis. To achieve the
best result a study of the choice of the spectral index and the scaling factor of the
response and the true energy was done. In addition, the energy reconstruction for
all six considered particle types is done by training the energy estimators on each class
separately. The architecture for this task consists of 9 convolutional, 2 pooling 1 residual
and 8 fully connected layers. It is illustrated in figure For this architecture the
channel approach was chosen. The first convolutional layer having 96 nodes with a
kernel size of 5 x 5 convolves over the stack of CT1-4 images. Followed by three more
convolutional layers. The outcome of the first maximum pooling layer is transfered to
the fifth convolutional layer and copied for later usage. The feature maps are further
convolved until the residual layer. There the copy and the feature map of the eighth
convolutional layer are combined. This means further information from the result of the
first maximum pooling is applied to the current feature map. Afterwards the outcome
is provided to the last maximum pooling layer followed by the last convolutional layer.
Then the feature map is transfered to a one dimensional feature vector and a dropout
of 0.5 is applied. The tower consisting of fully connected layers with dropouts of 0.5 in
between. It is divided into two parts. The first one contains layers where the number
of nodes decreases until 16. At this so called bottle neck the size of the CT1-4 is
concatenated to the feature vector. The second part consists only of fully connected
layers with firstly increasing and the last one has a decreased number of nodes. The
output is the predicted energy for the corresponding event.
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Input 42x42x4

Figure 5.19. — lllustration of energy estimator architecture consisting of 9 convolu-
tional layers and 8 fully connected layers. The convolutional layers are marked with
the color green. The channel approach convolves over the stack of CT1-4 images
treated as one RBGa image in the first layer. They are initialized with a kernel size
5 X 5 having 96 nodes. The maximum pooling layers have stride 2 and use padding
same. After the convolutional layers a dropout of 0.5 is inserted and after each fully
connected layer to prevent over-fitting. A connection from the first maximum pool-
ing to the residual layer to demonstrate the residual functionality was created. In
addition, at the bottle neck the size was added to the feature vectors.

5.4.1. Choice of Spectral Index

The energy estimator was trained and tested on a dataset containing only MC Fe™
events. During the training and testing the energy was logarithmically scaled.

The first training dataset was created with a spectral index I" of —1 with 320000 training
examples and the second dataset was created with I' = 0 and the same number of events.
The resulting energy bias of the test set for both spectral indexes is shown in figure [5.20
Both subfigures show the relative bias which was stored in bins increasing logarithmically
in size, same as explained in
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The energy range within +10 % bias for the dataset with an energy distribution created
with I' = —1 is A7.49TeV. Whereas the dataset with I' = 0 achieves an energy range
of A40.63 TeV. A further feature of training the energy estimator on a I' = —1 energy
spectrum is the equally spreading of the relative dispersion. Thus the energy estimator
can reconstruct the energy in each bin with the same uncertainty. The dataset depending
on the flux normalization ®g broadens the energy range in which the bias is £10 % but
the dispersion is increased.
The result for the task of the energy reconstruction is to use an equally distributed energy
because it improves noticeably the energy estimator with the compromise of increased

dispersion.
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Figure 5.20. — The figures show the relative bias for an energy distribution with a
spectral index of I' = —1 and I' = 0. The dashed lines mark the energy range where
the bias is £10%. a) The resolution of the relative energy bias is nearly constant
over the whole energy range. Between the energies E = 50TeV and E = 70 TeV
the resolution of the bias is slightly better compared to the other energies beyond this
range. In total the bias is =10 % within the energy range 6.23 TeV and 13.72 TeV. b)
The resolution of the relative energy bias and the energy bias itself is higher compared
to a) over the whole considered energy region. In total the range within the relative
energy bias is 10 % begins at 16.06 TeV and ends at 56.69 TeV. The energy range

is in b) broader then in a).

5.4.2. Comparison Log- vs. Linear-scaling

The different variants of the input and response scaling in regression task was done to
see if the results differ and if they do which scaling variant is better for this application.
The training dataset created for the choice of the spectral index, containing 320000 iron
nuclei events having an energy distribution with a spectral index I' = 0, was reused for
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the comparison of log- and linear-scaling.

The energy bias limit within +10% of the test set, to see in figure is wider for
the linear scaling. Using a logarithmically scaling (log-scaling) the bias interval results
in a total energy range of A41.0 TeV. Whereas the energy range applying linear-scaling
scores A60.0 TeV but is worse considering the dispersion at lower energies in comparison
to the log-scaling.

In the analysis methods only the energies within the bias limit are used for calculations
and the dispersion outside the bias region is not considered therefore a reasonable result
is to use a linear-scaling.
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Figure 5.21. — The figures show the relative bias for the case of log-scaling and
linear scaling of the true energy and the predicted energy. The dashed lines mark
the energy range where the bias is £10%. a) The standard deviation of the relative
energy bias in the lower energy regime is greater than in the higher energy region.
b) The resolution of the energy estimator is between E = 5TeV and E = 10TeV in
comparison to the mean in the range where the bias is +10% relatively high. The
energy range is in b) greater then in a).

5.4.3. All Initial Particle Energy Reconstruction

The energy reconstruction was done for all six classes. The result of the test sets is
shown in table The energy distribution of each class has a spectral index of I' = 0.
Due to the limitation in the total number of events passing the cut parameters, see table
the total training examples of the classes Gamma and Proton is 128000 and 243200,
respectively. The energy estimators of the classes Helium, Carbon, Silicon and Iron were
trained on 320000 events each. The widest energy range for a bias +£10% is achieved
for the class Gamma despite of only 128000 train examples. The total energy range is
87 TeV. In contrast, the energy reconstruction of the nuclei have a smaller bias + 10 %
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range. The smallest range of 52 TeV has the class Proton. Due to the goal of creating an
iron energy spectrum the energy estimator of the class Iron is considered in more detail.
The bias interval for the class Iron is 60 TeV. Therefore it is possible to apply further
analysis steps in this energy region.

Table 5.7. — Energy range in which bias is £10% of the test set.

Particle type | Erccomin [TeV]  Erecomaz [T€V] AE,cq, [TeV]

0 7.0 94.0 87.0
H* 19.0 71.0 52.0
He™ 17.0 75.0 58.0
ct 32.0 89.0 97.0
Sit 24.0 85.0 61.0
Fet 29.0 89.0 60.0

The energy reconstruction of the class Gamma has the widest energy range in which
the bias is +10 %. The resolution and dispersion is relatively low compared to the energy
reconstruction of Fe® events which can be seen in the figure It shows the energy
migration matrix of the classes Gamma and Iron. One noticeable feature of the energy
migration matrix of Iron is that it is wider scattering at higher energies due to the choice
of the logarithmically increasing bin width which results in lower statistics, see section
This phenomenon can also be seen in the migration matrix of class Gamma. In
addition, the energy migration matrix of Gamma has less uncertainties in this region
but more compared to the low energy region. There the energy estimator predicts the
correct energy for the most of the events. The number of total counts differs by 192000
therefore the colorbar of class Gamma shows less maximal events. The range for the true
and reconstructed energies were set to the lowest and highest true or predicted energy
value of class Iron. Hence, it has to be mentioned that one event of class Gamma was
predicted to have an energy of ~ 408.962 TeV but having a true energy of 94.04066 TeV.
This behavior of the energy estimator is suspicious because it had only seen events having
energies of 5TeV to 100 TeV. It was only one event having a higher predicted energy
than 140 TeV therefore it was neglected for the creation of this plot The migration
matrix of class Iron has a broader diagonal line compared to the energy migration matrix
of class Gamma. The dispersion increases for increasing energy and at an energy of ~
80TeV the diagonal line has a salient point. Further the true and predicted energies of
class Iron was considered further in energy resolved histograms.
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Figure 5.22. — The resulting energy migration matrices of the classes Gamma and
Iron after the energy reconstruction using a DNN. The colorbar indicates the number
of events per energy bin. The limits of the ordinate- and abscissa-axis were set to the
minimum and mazximum of either Ereco 07 Erye depending on which has the lower or
higher energy in the boundaries, respectively. a) One event in the energy migration
matriz of Gamma was reconstructed outside the shown energy range. The azes are
adjusted to the ones in figure b). The dispersion is relatively small in comparison the
the energy migration matriz of class Iron. b) In the low energy regime the dispersion
is relatively low compared to the high energy region. The course of the distribution
in the higher energy regions Eiyqye > 80TeV and Fiye < 100 TeV is more scattered
and has a salient point at FEypye = 80 TeV.

Comparing the energy migration of iron with the energy resolved histogram of the
reconstructed to the true energy in figure [5.23] one can see that the energy estimator
is less accurate in its prediction due to overshooting in the region 60 — 80 TeV and
under-estimation of the energy in 80 — 100 TeV. In addition, some events are predicted
having an energy higher than 100 TeV although it was trained on events having energies
within the range of 5-100 TeV. The histogram containing the predicted energies has a
non-linear increase up to 80 TeV. In contrast the histogram showing the distribution of
the true energy has a linear increase of the number of events due to the chosen binning
and spectral index of I' = 0.
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Figure 5.23. — Comparison of original energy Fyire and the predicted energy Freco
of the NN. a) shows the energy distribution of the MCs. Due to logarithmically
increasing bin width the distribution for a spectral index of I' = 0 has not its typical
constant shape. b) The distribution of the predicted energies has a non-linear increase
up to 80 TeV. After the peak it decreases rapidly. The energy estimator predicts
higher energies than 100 TeV for a few events.

The energy reconstruction results of the classes Gamma, Proton, Helium, Carbon
and Silicon can be found in the appendix [C] One feature all energy estimators have in
common is the decreasing accuracy in the high energy region. The reason could be the
lower statistic in those regions due to the chosen logarithmically increasing bin size. In
conclusion, it is possible to do further calculations using NN for the task of the energy
reconstruction of iron nuclei.
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5.5. Differential Flux Determination of MC Fe™

The Forward Folding algorithm was first calibrated on class Iron on order to reconstruct
an iron energy spectrum without background. After the successful reconstruction of
an iron energy spectrum with an original spectral index of I' = 0 and I' = —2 of MC
simulations containing only signal events background was added in order to investigate
the formula Last, the classification and energy reconstruction results of a MC
dataset created with real data spectral indexes are provided to the implemented and
tested Forward Folding algorithm to test the reconstruction the MC real data-like iron
energy spectrum.

5.5.1. Initialization of the Forward Folding Algorithm

The calibration of the forward folding for one specific class was done using the classifier
and energy estimator response of the corresponding class. The dataset contains 320000
iron nuclei MC events created with a spectral index I' = 0. The true energy is set from
1TeV to 140 TeV which is maximal value of the predicted energy of class Iron.

The effective area is derived by the quotient of the TP to the total number of iron events
and is multiplied by 1m? only for MC events. It is shown in figure In comparison
to the effective area of v-ray events reconstructed with the standard analysis tools the
effective area of iron decreases in the energy region of 5TeV to 13 TeV from 75 % to
28 %. The expected outcome is to have an increased ratio of TP to the total number of
events in the regions of higher energies remaining at some point constant. However, the
course of the iron nuclei effective area fluctuates having a minimum and two maxima in
the energy range of 5-100 TeV.

The effective area of the classes Gamma, Proton, Helium, Carbon and Silicon are shown
in the appendix In the direct comparison of those effective areas to the effective
area of the class Iron its increased TP rate in the low energy regime is quiet unique. To
get an understanding of the behavior of the classifier MC event images in the energy
range of 5 TeV to 13 TeV are considered, see figure Both figures show disjointed
areas with undefinable geometrical shapes except the CT3 in There a muon with
an energy higher than its minimal emission energy was detected forming a muon-ring.
Possible features could be the DC-light or the disjointed areas of triggered pixels.
Further the energy migration matrix was normalized resulting in the PDF which was
calculated using the predicted energies of the energy estimator trained on iron nuclei
events. The PDF of the events of the TP of class Iron is shown in figure [5.26] It was
created for a zenith angle 8 of 20° and a maximum offset angle 1 of 2.2°. The tightly
packed, higher probability bins in the low energy regime is caused by the low scattering
of the uncertainties. Whereas in higher energies the dispersion is increased due to lower
statistics in the dataset which can be seen in the too. Therefore the behavior
coincides with the energy migration matrix of the class Iron.
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Figure 5.24. — The figure shows the effective area of MC Fe™ EAS in the range
where it has real value entries . The correction factor of the classifier on class Iron
has an enhanced ratio at lower energies as well as an increasing ratio between 30 TeV
and 50 TeV. Whereas in the regions of higher energy the effective area is decreasing.
The minimum value of the effective area is at 16 TeV.

Event #50225-0-760810, E = 5.253 TeV, CT1-4 Event #50024-0-459912, E = 7.265 TeV, CT1-4
(rebin) (rebin)

CT1 CT2

CT3

Normalized Intensity
Normalized Intensity

0.0

(a) C* nuclei EAS (b) Fet nuclei EAS

Figure 5.25. — Ezample MC EAS events of the classes Carbon and Iron. The
CT1-4 images are rebinned with a resolution of 42 x 42px?. Both MC EAS show
wrreqular and disjointed shapes. In addition, features which indicate DC-light can be
seen, too. a) Event 760810 of run 50225 is simulated with an energy of 5.253 TeV. In
CT3 a part of a muon ring is pictured. b) Fvent 459912 of run 50024 has an energy
of E =7.265TeV. The telescope images show disjointed, triggered pizel areas.
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Figure 5.26. — The PDF contains information about the probability of an Iron event
having the energy FEie to be reconstructed with an enerqy Eyec,. The probability
per bin can be extracted from the colorbar. In the low energy regions the probabilities
are higher compared to the energies above 10 TeV.

5.5.2. Iron spectrum without Background

First application of the Forward Folding algorithm was on the calibration dataset con-
taining only MC iron nuclei events with an energy distribution of I' = 0. The spectrum
energy threshold was applied on the measured energy distribution in order to suppress
high errors of the energy estimator in the analysis. For the calculation of the assumed
spectrum in the Forward Folding process the normalization energy Ej value was set to
the mean of the energy range fulfilling the condition of bias 4+ 10 %. The respone of the
classifier and energy estimator as well as the fit result of the basin hopping minimizer is
shown in the subfigure [5.274]

In comparison to the original energy distribution of the events considering this energy
range the most statistic is missing at the boundaries £ = 19TeV and F = 93 TeV.
In between the measured distribution fluctuates. Not knowing the original distribution
it is not possible to guess the original parameters of ¢g and I'. The expected energy
distribution of the iron nuclei events is similar to the measured distribution. Therefore
it can be concluded that the implemented fit works. The fluctuations in the energy bins
are due to the erroneous measured distribution but the total number of events differs
only by 1 event.

In addition, the calculated PDF and effective area were used to reconstruct the energy
distribution of MC Fe™ EAS simulated with a spectral index of I' = —2 and in total
128000 events. This was done to test if the implemented forward folding algorithm can
reconstruct unseen data. In figure the fitted event distribution compared to the
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measured one is shown. The error of the measured data is v/N,,. The expected energy
distribution of the Fet events is similar to the measured one. In some bins the fit over
estimates the expected events but these are compensated by the under estimation in
other energy bins. In sum the expected number of events exceeds the total number of
measured events by 1. The fit error of the negative log-likelihood is higher in the energy
bins containing more statistic. The error was determined using the formula [3.6] which
corresponds to ¢ and therefore the error falls in the 68 % containment radius.
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Figure 5.27. — Fitting result of the calibration dataset and test dataset containing
only iron nuclet events. The events not passing the spectrum energy threshold were
set to zero. The expected energy distribution was fitted on the measured distribution.
a) The sum over the events of both distribution differs by 4. Whereas considering the
difference of the event number in each bin the difference fluctuates more. The error
band of o is hardly visible in the lower energy bins. At higher energies the error is
near to zero. b) The total number of expected events is exceeds the measured number
of events by 1. The energy distributions fluctuate more in the lower energy bins.
At these energies the statistic is increased compared to the higher energies where
the bins have only a few events for both distributions. Here the standard error of o
is nearly zero whereas at energies of 19TeV to 55 TeV the measured and expected
distribution differ more and therefore the error is higher.

The negative log-likelihood fit is compared to the python function curve-fit. The
advantage of curve-fit is that the error on the measured data can be taken into account
during the fit. Both fit results are directly compared in the figure for the datasets
created with a power-law spectral index of I' = 0 and I' = —2. The 50 error of the curve-
fit in the subfigure is smaller in comparison to the 50 error for the distribution
created with a spectral index of I' = —2. One possible reason could be that the PDF
and effective area were defined using the dataset with a spectral index equals zero.
The o error of the curve-fit and log-likelihood are very similar but the total number
of expected events differ by 73 which results in 7.2 - 1074 %. In addition, the error
is in energy region of 19TeV to 50TeV higher in comparison to the energies above
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50 TeV. There the distribution of the expected and measured counts are similar to each
other. In the subfigure the total number of expected events of the curve-fit and
the negative log-likelihood differ by 186 which corresponds to 6.05 - 107> %. Hence, it
can be concluded that the expected events distribution determined by the negative log-
likelihood fit preserves the total number of events but the difference in the result to the
curve-fit is small therefore both algorithms can be used.
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Figure 5.28. — Comparison of the curve-fit and negative log-likelihood results. The
graphics contain the measured and expected counts and the standard deviations bo
and o. a) The results of the curve-fit and negative log-likelihood are similar in their
distribution. In the energy region of 18 TeV to 50 TeV the difference of the measured
to the expected events per energy bin is higher in comparison to the energies above
50 TeV. This phenomenon expresses also in the error band of 5o which is broader for
energies of 19 TeV to 50 TeV. b) In the energy region of 19 TeV to 70 TeV the error
band defined by bo is broader and also a difference of the error by o of the curve-fit
result in contrast to the fit error of -In L is visible. For energies above 70 TeV the
errors are smaller.

The obtained fit parameters of -In L were used to reconstruct the energy distribution
of the input dataset containing only MC Fe™ iron events. The ratio of the measured
distribution to the expected is multiplied by the fitted power-law spectrum. The results
for both datasets are shown in figure [5.29] There the original and fitted spectra are
compared. In addition the error of the negative log-likelihood is delineated. It can be
seen that the reconstructed spectrum is similar to the original spectrum. The fitted
parameters ¢g = 5.575-10°m~2s ' TeV~'sr! and I' = —0.01 are similar to the original
parameter values. The fit result of the tested dataset having an original spectral index
of ' = —2is ¢p = 3.635 - 10*m 25" 'TeV~lsr! and I' = —2.09. The deviation of
the fit parameters to the original is greater compared to the dataset having an original
spectral index of I' = 0. The reason is that the PDF and effective area were determined
for the dataset with I' = 0. For datasets where the Forward Folding algorithm has no
prior knowledge the fit result can be worse. So far, the implemented Forward Folding
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algorithm considering only pure signal datasets works correctly and the errors of the fit
are relatively small.
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Figure 5.29. — Reconstructed iron energy spectrum of MC' events with error im-
pact of the Forward Folding process. Whereas the error of the effective area and
PDF are neglected. The original spectrum (blue) is shown in comparison to the
reconstructed iron spectrum suing curve-fit (orange) and -ln L (red). The red and
orange fluxes have similar values therefore they cannot be distinguished in the plot.
a) The spectrum reconstruction of the calibration dataset is similar to the original
iron spectrum. The calculated errors on the fit parameters are not within the true
value range of the original parameters. b) The iron energy spectrum reconstruction
of the dataset containing iron events with a distribution of I' = —2 fluctuates around

the original iron spectrum. The error band of the fit parameter determined by the
negative log-likelihood is hardly visible.

The formula describing the pure power-law spectrum of the signal class in the whole
FoV approximates the measured events with an uncertainty of the square root of the
measured distribution per energy bin. Since this error for ¢ can not be provided to the
used minimizer on -In L and it is similar to the error of the spectrum fit it is neglected
in the -In L fit. For more realistic results using a ¢ multiplicity of ¢ higher than 1
is appreciated. The determination of the -In L error has a higher computation time
in comparison to the calculation of the curve-fit error. The latter can be determined
from the returned covariance matrix. Furthermore, the results of the curve-fit and -In L
are similar. Summarizing, the Forward Folding algorithm for pure signal events can
reconstruct the original MC parameters of ¢g yc and yy¢ for the calibration dataset
with a spectral index of I' = 0 and the test dataset with a spectral index of I' = —2.
The next step was to use a mixed dataset containing signal and background events.
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5.5.3. Iron spectrum with Silicon Background

The second application of the Forward Folding algorithm was to investigate the formula
of the background estimation. Therefore a dataset containing in total 128000 MC Fe™
and MC Sit events, 64000 per class was created having an energy distribution with a
power-law spectral index of —2 for both classes.

To determine the number of background events for each energy bin the efficiency con-
taining the ratio of FP predicted as Iron of class Silicon and the PDF of these predicted
events were calculated. They are shown in figure In the energy region 1TeV to
5TeV and 100 TeV to 120 TeV the efficiency is not defined due to the cut parameters of
the used dataset. It can be seen that the efficiency is increased in the first 9 energy bins.
This result coincides with the effective area of class Iron which is also increased in the
first energy bins. Therefore it can be concluded that at lower energies these Si™ EAS
images have similar features as Fle™ EAS images. After the peak the efficiency decreases
steadily which is requested. The optimal result would be an efficiency of zero in each
energy bin meaning the classifier could perfectly distinguish Iron from all other classes.
The PDF was created by reconstructing the energy of the Sit events using the energy
estimator trained on Fe't events. In figure the PDF containing the probability of
a SiT event to be reconstructed with a specific energy under the constraint that it was
classified as Iron is shown. A diagonal shape in the PDF is visible but it is wider and
scatters much more especially for higher energies and between 40 TeV and 70 TeV then
the desired one. In addition, some high energetic events were predicted to have an en-
ergy of about 10 TeV. The dispersion in the higher energy bins is attributed to the lower
statistic on which the energy estimator for Fe™ events was trained on. Conspicuous
is the fact that it is much more probable that an event is reconstructed with a lower
energy.
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Figure 5.30. — The figure shows the efficiency of class Silicon of Sit events pre-
dicted as Iron and their PDF. a) The efficiency is increased in the first 9 energy
bins. From the energy of 11 TeV to 14 TeV the efficiency rapidly decreases from
0.5m? to 0.16m?. Afterwards it decreases steadily. b) In the PDF an approach of
a diagonal line can be seen. Higher uncertainties occur in the middle and part and
high energy regime. QOverall the reconstructed energies are overestimated compared
to their true value.

The efficiency and PDF of true Silicon events classified as Iron were multiplied with
the predefined power-law spectrum of the MC Si™ events. The result was added to
the expected signal events of class Iron for an assumed spectrum. The comparison of
the measured to the expected signal and also the measured to estimated background
events are shown in the figure In the subfigure the error on the measured
signal and of the fit using the negative log-likelihood were considered. The result of the
expected distribution has a higher uncertainty in the lower energy bins. There the dis-
tribution is above the distribution of the measured signal events. For increasing energy
the difference gets smaller. In total, the number of expected events has 596 events more
than the measured one which corresponds to 7.13%. In the subfigure the mea-
sured and expected background events are compared. In the optimal case they would
have the same number of evens and their distributions would also be similar. Due to
measurement errors and errors on the efficiency and PDF of SiT events predicted as
Iron the expected events deviate from the measured ones. The defined formula for the
background estimation works but can be improved using more train examples for the
multi classifier. In addition, a deviation is to be expected because this dataset was not
the one the efficiency and PDF were created with. Fitting the signal and background
expected events is not useful since it is only possible to fit the total spectrum using the
formula Therefore only the parameters ¢g and I' of the signal class were fitted.
The total number of measured and expected events and also the reconstructed total
flux are shown in the figure In the subfigure it can be seen that the total
number of expected and measured events differ by 94 for the curve-fit and by 11 for
the -In L approach. Overall the expected distribution of two fit approaches are sim-
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ilar in their course and also the standard deviation errors for o coincide. The error
on the measured data is given by the square root the the measured count per energy
bin. In the higher energy bins the errors are smaller compared to the lower energy
bins where the uncertainty is increased. In the subfigure the origin and recon-
structed total flux is shown. The fluxes have a similar signal normalization flux ¢g signai-
The fit results of the spectral index for the curve-fit is I' = 2.14 and for the -In L ap-
proach I' = 2.11. Their signal normalization ¢ is 1.868 - 102 m=2s7!TeV~lsr~! and
1.933-10* m—2s~'TeV~!sr~!, respectively. Both signal flux normalization results exceed
the original one by 120m=2s~'TeV~lsr~! or 770m~2s~'TeV~lsr—!. The standard de-
viation for 50 contains both reconstructed and the origin flux normalization. The origin
normalization of the Sit background is ¢ pg = 1.857 - 10*m—2s~ ' TeV—tsr— 1.
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Figure 5.31. — The figures show the measured and expected events of the signal
and background class. Interesting are the parts where the distribution of the expected
signal events are over estimated and the background events are under rated. a) The
expected distribution overshoots the measured one in nearly each bin. This can be
also seen in the total number of events. The expected distribution has 596 events
more than measured one. b) The expected background distribution is is similar in
their shape to the measured one. The distribution of the expected number of events
has 585 less events compared to the sum over the measured background events.
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Reconstructed Energy Distribution Origin vs. Reconstructed Total Flux
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Figure 5.32. — [llustration of the measured and expected energy distribution and
the origin and reconstructed total flux. The error band of 50 and o are shown.
The fitted and corresponding distributions look similar. a) The error of the total
number of measured events is considered. The o error of the curve-fit and -In L fit
are nearly the same in each energy bin. Whereas the bo error determined by the
curve-fit expresses range of possible results in the ordinate. The distribution of the
total expected events of the curve-fit and -In L are can not be distinguished in this
plot. b) The origin and reconstructed total flux are compared in this figure. It can
be seen that the fluxes have a similar total flux normalization. Only the error of 5o
is visible and contains the original flux in the energy region of 19 TeV to ~ 50 TeV.

In conclusion the investigated formula for the background estimation can be used
to approximate the expected background events. The total number of events is not
preserved but possible reasons are the error on the PDF and efficiency of as Iron predicted
SiT events and that the tested dataset is not the calibration dataset. The 50 error
contains the true distribution and flux and should be used for a more realistic result.
The results of the formulas for the expected signal and background events tested on MC
datasets containing only signal or both types of events revealed that it is possible to use
the response of the classifier and energy estimator to reconstruct a spectrum. Therefore
this approach was tested on real data of PKS 2155-304. The results are shown in the
following section.
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5.5.4. Iron spectrum with Unknown Background

To verify the investigated formula for the signal and background estimation one further
test was done on a MC dataset where all labels are the same. This was done to simulate
a real dataset but with known composition of the of all six classes. In total the dataset
contains 498729 events. The spectral index of each class are the same as for real data.
The result of the classification task is compared to the original division in table The
predicted total number of events of each class contains TP and FP. The percentage of
the events of the classes Proton and Helium is more distributed over all classes compared
to the others. The flux normalization ¢g 55 was defined at a normalization energy Fy =
55 TeV. The values of the effective area and time are equal to one for MC datasets and
the value of the solid angle €2 is set to 0.00598 sr. The spectral indexes are taken from
[68].

Table 5.8. — Comparison of the total number of predicted and origin events. The
predicted events contain FPs and TPs.

Particle type 055 [TeV 'm~2s7!'sr=1] T No. AP No. predicted events

v 872.88 2.0 3000 7105
HT 15073.07 2.69 167729 120564
He™ 15564.69 2.69 173200 130928
ct 5330.93 2.67 57200 99280

Sit 4815.89 2.62 47200 82217
Fe™ 5330.93 2.6 50400 58635

The outcome of the energy reconstruction using the energy estimator trained on MC
Fet events in comparison to the true energy is shown in the figure In the left figure
the true energy distribution of all events from all classes is shown. The high number
of examples in the low energy bins is due to the used spectral indexes of the classes.
Therefore low energetic events occur more often compared to the high energetic ones.
Considering the predicted energy distribution the number of events is increases in the
first energy bins. After the peak at ~ 13 TeV the counts decrease steadily until 55 TeV.
At this energy the distribution slightly increases and decreases further right after the
saddle point at the energy 59 TeV. Taken the fluctuations into account this energy re-
gion can also be seen as plateau. The interval of 60 TeV to 100 TeV has a much higher
gradient compared to the region of 13 TeV to 55 TeV. No definite flux can be determined
from this reconstructed energy distribution.

In the figure the expected events in comparison to the measured events is shown.
The measurement decreases in the energy range 19 TeV to ~ 60 TeV. At this energy a
saddle point can be seen which was already visible in the reconstructed energy distribu-
tion of all events. Afterward it decreases further. The total number of expected events
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are under- and overestimated of the curve-fit and negative log-likelihood, respectively.
The course of both expected distributions fluctuates around the truth. The plateau can
not be fitted with the assumed formula of the signal and background events. In com-
parison to the right figure in the classifier sorts the most events which contribute
to the plateau out. This means Fe™ events do not cause this shape containing two
different gradients. The confidence interval of 50 contains the measured distribution in
the interval from 19 TeV to 68 TeV. Afterwards the error and the difference between the
expected and measured examples is nearly zero.

The figure [5.33] shows the origin and reconstructed signal fluxes with the true and fit
parameters of the class Iron. Also the total fitted fluxes are illustrated. In the subfigure
it can be seen that the fit parameter of ¢¢ = 1.025 - 10* + 4.22 TeV'm2s lsr !
is nearly twice as much compared to the true value but the shape is preserved. This
is true for using the -In L due to the well fitted spectral index of —2.66fg:}8:5. For the
curve-fit both power-law parameters were overestimated. The signal normalization flux
is pp = 8.762-103£3TeV~'m 25 'sr~! and I' = —2.88+4.39-102. In the subfigure [77]
the reconstructed total fluxes are shown. Both graphs look similar. In the high energy
region the difference gets greater due to dissimilar spectral indexes. The containment
radius of 5o contains both fitted, total fluxes in the energy region 19 TeV to 75 TeV.
The overall result of the Forward Folding algorithm on a mixed dataset containing all
classes reproduces the spectral index with a given uncertainty which contains the true
value at least if —In L is used. The flux normalization is overestimated by both fit func-
tions. Possible reasons could be the neglected error on the PDF's, efficiencies and effective
area. The error on the efficiencies which should compensate the classifiers decision could
be the greater than the error of the PDFs.
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Figure 5.33. — Comparison of the true and predicted energy distribution of all
events. The original distribution shows a smooth definable decrease of counts.
Whereas the predicted energy distribution shows two different gradients. One from
183TeV to 55TeV and the second from 60TeV to 100 TeV. In between a plateau
containing o saddle point can be seen.
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Reconstructed Energy Distribution
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Figure 5.34. — The figure shows the measurement and expected reconstructed energy
distribution. The total number of events is underrated considering the result of the
curve-fit and overestimated by the -In L fit. The bo standard error of the curve-fit

contains the truth. Whereas the containment radius Rgg of o does not contain the
measured event distribution.
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Figure 5.35. — The figures show the comparison of the original vs. the reconstructed
fluzes and total fluzes. The origin fluxr is marked by the blue solid line, the flux
reconstructed using the -In L is shown in red and the flux determined using the curve-
fit function is drawn in orange. a) The fitted fluzes are above the original flux. The
course of all three signal fluxes is similar. b) Both total flures have a decrease. The
50 error contains both fit results in the energy bins 19 TeV to 75 TeV.
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To summarize, the defined formula to estimate the number of background events in
the measurement works on MC EAS events. The flux normalization is not preserved
and is overestimated in the case of a mixed dataset containing signal and background
events. Especially, if all 6 classes are considered. The v-ray events have the lowest
percentage to be classified as Iron compared to the heavier nuclei. However, the PDF of
~-ray events classified as Iron shows that the predicted energies of these events are nearly
guessed and therefore contribute unpredictable to the measured event distribution. The
efficiency and PDF of all background classes can be found in the appendix [D.2] The
results can be improved using a classifier having a higher recall on Fe™ events and overall
a higher accuracy. In the following section, the verified background formula, the CNN,,
and the energy estimator of class Iron are applied on real data PKS 2155-304 events.
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5.6. Iron Energy Spectrum using PKS 2155-304 Data

The best multi-classifier CNN, and energy estimator of the class Iron were used to clas-
sify and reconstruct the real data of PKS 2155-304 events. The real runs were observed
under a zenith of € [19.5°,20.5°] and had a maximum offset of 2.5°. These observation
parameters were chosen because the NNs were trained on MC events simulated under a
zenith angle of 20°, an azimuth angle of 180°, with a maximum offset of 2.2° having
energies of 5 TeV up to 100 TeV. In addition, a multiplicity of 2 was specified for MC
and real data. The effective area of real data is multiplied with Age, = 715002 m? which
is the maximum radius of the MC EASs on the ground. The total observation time of
all considered PKS 2155-304 runs is 24733s and the solid angle 2 is 0.00598 sr.

The PKS 2155-304 classification result of more than 1.8 - 10° events are shown in table
(.9 The flux normalization ¢q is calculated at the normalization energy Ey = 55 TeV.
The spectral indexes are adapted from [I0]. The predicted events per class of real data
events can be interpreted as class-like events because these have predominantly features
of a specific MC EAS described by one class. The most events were labeled as class
Iron. In total, 642120 of the considered PKS 2155-304 events have been classified as
Iron which corresponds to ~ 1/3 and about 2 % of all events were predicted to be of class
Gamma.

Table 5.9. — Information of the assumed background flux and total number of
predicted events per class. The predicted events contain FPs and TPs.

Particle-like type ¢g [TeV'm™2s71lsr™1] T No. of predicted events

v 1.71-10712 3.59 34686
Ht 1.70 1076 2.66 258092
Het 2.09-1076 2.58 272938
ct 2.89-1077 2.68 261763
Sit 4.73.1077 2.64 314620
Fet 7.39-1077 2.59 642120

The result of the energy estimator is shown in the figure [5.36] The unclassified and
classified events are directly compared. The distributions in both figures are similar
e.g. combinations of several spectral indexes can be seen by different gradients. Each
distribution has one conspicuous saddle point. These are at 59 TeV and 49 TeV for the
unclassified case and the classified one, respectively. In the total number of events
is about four times higher than in Also the second visible gradient from 59 TeV to
93 TeV is steeper compared to the second one in In the energy interval 49 TeV to
62 TeV the distribution is nearly constant. Further, the distribution contains events in
each energy bin in the energy region where the bias is + 10 %. In comparison, the counts
in the right figure are close to zero at an energy of 80 TeV. In the course within
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the energy interval 29 TeV to 49 TeV can be seen as almost constant. Such trends in the
distribution can hardly be fitted by the Forward Folding algorithm using the formula
44

Despite this unique course of the reconstructed measurement the Forward Folding al-
gorithm was applied to fit the response of the classifier and reconstruct the flux. The
outcome can be seen in figure [5.37] The measurement has an unique shape. It first
decreases in the energy interval 28 TeV to 52 TeV. Afterwards it stays almost constant.
This part can also be described as a plateau. Usually, a steadily decreasing of the course
is expected which would be more fitting to the assumed power-laws of the signal and
background classes. Whose expected course is shown by the blue solid line. The fitted
expected distributions coincide more to the origin expected events than to the measure-
ment. In the energy interval 37 TeV to 60 TeV the fitted distributions are close to the
origin one. In the lower energy region the result of the -In L fit matches better than
the curve-fit whereas in the higher energy region the curve-fit is nearer to the origin and
measured distribution. As already mentioned, it is not possible to fit the measured event
distribution well. The expected ones overshoot in the low energy interval to compensate
the plateau in the middle part because overall the total number of events differs by
~ 1411 derived form the -In L compared to the measured ones. Whereas the curve-fit
underestimates the total number of events by about 30000 events. It can be concluded
that the approach of the negative log-likelihood fit has a higher accuracy compared to
the curve-fit function. Therefore on real data or on unique measured shapes the -In L
results in a more reliable outcome.
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Figure 5.36. — The figure shows the reconstructed energy distribution of unclassified
and as Iron classified PKS 2155-304 events in the energy range where the bias is
+ 10%. Both distributions look similar to each other. The number of events are
almost four times less in b). a) The reconstructed energy distribution of PKS 2155-
304 events show a combination of different gradients due to the saddle point at
59 TeV. b) The events classified as Iron show an unique course. The distribution
first decreases and increases again in the interval 41 TeV to 49 TeV. After the peak
at 49 TeV it decreases further.

94



Reconstructed Energy Distribution
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Figure 5.37. — The figure shows the measured and the expected events. The mea-
surement decreases in the first energy bins. In the energy range of 28 TeV to 52 TeV
it stays almost constant with smaller fluctuations. Afterwards it decreases further.
In total, 174247 events were predicted to be Fe™'-like. Both fit method results show a
different course compared to the measured distribution especially in the energy range
where the measurement has a plateau. The standard errors o and 50 on the curve-
fit function do not enclose the measured distribution. Which can also be seen for
the -In L fit. The fit outcomes are similar to the distribution of the origin expected
events. FEspecially in the energy interval 37 TeV to 60 TeV. In the lower energy re-
gion the -In L fit is next to the origin expected distribution. Whereas the curve-fit
fits more in the high energy region.

Further the origin and reconstructed signal flux as well as the reconstructed total
fluxes in the bias + 10% range were considered. They are shown in the figure [5.38
In the subfigure it can be seen that the fitted fluxes do not match the assumed
flux of Fe'-like particles using the spectral index and flux normalization from the table
The curve-fit spectral index I' is higher compared to the origin one which results
in a much steeper decrease. In contrast, the spectral index determined by the -In L
has a smaller value and decreases therefore slower. The relatively high deviation to the
assumed origin spectral index can hardly be seen in the expected distribution, see figure
due to the similar courses. Especially the resulting slope of the curve-fit matches
the original expected events. Reasons could be the stronger fluctuating number of events
within the energy range where the plateau occurs in the measurement. The magnitude
of the fit errors of the curve-fit and -In L of ¢g are also curious. It is in the order of
four magnitudes smaller than the value of the fitted flux normalization. This means
the fit algorithms are sure in their predictions and in addition that the origin value is
not within the error range. This statement is also valid for the spectral index I'. In
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the subfigure the reconstructed total fluxes are shown. The unique shape is due
to the multiplication of the fitted pure power-law with the ratio of the measured and
expected events per energy bin. To conclude, the result of the classification task needs
to be improved due to the strong impact on the reconstructed flux course.
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Figure 5.38. — The figures show the signal and total flux of class Iron in the bias
range where the limits £ 10% are hold. a) The origin flux (blue) is between the
predicted flux using -In L (red) and the reconstructed signal flux of the fit method
curve-fit (orange). The gradient of the curve-fit is steeper compared to the origin
and fitted gradient of -In L. The fitted fluxes do not match the truth. b) The figure
shows the reconstructed total fluxes. The orange line marks the curve-fit and the
red line corresponds to the -In L fit result. Within the energy region of 19 TeV and
60 TeV the total fluzes have a descent decrease compared to the rapidly decreases for
higher energies. The standard error of bo contains the total flux of the -In L, too.

The application of the multi-classifier CNN, and energy estimator trained on MC
Fet EAS events on real data PKS 2155-304 runs resulted in a unique distribution.
The distribution has a plateau within the energy range 28 TeV to 52TeV which was
not possible to be fitted by neither fit methods. The fit algorithms overestimated the
expected events in the lower energy regions to compensate the plateau. This resulted
in a too high and too low I' value of the curve-fit and -In L, respectively. The standard
error of 5o did also not contain the measured distribution. Interesting was the result of
providing the known origin power-law to the Forward Folding algorithm. It was similar
to the fitted ones. Which might be an indication that the classifier is worse on real
data because MC simulations contain slightly different features compared to real data.
Further, the reconstructed total flux which was calculated using the formula [3.5] shows
no definite slope. The measurement’s impact is too high to be compensated by the fit
results.

The results of the preprocessing step, the classification and energy reconstruction task
as well as the fit results of the Forward Folding algorithm are recapitulated and further
discussed in the following chapter.
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6. Discussion

The rebinning result of the raw CT1-4 images using a resolution of 42 x 42px? did
preserve the orientation and intensity of the raw images. In addition, the EAS’s shape
remained almost unchanged. Thus, the chosen resolution of 42 x 42 px? can be used as
a compromise of possibly loosing features which are possibly contained in the rebinned
images of 64 x 64 px? and the opportunity to use the built architecture for the energy
reconstruction task due to computational limitations.

The first main part is the classification of heavier nuclei, H* and ~-ray EAS images.
Therefore an architecture study was done to investigate the accuracy dependency. The
results were that all tested structures were similar. One possible reason could be the
chosen energy range of 5 TeV to 100 TeV where the CT1-4 images of y-ray and H™ EAS
have increased different features. This can be concluded due to the result of [58]. There
the NN was trained on events in the energy range of 0.02 TeV to 100 TeV and achieved
a total test set accuracy of 96.10 %. In comparison the total test set accuracy of CNN,,
is 98.14 % in the energy range of 5 TeV to 100 TeV. An additional possible reason could
be the diminished features due to the applied lower resolution of 42 x 42px?. A further
study of the classification of low energy EAS images or a morphology study of the images
could enhance the understanding of this behavior.

The energy distribution study did not reveal an energy dependency of the trained NN
but that it is useful to choose a predefined spectrum which can indeed increase the accu-
racy. The images of «-rays and H* events are too different and therefore a further study
training classifier on heavier nuclei EAS images might reveal an energy dependency. The
images of heavier nuclei look similar to the human eye and thus the NN model needs to
learn features e.g. the energy to distinguish the classes.

The metric results of all binary classifiers did reveal a trend of increasing accuracy if the
molar mass difference Au of the signal and background class increases. The classifiers
Ct vs. Het, C* vs. Sit and Si™ vs. Fe™ did not follow this phenomenon. They were
examined in more detail. It could be seen that they must have similar features over
the whole energy region and especially at lower energies due to more FP prediction in
this interval. It can be concluded that signal EAS images having a higher molar mass
difference to their competitive background class can be distinguished better.

The models created for the multi- and multi-task classification based on the architecture
found by the architecture study have similar results. The result of the classifier was used
later for the reconstruction of an iron spectrum. The chosen one was the CNN, having
an accuracy of 56.68 %. The results of this classification task are not representative due
to the small total number of 96000 MC events the classifier was trained on. Usually,
to get an expressive outcome the classifier should be trained on 10 times more data
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examples. Internally the results are comparable because all classifiers were trained on
the same dataset. It was shown that the images of class Gamma can be distinguished
best from all other classes. Whereas for increasing charge Z the Fi-Score for the sin-
gle classes decreases. This is not valid for the class Iron where the Fi-Score is higher
compared to the ones of the other heavier nuclei initial particle classes Helium, Carbon
and Silicon. This means that the class Iron has more features which are different from
the heavier nuclei of the other 3 classes. Whereas the features of these classes are more
correlated. The classification results were considered energy resolved to see at which
energies the images have more uncorrelated features. The result is that higher energetic
EAS images can be better distinguished as the ones having low energies. For the classes
Helium, Carbon and Silicon these conclusion is also true but not as obvious as for the
other 3 classes. The performance results of the multi-classification could be improved
using more nodes in the layers or use residual layers to transport information from the
upper levels to the deeper levels.

During the training of the different classifier architectures some difficulties occurred. Es-
pecially the hyperparameter determination for the multi-task networks was challenging.
The learning dependency on the margin m as well as on A, is sensitive. A small change
in these values led to the inability of learning one class or in the worst case of learning
only one class. A parameter study to determine the m like it was done in [31] could help
to set this hyperparameter only once. In addition, for these tasks the optimizer Nadam
was used because the error decreased in the first five steps rapidly. The optimizer Adam
could not handle this behavior and predicted too high gradients for the next steps which
resulted in an invalid loss. This means the optimizer was further beyond the minimum.
Using a smaller learning rate decay could lead to useful loss results of the optimizer
Adam for the multi-task of classification and similarity measurement.

To support the classification task a further cut parameter was investigated using the
DC-light occurring for EAS induced by heavier nuclei. This cut parameter study did
not reveal any useful further cut for the creation of the dataset such that the classifier
learns to focus on the DC-light feature. A more specific determination of the DC-light
cut parameter could lead to a more distinct result. Therefore the approach of [6] search-
ing for the next neighbors in a hexagonal grid and determine the ratio of the main pixel
to its next neighbors would be more expressive.

The optionally preprocessing step PCA was investigated to enhance the distinction
task. The algorithm was applied with the intension of removing redundant information
in the EAS images considering a dataset of two classes. First application of PCA on a
dataset containing v-ray and H™ EAS events using explained variances of 99 %, 95 %
and 90 % did not improve the accuracy of the classifier. Reasons could be that these
images have few correlated features. This hypothesis is supported by the result using
explained variances 99 % and 95 % where the recall of the class Gamma is reduced and
the specificity of the class Proton is increased. This is an indication that the missing
1% and 5% were features which describe parts of the v-ray EAS. Interesting would
be which principal components correspond to these missing features and what do they
describe. In addition, an explained variance of 80 % was tested on this dataset. The

98



reconstructed images look blurred and distorted by additional features. The NNs accu-
racy was decreased by 14.27 % thus it is not useful to use explained variances < 90 %.
Further, PCA was applied on an other dataset containing Si* and Fet EAS events. For
the variances 99 % and 95 % the accuracy was increased compared to the trained NN
on the dataset with the original rebinned images. This means correlated information in
the EAS of Sit and Fe™ was removed and the classifier was able to focus on features
which are less correlated. One possible feature could be the DC-light which occurs more
often by heavier nuclei inital particles. Both particles have a higher charge Z compared
to He™ thus the DC-light feature is more likely. To proof this claim the investigation
of DC-light as it was done on the raw data in [6] could be applied on these dimension
reduced images. In addition, an explained variance of 90 % was tested but the results
are worse compared to the classifier trained on the original dataset. In conclusion, the
application of PCA on heavier nuclei could improve the classification results under the
constraint that the classifier is trained on all classes except y-ray EAS images.

The second main part of this thesis considered the energy reconstruction of the 6
classes. The architecture for the energy prediction task is similar to the one used for the
classification task. Therefore it could also be applied on the distinction task of heavier
nuclei to test if the residual layer improves the accuracy. The study of the choice of the
spectral index was done to test if a dataset containing events dependent or independent
of the energy distribution increases the relative energy bias range. The outcome was to
use a spectrum with I' = 0 which is reasonable because the events are equally distributed
over the whole energy interval. Therefore the features of images from any energy region
are not preferably learned. The study of the scale factor showed that applying a linear
scaling increases the energy range within the bias £+ 10 % interval from 41 TeV to 60 TeV.
Log-scaling might be useful if the energy interval is large (> 1PeV) or the requirement
is to have a similar energy resolution for low and high energies compared to the linear
scaling where the resolution is increased in the low energy interval but is smaller in
the bias range + 10% and for high energies. During the dataset creation the energy
bin width was defined to increase logarithmically in size with increasing energy due to
lower statistics in those energy regions. Thus the distribution with a spectral index of
I' = 0 seemed to increase instead of being constant. The requirement was that the events
should be equally distributed but this is only possible for finite binning. Therefore the
questions are could this be improved by collecting all similar events in an energy interval
assuming that the events are then equally distributed over the whole energy range and
what is the meaning of an equal distribution. Further improvements could be achieved
by using more events in the high energy region or a broader energy interval to increase
the bias + 10 % interval.

Comparing the energy reconstruction bias range + 10 % of the class Gamma of [53] us-
ing the ImPACT analysis which reaches from 100 GeV to 100 TeV to the achieved range
from 7TeV to 94 TeV using DNN it can be seen that the bias value is smaller using
ImPACT. Remembering that the energy estimator was only trained on MC event in the
energy interval 5 TeV to 100 TeV it could compete if it is trained on a wider true energy
range and on more event examples. In conclusion, it is possible to reconstructed the
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energy of hadronic particle which is not possible with the standard analysis tools.

The third main part was to use the response from the CNN, and energy estimator
on PKS 2155-304 real data to reconstruct an iron energy spectrum. For this reason
the Forward Folding algorithm was implemented and first tested on MC Fe® events
to reconstruct the input dataset’s spectral index and normalization flux. Therefore the
effective area and the PDF of the MC Fet events which are the correction factors of
the classifier and energy estimator were derived. The increased effective area in the first
energy bins was suspicious thus the MC images from class Iron to other classes were
compared. One noticeable feature was the uncorrelated triggered pixel areas in the Fe™
EAS images in the low energy regions. In the higher energy interval the heavier nuclei
EAS have similar shapes therefore the effective area of Iron is decreased. The effective
area of classified y-rays is similar in their shape compared to effective area of [53] de-
termined using ImPACT in the energy interval 5 TeV to 100 TeV. The effective area in
[53] is multiplied by the geometric area whereas the effective area of the class Gamma
was not, see figure Considering the effective area determined by the NN the fluc-
tuations are relatively small and the course increases in the first energy bins until ~
40 TeV. Afterwards it slightly decreases which can also be seen in the post cuts effective
area of [53]. The PDF of reconstructed Fe™ events contains the probabilities with which
energy the event is reconstructed for a given true energy. These are decreased and more
scattered in the higher energy bins. This means that events having a higher true energy
are more likely to be reconstructed with a greater difference to the true energy than for
events with lower true energy. The effective area and PDF were folded with an assumed
spectrum. Two approaches were tested to get the best fit parameters of the spectrum.
The first one was the minimization of the negative log-likelihood and the second was the
curve-fit function. The results were compared to the measured data. The o standard
error calculation of the log-likelihood was expensive in calculation time due to a fine grid
scanning of the fit parameter space. For a more realistic result the standard error using
50 should be considered. Using the formula of [62] the error on the fit parameters can
then be determined by —In L = —In Ly, + 25/2. Another disadvantage was that the
measurement error could not be considered during the fit. However, the curve-fit could
take the error on the measured data into account and due to the returned covariance
matrix the ¢ and 50 error could be easily calculated. Both approaches were directly
compared. In the sense of the large sample limit the non linear least square problem x?
and —In(L) can be approximated by a Gaussian function and therefore the errors are
similar in their impact.

The Forward Folding algorithm was first tested on datasets containing only MC Fe™
events having a spectral index of I' = 0 and I' = —2. The parameter results of both
fit approaches were near to the original dataset values of ¢¢ and I'. The next step was
to investigate the formula for the background estimation. It contains the efficiency of
background events of one class predicted as FP of the signal class. Whereas the PDF
contains reconstructed SiT events using the energy estimator of the signal class. The
efficiency and PDF were folded with the known spectrum of the background. It is not
possible to fit the signal and background spectrum simultaneously because only the total
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flux can be fitted using the defined formula

The dataset which was used to investigate the background estimation formula contained
signal Fet and background Si™ MC events. The course of the efficiency of the Si™ events
is increased in the first energy bins which matches with the effective area of the signal
class Tron. This means the Sit and Fe™ events have similar features in this energy in-
terval. An efficiency close to zero would be optimal. The entries PDF of the background
events are wider scattered especially for the higher true energies. Overall the PDF Si*
events reconstructed using the energy estimator trained on Fe™ images looks similar to
the PDF created from Fe' nuclei which in turn explains the relatively low accuracy of
the binary classifier trained on Fe™ and Si™ EAS images. The energy estimators of the
classes Iron and Silicon learn similar features independent of the other class. Again both
approaches were used to get the parameter values of the Fe™ spectrum. The measured
signal and background events were compared to the fitted and known distributions.
The Forward Folding algorithm for the determination of the background events under-
estimates the total number of events by ~ 1/s. Possible reasons are the errors on the
efficiency as well as PDF of the background events. More training examples for the clas-
sifier would lead to a more expressive result of the efficiency. Also this dataset was not
used to calculate the efficiency and PDF therefore higher deviations are more likely. Due
to the fact that the formula[£.4] fits the total spectrum parameters the energy bins where
the background events were underestimated are compensated by the fit resulting in an
overestimation of signal events in these bins. The result of the fit parameter were for the
InLT =-266"610"" and $o = 1.025-10% +4.22 TeV'm~2s~'sr~! and for the curve-

—5-10—2
fit function I' = —2.88 +£4.39 - 1072 and the ¢y = 8.762 - 10° + 3 TeV'm2s 1sr1.
They were slightly increased compared to the original parameters I' = —2.60 and

¢o = 5.332-103TeV~'m~2s~!sr~!. For the fit of the power-law variables the choice
of the normalization energy Ey = 55 TeV was important. If £y was not within the bias
+ 10% the -In L did contain several minima which led to a false determination of the fit
values despite the usage of the basin hopping minimizer because diverse combinations of
the fit parameter led to a supposed good fit result. In addition, the fit error calculation
did not match to the fit results. It can be concluded that the choice of Ey affects the fit
result and should be determined within the considered energy range.

Further a dataset containing real data compositions, taken from [68], of the six classes
was tested. This was done in order to see if the classifier and energy estimator can handle
unequal distributions and if it is possible to reconstruct the Fet spectrum. The energy
reconstruction of these events had a unique shape containing a plateau. This is due to
the unpredictable behavior of the energy estimator on the background classes. Events
of the classes Gamma and Proton have the highest dispersion in their PDF's created
by using the energy estimator trained on Fe™ events. In addition, the total number
of H* and He™ events are the greatest in the dataset which means these events have
the highest impact on the energy reconstruction and cause this unique shape. After the
classification of the energy reconstructed events the plateau in the measurement was
compensated by the classifier. This supports the statement that the unique shape of the
energy reconstructed events were caused by background events. Both fit results overesti-
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mated the flux normalization. Whereas the spectral index was well reconstructed by the
-In L. In contrast, the curve-fit function estimated a higher value for I'. One possible
reason could be that the negative log-likelihood function takes not only the absolute
difference into account which is done by the least square method x? used in the curve-fit
function.

However, it can be concluded that the formula for the background estimation is a useful
approximation and can be used in combination with the formula for the expected signal
events to determine the spectral index of the signal events and normalization flux ¢g.
Therefore this approach can be applied on real data events.

The application of the energy estimator trained on Fe™ events on the real dataset
containing PKS 2155-304 runs resulted in a similar distribution as the MC dataset cre-
ated with spectral indexes of cosmic radiation. Both distribution had a plateau within
the interval 49 TeV to 59 TeV. In addition, the saddle points are at the same energy
of 59 TeV. Afterwards the multi-classifier CNN, was used to group the events into six
particle-like classes which where adapted from [10] [68]. The result showed a suspicious
distribution within the energy region 29 TeV to 49 TeV where it stays nearly constant.
In comparison to the classified events of the MC dataset the multi-classifier applied
on real data did not result in a similar distribution of classified PKS 2155-304 events.
Therefore it can be concluded that the CNN,, did eventually learn features which appear
in MC images but not in real data observations. This supports the hypothesis of a MC
real data discrepancy as mentioned in [58]. However, the energy estimator distributions
looked similar in their course which weakens the claim of a MC real data discrepancy.
Comparing the total number of predicted Fe™ events which was 642120 to the overall
predicted events for each class it can be seen that the percentage of the predicted Fe™
events is not in agreement with the expected dominant components of the heavier nuclei.
The dominant elements are hydrogen (89 %) and helium (10%) [47]. In addition, the
classifier was not trained on a sufficient number of events which also led to higher FP
rate. More events, applying more nodes or layers to the architecture as well as using
the CNNgg could improve the accuracy. Further improvements could be achieved by
a higher size cut on the real data images to sort out events having low intensities and
eventually only a few triggered pixels. Dark images implicate a low initial particle energy
and the DNN were only trained on MC events within the energy interval of 5TeV to
100 TeV. An other approach which could be tried is to take only events for the analysis
which got a (-value higher than e.g. 0.7. The classifier then is sure in its prediction that
this event was induced by for example an iron nuclei.

The response of the DNNs was provided to the Forward Folding algorithm. The fit
results were not in agreement with the assumed spectral index of I' = 2.59 and flux
normalization ¢y = 7.39 - 1077 TeV'm~2s~!sr~! taken from [I0] and adapted to the
normalization energy 55 TeV. The determined spectral index of [68] is I' = 2.62+0.03 is
similar. In contrast, the fitted response of the DNN approach resulted in I' = 1.68'_%‘1072
for the -In L and T’ = 4.7043.73- 102 using the curve-fit function. These differ strongly
to the previous predicted spectral indexes of Fet-like hadronic particles. Whereby the
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cause is the worse classification of the real data events. The flux normalizations are ¢y =
—6+1:10710 1, 2. —1..—1 -8 ~12 —1, -2 —1 .1
1.879-107° __g.1p-11 TeV™'m™*s™ *sr™* and ¢g = 2.082-107°£9-10"“TeV~ "m™*s™ ‘sr
for the -In L and x? fit at the normalization energy Eg = 55 TeV. The statistic errors
done by the CNN,, and the energy estimator were considered by the Forward Folding al-
gorithm. Whereby, the systematic errors of e.g. the effective area, the PDF, the opacity
of the atmosphere, the hadronic interaction processes and the PMT’s quantum efficiency
[10] were neglected for this work but they need to be taken into account. The error of

the effective area using the CNN, might have a bigger influence than in [10].

To summarize, the response of the DNN used to reconstruct the energy of PKS 2155-
304 data was similar to the MC dataset containing real data distributions. Whereas the
Deep Learning approach to distinguish heavier nuclei resulted in an improvable outcome.
If this task can be improved by e.g. either using additional cut parameters or solving the
MC real data discrepancy the Deep learning approach can be used as a further analysis
tool and therefore it will be possible to reconstruct an iron spectrum of real data. In
the next chapter a more detailed conclusion and an outlook is done.
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7. Conclusion

The goals of this thesis were to classify CRs and reconstruct their energy as well as to
create an iron energy spectrum. Therefore the DNNs were trained on MC H.E.S.S. I
simulations due to the known labels. In addition, the Forward Folding algorithm was
implemented and expanded to determine the pure power-law of hadronic particles with
hadronic and ~-ray background.

In this thesis DNNs were used to distinguish heavier nuclei EAS images. The inves-
tigated NN architectures consist of 4 convolutional and 5 fully connected layer. These
achieved good results in the binary classification task especially for the ~v-ray vs. H™T
and HT vs. heavier nuclei events. For the training of the DNN events fulfilling the
standard cuts and having an energy within the range 5TeV to 100 TeV were used. The
same architecture was applied on the multi- and multi-task classification. The outcome
showed that it is possible to distinguish MC EAS images of heavier nuclei using DNN.
The highest accuracy achieved by CNNgx was 57.76 % due to time limitations only the
CNN,, having an accuracy of 56.68 % was used for further analysis steps. A guessing
of any class would correspond to a recall of 16 % which was not the case for any of
the primary particle types. It needs to be mentioned that the DNN for the multi and
multi-classification task were trained on only 96000 events. For more representative re-
sults more trainings examples are needed which could also lead to an improvement of
the performance. To investigate the number of nodes in each layer iterative pruning [33]
should be implemented. It can prevent over-fitting if too much nodes are used or it can
improve the performance using more nodes. An additional step to increase the accuracy
of the DNN could be to train the classifier momentarily on only one class. During this
training phase it focuses on features which describe this class best. The same procedure
can be repeated multiple times. In the meantime training on all classes could support
the NN to focus on unique features of each class.

The approach of using DNN facilitate the classification and energy reconstruction of
hadronic particles which is not possible with the standard analysis tools because these
focus on the background rejection and on the geometrical information in a y-ray EAS im-
age. The energy estimators were trained on events in the energy range 5 TeV to 100 TeV
and achieve a bias interval of about 2/3 of the total energy region on the test set. On
~-rays Hillas reconstruction and ImPACT have within 5TeV to 100 TeV a bias smaller
than + 10% [53] and in the energy interval 5TeV to 60 TeV a bias near to zero [53]
considering H.E.S.S. I. The energy estimators are tools for the energy reconstruction
of hadronic particles. In conclusion, these can be used as an optional method for the
energy reconstruction of «-ray EAS because the results were promising and could be
improved by using more train examples and study the events in specific energy ranges
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to define the bin size which defines the energy distribution of the events.

Considering the direction reconstruction of cosmic radiation, in [58] a direction recon-
struction of v-ray EAS images using DNN was done. The direction reconstruction of
hadronic particles is only useful on showers having a similar elliptical shape as ~y-ray
EAS and/or having energies in the order of > 10EeV [25]. Therefore the Hillas recon-
struction, InPACT or a DNN approach can be used because at these ultra high energies
the hadronic particle was not distracted from any magnetic field in space [25].

For the creation of an iron spectrum the results of the CNN, and energy estimator are
needed. Due to erroneous outcomes of these two tools the Forward Folding algorithm
was implemented and applied. The reconstruction of the MC iron energy spectrum using
a dataset with signal and background events yielded in good results. The investigated
formula for the expected background events in the whole FoV of 5 ° contains information
about the efficiency and PDF of the background events corresponding to the signal class.
These are more exact with higher accuracies of the CNN, and energy estimator. For
the calculation of the reconstructed flux the mean energy must be defined by using the
formula (3.4 which was originally defined in [60]. The reason is the unequal distribution
of events within one energy bin due to the given gradient defined by the spectral index.
Overall it can be concluded that the extended Forward Folding algorithm works well on
MC events.

The application of real data PKS 2155-304 runs on the energy estimator resulted in a
similar distribution as the real data like MC dataset. Whereas, the further application
on CNN,, resulted in an unique distribution of the events. This behavior was not seen on
the real data like MC dataset. Therefore the MC real data discrepancy could be a pos-
sible reason which was also seen in [58]. Due to the poor separation of the classifier the
fit parameters did not match the ones determined by satellite experiments and balloon
flights [68] [10]. In addition, the formula used for the background estimation presupposes
that the spectra of the background is well defined. Further, only runs containing a weak
or no source should be taken due to the high dispersion in the PDF of ~-rays which
were reconstructed using the energy estimator trained on iron nuclei events. It can be
concluded that for now it is not possible to reconstruct an iron spectrum using the Deep
Learning approach for the classification of real data.

In summary, in this thesis a multi-classifier should be developed to distinguish heavier
nuclei. The investigated DNNs for the classification task achieved similar accuracies
of about 56 %. However, it was shown that it is possible to classify cosmic radiation
using the Deep Learning approach. Further an energy estimator should be developed to
reconstruct the energy of hadronic particles in order to create an iron energy spectrum
because the standard analysis tools can only reconstruct gamma-like EAS. The energy
bias + 10% resulted in a total range of 60TeV for iron nuclei. Using the DNN on
~-rays it could compete with ImPACT if it is trained on a greater energy range. The
reconstruction of a MC iron spectrum using the investigated formula for the background
estimation in the Forward Folding algorithm resulted in similar pure power-law variables
to the origin ones. An iron nuclei energy spectrum of real data was done but the fit
parameter results were different to the assumed ones of [68] and [10].
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A. NN Metric

The metric gives information about the current performance of a classifier. The most
common used metrics are the accuracy, precision, recall and specificity. In the case of
an uneven distribution of training examples or focusing on the precision and recall the
F-measure is used. The formulas were taken from [63].

The accuracy of a NN is calculated by

TP+ TN
TP+TN+FP 4+ FN'’

Accuracy =

where the denominator is the total number of all events the classifier was trained on.
The numerator is the number of events which were correctly predicted by the trained
NN.

The precision of a NN is given by the ratio of TP to the sum over TP and FP considering
one class

TP
TP+ FP
The recall describes the true positive rate of a classifier. In the binary case the recall
describes the signal class but only applied on the problem explained in this thesis. The
value can be determined by the following formula

Precision =

TP

Recall = 75 FN

Specificity is the true negative ratio of the trained NN. It describes the "recall” of the
background events in the binary classification.

TN

Fg-Score is important for a dataset which contains an uneven event distribution but also
if the focus is on the precision and recall of a classifier. It is given by

Precision - Recall

Fy — Score = (1+ §7) -
5 — Score = (1+ %) B2 Precision + Recall ’

where 3 is the weight value. In the case of § = 1 precision and recall are both equally
taken into account. For this thesis the 8 value was set to 1, which is also known as
F1-Score.
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B. Multi- and Multi-task Classification

B.1. Multi-Classification Architecture

Input 42x42x1 II

Input 42x42x1

MaxPool II

(a) SCNN, (b) SCNN

Figure B.1. — lllustration of Siamese-classification networks having the a similar
structure as the ones used for the multi-classification task except the last fully con-
nected layer which is divided into a classification output and a feature vector output.
Siamese networks consist of two identical towers. In this figure only one tower of
each architecture is shown. The convolutional layers are marked with the color green.
They are initialized with a kernel size 5 x5 having 128 nodes. The mazimum pooling
layers have stride 2 and use padding same. After the convolutional layers a dropout
of 0.2 is inserted after each layer to prevent over-fitting. a) The channel approach
convolves over the stack of CTI1-4 images treated as one RBGa image in the first
layer. b) Images are provided one after another to the network sharing their weights.
They get concatenated after the first dropout and convolution layers.
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Input 42x42x4

Figure B.2. — Schematic structure of the multi-classifier CNNgg using the channel
approach. The input images consist of 42 x 42pixels. The convolutional layers are
initialized with a kernel size of 5x5. The number of nodes is e.q. in the first
layer 128. Between the convolutional layers a maximum pooling layer is inserted.
After the convolutional part a dropout of 0.21is applied. The fully connected tower
is divided into two parts. After the second fully connected layer and third dropout
of 0.2the size, skewness and kurtosis of the CT1-4 images are concatenated to the
feature vector. The last two fully connected layers contain information about the
image features and the additional parameters of the EAS per telescope. The output
is a C-value for each class.

The hyperparameters used in the multi-classification task are shown in table The
X means that for this NN task these hyperparameter is not needed.

113



Table B.1. — Used hyperparameter in multi-classification.

Hyperparameter CNNgxg CNN,

CNN SCNN, SCNN

B 0.995 0.995 0.995 0.999 0.995
No. epochs per decay 3 3 3 7 6
« decay factor 0.5 0.5 0.5 0.5 0.5
Qinit 0.001  0.0005 0.0005 0.0008  0.0008
staircase True False False True True
m X X X 1.0 1.7
As X X X 4 3

B.2. CNN, Results

The results of the CNN,, with reference to the rows of the confusion matrix[5.12]are shown
in the figures [B.3] [B.4] and [B.5] The rows are plotted energy resolved to investigate the
classifiers decision for each energy bin. The overall distribution of events looks similar
in each figure. One interesting characteristic is that the FN of class Gamma are only
labeled as class Proton and also with increasing charge Z the number of FP per class

increases.

Gamma Energy Distribution
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1 1
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Energy [TeV]

Gamma (2161 events)
Proton (87 events)
Helium (1 events)
Carbon (1 events)
Silicon (0 events)

Iron (0 events)

80

100

Figure B.3. — Energy distribution of all as class Gamma labeled events. The
classifier has 2161 events of class Gamma predicted as Gamma. 87 HT events are
wrongly predicted as v-ray FEAS shower event. Two heavier nuclei are FP.
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Proton Energy Distribution Helium Energy Distribution

Proton (1472 events) 379 Helium (943 events)

Helium (409 events) Proton (499 events)
404 W Gamma (61 events) 304 Carbon (398 events)
Carbon (48 events) Il Silicon (93 events)
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(a) Proton (b) Helium

Figure B.4. — The energy distribution of the Proton or Helium. a) The FP of
the class Proton decrease with increasing energy. The ranking of the FP is lead
by Helium with in total 409 events misclassified as Proton. The number of FP of
the other classes in sum is smaller than the number of FP of class Helium. QOverall
events of class Proton are labeled more often as H™ than FP H™T of the other classes.
b) Here the total number of FP exceeds the number of TP. However, in nearly every
energy bin more events were correctly predicted as class Helium.

Carbon Energy Distribution Silicon Energy Distribution
Carbon (869 events) | EEE Silicon (1046 events)
251 Helium (585 events) 304 | mEm Iron (880 events)
= Silicon (573 events) Carbon (650 events)
Hmm ron (251 events) Helium (221 events)
204 Proton (122 events) 251 Proton (28 events)
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Figure B.5. — The energy distribution of the classes Carbon and Silicon. a) The
number of TPs of class Carbon exceeds in the energy region 28-32 TeV and 72-80 TeV
the number of FPs. Thus, in the most energy bins the number of FPs is greater.
The amount of FP events of the classes Helium and Silicon is the greatest. b) The
energy distribution of the TP of class Silicon is sustained for each energy bin. The
most FP are of class Iron with in total 880 events followed by class Carbon. The
other classes are the minority.
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B.3. Multi- and Multi-task Classifier Results

Table B.2. — Performance results of CN Nsg reaching a total accuracy of 57.76 %.

Class ‘ Precision Recall Fi-Score

¥ 96.33% 98.02% 97.17%
HT 73.52% 70.48% 71.97 %
He* 49.39% 43.83% 46.45 %
Cct 3829% 38.21% 38.25%
Sit 37.36% 40.37% 38.81%
Fet 52.55% 55.61% 54.04 %

Table B.3. — Performance results of CNN reaching a total accuracy of 55.87 %.

Class ‘ Precision Recall F;-Score

¥ 97.14% 97.66 % 97.40 %
H* 71.65% 67.33% 69.42 %
He* 45.52% 42.53% 43.97%
Cct 38.12% 40.77% 39.40 %
Sit 35.25% 42.21% 38.42 %
Fe™ 52.37% 44.69% 48.23 %

Table B.4. — Performance results of SCNN, reaching a total accuracy of 54.22 %.

Class ‘ Precision Recall F;-Score

vy 96.42%  95.86 % 96.14 %
HT 69.77% 63.68 % 66.59 %
He* 41.67% 48.87% 44.99 %
Cct 35.04% 41.85% 38.15%
Sit 36.52% 35.73% 36.12%
Fe* 52.62% 39.33% 45.02 %
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Table B.5. — Performance results of SCNN reaching a total accuracy of 55.43 %.

Class ‘ Precision Recall F;-Score

v 97.15% 96.76 % 96.96 %
H* 71.68% 65.17% 68.27 %
He* 45.56 % 45.23% 45.39 %
Cct 37.87% 42.35% 39.98 %
Sit 35.57% 4518 % 39.80 %
Fe® 53.12% 37.89% 44.23 %
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C. Energy reconstruction
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Figure C.1. — Reconstructed energy resolved histograms of all classes. The total
number of y-ray, H and Si™ events is 26575, 50492 and 50800. All other energy
estimators are tested on 66437 examples. One common fact is the decreasing pre-
dicted number of events in the energy range of about 90 TeV to 100 TeV. The energy
ranges were adjusted to the reconstructed energy interval of the Fe™ events.
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D. Forward Folding

The Forward Folding algorithm was used to reconstruct the iron energy spectrum of
MCs and real data. As mentioned in the introduction, it is possible to do this for all
other classes the multi-classifier CNN, was trained on. Hence, the effective area for all
classes are shown.

D.1. Effective Areas

Effective Area Effective Area
0.70 4
0.98 -
0974 0.65
0.96
T % 0.60
S 0.95 s
5 5
< <
0.94 0.55
0.93
0.50
0.92
20 40 60 80 100 20 40 60 80 100
Ereco [TeV] Ereco [TeV]
(a) v (b) H*

Figure D.1. — Effective area of y-ray and H' nuclei MC events. The effective area
of class Gamma is higher than the one of class Proton in each energy bin. a) The
effective area of the class Gamma is above 90 % over the whole reconstructed energy
range. For higher energies it decreases from =~ 97% to =~ 92%. An effective area
near to one is desired. b) The effective area of the class Proton is under 50 % at
5 TeV and increases rapidly to 65 %. Afterwards it stays almost constant.
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Figure D.2. — The effective areas of the classes Helium and Carbon. Both show a
similar course. In the energy region of 5 TeV to 20 TeV the effective area increases
rapidly. Then it stays nearly constant with relatively small fluctuations compared to
the rapid increase in the first energy bins.
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Figure D.3. — Effective area of Si™ nuclei events. Within the energy range of 5-
18 TeV the effective area is increasing and reaches its maximum efficiency at Ereco =
18 TeV. After the peak it decreases steadily with fluctuations on top.
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D.2. Efficiencies and PDFs of the Background Classes
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Figure D.4. — The figures show the efficiency and PDFs of the background classes
Gamma and Proton. a) The efficiency of y-rays has a unique course. It has increased
values up to 0.00152m? in the energy interval of 18 TeV to 38 TeV. Querall the
efficiency of the class Gamma on Iron is near to zero. b) The PDF of background
y-ray events entries containing probabilities are wide scattered in each energy bin.
This means the energy estimator trained on Fe™ events is almost guessing the energy
of events from class Gamma. c) The efficiency class Proton on Iron is increased
in the first energy bins. Afterwards it decreases and is fluctuating around the value
~ 0.0017m?. d) The PDF of class Proton scatters wider in the lower energy bins and
are more overestimated in their predicted value compared to the true energy. In the
higher energy bins the events are more likely to be predicted correctly in comparison
to the lower energies.
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Efficiency of Helium (20°, 2.2°, 180°)
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Figure D.5. — The figures show the efficiency and PDFs of the background classes
Helium and Carbon. a) The efficiency of class Helium on Iron is relatively low. In
the lower energy bins it has an increased value of 0.072m?. b) The PDF entries
are more likely to be overestimated in the lower and middle part of the energy bins.
c) The efficiency of class Carbon on Iron follows the same course as a). It has
its highest peak at 5 TeV having a value higher than 0.2m?. d) The PDF of class
Carbon has less dispersion compared to b). The uncertainty is higher in the energy
region of 40 TeV to 60 TeV.
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