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Abstract

The Fluorescence detector Array of Single-pixel Telescopes (FAST) is an experiment
aiming to deploy an array of simplified, autonomous fluorescence telescopes over an
area of ~ 60,000km? to observe ultra-high energy cosmic rays (UHECRs). The
unprecedented size of such an array will enable measurements of cosmic rays with
energies above 10?°eV with large statistics, providing new insights into UHECR
sources. To achieve the low-cost per telescope required for an array of this scale,
each FAST telescope is equipped with just four photomultiplier tubes (PMTs). As
such, traditional bottom-up methods for reconstructing the properties of observed
cosmic-ray-induced extensive air showers are not applicable. Instead, a top-down
approach is used where simulations are directly compared to data and the best
match chosen via a maximum likelihood estimation. This method is known as
the “top-down reconstruction (TDR)” and requires an accurate “first guess” of the
shower parameters to be successful. In this work, improvements to the current TDR
and first guess estimation methods are made. By ensuring a smooth relationship
between the shower parameters and output traces the reconstruction efficiency of
the TDR using a full FAST array is improved from ~ 30% to ~ 95% at 10?°eV.
The overall precision of the TDR is also improved by implementing a cut which
excludes events where the position of the shower maximum (X,.x) is outside the
field of view of triggered telescopes. Two methods for estimating a first guess of
the shower parameters are then developed. The first utilises machine learning tech-
niques, expanding upon previous work, and the second a library of templates. Both
methods are shown to be effective for predicting the shower geometry for events
which trigger > 2 PMTs or are observed from two or more locations (stereo obser-
vation). In particular, the combined performance of the machine learning approach
and TDR is shown to achieve resolutions in the arrival direction, X, and energy of
~ 2° ~ 30gcm~2 and ~ 7% respectively for events observed in stereo. Finally, the
improved reconstruction is applied to data from the current FAST prototype instal-
lations. The FAST results are shown to agree reasonably well with those from other
experiments. Degeneracies in the reconstructed shower energies and core positions
resulting from different first guesses highlight the importance of stereo observation.
Finally, the first measurements of the UHECR energy spectrum and composition
by FAST are presented.
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Introduction

Despite having been studied for more than a century, the origin and nature of the
most energetic particles in the universe, so-called “ultra-high energy cosmic rays
(UHECRs)”, remains unclear. Primarily protons and other atomic nuclei, these
particles originate in extreme astrophysical environments, reaching energies more
than a million times larger than achievable with current particle accelerators. By
measuring the cascades of secondary particles produced when UHECRs interact
with the Earth’s atmosphere known as “extensive air showers (EASs)”, the prop-
erties of the original cosmic rays can be reconstructed. Cosmic rays with energies
above 10?2 ¢V are of particular interest since the effect of extragalactic and galactic
magnetic fields on their trajectories is minimal. This means their arrival directions
as measured at Earth should point back to their sources, making them a promising
candidate to reveal the origins of UHECRs. However, detecting a significant number
of these particles is challenging due to their exceedingly low flux at Earth, less than
1 particle/km? /century.

The Fluorescence detector Array of Single-pixel Telescopes (FAST) is a next-
generation cosmic ray experiment aiming to address this challenge. FAST intends
to deploy simplified, low-cost, autonomous fluorescence telescopes, which measure
the fluorescence light emitted from EASs, over an area of ~ 60,000km? - an order
of magnitude larger than the current largest cosmic ray experiments. With this
increased exposure, FAST will be able to measure an unprecedented number of cos-
mic rays with energies above 10%° eV using the fluorescence technique. To meet cost
constraints, the FAST telescope design consists of just four photomultiplier tubes
(PMTs). This sits in contrast to the several hundred used by current fluorescence
telescopes. The reduction in resolution necessitates an alternative method for re-
constructing the properties of cosmic rays.

The current solution utilises a top-down approach whereby the PMT traces from
data are directly compared with those from simulations using a likelihood function.
The set of shower parameters which give the maximum likelihood, found using an
optimiser, are chosen as the reconstructed parameters. This procedure is known
as the “top-down reconstruction (TDR)”. The performance of the TDR is heavily
influenced by the initial parameters or “first guess” passed to the optimiser. At the
time of writing, no robust method for producing a first guess has been developed.
Although previous attempts using machine learning have shown promising results,
they have only been applicable to a future, full-sized FAST array. For the current
and near-future FAST prototype installations, the combined performance of the first-



2 Contents

guess estimation and TDR is essentially unknown. Understanding the capabilities
of these installations and verifying them through the analysis of events observed in
coincidence with other experiments is crucial to the success of the FAST project.

With these points in mind, the overarching goal of this thesis is to develop the
FAST reconstruction procedure such that it can be reliably applied to the current
and near-future FAST prototype installations. The structure of the thesis is as
follows;

Chapter 1: Introduces cosmic rays and the primary observables used to study
them, referencing the latest results in the field. A brief summary of the history of
cosmic ray research is also given.

Chapter 2: Details the characteristics of EASs and the various methods by which
they are detected/reconstructed. Examples of past, present and future cosmic ray
observatories are provided.

Chapter 3: Presents a detailed overview of the FAST experiment including hard-
ware specifications, calibration, optical performance measurements and the software
framework used for simulations/reconstruction.

Chapter 4: Fixes the primary issue with the current TDR procedure, namely the
decrease in reconstruction efficiency with energy. The degeneracy between the fitted
depth of shower maximum and energy for certain showers is also addressed.

Chapter 5: Investigates the performance of both previously developed and newly
developed machine learning models for obtaining a first guess of the shower pa-
rameters with the current and near-future FAST telescope layouts. The combined
performance of the machine learning first guess and TDR is analysed.

Chapter 6: Introduces an alternative first-guess estimation method using templates
of PMT traces from a single telescope. The method is designed to compensate for
the weaknesses of the machine learning approach.

Chapter 7: Applies the improved TDR and first guess methods developed to data
from the current FAST prototypes. First measurements of the cosmic ray energy

spectrum and composition with FAST are made.

Chapter 8: Concluding remarks



Chapter 1

Cosmic Rays

Cosmic rays are highly energetic particles, predominantly protons and other atomic
nuclei, originating in outer space. They are accelerated in extreme astrophysical
environments and span energies from approximately 10° ~ 10% eV. Cosmic rays
with energies above approximately 10'*° eV are known as ultra-high energy cosmic
rays (UHECRs) and arrive at Earth with a flux of ~ 1particle/km?/year. The
origin of UHECRSs remains an open question in modern astroparticle physics and
underpins much of the current research performed by cosmic-ray, gamma-ray and
neutrino observatories.

To study the origins and acceleration mechanisms of cosmic rays, scientists mea-
sure the energy spectrum, mass composition and anisotropy of arrival directions of
cosmic rays which arrive at Earth. This chapter introduces each of these compo-
nents, highlighting recent results in the field. Before this, a brief overview of the
history of cosmic ray research is given.

1.1 A Brief History of Cosmic Ray Research

In 1785 Charles Augustin de Coulomb made perhaps the first recorded observation of
the ionising property of cosmic rays. He found that a metallic conductor when placed
in air would spontaneously discharge [1]. This phenomenon would be observed by
several other physicists over the next century including Michael Faraday in 1835 [2],
Carlo Matteucci in 1850 [3] and William Crookes in 1879 [4], the latter two of whom
both showed that the rate of discharge decreased at lower atmospheric pressures.
In 1900, German physicists Elster and Geitel quantitatively measured the rate of
spontaneous discharge, concluding that the discharge was due to the presence of free
ions in the atmosphere [5]. The result would be confirmed in 1901 by Wilson [3].
However the source of these ions remained unknown.

At the beginning of the 20th century, scientists began to systematically measure
the mysterious ionisation in a variety of different environments to uncover its source.
These included measurements in the lab with metallic shielding, in tunnels and salt
mines, above the Atlantic Ocean, and at the top of the Eiffel tower [6, 7, 8]. A

3
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Figure 1.1: Measurements made by Hess in August 1912 (left) and Kolhorster in 1913/14
(right) of the ionisation rate as a function of altitude. From [12].

particularly notable contribution came from Italian physicist Domenico Pacini, who
found a significant decrease in the ionisation rate below water. He concluded that,
contrary to consensus at the time, the ionisation was primarily coming from the
atmosphere and not radioactive materials in the Earth [9].

The final breakthrough came from the measurements of Austrian born physicist
Victor Hess. Over the course of ten balloon flights between 1911 and 1913, Hess
measured the ionisation rate as a function of altitude. Measurements from his flight
in August 1912 [10] and their later confirmation by Kolhérster [11] are shown in
Figure 1.1. The results show an increase in the ionisation rate above ~ 2km. This
led Hess to conclude that the ionisation was of extraterrestrial origin, winning him
the 1936 Nobel Prize.

Studies by Compton and others over the ensuing decades revealed that the newly
discovered “cosmic rays” were primarily charged particles, and in fact mostly protons
[6]. In 1939, Pierre Auger and colleagues would measure near simultaneous pulses in
separated detectors, concluding that the signals were attributable to a common high
energy cosmic ray of energy ~ 10'° eV initiating cascades or “showers” of secondary
particles in the upper atmosphere [13]. These showers are now known as extensive
air showers (EASs) and are the primary method of studying UHECRs today. The
details of EASs and their observation are discussed in Chapter 2.
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Figure 1.2: The all particle energy spectrum of cosmic rays. Measurements spanning
seven orders of magnitude from several different experiments are shown (see legend). From
[14].

1.2 Cosmic Ray Energy Spectrum

The cosmic ray energy spectrum describes the flux of cosmic rays arriving at Earth
as a function of energy. The spectrum broadly follows a steeply falling power law,

which can be expressed as

dN
E X E (11)

where N is the number of particles, F is the particle energy and + is the spectral
index. A value of v = 3 models the spectrum over the entire energy range (GeV to
100’s of EeV) reasonably well. Slight variations in the index across the spectrum are
thought to indicate transitions between different source populations and/or accelera-
tion mechanisms for the different energy cosmic rays. To easily visualise the changes
in 7, the flux of cosmic rays is typically multiplied by some power of E' when plotted.
This is demonstrated in Figure 1.2 which shows the all particle energy spectrum,
i.e. the energy spectrum of all cosmic rays irrespective of their masses. Here, the
flux has been multiplied by E?©, highlighting various key features of the spectrum.
These features are discussed below.

At around 3 x 10'® eV the spectral index vy changes from ~ 2.6 to ~ 3. This
point in the spectrum is known as the “knee” and has been shown by the KASCADE
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Figure 1.3: Energy loss of cosmic ray protons during propagation as a result of interac-
tions with CMB photons. From [15].

experiment to be due to a “cutoff” (sharp reduction in flux) in the spectra of protons
and lighter elements [16]. The cutoff may be due to lighter elements reaching their
maximum attainable energy via acceleration from supernova remnants (SNRs) or
galactic magnetic fields no longer being able to confine these nuclei to the galactic

disk [17].

The spectrum steepens further at ~ 10'7 eV to v ~ —3.3. This feature is referred
to as the “second knee”. One interpretation of the second knee is that iron primaries
are reaching their cutoff energies from SNR acceleration at F ~ 26 E, where E}, is the
energy of the first knee [17]. A contribution from low energy extragalactic protons
may also exist [18].

At approximately 10*¥° ¢V the spectral index transitions back to v ~ 2.6, mark-
ing the location of the so-called “ankle”. The ankle is traditionally considered to
be the region in which the flux of extra-galactic cosmic rays begin to dominate the
spectrum. One piece of evidence for this comes from anisotropy measurements. If
cosmic rays around/above the ankle were coming from the galaxy then they would
trace an almost straight line back to their sources due to their large gyro radius
(see Section 1.5). This would give rise to considerable small-scale anisotropies in
cosmic ray arrival directions. As no such anisotropy is observed, the majority of
these particles are thought to be of extragalactic origin [19, 20].
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Finally, above ~ 5 x 10 eV, there is a sharp cutoff in the spectrum where ~y
increases to ~ 5. This cutoff is generally thought to be a result of the highest energy
cosmic rays losing energy through interactions with cosmic microwave background
(CMB) photons. Specifically, these cosmic rays undergo

p+yoms > n+7,

p+yomB — p + 7.

The higher in energy the cosmic ray, the faster it loses energy. This is shown in
Figure 1.3. From the figure, it can be seen that for a cosmic ray above 10%° eV to be
observed at Earth, the source must be within ~ 100 Mpc. This theory was first put
forward by Greisen, Zatsepin and Kuzmin in 1966 and is known as the GZK effect
[21, 22]. Another possible reason for the cutoff is simply that cosmic ray sources are
are unable to accelerate particles to higher energies.

1.2.1 Comparisons at the Highest Energies

Figure 1.4 presents another view of the cosmic-ray energy spectrum, this time focus-
ing on energies above 10'® eV. The results shown here come from the two largest cos-
mic ray observatories currently in operation, the Pierre Auger Observatory (Auger)
in Mendoza, Argentina, and the Telescope Array experiment (TA) in Utah, United
States [23, 24, 25]. These observatories focus on measuring the highest energy cosmic
rays and predominantly observe the southern/northern hemispheres respectively.
Working groups consisting of members from both collaborations have been set up to
share and closely compare measurements of the energy spectrum, mass composition
and anisotropy. In the figure, the cosmic ray energy spectrum as measured by TA is
shown with black points and the spectrum measured by Auger with yellow points.
The orange points show the TA spectrum recalculated using the same fluorescence
yield model (model describing the amount of fluorescence light produced by excited
nitrogen molecules in air) as Auger. The blue points further apply the same shower
selection process as used by Auger to the TA analysis. The results show excellent
agreement up to 10'°° eV. Beyond this energy TA observes a higher flux than Auger.
It remains to be seen whether this is a result of a source population only visible to
TA or detector/analysis effects still yet unaccounted for [26].

1.3 Acceleration Mechanisms

Whilst several different possible mechanisms of UHECR, acceleration are discussed
in the literature (e.g. unipolar inductors, magnetic reconnection, re-acceleration in
sheared jets etc.) [27, 28], only the traditional Fermi acceleration and diffusive shock
acceleration theories are discussed in detail here. In 1949 Enrico Fermi proposed that
cosmic rays are accelerated through elastic collisions with magnetised interstellar gas
clouds [29]. This theory is often referred to as 2°¢ order Fermi acceleration, since the
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Figure 1.4: Measurements of the cosmic-ray energy spectrum above 10'® eV by Auger
and TA as reported at the International Cosmic Ray Conference (ICRC) 2023. When
identical fluorescence yield models and event selection criteria are used, the systematic
offset below 10 is removed. From [26].

fractional change in cosmic-ray energy predicted after each collision is proportional
to % where 8 = V/c is the speed of each gas cloud as a fraction of the speed
of light. Fermi’s ideas were expanded upon in the 1970’s by considering the same
acceleration mechanism taking place in the presence of supernova shocks [30]. This
theory is known as diffusive shock acceleration and it predicts a fractional energy
change proportional to 8. For this reason the theory is also referred to as 15 order
Fermi acceleration. Details of each mechanism are given below.

1.3.1 Fermi Acceleration

In Fermi’s original theory cosmic rays are accelerated through consecutive scatter-
ings with gas clouds in the interstellar medium. Each cloud has a random velocity
on the order of 15km/s and possesses a magnetic field due to the cloud being par-
tially ionised. A single collision is envisioned as a cosmic ray with energy E; and
momentum p; incident on a cloud travelling with velocity V. The angle of the inci-
dent cosmic ray with respect to the cloud velocity is labelled #,. The cosmic ray is
then randomly scattered by the cloud’s magnetic field, exiting the cloud at an angle
05 with energy and momentum F5 and p, respectively. Figure 1.5 shows a schematic
diagram of the process. The energy of the incoming cosmic ray in the cloud frame
(primed) is

E] = Yaowa F1(1 — B cosby). (1.2)
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Figure 1.5: Schematic of Fermi’s original idea of cosmic ray acceleration - cosmic rays
scattering off of interstellar gas clouds. From [31].

After scattering, the energy of the cosmic ray in the lab frame is given by the reverse
Lorentz transformation

Es = Yaoua 5 (1 + S cos 0). (1.3)

As the scattering is elastic B, = E]. Substituting Equation 1.2 into the right-hand
side of Equation 1.3 and rearranging gives

AE 11— fcost + Bcosth — B*cosbcostly .

o - (1.4)

Equation 1.4 is the fractional energy change for a single collision. The average
change can be obtained by calculating the average values of cos @, and cos 6. Since
the scattering inside the cloud is random,

(cos by) = 0. (1.5)

The average value of cos#; depends on the relative velocities between the cosmic
rays and clouds. It can be shown that

(cosby) = —pF/3. (1.6)
Thus the average fractional change in energy is given by
AE\ 1+1ip? 4,
= -1~ 1.
(F)-Tom =y D

since § < 1. Physically speaking, the process exhibits only a slight positive average
energy gain because the velocity of the clouds compared to the cosmic rays is very
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Figure 1.6: Schematic diagram of diffusive shock acceleration, where cosmic rays travel
back and forth across a shock front, each time being accelerated by head on collisions with
magnetised gas clouds. From [31].

small. This results in head-on collisions (energy gain) being only slightly more
frequent than tail-on collisions (energy loss) [31].

1.3.2 Diffusive Shock Acceleration

In diffusive shock acceleration magnetised clouds are present either side of an as-
trophysical shock (e.g. supernova shock). Cosmic rays are then accelerated back
and forth across the shock front by consecutive head-on collisions with the clouds
as shown in Figure 1.6. As there are only head on collisions this process is much
more efficient for gaining energy. In diffusive shock acceleration the fundamental
mechanism of scattering off gas clouds remains the same. Thus Equation 1.4 can
be applied. The only changes are the average values of cosf; and cos . These are
now

(cosby) = —2/3 and (cosfy) =2/3. (1.8)

Hence for diffusive shock acceleration

AE 1+ 368+ 552 4
= M —1~-4 (1.9)
Eq 1—p? 3
where the first order dependence on [ signifies the greater efficiency of the mecha-
nism.

1.4 Mass Composition
The term “mass composition” refers to what nuclei make up observed cosmic rays.

Since cosmic rays are primarily charged particles and are thus influenced by magnetic
fields during their acceleration/propagation, knowledge of their mass composition



1.4 Mass Composition 11

Nuclear abundance: cosmic rays compared to solar system
6
10 | | T T |

k

de

104 + Cosmicray —— -

Lio o)

Abundance relative to Carbon = 100
=)
(=]
|

Be | | | | |
0 5 10 15 20 25 30
Nuclear charge

Figure 1.7: Relative abundances of ordinary nuclei and cosmic rays in the solar system.
From [34].

can assist in deducing information about potential sources. At low energies, the flux
of cosmic rays is sufficiently high for satellite based experiments, such as the Alpha
Magnetic Spectrometer on the International Space Station [32] or the Calorimetric
Electron Telescope [33], to measure the composition of cosmic rays directly. Figure
1.7 shows the relative abundances of cosmic rays (from satellite data) and regular
nuclei in the solar system. The excess in cosmic rays of elements Li, Be, B and
Sc, Ti, V, Cr, Mn arises from spallation of heavier cosmic rays with the interstellar
medium [34, 35].

At higher energies the flux of cosmic rays is too low for direct detection to be
viable. Instead, observables from the aforementioned EASs are analysed to estimate
the properties of the original cosmic rays. The most common observable used to
estimate mass composition is the distribution of a quantity known as X,.x (see
Section 2.1). Figure 1.8 shows the means and standard deviations of the X, dis-
tributions measured by Auger as a function of energy. The different sets of points
represent different detection methods. These include fluorescence detection (HEAT
2019/FD), radio detection (AERA), and detection using ground based surface detec-
tors (SD). The SD result is particularly noteworthy as it extends the average X ax
measurements to the highest energies by applying machine learning techniques [36].
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Figure 1.8: X,,,x moments (left: mean, right: standard deviation) measured by different
detectors at Auger as presented at ICRC 2023. From [38].

Discussion on the various detection methods can be found in Section 2.2. The
measured data is plotted alongside expected values from simulations using different
hadronic models with either a purely proton or purely iron composition. This allows
one to quickly infer whether the measured composition is lighter (towards proton),
heavier (towards iron) or somewhere in-between at any particular energy. The anal-
ysis can be extended by assuming distributions of X ., for different primary groups
and then fitting the fractions each group contributes to the data in each energy bin.
The primary groups most commonly used are H, He, CNO and Fe.

The X,,.x moment measurements from TA are shown in comparison to the Auger
results in Figure 1.9. The two are mostly consistent with some discrepancy appearing
in the width of the X, distributions between 10'8% and 10! eV. This comparison
is performed by taking the mass composition (fractions for each primary group)
estimated by Auger in each energy bin and sending them through the TA detector
response [37]. Together, these results show that the average composition of cosmic
rays appears lighter at around 3 x 10'® eV and tends towards a heavier composition
at the highest energies.

1.5 Candidate Sources

Although firm conclusions as to what astrophysical objects accelerate UHECRS re-
main elusive, there are several constraints one can place on potential sources based
on observations/modelling assumptions. For example, if one assumes that diffu-
sive shock acceleration is the mechanism by which UHECRs are accelerated then
astrophysical shocks must be present at the acceleration site. A more general con-
dition is that a candidate source must be large enough to confine a UHECR during
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Figure 1.9: Mean (left) and standard deviation (right) measurements of the Xy, distri-
butions reported by TA (blue) compared to Auger data transferred into the TA detector,
i.e. “Auger Mix” (red). Results reported at ICRC 2023. From [37].

acceleration. Known as the “Hillas criterion”, this condition requires that the char-
acteristic size of a source R must be larger than the gyro-radius r, of the particle it
is accelerating. Mathematically,

P FE

7B R~ 7B (1.10)

R>r,=

where p and Z are the particles momentum and charge respectively, and B is the
magnetic field strength. In the last approximation p ~ E/c is used since the par-
ticles are relativistic. The above equation can be rearranged to give the maximum
attainable energy for a cosmic ray accelerated at a source with given R and B. This
gives rise to the standard “Hillas plot”, which shows the R and B values for different
possible sources, together with the values required to accelerate a proton/iron cos-
mic ray to a particular energy. An example is shown in Figure 1.10. Some sources
which satisfy the Hillas criterion for a 10?° eV proton include [27, 28]

» Active galactic nuclei (AGN) and their jets: AGN are compact regions in
the centres of galaxies which emit powerful jets and winds. They are powered
by supermassive black holes accreting matter from a surrounding accretion
disk. Depending on the specific properties of the AGN, cosmic rays may be
accelerated in/around the jets through shear or shock acceleration processes,
or in the magnetosphere of the black hole via electrostatic acceleration.

o Neutron stars: Neutron stars are the incredibly dense cores of collapsed
stars which have undergone a supernova explosion. The strong magnetic fields
(~ 10% G) around fast-spinning, magnetised neutron stars, also known as
magnetars, could generate the required electric fields to accelerate UHECRs.

« Gamma-ray bursts (GRBs): GRBs are extremely bright, short-lived flashes
of gamma-rays arising from either supernova explosions or the merger of com-
pact objects (neutron stars/black holes). The shocks generated in these ex-
plosions are possible acceleration sites for UHECRs.
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Figure 1.10: An updated version of the traditional Hillas plot, showing the size and
magnetic field strength of various astrophysical objects. The red (blue) lines show the
requirements for accelerating a proton (iron) nucleus to 10?°eV. From [27].

Further discussion on different candidate sources can be found in [39].

Other conditions such as the number density of sources, total energy injection,
universal maximum rigidity and extremely high energy events such as the Amaterasu
particle [40] must also be considered when proposing potential UHECR sources. A
recent theory put forward by Farrar [41] states that binary neutron star mergers
have the potential to meet each of these criterion, and that UHECRs are produced
as the end result of an r-process. At present, the theory appears to reasonably
satisfy all observational constraints. Additional multi-messenger observations and
measurements at the highest energies will be necessary to further test the theory.

1.6 Anisotropy

Deviations from isotropy in the arrival directions of cosmic rays is the most direct
method of determining their origins. This is made difficult however by interven-
ing galactic and extragalactic magnetic fields which deflect cosmic rays from their
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Figure 1.12: ICRC 2023 results of the flux map (left) and Li-Ma significance map (right)
of cosmic rays measured by Auger and TA with top-hat smoothing of radius ¢ = 25°. From
[26].

original trajectory by an amount proportional to their rigidity £/Z. Thus only by
focusing on the highest energy cosmic rays can “cosmic-ray astronomy”, where de-
tected events are traced back along their arrival direction to a particular source, be
performed.

Anisotropy studies at the highest energies are typically performed at large and
intermediate angular scales. At large scales the main structure of interest is a
dipole in cosmic ray arrival directions. Using both Auger and TA datasets to
cover the whole sky, the Auger-TA anisotropy working group has measured this
dipole in different energy bins as shown in Figure 1.11. The position and ampli-
tude of the dipole vary slightly with energy but in all cases the direction points
away from the galactic centre (exception being the highest energy bin where the
dipole is not statistically significant). For events with energies Ei2 = >1% FeV,

Auger
the dipole has an amplitude of 6.51% =+ 0.93% =+ 0.65% (first uncertainty is statisti-
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cal, second is due to energy calibration) and direction in equatorial coordinates of
(v, 0) = (97.1° £ 9.4° £ 0.1°, —35.7° £ 8.7° £ 7.8°) [42].

As for intermediate scale anisotropies, Auger reports an excess in the direction
of the Centaurus A region with significance 4.00 [43]. TA reports two excesses, one
in the direction of the Ursa Major constellation above F = 57 EeV and one in the
direction of the Perseus-Pisces supercluster above E = 1014 ¢eV. Both excesses have
estimated significances of 3.20 [44]. These excesses can be seen in Figure 1.12 which
shows the flux map and Li-Ma significance map for cosmic rays observed by Auger
and TA with energies E};, .. >33° EeV. Additionally, by comparing the combined
data set with the expected distributions from a catalogue of starburst galaxies, a
departure from isotropy with a significance of 4.60 has been measured [42]. As-
suming these hot-spots truly are regions of increased cosmic ray production, further
measurements from both Auger and TA, combined with those from new experiments
with increased exposures, will be necessary to bring the statistical significance above
the desired 5o level.



Chapter 2

Extensive Air Showers and
Detection Methods

At energies larger than approximately 10 eV, the flux of cosmic rays arriving at
earth reduces to ~ 1 particle/m?/yr. This makes direct detection methods via satel-
lites or balloon borne experiments, which typically utilise detecting areas of only
a few square metres, impractical for measuring a large number of events. Instead,
cosmic rays at these energies are observed indirectly by measuring the properties
of so-called “extensive air showers” (EASs). By comparing these measurements to
simulations, the energy, arrival direction and composition of the original or “pri-
mary” cosmic ray can be inferred [45]. This chapter gives an overview of extensive
air showers and the typical methods by which they are detected /measured.

2.1 Extensive Air Showers

A cosmic ray which enters Earth’s atmosphere will interact with an atmospheric
nucleus. This interaction sparks a cascade of particle production which may spawn
upwards of 10'! particles depending on the original cosmic ray’s energy [46]. Since
these particles originate from the interaction of a “primary” cosmic ray, they are
often referred to as “secondary particles”. It is this cascade of secondary particles
that is known as an extensive air shower.

The particles in an EAS are primarily concentrated around the “shower axis”,
defined as the path the primary cosmic ray would have travelled if it had not in-
teracted. The point where the shower axis intersects the ground is known as the
“shower core” and the angle of the shower axis with respect to the vertical is the
shower zenith angle, commonly labelled 6. The azimuthal direction of the shower
is labelled ¢ and is typically measured with respect to one of the four cardinal di-
rections. The plane perpendicular to the shower axis is the “shower plane”. The
secondary particle density at ground level is typically measured as a function of the
distance r between the shower axis and (projected) detector positions in the shower
plane. Angles in the shower plane are labelled { with ( = 0° defined to be beneath
the shower axis. Figure 2.1 shows the basic geometry of an EAS.

17
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Figure 2.1: Diagram of the geometry of an EAS. From [47].

The longitudinal development (or simply development) of a shower refers to
the number of particles generated as the shower moves through the atmosphere.
The number of particles generated is dependent on the density of the atmosphere,
hence the development is typically measured as a function of the amount of matter
traversed by the shower. This quantity is referred to as the atmospheric slant depth
(or just “slant depth”) and is given by the column density

X(d) = /0 o(1) dl (2.1)

where d is the distance along the shower trajectory as measured from the top of the
atmosphere and p is the density of air. The slant depth is most commonly measured
in gcm™2 units. The slant depth at which the shower reaches its maximum size,
measured as either the maximum number of secondary particles or the maximum
energy deposited by the secondary particles per unit slant depth, is known as X«
and is an important parameter for mass composition studies (see Section 1.4). The
process of estimating EAS parameters from data is called “reconstruction” and varies
between experiments. The core location (shower core), arrival direction (6 and ¢),
Xmax (or some other mass sensitive variable) and primary cosmic ray energy are the
six parameters typically reconstructed, allowing for measurements of the cosmic ray
energy spectrum, mass composition and anisotropy.

The particles produced in an extensive air shower can be separated into three
main components as illustrated in Figure 2.2. The hadronic component consists
primarily of charged/neutral pions and kaons. The decay of charged pions creates
muons and neutrinos, forming the muonic component, whilst the decay of neutral
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Figure 2.2: Schematic of the different components of an EAS and how they arise from
the initial interaction between a primary cosmic ray and air molecule. From [48].

pions into photons initiates the electromagnetic (EM) cascades which make up the
electromagnetic component. The basic theory behind EM and hadronic showers is
discussed below.

2.1.1 Electromagnetic Cascades

The theory of EM showers presented here was first developed by Heitler [49]. Al-
though the model is simple compared to more recent efforts (e.g. [50]), it correctly
predicts the fundamental features of EM shower development.

In Heitler’s model, electrons, positrons and photons repeatedly “split” into two
new particles after travelling a depth d = A\, In2 where ), is the radiation length
in the medium. For dry air A, = 37gcm™2. The “splitting” of e* is the emission
of a photon via Bremsstrahlung, whereas photons split via pair production. Both

interactions occur in the presence of an air nucleus and can be written as

N+eft > N+ef+y and N+y— N+et+e” (2.2)
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After a splitting the outgoing particles are assumed to each possess half the energy
of the parent particle. Particles continue to split until they reach a critical energy E¢
where the average collisional energy losses become greater than radiative losses. In
air ¢ ~ 85 MeV. The maximum number of particles during the shower development
Npax will be reached when all particles have energy E. Hence, for a shower initiated
by a single e or v with energy Ej, we have

Ey = E°Npax. (2.3)

The atmospheric depth at which Ny, is reached, X ..y, is given by the number of
splittings required to reach the critical energy n. multiplied by d. Since Ny, = 2",
n. =In[Ey/E¢] /In2 and thus

X o =nAIn2=\In[Ey/ES]. (2.4)
The v superscript indicates that this equation is only valid for purely electromagnetic

showers. Differentiating Equation 2.4 with respect to log;,(Ep) gives the elongation

rate
d X max

AN=—"7—
dlogyy Eo
The Heitler model’s predictions of a proportional relationship between primary

cosmic-ray energy and maximum shower size (Equation 2.3), as well as the elon-
gation rate of 85 gcm™2 have been verified by simulations and experiments [51].

= 2.3\, ~ 85gcm 2. (2.5)

2.1.2 Hadronic Cascades

A basic understanding of hadronic showers can be obtained by generalising the
Heitler model as done by Matthews [51]. Similar to electromagnetic cascades,
Matthews assumes that hadronic particles interact after traversing a fixed depth
Arln2 where \; &~ 120gcm™2 is the interaction length for pions in air. At each
interaction, two-thirds of the particle’s energy is converted to charged pions and the
remaining third to neutral pions. The neutral pions decay to photons, initiating EM
showers, whilst the charged pions continue to travel through the atmosphere and
interact. The charged pions stop interacting when they reach a critical energy of
ET . estimated as the energy at which the decay length of a charged pion becomes

c?

less than the distance to the next interaction point.

For a primary hadron with energy Ej, the number of charged pions produced
after n interactions is N; = (Ng,)" where Ny, is the multiplicity of charged pions
produced in the interaction. In his model Matthews takes N, = 10. The energy
per charged pion after n interactions is thus

(2.6)
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After n. interactions £, will fall below the critical energy E7. Strictly speaking, the
critical energy varies with Fj, since whether or not the distance to the next inter-
action point is greater than the decay length after n interactions depends on F., a
function of Ejy. For simplicity however, Matthews takes ET = 20 GeV. Upon reach-
ing the critical energy, all charged pions decay to muons, giving N,, = Ny max. As
in Equation 2.3, the primary energy Fy can be expressed as a sum of the maximum
shower size multiplied by the critical energy for each component,

Ey = E°Npax + ETN,, ~ 0.85GeV (N, + 24N,,) . (2.7)

Since physical detectors primarily detect the electrons/positrons from the EM com-
ponent, Np.x has been replaced with N,, the total number of e*, in the last ap-
proximation. In Matthews’ model, N, = Ny,ax/10. To calculate the depth of shower
maximum, Matthews considers the first generation of photon showers generated
from 7% decays. As the first interaction generates (1/2)Ng, neutral pions, which
then decay to N, photons, each photon will have an energy of Ey/(3Na,). Applying
Equation 2.4 to a shower with energy Ey/3Nq, and including an offset to account
for the depth of the first interaction, Matthews gives the following formula for the
Xmax Of proton generated hadronic showers,

X2 = (470 + 58 log, o[ Eo/PeV]) gem™. (2.8)

max

Although Equation 2.8 is a systematic underestimation of X,,., due to only consid-
ering the first generation of photon initiated EM cascades, the predicted elongation
rate of 58 gcm ™2 agrees closely with simulations [51].

2.2 Detection Methods

The three most common methods for detecting extensive air showers are surface
detector arrays, fluorescence detection and radio detection. The following section
gives a basic overview of each of these methods. See the attached references for
further details.

2.2.1 Surface Detector Arrays

One method for detecting EASs is by directly detecting the secondary particles of
a shower at ground level. This is typically achieved by arranging particle detectors
into an array on the ground. Such an array is referred to as a “surface detector
(SD) array”. Note that “SD” can be used to refer to the entire set of detectors
constituting an array, i.e. “the TA/Auger SD” or to individual detectors. The
number of detectors and area over which they are installed varies depending on what
region of the cosmic ray energy spectrum is being studied. This is due to the steeply
falling flux and increasing “size” of the showers (extent over which the secondary
particles are spread) with energy. At ~ 10'°eV, a few tens of detectors with spacing
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Figure 2.3: Left: Photo of the WCD used by Auger. Visible on top of the tank are the
solar panel used for generating power and the scintillator and radio detectors installed as
part of the recent AugerPrime upgrade [54]. Right: The scintillation detector used by TA.
The scintillators and PMTs are housed underneath a 1.2 mm thick iron roof which shields
the detector from the surrounding desert environment [24].

~ 100 m is sufficient, whereas cosmic rays with energies > 1085 eV require hundreds

of detectors spread over several hundred/thousands of square kilometres [23, 24, 52].

The particle detectors used are typically some form of water Cherenkov detector
(WCD) or scintillation detector. WCDs rely on the detection of Cherenkov radiation,
light emitted by charged particles travelling through a medium faster than the speed
of light in that medium. Charged secondary particles which penetrate the detector
and are travelling faster than ¢/nyater & 0.75¢ will produce Cherenokv light in the
water. This light is then collected by photomultiplier tubes (PMTs) and converted
into an electrical signal for analysis. WCDs have a known bias towards the detection
of muons. This is because typical muons in an EAS are sufficiently energetic to pass
through the entire volume of water whilst producing Cherenkov radiation. Electrons
meanwhile usually only penetrate a short distance into the water before losing all
their energy. Photons from an extensive air shower which penetrate the detector
can also be detected provided they undergo pair production and produce sufficiently
relativistic electrons [53].

Scintillation detectors rely on the property of scintillation, luminescence stim-
ulated by ionising radiation, to detect secondary particles. When secondary parti-
cles penetrate the detector and excite the scintillating material, light in the ultra-
violet /visible range of the electromagnetic spectrum is produced. This light is then
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collected and channelled to PMTs, often through wavelength shifting fibres which
adjust the wavelength of the emitted light to increase each PMT’s collection effi-
ciency. Scintillation detectors have an equal response to the muonic and electromag-
netic components of air showers. Photons are detectable if they pair-produce within
the scintillating medium [24, 54]. Photos of the WCD used by the Pierre Auger
Observatory and the scintillator detector used by the Telescope Array experiment
are shown in Figure 2.3. The Author is pictured beside each detector.

The fundamental method of extracting the primary cosmic ray parameters from
surface-detector-array data is the same regardless of the type of detector used. First,
a series of checks are performed to determine which detectors recorded signal. This
is usually achieved by looking for spatial and temporal coincidences of detectors
which observe signal above a given threshold. The timing information and particle
densities of each selected detector are then used to calculate the shower geometry, i.e.
arrival direction and core location. This defines the shower axis. The particle density
is then analysed as a function of the distance r from the shower axis. Typically some
empirical function, often referred to as a “lateral distribution function (LDF)”, is
fit to this data and interpolated to give the expected particle density at a fixed
distance. This value is then used in combination with the zenith angle of the shower
to estimate the energy of the primary cosmic ray. Figure 2.4 shows an example of
an event detected by the TA surface detector. This particular event is the second
most energetic cosmic ray ever detected, known as the “Amaterasu” particle [40].
Figure 2.5 shows the LDF fit to the signals from each triggered detector in the
event. The value labelled Sggg, in conjunction with the reconstructed zenith angle
0 = 38.6 + 0.4deg, was used to estimate the primary energy as 244 + 291“% EeV.
Details of the reconstruction procedures for the Auger and TA surface detectors can
be found in [55] and [56] respectively.

SD arrays have an up-time of nearly 100% and are relatively cheap to deploy at
scale. By themselves they traditionally struggle to accurately determine the mass
composition of measured cosmic rays, whether by inferring X,., or using other
observables such as the muon number. They also rely heavily on simulations to
relate the measured particle densities to the primary energy [57]. These relations
come from extrapolations of accelerator data at much lower interaction energies than
present in an EAS and vary depending on the hadronic interaction model used. A
hybrid setup (see Section 2.2.5) where FD measurements are used to calibrate the
energy scale of the SD array, reduces this hadronic model dependence.

The “resolution” of an SD array, or any other detection method/setup for that
matter, refers to the degree of precision with which the shower parameters can be
reconstructed. This is normally defined as the event-to-event statistical uncertainty:.
For SD arrays the resolution naturally depends on the spacing of detectors. The
standard Auger and TA SDs, with spacings of 1500 m and 1200 m respectively, have
resolutions of around 1° in arrival direction, ~ 100 m in core location and ~ 10% in
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Figure 2.4: Left: Map of the TA surface detector showing which detectors were triggered
by the Amaterasu particle event. The colours indicate the relative trigger timing of each
detector. The size of each circle represents the recorded signal. Right: Waveforms from
each triggered detector shown from earliest (top) to latest (bottom). The same colour
code as the left plot is used. From [40].
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triangles represent detectors with saturated signals. The value of Sggg is used to estimate
the primary energy. From [40].

energy [55, 56].

2.2.2 Fluorescence Detection

During the development of an EAS the atmosphere acts like a calorimeter whereby
the secondary particles deposit energy into the atmosphere by exciting atmospheric
nitrogen/oxygen molecules. When these molecules relax back to the ground state
they emit fluorescence light isotopically. The majority of light is emitted in the ul-
traviolet (UV)/visible region with wavelengths between 300 - 420 nm. The spectrum
of emitted wavelengths from nitrogen in dry air is shown in Figure 2.6. The total
number of fluorescence photons produced is proportional to the energy deposited
by the secondary particles. Thus by measuring the amount of fluorescence light the
energy of the primary cosmic ray can be determined.

Measurements of fluorescence light from EASs are performed using specially de-
signed fluorescence telescopes. Similar to SD arrays, the term “fluorescence detector
(FD)” can refer to either a collection of fluorescence telescopes operating together
to observe EASs or to individual telescopes. Although the design of fluorescence
telescopes vary, the general detection mechanism is the same. The fluorescence
light is focused (by way of a mirror or lens) onto a grid of PMTs. Since the grid of
PMTs form a sort of “camera”, each PMT is also referred to as a “pixel”. Before
arriving at the PMTs the light is passed through a UV filter to remove unwanted
background light. This filter may be placed at the telescope aperture, as is the case
for the Auger fluorescence telescopes, or just before each PMT’s surface as done
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Figure 2.6: Fluorescence spectrum of nitrogen in dry air. Measurements taken at 800
hPa and 293 K. From [58].

by TA. As the shower develops and the location of the bulk of the shower particles
approaches ground, the fluorescence light arriving at the camera will pass over sev-
eral pixels forming a “track”. This line of pixels defines the plane in which both
the shower axis and telescope lie, the shower detector plane (SDP). An example of
this is shown in Figure 2.7. The relative timing of the pulses in each pixel is then
used to determine the direction of the shower axis inside the SDP. Note that this
method of determining the shower geometry is for monocular reconstruction, that
is using only information from fluorescence telescopes from one location. It relies on
having a relatively large number of triggered pixels each with a small field of view.
If telescopes from two or more locations view the same shower it is known as stereo
observation. In this case the intersection of the shower planes determined at each
location define the shower axis. This method removes the need for a timing fit to
the triggered pixels, which can be degenerate for shorter tracks, and improves the
reconstruction of the geometrical parameters.

With the geometry of the shower known, the longitudinal profile of the shower
can be reconstructed. This profile describes the energy deposited into the atmo-
sphere per unit slant depth as a function of slant depth and is often modelled using
the Gaisser-Hillas (GH) function

Xmax*X()

dE dE X - Xy A KXmax — X
o (i), (k) () e
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Figure 2.7: Example of triggered pixels across an FD camera. This example comes from
the Auger fluorescence telescopes. The colours represent the timing of the pixel pulses,
with purple being the earliest and red the latest. The red line is the best-fit SDP projected
onto the camera. The grey pixels are triggered pixels which have been removed from the
reconstruction due to being too far away in angle or in time from the best-fit SDP. From
[59].

Here, X is the slant depth, Xy and A\ are fitted shape parameters, and X,,.. is
the slant depth at which the energy deposit per unit slant depth is a maximum,
i.e. (dFE/dX)max- Exactly how this profile is used to reconstruct X ., and primary
energy differs across experiments. For Auger the shower geometry and timing of
each PMT pulse is used to calculate the corresponding slant depth X for each pixel
directly. The associated dF/dX values are calculated based on the signal in each
pixel. A direct fit of Equation 2.9 is then performed giving X,,... Integrating the
fitted function gives the total calorimetric energy of the shower [58]. An example
of this is shown in Figure 2.8. On the other hand, TA uses an inverse Monte Carlo
method. The ratios between integrated PMT signals from data are compared to
those from simulations using various values of X, in Equation 2.9. The X«
value giving the best match is chosen. The calorimetric energy is estimated by the
ratio between the observed total signal and expected signal, assuming the expected
signal sums to unity [60]. An additional energy contribution from neutrinos and
muons which are not observed by the FD, known as the invisible energy, must be
added to the calorimetric energy to obtain the total energy of the shower [61]. The
fraction of Cherenkov light which is captured by the telescopes must also be carefully
accounted for to obtain an accurate reconstruction. Further details on the Auger
and TA FD reconstructions can be found in [58] and [60].

The primary strengths of the fluorescence detection technique are the near calori-
metric measurement of the shower energy and direct observation of X,,.,. However,
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Figure 2.8: Example from Auger of a fitted GH function to dE/dX measurements as a
function of slant depth. From [58].

fluorescence telescopes can only operate on clear moonless nights, bringing the duty-
cycle down to ~ 15% [23]. Cuts requiring X .y to be in the field of view of the tele-
scopes to ensure a reliable reconstruction further reduce statistics. Another hurdle
for fluorescence observation is the continuous monitoring of the atmosphere required
to accurately predict the fraction of light reaching the telescope and thus primary
cosmic-ray energy. In particular, not accounting for the attenuation of fluorescence
light by atmospheric aerosols can induce biases in the energy reconstruction by 8 -
25% [62]. For FD events observed in conjunction with a companion SD, allowing for
improved geometrical reconstruction, resolutions in the shower parameters of 0.6° in
arrival direction, 50 m in core location, < 10% in energy and 20 - 30 gcm ™2 in X ayx
can be achieved [58, 63].

2.2.3 Radio Detection

The pulsed radio emission from extensive air showers was first identified in the 1960s
and arises from the acceleration of secondary electrons/positrons. The primary
emission mechanism is the acceleration due to the geomagnetic field. In particular,
the electrons and positrons “drift” in opposite directions as governed by the Lorentz
force

F=q0xB (2.10)

where ¢ is the particle charge, U the particle velocity and B the magnetic field. The
drift direction is perpendicular to the shower axis for particles travelling parallel
with the shower axis. Thus these currents are known as “transverse currents”. The
mechanism is illustrated in the left panel of Figure 2.9. The time variation of these
transverse currents, which arise as the total number of particles in the shower varies,
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Figure 2.9: Illustrations of the two primary mechanisms of radio emission from extensive
air showers. Left: Geomagnetic emission coming from time-varying transverse currents.
Right: Negative charge excess from accumulated electrons. Adapted from [63].

generates the radio emission [63].

The other primary mechanism is a charge anisotropy built up over the course
of the shower development. Specifically, some positrons will annihilate with the
electrons of air atoms producing photons. These photons may then ionise other
air atoms, from which the stray electrons will be swept up in the particle front.
This generates a negative charge excess of roughly 20%. Once again it is the time
variation of this charge excess as the shower develops which produces the radio signal
(63, 64]. This effect is also known as the Askaryan effect and is illustrated in the
right panel of Figure 2.9.

For radio data, the arrival direction and core location can be estimated using the
arrival times and amplitudes respectively of the radio signal in triggered detectors.
An LDF can then be fit to the amplitudes and, similar to SD array reconstructions,
the shower energy determined using the estimated radio amplitude at a predeter-
mined distance. This estimate is a calorimetric measurement of the energy contained
within the electromagnetic component of the shower. This is because the amplitude
of the radio signal is proportional to the number of electrons/positrons in the cas-
cade, which is itself proportional to the energy of the shower. Furthermore, the
radio emission from air showers is mostly coherent, meaning the intensity of the
radio signal scales quadratically with the shower energy. X.. can be estimated
based on the shape of the radio footprint at ground, specifically the slope of the
radio LDF, which varies based on the geometrical distance to the shower maximum
[63]. The radio experiment LOFAR has “combined” the above methods by develop-
ing a non-rotationally symmetric LDF with six free parameters. These parameters
can be used to estimate each of the above shower parameters [65].



30 Extensive Air Showers and Detection Methods

Downsides to the radio detection method include difficulty in self-triggering due
to anthropogenic noise, a zenith and azimuth dependent detection threshold and
the relatively dense detector spacing required. Conversely, radio detection is very
economical, with individual detectors being ~1000 USD, and has a duty-cycle of
almost 100%, with only thunderstorms causing down time. Other advantages include
negligible absorption of the radio emission by the atmosphere, meaning consistent
atmospheric monitoring is not necessary, and the calorimetric measurement of the
shower energy. The resolutions of current radio detectors are on the order of 0.5° in
arrival direction, ~ 15% in energy and ~ 50 gcm™2 in X ax [66].

2.2.4 Secondary Particle Detection with CCDs

Although not directly related to the observation of UHECRs, a recent paper, of
which the Author was a co-author [67], highlights a new method for detecting low
energy EASs - the direct detection of secondary particles using charge-coupled de-
vices (CCDs). The serendipitous observations were made with the Subaru Hyper
Suprime-Cam (Subaru HSC). Subaru HSC is an optical/infrared telescope located
atop Maunakea in Hawaii which typically observes stars, galaxies and other astro-
nomical objects. During standard analysis, several images taken by the telescope
were found to contain a greater than usual number of background “tracks”; im-
prints left by charged particles penetrating the CCD depletion layer. Such tracks
are generally treated as unwanted noise and are removed. However for these images
the tracks were found to be of similar directions and lengths, indicating a common
source for the particles, i.e. a cosmic ray induced EAS. An example of one such
image is shown in Figure 2.10. Although unlikely to become a stand-alone method
of EAS observation, pairing similar CCD setups with low-cost ground arrays could
allow for detailed studies of secondary particles and their interactions.

2.2.5 Hybrid Detection

Using two or more methods for observing the same EAS is known as hybrid observa-
tion. Hybrid observation is the most effective way of observing air showers, since the
strengths/weaknesses of each detection method are typically complementary. Both
Auger and TA employ hybrid observation, using the calorimetric measurements of
the shower energy taken with their respective FD to calibrate the energy measure-
ments from their respective SD. Event-by-event reconstructions are also improved,
for example when using the timing information from an SD to improve FD monocular
reconstruction. The recent upgrade to the Pierre Auger Observatory, AugerPrime
[54], and the plans for future experiments such as GCOS (Section 2.3.6), show a
push for future cosmic-ray observatories to utilise all the detection methods at their
disposal to extract as much information as possible from each individual cosmic ray
event.



2.3 Cosmic Ray Experiments 31

Figure 2.10: Example of a cosmic-ray extensive air shower recorded by a CCD of Subaru
Hyper Suprime-Cam. The high density of aligned tracks, indicative of an EAS, is clearly
visible in the upper right portion of the image. From [67].

2.3 Cosmic Ray Experiments

This section provides some examples of past, current and planned UHECR experi-
ments.

2.3.1 Volcano Ranch

Headed by American physicist John Linsley, the Volcano Ranch experiment was
located near Albuquerque, New Mexico and operated between 1959 and 1978. The
experiment consisted of an array of 19 3.3 m? plastic scintillation detectors spread
over an area of 8.1km? [68]. In 1962 Volcano Ranch became the first experiment
to measure a cosmic ray above 10%° eV in energy. The particle densities measured
by each detector and estimated core position of the event are shown in Figure 2.11
[69]. The observations made at Volcano Ranch were the first to suggest that some
cosmic rays might originate outside the galaxy [70].

2.3.2 Akeno Giant Air Shower Array

The Akeno Giant Air Shower Array (AGASA) was located 100 km west of Tokyo
in Akeno, Japan. Operated between 1990 and 2004, the array consisted of 111
scintillation detectors each with an area of 2.2m? spread over ~ 100km?2. Muon
detectors were also installed at 27 stations for the purpose of measuring the mass
composition [71, 72]. AGASA was the first experiment with an aperture large enough
to probe the GZK region, measuring about 1000 events above an energy of 1019 eV.
Initial results surprisingly found no evidence of the predicted cutoff, however a re-
analysis of the data reduced the overall energy scale and brought the results in line



32 Extensive Air Showers and Detection Methods

[ 17

@®o

v

8o

KILOMETERS

Figure 2.11: Detector locations and measured signals for the 10%° eV event detected by
the Volcano Ranch experiment. From [69].

with other experiments. The mass composition measured with the muon detectors
was consistent with the heavy to light transition between 2 x 10" and 2 x 10 eV
observed by Fly’s Eye/HiRes (see following section). No anisotropy was observed
in the directions of the highest energy events, excluding galactic source models [72,
73].

2.3.3 Fly’s Eye and HiRes

The Fly’s Eye experiment and it’s subsequent upgrade HiRes were the first large
scale experiments to use the fluorescence detection technique for measuring EASs.
Operated between 1982 and 1992, the original Fly’s eye was located in Dugway, Utah
and consisted of two stations, Fly’s Eye I and Fly’s Eye II, separated by 3.3km. At
each site, spherical mirrors with 12 ~ 14 PMTs located at their focal plane were
positioned so as to image the night sky. The field of view (FOV) of each PMT was
roughly 5° x 5°. Each mirror unit was housed in a motorised, corrugated steel pipe
which could be tilted down during the day to avoid exposure to the elements. A
total of 67 units were located at Fly’s Eye I and 36 units at Fly’s Eye IT [74].

Analysis of events observed in stereo using both Fly’s Eye I and II showed a clear
break in the cosmic ray spectrum around 3 EeV (the ankle). Mass composition re-
sults indicated a predominately heavy composition around 0.1 EeV, becoming lighter
with energy up to ~ 10 EeV. Fly’s eye also detected the highest energy cosmic ray
event ever recorded with an energy of 320 EeV [75]. An aerial shot of Fly’s Eye I is
shown in Figure 2.12
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Figure 2.12: A photo of Fly’s Eye 1. From [76].

The High Resolution Fly’s Eye experiment or HiRes was a significant upgrade
of the original Fly’s Eye. Once again two stations (HiResl and HiResII) were built,
this time 12.6 km apart. HiResI (II) operated between 1997 (1999) and 2006. The
increased exposure and resolution afforded by the larger scale of the experiment,
combined with new electronics and a reduced FOV for each pixel of ~ 1°x1°, allowed
HiRes to confirm the presence of the GZK cutoff at the 50 level. Composition
measurements with improved X, resolution confirmed the light to heavy transition
seen by Fly’s Eye [73].

2.3.4 The Pierre Auger Observatory

The Pierre Auger Observatory is the largest cosmic ray experiment currently in
operation. Completed in 2008, the observatory is located in Malargiie, Argentina
and utilises both fluorescence telescopes and ground based particle detectors to
measure EASs. The base ground array consists of 1660 WCDs spaced by 1500 m.
The detectors are spread over ~ 3000 km?. Two “infill arrays” with detector spacings
of 750 m and 433 m are located inside the base array. These are used to extend the
energy threshold down to 107 eV. A recent upgrade to the observatory known as
“Auger Prime” has seen the addition of both scintillator detectors and radio antennas
on top of every WCD. The upgrade seeks to enhance the ability of the ground array
to determine the primary mass composition by extracting additional /complementary
information from each individual shower [23, 54].

The ground array is overlooked by 27 fluorescence telescopes spread across four
sites. Each telescope covers a 30° x 30° FOV and consists of a UV filter, 10 m?
spherical mirror and 440 pixel camera. Three of these telescopes, known as the
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Figure 2.13: Left: Map of the Pierre Auger Observatory. Fach black dot shows the
location of a WCD station. The FOV of each fluorescence telescope is shown by blue lines
(red for HEAT). From [77]. Right: Schematic of the fluorescence telescopes used by Auger.
From [58].

High Elevation Angle Telescopes or HEAT, have the ability to be tilted up to 29° in
elevation for the purpose of measuring lower energy showers which develop higher
up in the atmosphere (smaller Xy,..) [23]. Figure 2.13 shows the layout of the
experiment and the design of the fluorescence telescopes. Results regarding the
cosmic ray energy spectrum, anisotropy and mass composition from Auger can be
found in Chapter 1.

2.3.5 The Telescope Array Experiment

The Telescope Array experiment is currently the largest cosmic ray observatory in
the northern hemisphere. Like Auger, TA uses a hybrid approach for the detection
of EASs, with full hybrid operation since 2008. The TA ground array consists of 507
plastic scintillator detectors. These detectors are spaced by 1200 m and spread over
an area of ~ 700 km?. Each scintillator consists of two 12 mm layers of scintillating
material with 1 mm of stainless steel in between. The addition of the “TALE” and
“TALE-infill” arrays, which possess graded detector spacings from 600 m down to
100 m, allow for the observation of cosmic rays with energies down to 105 eV [24,
52, 78].

Looking over the ground array are 38 fluorescence telescopes spread over three
sites. Each telescope has a FOV of 15° in elevation and 18° in azimuth and consists
of a 6.8m? spherical mirror focusing light onto a 256 pixel camera. The FOV of
each individual PMT is approximately 1° [25]. Figure 2.14 shows a map of TA and
a photo of the fluorescence telescopes at the Black Rock Mesa (BRM) site. TA is
currently undergoing an expansion known as TA x4. Upon completion, the upgrade
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Figure 2.14: Left: Map of the Telescope Array experiment. The squares show the
location of each scintillator detector and the triangles show the FD locations. From [24].
Right: Photo of the TA FD at Black Rock Mesa. From [25].

will see the detection area of TA increased to ~ 2800km?, comparable to that of
Auger [79]. Recent results from TA can be found in Chapter 1.

2.3.6 The Global Cosmic Ray Observatory

The Global Cosmic Ray Observatory (GCOS) is a planned future cosmic ray obser-
vatory. The effective area of GCOS is intended to be an order of magnitude larger
than current experiments. Sites in both the northern and southern hemisphere are
envisioned so as to provide full sky coverage. Although the type of detectors to be
used are still under consideration, the success of the Auger and TA experiments over
the last two decades supports the hybrid approach to EAS observation. Indeed, one
option for GCOS is to simply expand the size of the existing arrays. The benefits
of such an approach are that the technology is already proven and existing infras-
tructure can be utilised [80, 81]. However, a ten fold increase in size using current
designs is likely financially impractical. As such cost-effective alternatives are being
considered. For fluorescence detection, detector designs include FAST and the Cos-
mic Ray Air Fluorescence Fresnel lens Telescope (CRAFFT) [82]. A layered/nested
water Cherenkov detector design, which has shown promising capabilities in mass
discrimination, is being considered for the ground array, with the potential addition
of radio antennas on top of each station [81].

Importantly, any proposed design will need to meet strict observational require-
ments such that the main science objective, uncovering the origin of the highest
energy cosmic rays, can be satisfied. These include an angular resolution < 1°, an
energy resolution of < 10% and ability to identify the mass of the primary particle.
For X .« observations this translates to a resolution < 30 gcm™2. The beginning of
construction for GCOS is targeted for the 2030s [81].






Chapter 3

The Fluorescence detector Array
of Single-pixel Telescopes

The last two decades have seen remarkable progress in our understanding of UHE-
CRs, in large part due to the efforts and collaboration of Auger and TA. However,
the origins of UHECRs and the physical mechanisms by which they are produced
still remain unestablished. Further insights will require greater statistics above
~ 101 eV, where deflections to particle trajectories from intervening galactic and
extra-galactic magnetic fields are minimal, allowing for cosmic-ray astronomy. To
achieve this future observatories will need detecting areas larger than those of current
experiments by at least one order of magnitude. The Fluorescence detector Array of
Single-pixel Telescopes (FAST) is one such next-generation experiment. FAST aims
to utilise low-cost, easily deployable, autonomous fluorescence telescopes to observe
EASs over an area of ~ 60,000km?. Currently, there are four prototype FAST
telescopes in operation, three at TA and one at Auger. The following chapter pro-
vides an overview of the history, development, current status and future prospects
of FAST.

3.1 Conception and Early Tests

The initial conception of FAST can be traced back to presentations in late 2011
and early 2012 given by Prof. Paolo Privitera. In his presentation at the 2012
International Symposium on Future Directions in UHECR physics [83], Privitera
put forward an idea for a then future experiment focusing on measuring cosmic
rays above 10Y° eV with unprecedented statistics and with the ability to measure
mass composition (e.g. Xpax). He proposed a large ground array of simplified
fluorescence detectors, each consisting of a simple 1 m?, 30° x 30° FOV Fresnel lens,
followed by a filter and single PMT (hence the name “FAST”). A basic schematic of
this early design is shown in Figure 3.1. A set of 12 detectors arranged to give full
360° coverage in azimuth would form a single “station”. Note the term “Eye” will
also be used when referring to a collection of FAST telescopes at a single location,
regardless of the number. With this design, ~ 170 stations spaced by 20 km could
cover an area of ~ 60,000km? for a fraction of what it would cost to scale up the

37
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Figure 3.1: An early schematic design for a simplified, low-cost fluorescence detection
system. From [83].

existing Auger or TA FDs to an equivalent area.

The concept was tested in 2014 when a single 200 mm PMT (R5912-03, Hama-
matsu) was installed in the JEM-EUSO prototype telescope at TA (EUSO-TA tele-
scope) [84, 85]. The EUSO-TA telescope consists of two planar 1 m? Fresnel lenses
giving a light collecting area of ~ 1m? and a circular FOV of radius ~ 7°. This
made for a suitable test environment. Over the 83 hr of operation time, a total of
16 shower candidates were detected in coincidence with TA, along with laser shots
which were used to calibrate the timing between the two experiments. Later com-
parisons between simulations and the measured laser shots/showers showed good
agreement, validating the basic design [86].

In addition to on-site tests, preliminary investigations into the expected perfor-
mance for a FAST array were also performed around this time. By using a modified
version of the Auger Offline software (see Section 3.5.1), simulations of the response
of a triangular arrangement of three FAST stations to proton and iron showers were
analysed. These showers were generated using the CORSIKA simulation software
[46]. The reference telescope design consisted of a 1 m? light collecting area, mirror,
filter and four PMTs. Compared to the original concept, the Fresnel lens approach
was dropped in favour of a mirror due to technological constraints [87]. The ad-
ditional PMTs were added to achieve a lower energy threshold and improved effi-
ciency/resolution at lower energies, enabling better comparison between FAST and
current generation FDs. These benefits, together with the improved accuracy and
precision expected in the reconstruction, were deemed to outweigh the additional
expense.

The simulated showers were reconstructed via the Auger method of calculating
the energy deposited as a function of slant depth and fitting a Gaisser-Hillas profile
(see Section 2.2.2). The shower geometry was taken from the simulated values
smeared by 1° in arrival direction and 100 m in core position, emulating the typical
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Figure 3.2: Early FAST reconstruction of a 105 eV simulated shower. Left: Layout

of the FAST stations in the simulation (separation=20km). The red dot marks the core
location of the shower. Right: Reconstructed energy deposit profiles for two stations. The
blue line shows the simulated profile. The red line shows the reconstructed profile, with
the shaded region indicating the uncertainty in the fit. From [86].

resolution of a surface detector (see Section 4.1.4 for an explanation of smearing). An
example of a simulated 10 eV event and its reconstruction is shown in Figure 3.2.
Each data point (black) represents an individual time bin of the summed PMT traces
for that telescope (as opposed to individual pixels). The reconstruction efficiency,
energy resolution and X, resolution derived from these simulations is shown as a
function of energy in Figure 3.3. At the target energy of 10*°° eV the reconstruction
efficiency was almost 100% whilst the energy and X,,., resolutions are ~ 10% and
~ 34 gcm™? respectively. Further details on these simulations and event selection
criteria can be found in [86]. Overall, these early tests demonstrated the viability of
the FAST concept and encouraged the development of the first full-scale prototype
telescopes.

3.2 First Prototype Telescopes

In October 2016, the first full-scale FAST prototype telescope was installed at the
BRM site of TA. Two additional telescopes followed in September 2017 and October



40 The Fluorescence detector Array of Single-pixel Telescopes

T s s B

Efficiency

...........................................................................................................................................

186 188 19 192 194 196
log(E(eV))

25

20
15
10

IIHlIIIIEIIIl‘IIIIlIII]
[
/
[

Energy Resolution [ %]

. i e i = i - I - I - oy o i - 1
18 182 184 18.6 188 19 192 194 19.6
log(E(eV))

é’ 100:_ _______ @_“H ................. ................. ......................................
e sl L
R B A
g . B "o
S aF s -

é 20 :_—E—Iron- ................. ................. . ................. .................
Wt . L i i | |

. H : , H ; . ; H ! , ; ] ) . ' i ) ’ ' . - , . ; . . H ; ’ | H
18 182 184 186 18.8 19 19.2 194 19.6
log(E(eV))
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Figure 3.4: (a) FAST prototype telescopes at BRM (FASTQTA). From [88]. (b) Over-
head view of the FAST@TA telescopes, showing the collective field of view and telescope
labelling. From [89]. (c) FAST prototype telescopes at LL (FAST@Auger). From [88].
(d) Same as (b) but for FAST@Auger.

2018. Combined, the three telescopes cover 30° in elevation and 90° in azimuth,
all of which is contained in the FOV of the TA fluorescence telescopes at BRM.
In April 2019 and June 2022, prototypes of the same design were deployed at the
Los Leones (LL) site of Auger, overlooking the FOV of two of the Auger telescopes.
Figure 3.4 shows front on and overhead views of each set of telescopes, along with
the naming/telescope labelling conventions used. The three prototypes at TA are
labelled “FAST 1/2/3” and are collectively referred to as “FASTQTA”. “FAST 4/5”
refer to the two prototypes at Auger, together forming “FAST@Auger”. Due to
missing the required electronics FAST 5 has yet to take data, and so “FAST@Auger”
will refer to just FAST 4. These naming conventions will be used throughout this
thesis.

3.2.1 Telescope Design

The first full-scale FAST prototype telescopes follow a lensless Schmidt type optical
design, utilizing a 1.6 m diameter spherical mirror focusing light onto a camera box
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Figure 3.5: Left: Schematic design of the first full-scale FAST prototype with a 9-segment
spherical mirror and four photomultiplier tubes. Right: Dimensions of the prototype
mirror/aperture/camera box system. D,, D,, and D; represent the diameters of the
aperture, mirror and camera box respectively, with [ the mirror-aperture distance. From

[89).

containing four 200 mm PMTs arranged in a 2 x 2 grid. An octagonal aperture of
height 1.24m is located 1 m from the centre of the mirror. After accounting for the
camera shadow, the telescope has an effective area of 1m? and a 30° x 30° FOV,
meeting the original design goals [89]. Figure 3.5 shows a schematic of the telescope
and a side on view with dimensions annotated. As shown in the schematic, the
spherical mirror is made up of nine segments, one central circular mirror and eight
side mirrors or “petals”. Whilst a single mirror would have been ideal, the segmented
design was chosen due to being technologically simpler and less expensive to pro-
duce [87]. The mirrors are produced at the Joint Laboratory of Optics of Palacky
University and the Institute of Physics of the Academy of Sciences of the Czech
Republic using a borosilicate glass substrate. Vacuum coated layers of Al and SiOq
make up the reflective surface. The reflectivity of the mirror over the fluorescence
wavelength range is shown in Figure 3.6a together with the transmittance of the
UV filter and overall spectral efficiency. The filter blocks photons with wavelengths
> 400 nm. It also serves to protect against dust and aerosols [89].

The support structure of the telescope, which can be seen in Figure 3.5, is made
of commercially available, light weight aluminium profiles. The mirror is mounted
on a stand which can be adjusted to discrete elevation angles (0°, 15°, 30° and 45°
above the horizon) and contains mounts for each of the nine mirrors, each with two
degrees of freedom. This allows each segment to be accurately aligned. The camera
box and filter are mounted on a support structure connected to the perimeter of the
mirror. Four flat side mirrors are attached to the edges of the camera box to reflect
light that would be lost back into the PMTs. A cover is then wrapped around
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the entire support structure/mirror and attached to the edges of the filter. This
prevents light from outside the telescope FOV entering the optical system whilst
also protecting it from the surrounding environment [89]. The telescopes are housed
in individual huts designed to withstand the harsh desert conditions and protect the
telescope during daylight hours. Each hut is equipped with a shutter which can be
opened and closed remotely.

3.2.2 Optical Performance

A standard measure for the quality of an optical system is the point-spread-function
(PSF). This function describes how light from a point source is blurred after passing
through an optical system. For the finely grained cameras used by Auger and TA, the
size or angular spread of the PSF is typically constrained to be roughly the same as
the FOV of a single pixel &~ 1—1.5° [25, 58]. This prevents light from a “single-point”
in the shower being spread over multiple pixels, which would negatively impact the
reconstruction resolution. For FAST however, the coarse 2 x 2 layout and 200 mm
diameter of the PMTs allows for more leniency in the size and shape of the PSF.

Figure 3.7 shows a comparison of the PSF of the FAST optical system as calcu-
lated from ray tracing simulations (top) and as measured in-situ at FAST 2 (bot-
tom). Note the scale of the axes matches the dimensions of the PMTs. The ray
tracing simulation was performed with the Zemax software package! using colli-
mated beams incident on the aperture at on-axis, 7° and 11° angles. In line with
the prototype design, the image plane in the simulations has been moved 25 mm
closer to the mirror (relative to the focal surface). This is a design choice made
to ensure that light focused towards the dead-space between all four PMTs from
on-axis beams is not completely lost. A Tyvec diffusing material has been applied
to the camera box surface in this space to further reduce lost signal. The on-site
measurements were performed by imaging a point-like light source placed ~ 150 m
from the telescope onto a flat screen in front of the camera box. The overall size
and shape of the PSF agrees well between simulations and measurements, verifying
the optical system’s performance. The “star” shape of the PSF is caused by the
octagonal aperture, whilst the additional structure seen in the measured PSF is the
result of a chain link fence located between the telescope and light source [89].

The directional efficiency of the prototype design, i.e. how the optical system
responds to light incident on the telescope from different angles, has also been mea-
sured, in this case with a full, wavelength-independent ray tracing simulation of the
telescope. The results are shown in Figure 3.6b. For a given elevation and azimuthal
angle, measured with respect to the mirrors optical axis, a fixed number of parallel
light rays were set incident on the telescope aperture and traced through the optical
system. The total number of photons collected by the PMTs divided by the original

Thttps://www.ansys.com/products/optics/ansys-zemax-opticstudio
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Figure 3.6: (a) Spectral efficiency of the mirror, filter and combined optical system for
the first generation FAST prototypes. (b) Wavelength-independent directional efficiency
of the prototype telescope. From [89].
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Figure 3.7: PSF of the FAST telescopes. Top: Simulation results using dedicated ray
tracing software. Bottom: In-situ measurements performed at FAST 2. From [89].

number of incident photons gave the collection efficiency for that particular com-
bination of elevation and azimuth. The simulation includes all the elements of the
telescope previously introduced, including the segmented spherical mirror, telescope
support structure, filter, camera box with side mirrors and diffusing material, and
the four PMTs [89]. Fresnel losses which occur at the air-glass interface of the PMT
surfaces and the spatially dependent collection efficiency of the PMTs, measured at
Chiba University [90], are also accounted for. The spatial dependence in particu-
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Figure 3.8: Schematic of the electronics chain for a single FAST PMT. From [89)].

lar gives rise to the “cold spots” (regions of lower efficiency) on the edges of each
circular region seen in Figure 3.6b. Further information on the spatial dependence
including updated in-situ measurements can be found in Section 7.5.

3.2.3 Electronics and Data Acquisition

To convert the fluorescence light from air showers to a digital signal which can be
analysed, the first generation FAST prototypes utilise the electronics chain shown in
Figure 3.8. The telescope camera contains four R5912-03 Hamamatsu PMTs, each
connected to an E7694-01 Hamamatsu base supplied by a high voltage module.
Low frequency noise is removed from the PMT signals by a 15 MHz low-pass filter.
The signals are then amplified by a factor of 50 before being digitised by a 50 MHz
FADC (Flash Analogue to Digital Converter). The FADC is housed in a VME crate
alongside a GPS module for recording time-stamps and a single-board PC which
runs the data-acquisition (DAQ) software. Details on the model components can be
found in [89]. The FASTQTA and FAST@Auger installations derive their power and
internet connections from the existing infrastructure at TA and Auger respectively.

During standard operation, the FAST telescopes receive external triggers (sig-
nals to record data) from the FD of their associated companion experiment. For
FAST@QTA, this means receiving a signal from the BRM FD station (sent via a BNC
cable connected between the two buildings) whenever 5 adjacent pixels detect sig-
nals above a certain threshold within a 12.8 us window [89]. For FAST@Auger, an
external trigger is formed when bay 4 of the Los Leones FD passes the Auger second
level trigger condition, which similarly searches for adjacent pixels passing a dynam-
ically set threshold [58]. Both FASTQTA and FAST@Auger have the capacity to
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Figure 3.9: Left: Impact parameter as a function of energy for the single-hit PMT (red)
and multi-hit PMT (blue) events found in the signal search from [91]. The open circles
show the candidate TA events. Right: Same as the left plot but for the time-average
brightness. From [91].

trigger independently, however the current trigger algorithm, which simply checks
for the number of FADC counts to be above a set threshold, is not sophisticated
enough to efficiently select air-shower-candidate events.

3.2.4 Air Shower Measurements

Since 2016, the first generation of FAST prototypes have collected roughly 4000 hrs
of data; ~ 750 hr from FASTQTA and ~ 3250 hr from FAST@Auger. Despite its
later installation, FAST@Auger has more than four times the number of observation
hours due to a dedicated shift schedule and being operational during the COVID-
19 pandemic. In [91], a search for air-shower events in the FASTQTA data set
constituting approximately 224 hrs of data found 179 significant events, with 59
events having more than one PMT with significant signal. The impact parameter
R, (distance of closest approach of the shower) and time-average brightness of these
events, as measured by TA, are shown as functions of energy in Figure 3.9. For
a given energy, there is expected to be a maximum distance up to which FAST
can detect showers. By inspection of the R,/energy plot, it appears that FAST
may be able to detect showers up to ~ 20km at 30 EeV. The PMT traces for the
highest energy shower amongst the detected events are shown in Figure 3.10. The
y-axis shows the number of photoelectrons (p.e.) per 100ns. The event had a TA
reconstructed energy of 19 EeV, X ..~ 850 gcm™2 and 0 ~ 55°. These signal search
findings are summarised here to give context to the new results presented in Chapter
7.

In total, the cost for the first-generation prototypes came to ~ 25k USD /telescope.
Although the newer and cheaper second-generation of prototypes will soon be de-
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Figure 3.10: PMT traces of the 19 EeV event recorded by FAST 1 and 2 on May 15"
2018. From [59].

ployed, all FAST data collected thus far has been with the first-generation proto-
types. Furthermore, these prototypes are expected to continue operation for several
years to come. Therefore, an accurate understanding of their capabilities is critical
for reconstruction/analysis and evaluating the performance of FAST thus far.

3.3 Second Generation Prototypes

Two second-generation FAST prototypes are scheduled to be installed at Auger
in late 2025. These prototypes are cheaper, easier to manufacture and more au-
tonomous, all of which are crucial for the large-scale deployment of FAST. As they
are designed to deployed “in the field”, without the need for existing infrastructure,
these telescopes have been labelled “FAST-Field telescopes”. Figure 3.11 shows
photos of the updated design. Key differences from the first full-scale prototypes
are the enclosure, telescope design and electronics.

The enclosures for the second generation telescopes are far more compact then
the huts used at FASTQTA, with two enclosures able to fit inside a standard size
shipping container. They are autonomous in that the required power for the elec-
tronics systems is provided by a set of solar panels and battery. Sensors for wind,
rain and atmospheric monitoring are installed on the roof of the enclosure. The
telescope aperture and UV filter have been integrated into the side of the enclo-
sure. This means the telescope and electronic components are never exposed to the
outside conditions. A rolling shutter is installed above the filter which is lowered
for protection during daylight hours. The enclosure is also water/moisture proof,
thermally insulated, and contains a safety curtain located between the mirror and
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Figure 3.11: Left: Outside view of the FAST-Field telescope enclosure. The housing
for the rolling shutter is visible above the filter. Middle: Schematic of the new telescope
design with just four mirror segments. Right: Photo of the telescope inside the enclosure
with fail-safe curtain. From [92].

camera box. This acts as a fail safe in the event of a power failure where the shutter
may not be able to be closed.

As for the telescope itself, the new design consists of a mirror with just four
segments, each produced through the “hot slumping” technique. The polishing
and grinding processes previously applied to the mirrors are now skipped as the
considerable time and labour costs they add to the manufacturing process were
found to only marginally improve the optical systems response. The mirrors are
now supported by a much simpler support structure. Finally, the new electronics
are designed to support an entire station of FAST telescopes and consume less power.
The total cost for a single FAST-Field telescope is

3.4 Calibration and Atmospheric Monitoring

Accurate reconstruction of an EAS’s properties requires each component of the flu-
orescence detection setup to be properly calibrated and maintained. Degradation of
the optical components, gain variance of the PMTs and changes in the atmosphere
and night-sky backbround (NSB) can all impact the amount of signal detected.

3.4.1 PMT Calibration

To accurately estimate the number of photo-electrons incident on the detector, and
hence the properties of detected air showers, each PMT must be correctly cali-
brated. The absolute calibration of the FAST PMTs is performed at the University
of Chicago. This involves measuring the detection efficiency, differential linearity
and gain as a function of high-voltage for each PMT [89]. Once deployed, changes
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in the gain of a subset of the PMTs due to variations in temperature are moni-
tored using a yttrium-aluminium-perovskite (YAP) pulser. This pulser emits UV
photons with a peak wavelength of 370 nm and a 20ns FWHM pulse width at a
rate of ~ 50Hz. During data taking and at the beginning and end of each run,
measurements of the signal received from the YAP pulser are taken using a high-
threshold trigger. By integrating the YAP signal and comparing the results with
temperature measurements, the temperature dependence of the PMT gain can be
determined. Using measurements taken at FAST@QTA over a one year period, where
the telescopes were exposed to the surrounding environmental conditions during ob-
servation, the gain of the PMTs was found to change by roughly —0.411+0.001%/°C.
All temperature and YAP pulser measurements are stored in an SQL database for
later use in analysis [89)].

3.4.2 Mirror and Filter Cleaning

Exposure to the environment, particularly the build up of dust and other particu-
lates, can affect the quality of the optical components of the FAST telescope. The
telescope mirror and camera box (PMT surfaces and side mirrors) largely avoid this
problem, thanks to the protection afforded by the cover of the first-generation pro-
totype design and enclosure of the second-generation prototype design. However in
both cases the UV filter is exposed to the surrounding desert environment during
data-taking and is tilted at an angle of 15°, making it liable to collect contami-
nants on its surface. For a future, large-scale FAST array, regular cleaning of the
telescope components will be impractical, so it is important to understand how the
components degrade over time and how this effects the feasibility of such an array.
Measurements of the UV filter transmittance and mirror reflectivity for FAST 1
(two years after deployment) and FAST 2 (one year after deployment) were made in
October 2018. The reduction in mirror reflectivity was found to be negligible whilst
the UV filter transmittance had decreased by 5.5% and 8.5% after one and two years
respectively [89]. Further measurements over a long-term period will be necessary
to properly account for the reduction in transmittance in the reconstruction.

3.4.3 Atmospheric Monitoring

The fluorescence detection technique relies on using the atmosphere as a giant
calorimeter to measure extensive air showers. This makes changes in the atmospheric
conditions one of the largest sources of systematic uncertainty in FD measurements.
Understanding and accounting for these changes, which occur over seasonal, nightly
and even hourly timescales, is critical for the accurate reconstruction of the shower
energy and X,,... The primary observables of interest are the degree of cloud cover,
background light and the molecular and aerosol profiles of the atmosphere.

To measure these properties, FAST employs several atmospheric monitoring
tools. The FD buildings at TA and Auger possess weather stations used to check for
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Figure 3.12: Left: Measurement of the TA CLF signal by FAST 2 averaged over 200
shots. Right: Estimation of the aerosol atmosphere properties by comparing (simulated)
measurements to simulations of CLF laser shots. Details in the text. From [89].

\

Figure 3.13: Left: The FASCam and SQM attached to the top of the FAST 2 hut. Right:
Example image from FASCam. From [89].

high wind speeds and rain. Both observatories are also equipped with a central laser
facility (CLF) which fires a UV laser of known wavelength and energy at regular
intervals vertically into the atmosphere [93, 94]. The TA CLF is located 21 km from
FASTQTA, whilst the Auger CLF is located 26 km away from FAST@Auger. FAST
has been given access to the data from these monitoring tools. Measurements of
these laser pulses can be used for calibration and to monitor the cloud cover/aerosol
properties of the atmosphere. An example of a CLF trace (averaged over 200 shots)
measured by FAST 2 is shown on the left in Figure 3.12.

In principle, comparing such CLF measurements to simulations can allow for the
aerosol content of the atmosphere to be estimated. The right plot in Figure 3.12
shows an example of the technique using purely simulated data. The expected signal
at FAST 2 (including background noise) from a TA CLF laser shot passing through



3.5 Simulating EASs with FAST 51

an atmosphere with a horizontal attenuation length of 40 km and scale height of
1.5 km is shown in black. Taking the horizontal attenuation length and scale height
as free parameters, simulated laser shots free of background noise are then compared
to the data with a y? fit. The best fit result is overlaid in red, with parameters given
on the right. Efforts to apply this technique to measured data are ongoing. Further
details on the simulation of laser shots can be found in [89].

Two additional, purpose-built sensors are used by FAST to monitor the atmo-
sphere, the FAST All-Sky Camera (FASCam) and the Sky-Quality Monitor (SQM).
FASCam estimates the cloud coverage by comparing the positions of known stars
in the Tycho-2 catalogue to those able to be seen on any given night. A clear night
is defined as an observable star fraction >80%. The SQM measures the night-sky
brightness in magnitudes per square arc second. Figure 3.13 shows the FASCam
and SQM attached to the hut of FAST 2 and an example image from FASCam. All
calibration and atmospheric monitoring data is stored in a database which can be
queried during reconstruction [95].

3.5 Simulating EASs with FAST

An accurate simulation of the FAST telescope’s response to extensive air showers is
integral not only to expected performance studies and analysis based calculations
(detector exposure etc.) but also to the FAST reconstruction process (see Section
3.6). The simulation software currently used by FAST, “FAST-sim”, is based on
an old version of the Offline software framework [96] used by the Pierre Auger
Collaboration. The basic functioning of Offline and FAST-sim are detailed in this
section.

3.5.1 The Offline Software Framework

Offline is a software framework developed by the Pierre Auger Collaboration for
the simulation and reconstruction of extensive air showers. Written in C++, the
framework is object orientated in its design and consists of three primary compo-
nents.

o Processing modules: A collection of self-contained processing-steps or al-
gorithms. By combining modules in various sequences, a wide variety of tasks
can be accomplished. This design allows users to easily share and compare
different algorithms. The sequencing and configuration of the modules is spec-
ified using an XML-based language.

o« Event data: A set of classes containing all raw, calibrated, reconstructed
and simulated data of an event. Information is shared between modules by
reading and writing to the event data.
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o Detector description: Data relating to the detector configuration, perfor-
mance and atmospheric conditions at any point in time. This data is read
only.

Supporting the above components are classes and utilities for error-logging, handling
of units, geometrical transformations etc. [96].

3.5.2 FAST-sim

In 2020, the FAST collaboration adopted an old version of Offline to use for simula-
tion and reconstruction purposes with FAST. The modular nature of the framework
allowed purpose built FAST modules to be easily written utilizing the Offline infras-
tructure and classes. These modules were used to build the simulation program for
FAST, “FAST-sim”. The sequence file (i.e. the set of instructions for what modules
to run and in which order) for simulating a single shower with FAST-sim is shown
in Figure 3.14.

<!-- A sequence for FAST simulation -->
<sequenceFile>
<enableTiming/>
<moduleControl>
<loop numTimes="1" pushEventToStack="yes">
<module> FASTProfileSimulatorCG </module>
<module> FASTEventGeneratorCG </module>
<module> ShowerLightSimulatorKG </module>
<module> FASTSimulator </module>
<module> FASTEventFileExporter </module>
</loop>
</moduleControl>

</sequenceFile>

Figure 3.14: Sequence file showing the order of modules to run to simulate a single
shower with the FAST-sim program.

As with Offline | XML-based configuration files are used to specify the parame-
ters of the simulation. For FAST-sim, this primarily involves specifying the param-
eters of the simulated shower (i.e. Xp.x, energy, zenith, azimuth and core position)
and the layout of the FAST telescopes, although many other parameters can also
be adjusted. A rough description of each module is provided below.

FASTProfileSimulator

Creates a Gaisser Hillas profile of the form in Equation 2.9. First, the number of
particles in the shower is calculated in bins of atmospheric depth using the user
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specified X .y, energy and zenith angle. These values are then multiplied by the
average energy deposit per particle at each depth, giving the total energy deposit
as a function of atmospheric depth. Note that there is no treatment of the invisible
energy in these calculations, i.e. the user specified energy is treated as the total
calorimetric energy of the shower. The values of Xy and A are fixed to their average
values of —121gem™2 and 61 gem™2 respectively as FAST is not expected to be
sensitive enough to reliably reconstruct them. The event timing and azimuth angle
of the shower are also configured in this module.

FASTEventGenerator

Defines the coordinate system to be used. The core location and direction of the
shower are set based on these coordinates.

ShowerLightSimulatorKG

Calculates the light produced along the shower axis. This light includes fluorescence
photons calculated using the AIRFLY fluorescence model and Cherenkov photons
calculated from the number of shower electrons above the Cherenkov threshold in
air. Taken directly from Offline

FASTSimulator

Calculates the number of photons (wavelength dependent) reaching each simulated
telescope. This includes direct fluorescence photons, direct Cherenkov photons,
and scattered Cherenkov photons. Typically, parametric models of the molecular
and aerosol atmospheres are used. However, molecular atmospheric profiles of the
US Standard Atmosphere and monthly average atmospheres at Malargiie are also
available. Photons reaching the telescope aperture are propagated through the FAST
optics, accounting for the transmission of the filter, spectral response of the mirror,
directional efficiency, and PMT quantum efficiency. The signal in each PMT is then
calculated in 100 ns time bins to generate the simulated traces.

FASTEventFileExporter

Background noise is added to the simulated traces by sampling from a Gaussian
with mean 0 and user specified variance. The results of the simulation are written
to an output file in the FASTEventFile format.

An example of the traces from a simulated event is shown in Figure 3.15. This
event was simulated with £ = 10 eV, X = 900gem™2, 0 = 40°, ¢ = 40°,
core location of (x,y) = (—1000,5000) m, and observed by a single FAST telescope
located at (0,0) with elevation = 15° and azimuthal direction 90°. Note the FAST
azimuth convention is to measure anti-clockwise from east with ¢ € (—180°,180°).
The numbers in the top right corner of each panel indicate the numbering of the
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Figure 3.15: Example of simulated PMT traces for a single telescope with the FAST-sim
software. The PMTs are laid out in the sky view orientation. Simulated shower parameters
in the text.

PMTs for a single telescope. The traces are presented in “sky-view orientation”,
i.e. the position of each PMT trace reflects the region of the telescope FOV seen
by that pixel. Thus PMTs 0 and 2 view the upper left and upper right regions of
the telescope’s FOV, and PMTs 1 and 3 view the lower left and lower right regions.
This will be the default layout when showing PMT traces from a telescope.

3.6 Reconstruction Methods

In Section 3.1 it was demonstrated that if the geometry of the shower is known
then FAST can potentially utilise the familiar method of fitting a Gaisser Hillas
profile to determine the energy and X,,,, of a given shower. However, FAST acting
independently cannot achieve a precise geometrical reconstruction with standard
shower-track-fitting techniques due to the coarse 2 x 2 PMT layout. To circumvent
this, previous FAST Collaboration member Justin Albury, in his PhD thesis [59],
developed a top-down approach whereby the PMT traces from data are directly
compared with those from simulations using a likelihood function. The reconstructed
parameters are those which maximise the likelihood function. This procedure is
called the “top-down reconstruction (TDR)” and is computationally expensive as
it requires running many simulations. Furthermore, Albury showed that the initial
parameters or “first guess” passed to the optimiser significantly impact the final



3.6 Reconstruction Methods 55

result. To reduce the required time and provide a reasonable first guess for the
TDR, Albury, and later Fujii [91], investigated machine learning techniques. An
overview of both the TDR and machine learning approaches is given here. Further
details are provided in later chapters where relevant. Readers are recommend to
Albury’s thesis for a thorough discussion of the initial implementation and testing
of the TDR.

3.6.1 Top-Down Reconstruction

The inspiration for applying a top-down approach to event reconstruction with FAST
comes from work done by Shussler for Auger [97]. Shussler found that this approach
yielded improved resolutions for the shower parameters when compared to standard
methods, however the computationally intense nature of the procedure meant it
was only considered for rare, very-high energy showers. For FAST, this improved
resolution is necessary when reconstructing the shower parameters without having
the shower geometry provided by an external source e.g. companion SD.

Likelihood function

The top-down reconstruction is a maximum likelihood based estimation of the
shower parameters. This approach attempts to find the most probable values of
the shower parameters d=(F, Xpnax, 0, ¢, core x, core y) by maximising the likeli-
hood function

L(F|@) = Hp(xim). (3.1)

Equation 3.1 says that the likelihood £ of observing the measurements ¥ given
the shower parameters @ is equal to the product of the probabilities for observing
each x; given d, where z; are the signals recorded in each bin of the PMT traces.
The parameters @ which maximise £ for a given set of measurements 7 are the
reconstructed shower parameters. In practice, the natural logarithm of Equation
3.1 is taken and the negative log-likelihood

—21n L(F|@) = —QZln(P(xiW)) (3.2)

minimised instead. This is done for convenience and consistency with y? fitting.
Instead of comparing measured data to a pre-simulated library of events and finding
the minimum value of —21In £(#|@), the simulation is built into the minimisation
procedure. This means that after each evaluation of the likelihood function, a new
simulation is performed with an updated set of parameters, allowing for a more
efficient search of the parameter space and for time-dependent effects (atmospheric
conditions, detector status etc.) to be accounted for.
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Signal probability density function

The probability for observing a signal x; in a given time bin depends on the expected
signal and background fluctuations in that bin. The background fluctuations in a
single time bin follow a Poisson distribution and arise primarily from the night-sky
background, with a smaller component coming from noise generated by the elec-
tronics. Since the number of background photons is large, the Poisson distribution
can be well-approximated by a Gaussian distribution of the same mean and vari-
ance. Therefore, the probability of observing a signal x; in a single time bin given
2

an expected signal p; and variance o~ is

Plaslpn, o) = 0\}% exp {—M] | (3.3)

Here, the values of p; for each time bin come from the PMT traces obtained by
simulating a shower with parameters @ and with no background noise. The variance

o? is given by

02 = O-l?)ckg + /’Ll(l + VvQ) (34)

where o7, is the background variance of the signal and V; is the gain variance of

the PMT [59].

Event likelihood function

By calculating Equation 3.3 for every time bin in every pixel in an event, the “event
likelihood function” can be defined. For a shower simulated with parameters @, the
event log-likelihood is the sum of the probabilities over all pixels and time bins

Npix Nbins

In £(Z]d) =) Z In (P (x;]@)) - (3.5)

Py (2;]@) is the probability of measuring x; photoelectrons in the i*" time bin of pixel
k. Once again in practice the negative log-likelihood is minimised. Minimisation
is performed using the MIGRAD method of the Minuit2 minimizer in ROOT [98].
The uncertainty on a given parameter is the value by which that parameter must
change in order to give an increase of x. to the likelihood function. The value of
x. depends on the number of parameters reconstructed simultaneously. Table 3.1
shows these values for the number of reconstructed parameters ranging from 1 ~ 6.
All uncertainties for the TDR which will be shown are calculated based on this
method.

n |1 2 3 4 5 6
z. |1 228 353 472 589 7.04

Table 3.1: Values z. by which the negative log-likelihood must be increased by to give
the uncertainties on the n reconstructed parameters.
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Figure 3.16: Example of the top-down reconstruction applied to the example event
in Figure 3.15. For demonstration purposes, only the energy, Xnya.x and zenith angle
parameters have been fitted, with the other geometrical parameters kept fixed to their true
values. The dashed black lines shows the first guess, corresponding to E = 6 x 108 ¢V,
Xmax = 750gcem™2 and # = 30°. The grey lines show the trialled traces. The solid
black lines shows the best fitted traces, corresponding to E = (1.0 £0.1) x 10", Xpay =
902 + 12gcm™2 and 6 = 40.01 £ 0.60°.

In general, when performing the top-down reconstruction the absolute time-
offset of the traces must also be determined. For a given set of shower parameters,
this is done by shifting the simulated traces in 1 bin steps, each time recalculat-
ing Equation 3.5, and then returning the smallest value of —21In £ found back to
the minimizer. The offset calculated for the shower parameters which give the
minimum value of —21n £ is the final absolute time offset. An example of the top-
down reconstruction applied to a simulated event is shown in Figure 3.16. The se-
quence file for the top-down reconstruction is shown in Figure 3.17. Like FAST-sim,
the modules shown here have been built utilising the Offline framework. Briefly,
FASTEventFileReader reads in the ROOT file containing the data to be recon-
structed, FASTTopDownReconstructor handles the main processing steps, including
the minimisation and simulations, and FASTEventFileExporter is the same mod-
ule as used in FAST-sim. Each iteration of the minimisation involves a call to the
first four modules shown in Figure 3.14 using the shower parameters requested by
Minuit.
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<!-- A sequence for FAST shower reconstruction -->
<sequenceFile >

<enableTiming/>

<moduleControl >

<loop numTimes="unbounded" pushEventToStack="yes">
<module> FASTEventFileReaderUA </module>

<module> FASTTopDownReconstructorUA </module>
<module> FASTEventFileExporterUA </module>

</loop >

</moduleControl >

</sequenceFile >

Figure 3.17: Sequence file to perform the top-down reconstruction.

3.6.2 Neural Network First Guess

In the TDR, the first iteration of the minimisation procedure requires an initial guess
of the shower parameters. Albury investigated using machine learning techniques
to provide this “first guess”, and found success utilising a simple feed-forward, fully
connected, deep neural network (NN) [59]. Albury trained this NN on simulated
showers incident on an array of three FAST stations (12 telescopes/station, 360°
coverage) arranged in an equilateral triangle with spacing 20km. This layout is
shown in Figure 3.18 and will be referred to as the “FAST 3-Eye layout”. Albury
trained models to estimate the shower parameters for showers in three separate,
circular core regions, each with radius 1km. The central region is shown in Figure
3.18 in red. It was this region in which Albury calculated the efficiency of the full
NN + TDR procedure, details of which can be found in Section 4.1. Fujii [91]
extended ALbury’s initial study by training the same network on a wider range of
core positions, shown by the blue circle in Figure 3.18. The network inputs for
these models were the centroid time, integrated signal, and height of the pulse from
each PMT containing significant signal. The network outputs were the standard six
shower parameters (F, Xyax, 0, ¢, core x, core y). Fujii’s results showed that at
40 EeV resolutions in energy and X .y of ~ 8% and 30 gcm 2, and angular and core
resolutions of ~ 4° and ~ 450 m could be obtained. Additional details on the NNs
tested by Albury and Fujii can be found in Chapter 5.

The combined performance of the neural-network first guess + TDR was inves-
tigated by Albury for the FAST 3-Eye layout. The approach was shown to work
well above 10 eV, with resolutions in the reconstructed parameters comparable to
that of stereo detection by Auger/TA. Additionally, biases in the NN first guess,
arising from model predictions on data containing different atmospheric conditions
than used in training, were able to be effectively removed by the TDR [59].



3.6 Reconstruction Methods 59

15
FAST 3-Eye Layout [ Fujii
1 Albury
10 -
€ 51
X
>
g
(o]
O
O -
_5 -
-15 -10 -5 0 5 10 15
Core x [km]

Figure 3.18: FAST 3-Eye layout used by Albury and Fujii for training NNs to predict
the shower parameters. The core locations for showers falling in the central core region in
Albury’s study and the core locations used in Fujii’s study are shown by the interior of
the red and blue circles respectively.
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Figure 3.19: The stage one (left) and stage two (right) layouts for FAST mini-array,
shown with respect to the Auger SD.
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3.7 Future Developments

The next milestone for FAST will be the completion of the so-called “FAST mini-
array”. The first stage of the mini-array, scheduled for late 2025, will see two FAST-
Field telescopes installed 12 km from the LL site facing the original FAST@Auger.
The current FAST5 prototype will also have new electronics installed. This will
give four active FAST telescopes at Auger and will serve as a test for the stereo
observation capabilities of FAST. The second stage of the mini-array will install two
more FAST-Field telescopes at Auger. The FAST-Field telescopes installed as part
of the first stage will be moved and the two additional telescopes placed so as to
form a triangle with FAST@Auger. This stage is planned for late 2026. Figure 3.19
shows (roughly) the first and second stage layouts overlayed onto the Auger SD.



Chapter 4

Top-Down Reconstruction
Improvements

Previous work on developing the FAST reconstruction chain has primarily focused on
understanding and evaluating the performance of the FAST 3-Eye layout (see Figure
3.18) using simulations. In particular, the current machine-learning-based method
for obtaining a first guess of the shower parameters has only been tested with this
configuration. Whilst these results have been promising and are likely applicable to
a future, sufficiently large FAST array, they provide limited insight into the expected
performance of both the current prototype setups (FASTQTA /FAST@Auger) and
the soon-to-be installed FAST mini-array. In addition, both the TDR and first
guess estimation have yet to be thoroughly tested on real data. In line with these
observations, the primary goals of this thesis are as follows,

e Improve and extend the current reconstruction procedure such that data from
the FAST@QAuger, FAST@QTA and FAST mini-array installations can be reli-
ably reconstructed. This will involve

— Resolving issues with the current reconstruction procedure

— Developing a method for obtaining a first guess of the shower parameters
with each installation.

o Characterise the performance of each layout with the entire reconstruction
chain

o Apply the updated reconstruction procedure to real data and check the results
against expectations from simulations/other experiments.

Verifying the performance of the FAST telescopes and software at these smaller
scales will form an important stepping stone to the widespread deployment of FAST.
This chapter focuses on improvements to the TDR, serving as an extension to the
work of Albury [59].

61
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4.1 Reconstruction Efficiency Problem

The most significant issue with the current FAST reconstruction process is the de-
crease in reconstruction efficiency as a function of energy, first identified by Albury
in his PhD thesis. When evaluating the performance of the entire reconstruction
chain for the FAST 3-Eye layout, Albury found a decrease in the reconstruction
efficiency of the TDR with increasing energy. His results are shown in Figure 4.1.
Here, the reconstruction efficiency is defined as

rec
T prtrig
Ni

(4.1)

€;

where N and N/™® are the number of successfully reconstructed and number of
triggered showers in energy bin ¢ respectively. The TDR is considered successful if
the minimiser returns a “valid minimum” as determined by the minimiser itself (Mi-
nuit). Although the precise trigger condition used in this plot is not clearly stated by
Albury (i.e. whether only one or multiple stations were required to trigger'), Figure
8.17 in [59] shows that the trigger efficiency for either one, two or three triggered sta-
tions was essentially 100% above 10 eV for the simulation setup used. This setup
is shown in Figure 3.18 with core positions simulated inside the red circle. Thus
the decrease in efficiency can be attributed purely to more failed reconstructions at
higher energies. The blue points in Figure 4.1 show the reconstruction efficiency
when using the standard TDR method described in Section 3.6.1. In this case, for
showers with an energy of 10?2 €V, the minimiser fails to find a valid minimum on
~ T70% of occasions. This is a significant issue for FAST which aims to observe the
highest energy cosmic rays.

Whilst not explored in detail, Albury attributed the decreasing efficiency to
unexpected “jumps” or discontinuities in the likelihood function arising from small
inaccuracies in the FAST simulation. The presence of such discontinuities presents
difficulties for standard minimisers, which typically rely on accurate estimates of the
derivative of the likelihood function. Albury reasoned that higher energy showers
were more susceptible to the problem as signal from these showers is generally greater
and so the impact from any inaccuracies in the simulation would be amplified.

Albury provided a temporary solution to the efficiency problem by scaling the
likelihood function by a constant factor of 107°. For a fixed tolerance, i.e. level
below which the minimiser is satisfied that it has found the minimum, this has the
effect of causing the minimiser to sample the parameter space in larger steps. This
leads to a comparatively smoother likelihood function and hence easier convergence
to a minimum. The reconstruction efficiency using this scaled likelihood is shown
by the red points in Figure 4.1. Although the solution significantly increased the
reconstruction efficiency at higher energies, it came at the cost of decreased precision

LA triggered station being one in which at least one PMT had an SNR above a given threshold.
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Figure 4.1: Albury’s result for the reconstruction efficiency of the top-down reconstruc-
tion as a function of energy. Details in the text. From [59].

in the reconstructed shower parameters. Furthermore, the constant multiplicative
factor of 107° is only applicable to the specific number of telescopes used in the
FAST 3-Eye layout, 12 telescopes x 3 stations = 36 telescopes. Since the likelihood
is calculated as a sum over each bin in each pixel, applying the same factor to a single
telescope with just four pixels would not be suitable given the same tolerance. One
could potentially adjust the tolerance level depending on the number of telescopes,
however this does not fix the underlying issue of discontinuities in the likelihood
function.

In this section the sources of the discontinuities are investigated directly. The
sources are indeed found to be attributable to several inaccuracies in the FAST
simulation. By fixing these inaccuracies the reconstruction efficiency of the TDR is
shown to dramatically improve.

4.1.1 Understanding the Reduction in Efficiency

To understand the cause of the discontinuities, consider the contribution to the
likelihood function coming from a single bin ¢ of a PMT trace. This contribution
is calculated using the natural logarithm of Equation 3.3 where z; is the signal
from data in bin ¢ and p; is the expected signal (no noise) in bin i given simulated
parameters d=(E, Xyax, 0, ¢, core x, core y). As the parameters @ are smoothly
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Figure 4.2: Scan of the likelihood function over zenith angle for the example event
described in Section 4.1.1 using the original simulation. The jumps between 44.84 - 44.85°
and 44.96 - 44.97° come from discontinuities in the binning of the shower axis (see Section
4.1.2).

varied, the expected signal pu; is also expected to change smoothly. If u; were to
abruptly change between two sets of simulated parameters that are very close, then
a discontinuity in the likelihood function would occur.

As an example consider a simulated shower with E = 10%° eV, X, ;.. = 800 gcm ™2,
0 = 45°, ¢ = 40° and core location of (—1000m, 6000 m) incident on a single FAST
telescope at (0m, O m) pointing along the y-axis. Performing a scan of the likeli-
hood function in zenith angle (keeping all other parameters fixed) over a small range
around the simulated value gives the graph shown in Figure 4.2. Two features are
immediately noticable. First, the minimum of the function is slightly less than the
simulated value of 45°. This is due to the added background noise and is perfectly
acceptable. The second feature is the sharp jumps in the likelihood function between
44.84 - 44.85° and 44.96 - 44.97°. Such discontinuities are not expected at this scale
and can result in failed minimisations. Plotting the simulated signal u; (i.e. number
of p.e.) in a single arbitrary bin from each PMT as a function of zenith angle gives
Figure 4.3. The discontinuities in the signal values occur between the same zenith
angles as the jumps in the likelihood function. This analysis also reveals a third
discontinuity between 45.09 - 45.1° which is not immediately obvious just by visual
inspection of the likelihood function.

This demonstration shows that, fundamentally, it is not the energy of the showers
but rather the size of the signals upon which the minimisation success rate depends.
To see this, first make the reasonable assumption (not strictly proven) that for a
given tolerance level, the larger the discontinuities in the likelihood function are the
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Figure 4.3: Number of photoelectrons in the 30'" bin (arbitrarily chosen) of each of the
PMT traces as a function of zenith for the example event. The location of the discon-
tinuities in the signal match the location of the discontinuities in the likelihood function
(Figure 4.2).

more likely it is for a minimisation to fail. As the discontinuities in the likelihood
function come from discontinuities in the signal of individual bins, it follows that the
larger these signal discontinuities are the more likely a failed minimisation. As for
why Albury’s results show a decrease in efficiency with energy, the specific simulation
setup used by Albury (Figure 3.18) would have yielded, on average, larger signals and
thus larger signal discontinuities for higher energy showers. This is not necessarily
representative of data from a single FAST eye (e.g. FASTQTA), as the increased
volume over which to observe showers with increasing distance from the telescope
and the greater amount of light emitted from higher energy showers means that
higher energy showers are generally observed much further away than lower energy
showers. Hence, the average signal as a function of energy for data is unlikely to vary
as drastically as for simulations confined to a limited range of core positions. That
being said, for showers incident on the interior of a full-sized FAST array, there will
be some energy above which all showers trigger at least one station. Above that
energy, it would be the case that higher energy showers have greater average signals
and thus fail the (current) reconstruction more often.

Of the six shower parameters which can be adjusted in the simulation, only
changes in the geometrical parameters (0, ¢, core x, core y) were found to cause
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Xinax EPOS-LHC (500 - 1200 g cm ™)
Energy Fixed (30 EeV)
0 sinf cos @ (0 - 80°)
o) Uniform (0 - 360°)
Core | Uniform (in circle centred at (0,0), » = 10 km)

Table 4.1: The distributions sampled from for each shower parameter to generate the test
data set for evaluating the TDR after each discontinuity fix. The range of each distribution
is shown in brackets. Excluding the fixed energy, each of the distributions sampled from
were continuous.

discontinuities in the PMT traces. This can be understood as both X .« and energy
only enter into the simulation as parameters of an analytic GH function. This
means, for a fixed geometry, any changes in X,,.x and/or energy only result in
smooth changes to the total number of photons in the shower and where they are
“produced” along the shower axis. These changes are reflected smoothly in the
output traces.

The causes of the discontinuities in the FAST simulation are discussed in the
following sub-sections. For reference, a set of 1000 simulated showers incident on
the FAST 3-Eye layout with a fixed energy of 30 EeV was prepared. The simulation
parameters and telescope/core position layout are shown in Table 4.1 and Figure
4.4 respectively. The zenith angles of these showers was then reconstructed using
the current TDR and a first guess of 8 equal to the true value. All other parameters
were fixed to their true values. Of the 1000 reconstructions, 274 failed with the min-
imiser returning an invalid minimum. Additionally, 232 events had an uncertainty
in the reconstructed zenith 6., > 100°. For this particular simulation setup, where
deviation from 6., and the size of 6, should only be due to added noise, such
uncertainties are unrealistic and are indicative of discontinuities in the simulation.
The same data set will be reconstructed after fixing each of the discontinuity sources
described below to check the effect of each improvement.

4.1.2 Discontinuity Sources and Fixes

Three sources of discontinuities were found in the FAST simulation. Each source
and its corresponding fix are explained below.

Shower axis binning

To calculate the amount of light reaching the telescope from different points along
the shower axis, the FAST simulation divides the section of the shower axis in
the FOV of the telescope into several bins. The number of bins is calculated by
dividing the time between where the shower enters/exits the telescope FOV, At, by
the initial time length of one bin, typically set to 10ns. In the original simulation
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Figure 4.4: Diagram showing the FAST 3-Eye layout and core positions (interior of the
dashed circle) of the simulated showers.

both the number of bins and At are calculated as integers (At measured in ns).
Moreover, instead of using the initial value of 10 ns, the final length of each time bin
is calculated by dividing At by the (integer) number of bins. Regardless of whether
these were deliberate choices or simple oversights, there are two main problems with
the above approach.

Firstly, At represents a physical quantity with essentially arbitrary precision.
As such it should be calculated as a floating point number, not an integer. This is
fixed by changing the data type of the appropriate variable in the simulation code.
Secondly, setting the final length of each bin in the above way will (in general) cause
discontinuities in the signal from individual bins as the shower geometry changes.
This is because the signal from an individual bin depends on the length of the bin
and the location of the bin centre, both of which experience jumps when the number
of bins increases by one. This effect is illustrated in the top half of Figure 4.5. The
black segmented lines represent the binned shower axis for the different zenith angles
shown on the left. The number of bins n (calculated using the above approach) is
also shown. For ease of visualisation, the scenario is idealised such that the shower
axis enters the telescope FOV at a fixed time and exits at successively later times.
The red stars highlight the centres of the third bin of each line. For the top “shower
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Figure 4.5: Diagram showing the old (top) and new (bottom) methods for binning the
shower axis in the FAST simulation. In the old method, discontinuities in the size and
position of individual bins would arise when the total number of bins increased by one. The
discontinuity in position is shown by the offset between where the dashed arrow intersects
the bottom shower axis (expected bin centre if the bin locations were changing smoothly)
and the position of the red star on this axis (actual bin centre using old binning method).
By fixing the time length of each bin to be exactly 10ns, with a variable-length final bin,
the discontinuities in the bin position and size disappear.
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Figure 4.6: Scan of the likelihood function for the example event in Section 4.1.1 using the
corrected binning method. Compared to Figure 4.2 there are no obvious discontinuities.
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cause non-smooth changes in the profile end point and thus D. The example values of 6

and d have been taken from Figure 4.8.
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Figure 4.8: Distance from the shower core to the end point of the shower profile as a
function of zenith angle for the example event in Section 4.1.1. The blue (orange) points

show the values before (after) the correction to the profile end point calculation.
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axes”, each with five bins, the location of the bin centre and the length of each
bin change evenly. However in the fourth shower axis, where the number of bins
increases to six (60ns/10ns), both quantities “jump” to smaller values.

The solution to this problem is simply fixing the length of every bin, with the
exception of the last bin, to be exactly 10ns. The length of the final bin is set to
the time difference between the end of the second to last bin and where the shower
exits the telescope FOV,

Length of last bin = 10 nsx (At mod 10 ns) (4.2)

where “mod” represents the modulo operation. The corrected binning method is
shown in the bottom half of Figure 4.5. Ignoring the final bin, the lengths of each bin
and the position of the bin centres now remain constant with changes in the zenith
angle. This better matches the expected behaviour. Performing the same scan
over the likelihood function for the example event in Figure 4.2 with the corrected
binning gives Figure 4.6. The likelihood function now changes smoothly with no
discontinuities, as desired.

A second mistake in the shower axis binning was also identified. Specifically,
the distance between the beginning and end of the shower profile, D, was found to
fluctuate non-smoothly with small changes in the shower geometry. D is used in
place of the distance to where the shower axis exits the telescope FOV when this
intersection occurs past the end of the profile. When used, fluctuations in D lead to
discontinuities in the shower axis binning and in turn signal in individual bins. In
the original simulation, D is calculated as the difference between the start and end
points of the fluorescence/Cherenkov light profiles. The end points of these profiles
were found to vary non-smoothly due to the use of integer values when determining
the profile binning?. Figure 4.7 illustrates the problem. The left hand side shows
the scenario in which D is used whilst the right hand side shows a zoomed in view
of the region around the end point of the profile. In the zoomed in view, multiple
shower axes with slightly different zenith angles are plotted. The value d represents
the distance between the shower core and the profile end point as measured along
the shower axis. Note it is typical for these profiles to extend slightly below ground
as depicted here. The non-monotonicity of d e.g. the “jump” back to a smaller d
value going from 45.1° to 45.2°, causes discontinuities.

Using floating point values to calculate the profile binning instead, the end points
and hence D were made to change smoothly as a function of the shower geometry.
Figure 4.8 shows the distance from the shower core to the end point of the fluores-
cence profile (i.e. d) of the example event described in Section 4.1.1 as a function

2Note that this calculation is handled by an Auger module. Although this may mean the same
“bug” is present in the Auger simulation, it likely has minimal impact on their reconstruction
performance due to the bottom-up approach implemented.
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Figure 4.9: Diagram showing how, in the original simulation, not accounting for the
discontinuity at ¢ = £180° lead to erroneous results in the azimuthal difference between
a telescopes pointing direction and points along the shower axis.

of zenith angle. The blue (orange) points show the uncorrected (corrected) values.
Note that because D is not used in the shower axis binning for this particular event,
the discontinuities in the uncorrected values do not impact the likelihood function
in Figure 4.2. Reconstructing the test data set of 1000 showers with the above cor-
rections to the shower axis binning, the number of failed reconstructions reduced
from 274 to 109, whilst the number of events with .., > 100° reduced from 232 to
20.

Azimuthal range

To account for the directional efficiency of the FAST telescope, the difference be-
tween the azimuth of the telescope pointing direction, ¢y, and the azimuthal posi-
tions of points along the shower axis must be calculated. An error in this calculation
was found to cause discontinuities in the original FAST simulation. Figure 4.9 pro-
vides a visual explanation. In the Figure, a telescope located at the origin with
¢l = —170° is observing a shower (dashed blue line, red x is the shower core) with
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an axis which crosses the y-axis. In this setup the azimuth of points along the shower
axis has a discontinuity at ¢ = £180° where the values change from negative to pos-
itive. This is shown by three example points ¢, ¢ and ¢3. If a simple subtraction
between ¢ and azimuths of points along the shower axis is performed, then this
difference will also have a discontinuity. This is shown in the top left of the figure
using the three example points. In particular, the difference ¢ — ¢3 lies outside
the nominal azimuth range of (—180°,180°). In the original simulation differences
< —180° were not redefined to be in this range, resulting in several discontinuities
and in turn failed reconstructions. Fixing this issue further reduced the number of
failed fits from 109 to 82 and the number of fits with 6., > 100° from 20 to 8.

Signal re-binning

The final cause of discontinuities identified in the FAST simulation was the re-
binning of the PMT traces which occurs at the end of the simulation. Before re-
binning, each bin of the PMT traces corresponds to a single 10ns bin along the
shower axis. The standard re-binning uses a factor of 10, meaning the signal from
groups of 10 consecutive bins are added to produce 100 ns bins in the final trace.
Two issues were found in this procedure. The first was once again a mishandling
of variable data types which occasionally led to the final bin of the re-binned trace
being set to zero. The second issue relates to the application of the directional
efficiency map (Section 3.2.2) and requires more explanation.

Consider a single set of ten 10ns bins being summed to give one re-binned
100ns bin. When the re-binning is performed the relative elevation and azimuth
values of each 10ns bin are averaged to give the elevation and azimuth position
for the re-binned bin. This elevation/azimuth pair corresponds to a directional
efficiency between 0 and 1, given by interpolating a directional efficiency “map”
(2-D histogram) such as Figure 3.6b. The efficiency value is used to scale the signal
in the 100 ns bin. The problem arises in the transition between points lying inside
and outside the range of each map. The standard range of the directional efficiency
maps used by FAST is between (—20°,20°) for both elevation and azimuth. For
elevation/azimuth pairs outside this range the directional efficiency is set to 0. Small
changes in the shower geometry can cause the elevation/azimuth values of a bin
inside the map range to shift outside the map range. If the edges of the maps were
to tend to 0 sufficiently smoothly then this would not be an issue, since the signal
from a bin near the edge of the map would decrease to arbitrarily small values as it
approached the boundary. In reality however, the maps used in the FAST simulation
have sections where the edge values are on the order of 0.02 - 0.03. This may not
seem large, but if the X, of a shower coincides with one of these edge locations,
then a bin moving from inside to outside the map range could experience a drastic
drop in signal, leading to a discontinuity. Figure 4.10 shows a schematic of the
problem. The black box represents the map edge, with coloured lines representing
example tracks for showers with slightly different zenith angles. The inset shows a
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Figure 4.10: Diagram illustrating how changes in the shower geometry can cause the
centre of a bin on the edge of the telescope FOV (stars in the inset) to shift from inside
to outside the FOV. Once outside the FOV the directional efficiency drops to 0, causing
a signal discontinuity in this bin.

zoomed in view of the area inside the red rectangle. This reveals that the coloured
“lines” are actually many individual points. Each small circle represents the centre
of a single 10 ns bin. The large circles, also visible in the zoomed out view, represent
the centres of the 100 ns bins. The stars in the inset show the 4" 100 ns bin of each
shower track. As the zenith angle is adjusted the position of the star shifts until it
falls just outside the map range, at which point the signal from this bin would be
set to 0, causing a discontinuity.

The ideal solution to this problem would be to produce maps which extend far
enough in elevation and azimuth such that the values on the edges are “sufficiently”
close to 0. Whilst this is beyond the scope of the current work, the effect can be
roughly emulated by smoothing the current maps. Specifically, bins containing 0
were added to the current 2-D histograms between (—20.5°,—20°) and (20°,20.5°)
in both elevation and azimuth. The entire histogram was then smoothed using
the Smooth function of the TH2 class in ROOT [98]. This has the effect of slightly
extending the map edges and reducing the values of bins on the edge of the histogram
by a factor of 5 ~ 10. Figure 4.11 shows the difference between the smoothed version
and original version of the “ideal” directional efficiency map that was used to create
the test data set. Note this map is different from Figure 3.6b and can be found
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Figure 4.11: Difference in efficiency between the smoothed and non-smoothed ideal
directional efficiency map. The difference does not exceed more than +1% over the whole
map.

in Appendix D.1. The maximum difference between the smoothed /non-smoothed
versions across the entire map is less than +£1%. A proper extension of the directional
efficiency maps using actual measurements should be considered in future work.

In addition to creating a smoothed directional efficiency map, the calculation of
the signal in bins on the edge of the map was adjusted. First, based on the shower
geometry, the first (last) set of ten 10ns bins to enter (exit) the map range is deter-
mined. The signal in the corresponding 100 ns bin/s is then calculated by summing
the scaled contributions (using the smoothed ideal directional efficiency map) of each
10ns bin. This further decreases the impact of any remaining discontinuity between
the interior and exterior of the smoothed maps, since each individual bin contains
less overall signal and thus jumps to zero are less impactful on the final likelihood.
This “fine binning calculation” is only applied to the 100 ns bins which cross the
map edges as doing so for all 100ns bins would increase the necessary simulation
time significantly. Implementing the new re-binning method and smoothed maps
into the FAST simulation reduced the remaining number of failed reconstructions
and number of events with 6., > 100 in the test data set from 82 to 79 and 8 to 2
respectively.
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4.1.3 Minimiser Strategy

At this stage, nearly all events which originally had .. > 100° have been fixed. How-
ever there are still a large number of showers failing the reconstruction. Inspecting
the sampled likelihood functions of these showers revealed no obvious discontinu-
ities, so the output from the minimiser was investigated directly. This showed that
the cause of failure for these events was an estimated distance to the minimum larger
than required for successful minimisation (this threshold is determined by the toler-
ance level and number of fit parameters). Moreover all but one failed reconstruction
had a reconstructed zenith identical to the simulated value. This suggested that
the minimiser was not exploring the parameter space thoroughly enough to accu-
rately predict the minimum due to the first guess (i.e. the true values) already being
close to the best possible fit. To fix this the strategy parameter of the minimiser
was adjusted. Roughly speaking, this parameter controls the thoroughness of the
parameter search. For the TDR, where function calls involve an entire shower sim-
ulation, the strategy setting which attempts to minimise the function in the least
number of calls (strategy=0) is typically used. By changing the strategy setting
such that the minimiser checked the parameter space more carefully (strategy=1),
the number of failed reconstructions was reduced to a single shower. The number
of reconstructions with 6., > 100° also decreased by one. With this result in mind,
the TDR was altered for all subsequent studies in the following way,

« Initially, attempt to reconstruct the shower parameters using strategy=0
o If this fails, attempt with strategy=1

In practice, it is extremely unlikely that the first guess passed to the TDR will be
accurate enough to cause the minimiser to fail in this way, particularly if multiple
parameters are being reconstructed simultaneously. However, in the event that the
minimiser fails for some other reason, re-performing the fit with a slightly modified
search methodology may improve the success rate.

Table 4.2 shows a summary of how each of the above changes reduced the number
of failed reconstructions and reconstructions with ... > 100°. The one remaining re-
construction failure is a result of the imperfect solution to the signal re-binning. The
problem is illustrated in Figure 4.12. With small changes in the shower geometry,
the range of a single 100 ns bin on the map edge may shift from including a small
section beyond the map range to being completely inside the map range. When
this occurs, the fine binning calculation (“Fine” in the figure) for the signal is no
longer used for this bin. Instead, the standard azimuth/elevation pair averaging and
scaling method (“Avg.” in the figure) is applied. This can result in a discontinuity
due to the small differences in the calculation methods. In the absence of additional
measurements, a more robust solution, perhaps where the two calculation methods
are smoothly connected, could be considered in future work.
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Figure 4.12: Illustration of the issue with the final remaining failed reconstruction. Like
Figure 4.10, the small dots represent the centres of each 10ns bin and the large dots/stars
the centres of the re-binned 100 ns bins. The “Avg”. or “Fine” labels next to each 100 ns
bin indicate the method for calculating the signal (details in the text). The starred bin
begins on the boundary with half of it’s 10 ns bins inside and half outside the map range.
As the zenith angle changes the starred bin shifts left until all 10 ns bins are within the
interior of the map, at which point the calculation method changes. This causes a small
discontinuity in the signal of the starred bin. Note the differences in elevation/azimuth
between the different zenith angle paths have been exaggerated for ease of visualisation.
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State ‘ Failed reconstructions ‘ Oerr > 100°
Original simulation 274 232
+ Shower axis binning (sim.) 109 20
+ Azimuthal difference (sim.) 82 8
+ Signal re-binning (sim.) 79 2
+ Strategy Improvement (rec.) 1 1

Table 4.2: Table showing how the number of failed reconstructions and reconstructions
with O, > 100° of the 1000 events in the test data set decreased with improvements to
the simulation/reconstruction procedure. The sim./rec. labels indicate whether the fix
related to the FAST simulation or to the overall reconstruction procedure.

4.1.4 Checking the Improved Reconstruction

This section checks whether the improvements in reconstruction efficiency seen in
the previous section translate to the reconstruction of all six shower parameters at
once. Additional showers with the same parameters and setup as shown in Table 4.1
and Figure 4.4 were simulated but now at energies of 10%%eV, 10 eV and 10?° eV.
One thousand showers at each energy were simulated. This data set (including the
1,000 10 eV showers) will be referred to as the “Large Core Region”. The larger
range of core positions, compared to Albury’s original test (see Figure 3.18), makes
for a more robust test of the efficiency as it better emulates the range of data which
will be collected by a future full-sized FAST array. However, a “direct” comparison
to Albury’s results is also desirable. To this end, a further 100 showers at each of
the four energies were simulated but with core positions inside the same central core
region used by Albury (circle of radius 1km centred at (0,0)). This data set will
be labelled the “Small Core Region”. Note that the 40 ~ 50 showers falling in the
same 1 km circle in the Large Core Region data set will also be used as part of the
Small Core Region data set for greater statistics. The first guess values were set
to the true values randomly smeared by 40 gcm™2 in Xpay, 10% in energy, 3° in
arrival direction and 300 m in core location respectively. This roughly simulates the
resolution in the machine learning first guess used by Albury in his study. The TDR
with the above improvements was then run on each data set and the reconstruction
efficiency calculated as a function of energy. Before presenting the results, a precise
explanation of the aforementioned smearing is given.

Parameter smearing

To explain smearing, it is helpful to introduce some additional terminology. Consider
first the shower geometry. Let 6y, ¢g, o and y, represent the true values of the
shower zenith, azimuth and core x/y parameters respectively. Now let 0, ¢1, x4
and y; represent the estimated or reconstructed values of the parameters. The angle
between the true and estimated vectors for the arrival direction is known as the
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“opening angle” o and is given by
a = arccos (sin(fp) sin(6) cos(¢y — ¢2) + cos(y) cos(6y)) . (4.3)

The “core distance” d between the true and estimated core location is given by

d= /(1 —20)2 + (41 — o). (4.4)

Assuming the differences between the true and estimated values of each parameter
are independently normally distributed with mean 0 and variances agng (for # and

¢) and o2, (for core z/y), then both a and d follow a Rayleigh distribution

core

2 22
flz) = 3 OXD (_th> . (4.5)
Here z is either a or d and o is the appropriate value of 04, O Ocore. The angular
resolution ¢ and core resolution ¢ are defined as the 68% confidence interval of
Equation 4.5, i.e. the values below which 68% of opening angles and 68% of core
distances lie respectively. Thus for a given angular (or core) resolution v

Y o2 22 (g
/o —5 xXP (—W) dz=1—exp (—@) = 0.68. (4.6)

Solving for o gives o = 1 /1.51. Thus to “smear” the shower geometry by some
resolutions v and 9§ is then simply a matter of sampling Equation 4.5 using values of
sigma equal to ¢/1.51 and 6/1.5 to obtain a randomly varied opening angle and core
distance. These values are then used together with the true values 6y, ¢g, o and
Yo to generate a new set of geometrical parameters 6y, ¢, x; and y;. This emulates
the uncertainty in some reconstruction procedure (first guess, SD reconstruction
etc.). Smeared values of X, and energy are obtained by sampling from Gaussians
with means equal to the true values and standard deviations equal to the desired
resolutions. For the use case presented here, the smeared parameters are used as
the starting guess for the TDR.

Note that when evaluating the angular or core resolution of a reconstruction
procedure, the underlying opening angle/core distance distributions may not exactly
follow Equation 4.5. This is because the variances o and o3, and o7 and o7, are
not always equal. However the resolutions 1 and ¢ can still be calculated directly
from the 68% regions of the distributions. The terms opening angle, core distance
and smearing will be used throughout the remainder of this thesis.

Results

Figure 4.13 shows the reconstruction efficiency of the updated TDR at the four
simulated energies. The trigger condition was that at least one PMT had a signal-
to-noise ratio (SNR) > 6 (see Section 5.3). The red (blue) points show the efficiency
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Figure 4.13: Reconstruction efficiency as a function of energy for the improved TDR. The
simulated showers had energies of 10'%:5, 10, 10'® and 10%° V. The blue and red points,
corresponding to the efficiency for the Small Core Region and Large Core Region data sets
respectively, are plotted at = values slightly above/below these energies for visibility.

for showers in the Large Core Region and Small Core Region data sets respectively.
Directly comparing the results from the Small Core Region to Albury’s, there is a
dramatic improvement, with the efficiency being above 95% across the whole energy
range. As for the Large Core Region, the efficiency is ~ 97% at both 10 and
102 eV and ~ 95% at 10" and 10%° eV, showing that the improvements hold for a
wider range of showers. Furthermore, there is no longer any reliance on an artificial
scaling of the likelihood function. Of course, successful minimisation by itself will
likely not be a sufficient condition for the success of the entire reconstruction chain.
The success of the first guess method employed, together with various cuts on the
quality of the data and reconstruction, will need to be taken into account for a more
accurate description of the reconstruction efficiency. It should also be noted that
the TDR performed here did not fit the absolute time offset of the traces. Although
doing so is not strictly necessary for simulations (as the starting time is fixed), it
should be factored in when estimating the TDR's efficiency on data. This is left for
future work. Nevertheless, the improvements demonstrated here are an important
step towards the reliable application of the FAST reconstruction process to data.

Focusing on the results from the Large Core Region, of the 10%° eV showers which
failed the minimisation, roughly 90% failed due to reaching the maximum allowable
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Figure 4.14: Resolutions in X,.x (top left), energy (top right), core position (bottom
left) and arrival direction (bottom right) as function of energy for the TDR applied to
simulations of the FAST 3-Eye layout (data set 1). See the text for details on the first
guess conditions.

number of simulations, nominally set to 500. Increasing this limit could allow more
showers to be successfully reconstructed at the cost of additional computation time.
Another alternative may be to fit the parameters over several iterations. For ex-
ample, the first iteration could fix the X,,.,/energy values and fit only the arrival
direction/core position. The second iteration could then fit all parameters using
the newly estimated geometry. Investigating the performance of different minimis-
ers/minimisation techniques may also be worthwhile, particularly those which are
less affected by discontinuities in the objective function. In short, further investi-
gation into the possible fail states of the TDR, particularly when fitting multiple
parameters simultaneously, and different possible fitting routines should be consid-
ered for future work.

To conclude this section, the X .., energy, core and angular resolutions of the
reconstruction results from the efficiency test using the Large Core Region data set
as a function of energy are shown in Figure 4.14. The Gaussian fits to the event-by-
event difference histograms for X ., and energy, and the cumulative distributions
used to determine the core and angular resolutions are shown in Appendix A.l.
At 10 eV, the resolutions are already extremely good (X~ 13gem™2, E ~ 3%,
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core ~ 80 m, angular ~ 0.8°) easily satisfying the GCOS requirements (Section 2.3.6).
These resolutions only improve at higher energies, to a degree where they seem “too
good to be true”. Indeed these results are unrealistic in the sense that they do not
reflect what the true resolutions of a future FAST 3-Eye layout would be. The two
primary reasons for this are listed below.

» First guess accuracy: Unlike the constant values used for smearing here,
the accuracy of a realistic first guess estimate would vary both with energy
and the shower geometry (e.g. the parameters of a shower falling in the centre
of the array, seen by multiple telescopes, would be better estimated than a
shower falling on the edge, seen by only one/two telescopes). Furthermore,
the smearing values used are overly optimistic, with the geometrical resolutions
in particular being better than obtained by Fujii [91].

o Idealised simulations: The only source of randomness in these simulations
(and indeed for all simulations in this thesis) was the Gaussian background
noise added to the PMT traces. No shower-to-shower fluctuations, atmo-
spheric/calibration uncertainties, or signal-baseline fluctuations were consid-
ered. Moreover there is no simulation of the effects of the electronics’ response
(e.g. signal saturation) or lateral width of the shower profile in the current
FAST simulation.

Despite these points however, it is not unreasonable to expect that a full sized
FAST array could achieve resolutions on par with or possibly even surpassing those
of Auger/TA for events observed in stereo. This is because FAST uses the timing and
signal in each individual bin as information. Thus for large signals in multiple PMTs
across 2/3 locations, there are in principle many more data points constraining the
shower parameters than are typically used by the Auger/TA FD reconstructions
(~number of triggered pixels in each camera). This is of course provided the FAST
simulation is made to precisely and accurately reproduce data.

4.2 Xnax and Energy Correlation

The second section of this chapter focuses on another issue with the TDR, namely
a correlation between the reconstructed values of energy and X,,.,. This problem
was identified when inspecting Albury’s initial results regarding the performance of
FAST in “hybrid mode” [59]. In hybrid mode, the shower geometry is provided by
an independent SD and FAST only reconstructs X,,.x and energy. To investigate
the issue the conditions of Albury’s original study were reproduced. Albury used
a set of 1000 simulations for his study, where the showers were set incident on
the FASTQTA layout with a fixed core at (Okm, 10km). All other simulation
parameters were identical to the setup in Table 4.1. Figure 4.15 shows the telescope
layout and core position used. During the minimisation procedure, the geometrical
parameters were kept fixed to their true values, leaving only the energy and X,.y
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Figure 4.15: Telescope layout and core position (red x) for the simulated showers in
Section 4.2.

parameters to vary. The first guess values for energy and X,,., were set to 30 EeV
and 850 g cm ™2 respectively.

After producing simulations with the same setup and reconstructing the showers
as described, distributions of AX = X' — X" and AFE = (Ereec — Eirue)/ Etrue
were calculated. In future chapters, where the differences in reconstructed and true
energies may be larger, AE = In(Fiec/Fie) will be used. Future chapters will
also make use of this A notation for other parameters - the convention will be
AT = Tyoe — Tirue- Lhe AXpax and AFE distributions are shown in Figure 4.16 and
are consistent with Albury’s results. Both distributions have a central peak around
0 followed by a positive/negative tail respectively. One explanation as to the source
of these tails is that, for showers with a true X,,.. far away from the first guess
of 850 gcm™2, the TDR settled in a local minimum closer to the first guess. This
hypothesis was tested by plotting A X,,,.x and AE against the difference between the
true Xax and first guess Xpna.c=850gcm 2. The results are shown in Figure 4.17.
The grey points represent individual events while the red points display the average
of the grey points in bins of X ... From these plots the following observations are
made;
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Figure 4.16: Results of reconstructing X.x and energy simultaneously for 1000 simu-
lated events incident on the FAST@TA setup. The geometry is fixed to the true values.

o The tails of the histograms in Figure 4.16 are represented as diagonal streaks
of grey points tending from high/low to 0 for AX../AFE as Xe — Xguess

max max

approaches 0.

 The majority of events with X — X8uess < 50 gcm™2 are still reconstructed
well. Thus the “failures” cannot be entirely attributed to a poor first guess.
It is likely the particular geometry, specifically the arrival direction (since the
core is fixed), of those events which caused the minimiser to settle in a local

minimum.

The tails going in opposite directions in similar regions hints at a correlation between
the reconstructed X,,., and energy. To check this is the case, AX.x vs. AE was
plotted as a 2-D histogram. The result is shown in the top plot of Figure 4.18. As
expected there is a dense circle of points around (0,0) where the majority of events
were reconstructed well, and a smaller sample of events showing a negative correla-
tion. To understand why this correlation arises, consider a single FAST telescope.
In the FAST simulation, X,,.x and energy define the Gaisser-Hillas profile to be
used when calculating the amount of light reaching the telescope. If this telescope
observes a section of the Gaisser-Hillas where different combinations of X,,.. and
energy give similar looking profiles then a degeneracy in the reconstructed X, and
energy values will arise. This is demonstrated in the bottom plot of Figure 4.18.
Here, the right side of the red dashed line indicates the telescope FOV. One can see
that, from the telescope’s perspective, the three profiles look very similar and may
be indistinguishable depending on the signal to noise ratio. To properly distinguish
the three profiles would require observing the showers over a larger atmospheric
depth range, ideally including X ..

Figure 4.19 shows AX,.x as a function of zenith and azimuth. This shows
that the poor reconstructions primarily occur at large zenith angles = 50° and for
negative azimuth angles, which in this setup corresponds to showers coming from
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Figure 4.20: Same as Figure 4.16 but now including a cut on whether X, lies in the
FOV of the triggered telescopes. The tails of the distributions are no longer present.

behind the telescope. This algins with expectations since inclined showers coming
from behind the telescope will only be inside the telescope FOV for a small depth
range. Moreover, the more inclined a shower the deeper the depth range over which
the shower is observed. This leads to greater degeneracy between X, ., and energy
as the difference between profiles grows smaller at larger slant depths. This may
explain why the variation in AX,,,, appears to increase with larger values of 6.

To improve the overall precision of the reconstruction results, all events which
did not have a reconstructed X,., in the FOV of at least one triggered telescope
were removed. For this study a triggered telescope was a telescope with at least
one PMT with a SNR > 6. The resulting AX., and AFE histograms are shown
in Figure 4.20. There are no longer tails in the distributions and the previous
small positive/negative biases in AX,,../AE are no longer present. These results
demonstrate that FAST, similar to current generation telescopes, can only reliably
reconstruct X, ., and energy when X, is in the telescope FOV. Thus, unless stated
otherwise, all analyses which make use of the TDR from here on will only include
showers with X ., inside the FOV of at least one triggered telescope. Since the
TDR fits all six shower parameters simultaneously, this cut must be performed after
the fitting. Specifically, once the TDR reaches a minimum, the fitted geometry and
Xmax, combined with the telescope locations and pointing directions, will be used
to determine if the found minimum has an X, in the FOV of at least one of the
triggered telescopes. If not, that shower will be removed from the analysis.

4.3 Summary
In this chapter two problems with the original TDR procedure have been addressed.

The first of these, a decrease in the reconstruction efficiency with energy, was solved
by amending several sections of the FAST simulation which were causing discontinu-
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ities in the likelihood function. For a top-down approach which compares simulated
traces to data bin-by-bin, it was found that the shower axis binning and signal
re-binning methods must be carefully handled so as to ensure smooth changes in
individual bin signals, thus giving a smooth likelihood function. The changes made
to these methods to ensure smoothness were physically motivated (e.g. requirement
for the edges of the directional efficiency map to tend smoothly to zero) and should
be adopted by similar experiments aiming to reconstruct the properties of air show-
ers via direct waveform fitting. The updated TDR, without any artificial likelihood
scaling, has an improved efficiency at all energies compared to previous work, most
notably at 10%° eV where the efficiency has increased from 30% to 95%. The sec-
ond problem was a correlation between X,,., and energy when fitted simultaneously.
This problem was solved by removing showers from the analysis where X, was not
in the FOV of at least one triggered telescope, similar to the FOV cuts performed
by Auger and TA on their FD data. This increased the precision of the TDR and
removed slight biases in the AX . and AFE distributions. Future work should focus
on improving the signal re-binning solution implemented here, ideally by extending
the range of the directional efficiency maps with real measurements, and on further
analysis of the failure modes and possible degeneracies of the TDR.



Chapter 5

First Guess Estimation I - Neural
Networks

The previous chapter focused on improving the underlying minimisation process by
which FAST reconstructs the shower parameters, the TDR. Crucial to the success
of this minimisation is the first guess of the shower parameters passed to the min-
imiser. If the first guess is not sufficiently close to the true parameters, then the
minimiser may fall into a local minimum, or worse fail to reconstruct the shower
parameters entirely. Accurately determining the shower geometry is the most im-
portant part of the first guess. This is because the shower geometry largely governs
which telescopes/which PMTs view the shower. Previous efforts into estimating a
first guess by Albury [59] and later Fujii [91] have focused on applying machine learn-
ing techniques to simulated data from the FAST 3-Eye layout. Fujii’s result showed
that for showers seen by all three eyes with £ = 40EeV, a simple feed-forward,
deep neural network (DNN) can estimate the shower parameters with resolutions
in arrival direction of 4.2°, core location of 465m, X.x of 30 gcm™2 and energy of
8%. Although these results are promising, they are not applicable to the current
prototype installations or to the soon-to-be deployed FAST mini-array. Developing
a robust first guess method which can be applied to data from these installations
is critical for validating the entire FAST reconstruction chain. The following two
chapters investigate two different approaches for this purpose. This chapter focuses
on using neural networks, expanding upon previous studies.

5.1 Machine Learning Approach - Overview

Considering the reasonable success of the machine learning approach implemented
in previous work with the FAST 3-Eye layout, it is natural to question whether a
similar methodology could be applied to the FAST@Auger, FASTQTA and FAST
mini-array layouts. Moreover, is there room to improve upon the basic model struc-
ture/architecture that was used in past studies? The following chapter attempts to
address these questions by first replicating the basic feed-forward, DNN architec-
ture previously used with FAST (with some minor adjustments) and then testing it
on the above layouts. Variations of the model with additional complexity are then
explored. The basic introduction to machine learning and neural networks given

89
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below provides most of the necessary background for understanding what follows.

5.2 Machine Learning and Neural Networks

Machine learning is a branch of artificial intelligence focused on having comput-
ers/machines “learn” to perform certain tasks based on exposure to (typically) large
amounts of data. Broadly speaking, this learning process involves having the ma-
chine learning model make a decision/prediction based on some data, evaluating the
accuracy /performance of this decision, and then updating the internal parameters of
the model such that it’s performance improves on the given task. There are several
different types of machine learning algorithms, each with its own use case. Here,
artificial neural networks in the context of regression problems will be introduced,
since this is the architecture that has been used previously with FAST.

An artificial neural network is a type of learning algorithm modelled after the
human brain. Like the brain, where information is passed between neurons via
synapses, information in an artificial neural network is passed between layers of
nodes via weights. Each node stores some information, for example a real continuous
variable, and this information is passed to nodes in subsequent layers via the learned
weights. A typical network consists of an input layer (data from the user), a series
of intermediate or hidden layers where the inputs are transformed, and finally an
output layer (prediction).

To model the often complex, non-linear relationships between input and output
variables, activation functions are applied between node layers. The transformation
of data ¥ between a layer 7 and the subsequent layer given an activation function
f(z) can be written as

Tiz1 = f(W - Zi +b) (5.1)
where W is a matrix of learned weights and b is a learned bias term. Choices of
activation function vary depending on the application, however a popular choice
for regression problems (like estimating the continuous shower parameters) is the
rectified linear unit or ReLLU, defined as

>0
ReLU={" " (5.2)
0 x<0.

Training the network involves having the network predict the outputs and then
comparing the prediction to the true values using a “loss function”. The loss function
used in this work is the standard mean squared error (MSE), defined as

] — 2
MSE = — ( pred _ Fme) 53
=D (- (5.3)

=1
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Figure 5.1: Diagram showing the basic structure of a DNN using the previous implemen-
tations tested with FAST as a reference. For these implementations the output parameters
were the standard six shower parameters (c,/, here refer to core z/core y) and the activa-
tion function used for the hidden layers was ReLLU. The box on the right shows a zoomed

in view of how the value of a node in one of the hidden layers, in this case node h,(gl), is
calculated based on the information from nodes in the previous layer.

for output parameters {yi, ...y, }. The weights of the neural network are then up-
dated, typically via a process called back-propagation, in order to minimise the loss
function. The task of an artificial neural network then is to find the optimal weights
which minimise the loss function. An illustration of a basic neural network is shown
in Figure 5.1, using previous implementations with FAST as a reference. Further
information on machine learning and neural networks can be found in [99].

5.3 SNR Threshold Calculation

Before making an estimate of the shower parameters, it is important to identify
which PMTs contain “useful” signal from the observed event. The term “useful”
here loosely refers to signals which, when incorporated into some first guess method,
improve the accuracy of the overall estimate. For example, including the character-
istics/features of a PMT trace which is dominated by background noise is likely to
only add additional uncertainty to the result. Such a trace would not be considered
“useful” in this context. That being said, it is also important not to overlook small
but valuable signals which could help constrain the shower parameters. Since a
single FAST telescope consists only of four pixels, extracting as much information
as possible from each individual trace is vital for obtaining the best possible first
guess.

The first step in deciding whether or not a pixel should be included in some



92 First Guess Estimation I - Neural Networks

first guess procedure is to determine whether the pulse from said pixel surpasses
an appropriate signal-to-noise ratio (SNR) or “significance” threshold. Pixels which
meet this threshold will be referred to as having passed the “threshold trigger”.
Note that in both simulations and data (depending on the algorithm used), pixels
passing the threshold trigger may not contain signal from an extensive air shower.
This could be due to random fluctuations in the signal or, in the case of data, from
artificial light sources such as aeroplanes or laser light from the central laser facilities
at Auger and TA. Pixels which are deemed to contain signal from an extensive air
shower will be said to have passed the “event level trigger” and will be used in the
first guess methods explored in this work. See Section 6.1 for further discussion on
the event level trigger.

5.3.1 Cross Check with Previous Work

In Albury’s original attempt to use machine learning techniques for the first guess
estimation, he utilised the same algorithm as used by Auger to determine the SNR
of each PMT pulse. The algorithm is as follows; for a single PMT trace, the bins
Estart and kgop which maximise the ratio
kstop—1
S e
SNR = — — Zl—kstart

N Onsb kstop - kstart

(5.4)

are determined. Here, S; is the signal in the i*" bin and o,g, is the standard de-
viation of the background noise estimated using a region of the trace deemed to
contain no signal. Although in data this value varies from night-to-night, the av-
erage value, based on the analysis of FASTQTA coincidence data (see Section 7.2),
is ~ 11p.e./100ns. This roughly matches the nominal value o,q, = 10p.e./100ns
used in simulations when adding artificial noise. Lastly, the minimum and maxi-
mum number of bins allowed between kgare and kgiop are set to 3 and 29 respectively.
Note that in Albury’s thesis this equation was written incorrectly with the signals
S; being summed up to the kgop bin rather than the kgyop — 1 bin.

To determine the appropriate SNR threshold above which a PMT is considered
to have useful /significant signal, Albury used a simulated dataset and compared the
distribution of SNRs for traces with no signal (i.e. pure Gaussian noise with o4, =
10p.e./100ns) vs. traces with signal'. The corresponding plot is shown in Figure
5.2. From this plot and analysing the rate of false positives for different thresholds,
Albury settled on an SNR cutoff of 5 for significant pulses. When attempting to
reproduce this result as a cross-check, a slight inconsistency in the noise response
between Albury’s result and the above algorithm was identified. To reproduce the
noise response, 100,000 traces of length 1,000 with points sampled from N(u =
0, ousp = 10) were generated. Equation 5.4 was then used to determine the maximum

IExactly how these two cases were defined is not explained.
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Figure 5.2: Histograms showing the SNR for traces with (red) and without (black) signal
from simulated events as calculated by Albury [59].
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Figure 5.3: Distributions of SNR as calculated using Equation 5.4 applied to Gaussian
noise generated from N(u = 0,0n5, = 10). The results when using a value of o,
estimated from the first 200 samples from of the trace and when using a fixed value
of ongp, = 10 are shown in red and black respectively.
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Figure 5.4: Left: Maximum SNR values calculated using Equation 5.4 for simulated

traces with (red) and without (black) signal. Right: False positive rate as a function of
the SNR threshold. The rate of false-positives above an SNR threshold of 6 is negligible.

SNR of each trace using the first 200 bins to estimate o,g, (should be ~ 10). The
result is shown by the red histogram in Figure 5.3. The RMS of the distribution is
noticeably different from Albury’s result, implying some difference in the calculation
method. Performing the same analysis but using a fixed value of 0,4, = 10 in
Equation 5.4 gives the black histogram in Figure 5.3. With this change, both the
mean and RMS of the distribution agree with Albury’s result within statistical
uncertainty. For the purposes of applying this algorithm to search for signal in
data, 0,4, should be estimated from the trace and not assumed to be a particular
value, as the background level can vary significantly across different nights (see
Figure 7.4). Therefore, from this point onwards when determining the SNR of a
FAST pixel pulse, Equation 5.4 will be used with o, estimated from the trace as
described above.

5.3.2 Threshold Determination

A similar analysis to Albury’s is now performed to confirm the appropriate SNR
threshold. PMT traces from the simulated dataset in Section 5.4 are used. Traces
with all 0 values (before adding artificial noise) are labelled as containing no signal.
All other traces are treated as containing signal regardless of how small. Histograms
of the SNR for pixels with (red) and without (black) signal are shown in the left plot
of Figure 5.4. The long tail of the signal distribution and alignment of the signal
and noise distribution peaks are consistent with Albury’s result. The difference in
the relative scales of the distributions is due to the dataset used here having a higher
percentage of PMTs viewing the showers. The right plot of Figure 5.4 shows the false
positive rate as a function of the SNR threshold calculated using the red histogram
from Figure 5.3. The false positive rate is defined as the number of noise traces
falsely classified as signal for a given threshold divided by the total number of noise
pulses. For a maximum SNR threshold of 5, the false positive rate is ~ 1073. For
a threshold of 6 it drops to ~ 107>, Although there are potentially many valuable
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signals with SNR values between 5 and 6, as can be seen in the left plot of Figure 5.4,
in this work a conservative approach is taken and the SNR threshold set to 6. This
is done to reduce the chance that pixels not viewing the shower randomly pass the
threshold trigger and subsequently negatively impact the first guess. For example,
for the FAST mini-array layout, with a total of 24 pixels, a false positive rate of
1073 equates to approximately 1 in 40 ~ 50 events having a false threshold trigger.
Moreover, a higher threshold will result in higher quality signals, in theory leading to
a more precise reconstruction of the shower parameters. Although setting a higher
SNR threshold reduces the sensitivity of FAST to lower energy /more distant showers,
the trade-off is considered worthwhile for more reliability in the first guess. A more
sophisticated signal search algorithm and/or additional trigger conditions could be
used to help remove random threshold triggers and lower the SNR threshold. This
is partly explored in Section 6.1. For the following chapter however, the threshold
trigger and event level trigger will be considered equivalent i.e. all pixels in an event
with an SNR > 6 will be used when making the first guess.

5.4 Data Sets

The ultimate goal of training any machine learning model is to apply said model to
new, unseen data. It is therefore crucial that the range of shower parameters aiming
to be reconstructed is sufficiently represented in the training process. Although
the target energy range of FAST is primarily > 10! eV, the majority of events
observed by the FAST prototypes thus far have energies between 10!” and 10 eV
(see Section 7.2). Thus, in order to apply these models to data, it is necessary to
train on a wide range of energies. The target energy range of 17.5 <log(E/eV)< 20 is
chosen for this work. This covers more than 70% of the coincidence events observed
by the FAST prototypes thus far.

A total of 10® showers were simulated, incident on four different telescope layouts.
The simulated parameter distributions are shown in Table 5.1 and the layouts/core
positions in Figure 5.5. Note the minimum simulated energy is set to 1073 eV so
that the minimum target energy does not lie on the boundary of the simulated
parameter space. This is done to increase the reliability of the model’s estimates
around the minimum target energy. As the highest energy shower observed by
the FAST prototypes thus far has an energy of ~ 10 eV, a maximum simulated
energy of 10%° eV is sufficiently high. As for X, ., a uniform distribution was chosen
to try and force the model to better learn the relevant patterns in the data over the
full range of Xy, values. Although this exposes the network to some “unrealistic
showers” e.g. a 10%°eV event with X, = 500gcm™2, the goal was to avoid a
scenario where the model simply learns to guess the mean of some strongly peaked
Xnax distribution. The influence of this choice on the final results should be checked
in future work by sampling from parameterisations of realistic X, distributions.
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Figure 5.5: Telescope positions for each of the four layouts studied; FAST-Single
(top left), FAST-TA (top-right), FAST-MiniV1 (bottom left) and FAST-MiniV2 (bot-
tom right). Core positions of the simulated showers lie inside the blue circles.

X max Uniform (500 - 1200 g cm ™)
Energy Uniform in log(E/eV) (17.3 - 20)
0 sinf cosf (0 - 80°)
o Uniform (0 - 360°)
Core | Uniform (in circle centred at (0,0), r = 10 km)

Table 5.1: The distribution sampled from and range (in brackets) of each shower pa-
rameter used to generate the simulations. Each of the distributions sampled from were
continuous.
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Regarding Figure 5.5, the four layouts are referred to as FAST-Single, FAST-
TA, FAST-MiniV1 and FAST-MiniV2. The FAST-Single and FAST-TA layouts are
representative of the current prototype layouts at Auger and TA respectively, with
each telescope located at (0km, —7.5km). The FAST-MiniV1 and FAST-MiniV2
layouts correspond to the two scheduled stages of the FAST mini-array deploy-
ment (see Section 3.7), albeit with slightly different spacings between the telescopes.
Here, both the FAST-MiniV1 and FAST-MiniV2 telescopes are separated by 15 km.
The FAST-MiniV1 telescopes are positioned at (0km, £7.5km), whilst the FAST-
MiniV2 telescopes are positioned at (0km, —8.66 km) and (£7.5km, 4.33km). The
response of all four telescope layouts is simulated simultaneously for each shower
i.e. each shower is viewed by 13 telescopes (the centre telescope of FAST-TA is
used as FAST-Single). This significantly lowers the required computational time.
The standard level of background noise oy,g, = 10p.e./100ns is added to the sim-
ulated traces. Likewise, the standard parametric models for the molecular and
aerosol atmospheres are used, and the ideal directional efficiency map is applied to
each telescope. The total number of showers with at least one PMT passing the
threshold trigger (SNR>6) for each layout is; FAST-Single: ~ 2.0 x 10°, FAST-TA:
~ 4.1 x 10°, FAST-MiniV1: ~ 4.7 x 10°> and FAST-MiniV2: ~ 5.5 x 10°.

5.5 Output Parameter Normalisation

The goal of the machine learning models trained here is to predict the six shower
parameters (F, Xpax, 0, ¢, core z, core y). These parameters will also be referred to
as output or target parameters. To ensure that each output parameter is weighted
equally when calculating the loss, each parameter is scaled to the range (-1, 1). The
scaling is achieved via the following transformation,

e Told — Tmid (5.5)

Taift

where g = (Tmax + Tmin) /2 and Zaig = (Tmax — Tmin) /2. The reverse transforma-
tion is applied after the model predicts the shower parameters (using zpax and Ty,
from the training data).

For the shower geometry, the models do not associate ¢ = £180° as the same
value. Thus 6 and ¢ are converted to Cartesian coordinates and the models are
trained to predict the X/Y components of the shower axis unit vector instead. These
values will be labelled “AxisX” and “AxisY”. Note the z component or “AxisZ” is
not needed since z = /1 — 22 — y2. When reconstructing the shower parameters
using the trained model, the AxisX and AxisY outputs are transformed back to
0 and ¢. The distributions of the target parameters for each layout are shown in
Figure 5.6. The X, distributions are mostly flat and the AxisX distributions are
symmetric as expected. The energy distribution is heavily biased towards higher
energies since these showers remain visible to the FAST telescopes over a larger
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Figure 5.6: Normalised output parameters for each layout.

distance. The shape of the core z, core y and AxisY distributions meanwhile reflect
the geometry of each layout. To give one example, only a small number of showers
falling behind the FAST-Single or FAST-TA telescopes will actually be visible to
the telescopes. Even fewer of such showers will leave a significant signal. This
phenomenon manifests as the short tails on the left side of the core y histograms for
the FAST-Single and FAST-TA layouts. The output distributions shown here will
be the same for each machine learning model tested.

5.6 Basic DNN

The first model tested has the same basic architecture as those used by Albury
and Fujii. This model is a simple feed-forward, DNN consisting of a single input
layer, several hidden layers, and an output layer. The model will be referred to as
the “Basic DNN”. The term feed-forward describes how the flow of information in
the network is only in one direction, from the input, through the hidden layers, to
the output. The network is “deep” in that the number of hidden layers is greater
than the minimum threshold for what is considered “deep learning”, typically 2
[100]. Each layer is “dense” or “fully connected”, meaning every node in a layer
is connected to all nodes in the previous layer. In this model the ReLLU activation
function is used for the hidden layers. The inputs to the network are three features
from each PMT. These features are the integrated signal S, centroid time ¢ and
pulse height h of each PMT pulse. PMTs which do not pass the threshold trigger
have each of their features set to 0. These PMTs still provide useful information
to the network which can be used to help constrain the shower parameters. For a
PMT i with a SNR>6 between bins kgart and kseop — 1, Si, t; and h; are calculated
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as
kstop_l
Si = E Sj, (56)
j:kstart
kstop—1
t_. — Zjb:t(];:tart S-]t-] (5 7)
(2 sttop_l s 9 .
j:kstart J
and

hi = Inax ({Skstart7 Skstart+17 e Skstopfl}) (58)

where s; and t; are the signal and time of the j™ bin respectively. Each of these val-
ues is then normalised before being passed to the network. A slight change between
the implementation here and previous implementations is that when normalising
the signals and heights, the logarithm base 10 of each value is taken,

S; =1log,,(S;) and h; =log,,(h;). (5.9)

Each value is then divided by the average total logarithmic signal Sy or height ho
(respectively) over the entire training data set, i.e.

(5.10)
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e S=(38) and o= (XA (511)

are the averages over all events. Remember that the S; and h; in the sums are only
for pixels which passed the threshold trigger. Taking the logarithm of the signals
and heights in this way improved the stability and performance of the model during
training. The centroid time normalisation is identical to previous implementations.
Since only the time differences between PMTs are physically meaningful, the earliest
centroid time in each event is subtracted from the other centroid times in the same
event,

A

ti =t — fo, (5.12)

where t, is the earliest centroid time. FEach Ii is then divided by the standard
deviation of all centroid times over the entire training data set o; giving

St
I
| Sl

L (5.13)
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The values gi, fgl and t; from each PMT are the inputs to the neural network.
Histograms of the input parameter distributions for each layout can be found in
Appendix B.1. For small, feed-forward networks like this, the structure of the
network can be written concisely by simply listing the number of nodes in each
layer with a “/” after each value. The preliminary structure for this model was
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(3 x Number of PMTs)/128/64/6 for each layout.

5.6.1 Training Setup

For building and training the model, Python with Keras [101] on top of Tensorflow
was used. The common features of the initial training setups for the Basic DNN
model and alternative models tested in Section 5.7 are listed below.

e Optimiser - Adam (Adaptive Moment Estimation) with a learning rate of
0.001. The optimiser is the algorithm used to search the high dimensional
parameter space of network weights to find those which minimise the loss
function. The learning rate controls the “step size” of this search.

o Train:Test Split - 90%:10%. Ten percent of the entire data set is set aside for
testing and does not enter into the training process at all. The remaining 90%
is used to train the model. When training the model a single time, the training
data is split into a “training set” and “validation set”. The model’s parameters
are updated by training on the training set, with the goal of minimising the
“training loss” i.e. the loss function applied to the predictions of the model on
the training set. The validation set is used to monitor the model’s learning.
Information from the validation set is not used when updating the network
parameters. At the end of each epoch (see below) the “validation loss” i.e. the
loss function applied to the predictions of the model on the validation set, is
calculated, providing an estimate of the models performance on unseen data.

« Epochs - 100, with a patience parameter of 10. One epoch is a single pass
over the entire training dataset. The patience parameter refers to how many
epochs to wait without improvement in the validation loss i.e. for a value
of 10, training will be stopped if there are 10 consecutive epochs without
improvement in the validation loss. The model weights which correspond to
the lowest validation loss are saved.

The batch size for the initial Basic DNN training was set to 64. The batch size is
the number of samples to analyse before updating the network weights. This value
will vary in later models.

5.6.2 Initial Tests

The left plot of Figure 5.7 shows the results of training the Basic DNN model on
each layout using successively larger samples of the training dataset. This is done to
assess how the model improves with additional data and whether or not additional
data would meaningfully increase the model’s performance. The z-axis shows the
fraction of the dataset used and the y-axis the mean validation loss. Dataset fractions
of 0.01, 0.05, 0.1, 0.2, 0.4 and 0.8 were tested. For a single data point, the data
corresponding to that point (e.g. 10% of the training data) was split into 10 equal
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Figure 5.7: Left: Validation loss for each layout using varying fractions of the full dataset.
Right: Training loss (solid lines) and validation loss (dashed lines) for each layout when
using 80% of the full dataset.

parts or “folds”. The model was then trained 10 times, each time using a different
fold as the validation set. The mean (y value) and standard deviation (error bar)
of the 10 validation losses was then calculated. This technique is known as k-folds
cross validation (here k£ = 10) and is typically used when optimising model hyper-
parameters (see Section 5.6.3) to prevent over-fitting?. The method is used here to
verify the stability of the model performance. The right plot of Figure 5.7 shows
the training curves for the best run (out of the 10 folds) of each layout when using
80% of the dataset. The training loss is shown by the solid lines and the validation
loss by the dashed lines. Below are some basic observations;

o For each layout, the validation loss decreases with additional data, as is the
expected behaviour. The validation loss appears to start plateauing between
~ 20 — 40% for each layout. This indicates that additional data is unlikely to
dramatically improve performance.

o The layout with the best performance is FAST-MiniV2, followed by FAST-
MiniV1, FAST-TA and FAST-Single. This also matches expectations as, with
more PMTs, there is more information available to estimate the shower pa-
rameters. Additional inputs also mean a larger number of weights with which
the models can learn the relationship between inputs and outputs (for the
fixed hidden layer structure used here).

o The size of the error bars tends to decrease with additional data, becoming
almost negligible beyond ~ 20%. This verifies the stability of the model
performance.

o The shapes of the training curves are very similar, with the majority of the

20ver-fitting occurs when the model learns a mapping of inputs to outputs which work well
only for the training set and do not generalise to other data.
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learning occurring in the first ~ 40 epochs, after which only gradual improve-
ments are seen.

These simple checks are important to verify that the models are behaving as ex-
pected and are not overfitting. Before applying these models to the test datasets, a
series of additional checks and optimisations are performed to try and obtain better
performance i.e. a lower validation loss.

5.6.3 Model Tuning

The parameters which govern the overall model architecture and training pro-
cess, such as the learning rate, chosen optimiser or number of hidden layers in
a model, are called hyper-parameters. Optimising these parameters is known as
hyper-parameter optimisation and is a crucial step in obtaining the best possible
performance from any machine learning model. For the Basic DNN model described
here, the most relevant hyper parameters are the number of hidden layers L, the
number of nodes in each hidden layer (N, Ns, ..., N;) and the learning rate [,.. To
check how the model’s performance changes with these hyper parameters, four dif-
ferent hidden layer structures and five different learning rates were tested with each
layout. The learning rates tested were 0.01, 0.003, 0.001, 0.0003 and 0.0001, and the
hidden layer structures tested were (128/64), (180/100/50), (256/128/64/32) and
(512/256/128/64/32). To save on computational time, these tests were performed
using just 20% of each training dataset. Similar to above, the mean validation loss
for each set of hyper-parameters was calculated using k-folds cross validation with
k = 10. However, the validation loss was only calculated for five out of the ten
folds, again to save time. The number of epochs in training was also set to 50.
These choices were made based on the stability and learning behaviour of the model
demonstrated in Figure 5.7.

The validation losses for each hidden layer structure and layout are shown as a
function of learning rate in Figure 5.8. The behaviour for each layout is very similar,
with the best performance being obtained with the five-layer structure. Again this
is not particularly surprising considering the additional layers equate to roughly 10
times the number of weights. The learning rate is clearly the most important hyper-
parameter (in these tests), with the nominal value of 0.001 used in the initial model
testing generally being the best choice. For the five layer structure a slightly lower
learning rate appears optimal. Overall, compared to the initial training setup, a 5 -
10% improvement in the validation loss for each layout is achieved when using the
best set of hyper-parameters out of those tested. Tests using batch sizes of 32 and
128 in training with the optimal five-hidden-layer structure were also performed. No
significant difference was observed in the validation loss.
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Figure 5.8: The validation loss when using different hidden-layer configurations (see the
legend) as a function of learning rate. The results are shown for each layout using the
same colour code as applied in Figures 5.6 and 5.7.

5.6.4 Basic DNN Performance

Based on the above results, the final models for each layout were trained using the
five layer structure with a learning rate of 0.0003. The entire training data set was
used, running for the standard 100 epochs with a patience parameter of 10. The
trained models were then used to estimate the shower parameters of the test data
set. Note the same threshold trigger and data processing steps used during training
were applied to the test data set. Figure 5.9 shows the true and reconstructed
distributions for each output parameter and each layout over all energies. Both
the AxisX/AxisY and 6/¢ combinations are shown for completeness. Figure 5.10
shows the biases and resolutions of each reconstructed output parameter (with the
exception of ¢) as a function of energy.

In Figure 5.9, the reconstructed output parameter distributions exhibit an overall
tendency towards the centre of the true distributions. This is highlighted by the
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sharp peaks either around or on either side of the central values in many of the
distributions. The effect is indicative of the model not having fully learned the
precise relationship between all possible inputs and outputs. For regions of the
parameter space where this is the case, for example where only one or two pixels
trigger with low SNRs; it is likely that the model simply chooses the central values as,
statistically, this has the best chance of minimising the loss. The effect is particularly
egregious for FAST-Single, though is present in each layout. This behaviour is
connected to the bias seen in zenith angle. This is because a guess near the centre
of the distribution for both AxisX and AxisY corresponds to the z-axis and y-axis
components of the shower axis unit vector being ~ 0. This results in a large z
component and thus small zenith angle. The bias appears to decrease slightly with
additional telescopes, behaviour which seems consistent when looking at the AxisX
and AxisY reconstructed distributions for each layout.

Regarding Figure 5.10, each point represents either the mean (bias) or standard
deviation (resolution) of the difference between the reconstructed and true values for
one of the output parameters for a particular energy bin. Here AF = In(Eiec/ Eirue)
and Az /Ay refer to the differences in core x/y respectively. The error bars cor-
respond to the standard error in the mean = o/N and the standard error in the
standard deviation ~ o/4/2(N — 1) [102]. The biases are shown by the plots on
the left hand side, and the resolutions on the right hand side. For each output pa-
rameter, the layout with the least bias is FAST-MiniV2, followed by FAST-MiniV1,
FAST-TA and finally FAST-Single. This matches the order of the validation losses.
The same order mostly holds for the resolution plots with a few exceptions. In
general, the parameter resolutions are expected to improve with energy since there
are more showers from which to learn the relationship between inputs and outputs.
Additionally, the average SNR of the signals is larger at higher energies, in theory
leading to a more accurate reconstruction.

For X .« and energy, the respective biases show a roughly linearly trend from
negative/positive values to 0, flattening at around 10 eV. This behaviour appears
similar to the correlation observed in Section 4.2. The resolution in X, gradually
decreases from ~ 180gem=2 at E = 10'7® to between 110 - 170 gcm ™2 depending
on the layout. The energy resolution for each layout is less straightforward, showing
a small increase up until ~ 10'® eV, then a decrease up until ~ 10'87 eV, after which
the resolution is a roughly constant at around 0.6. Similar “breaks” in the shape of
the resolution graphs at broadly similar energies are also present in the zenith, core
x and core y parameters. The cause of this behaviour is not fully understood but is
thought to be related to how the parameters of the showers observed by each layout
change as a function of energy.

Take for example the worsening in the core = resolution seen by FAST-Single,
FAST-TA and FAST-MiniV1. These layouts all have telescopes positioned and
pointing along (or near to) the y-axis. This means at low energies, where showers
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Figure 5.9: True (solid lines) and reconstructed (dashed lines) distributions for each
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Figure 5.10: The biases (left) and resolutions (right) in each reconstructed parameter as
a function of energy. The non-monotonic nature of the resolution plots is thought to be
due to how the observable distribution of each parameter changes as a function of energy.
Note the different z-axis scales between different slices.
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Figure 5.11: Average MSE when evaluating the Basic DNN model on the test data set
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Figure 5.12: The standard bias and resolution in the reconstructed energy (top panels)
and core position (bottom two panels) for the FAST-TA and FAST-MiniV2 layouts com-
pared to those when using a flat distribution of energies during training.

are only observable up until a few kilometres, the range of core x values for showers
observed by these installations is narrow. As the energy of the showers and hence
distance up to which showers can be observed increases, this range also increases.
With an increased range of possible core x values, poor core x estimates e.g. those
which simply guess the centre of the distribution, will cause the resolution to worsen.
This trend continues until the energy of the showers is such that the entire range of
possible core x values, defined by the dataset, stops increasing with energy. Beyond
this energy the resolution improves in accordance with the expectation outlined
above. The resolution for FAST-MiniV2 in this case begins very poor because the
positions of the telescopes are such that, even for low energy showers, the range of
possible core x values is large.

Another contributing factor is the difficulty for the FAST telescopes to recon-
struct the component of the core position which aligns with the telescope pointing
direction. This is clearly shown in the core y bias plot for FAST-Single and FAST-
TA. Both of these layouts only view showers from a single location and primarily
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point along the y-axis. This gives rise to a degeneracy where lower energy showers
with small core y values (close to the telescope/s) are mistaken for higher energy
showers with large core y values (far from the telescopes/s). The degeneracy is
shown explicitly in Appendix B.1. This phenomenon may be another reason why
the core x resolution for FAST-MiniV2 is poor at lower energies. An exploration of
the precise factors determining the various behaviour seen in the bias and resolution
plots will not be performed here, but is recommended for future work should similar
structure be observed.

Figure 5.11 shows the average MSE in slices of core position, arrival direction and
Xmax/energy for each layout. These maps are useful to quickly see where each model
struggles to reconstruct the shower parameters accurately. For example, low energy
showers with large X,,.. values are reconstructed poorly by all models. Considering
that such showers are essentially not observed in data this is not a significant issue.
At large zenith angles showers which come from behind the telescopes for FAST-
Single, FAST-TA and FAST-MiniV2 are reconstructed comparatively poorly. For
FAST-MiniV1, the fact the telescopes are facing each other means that such showers
are in fact reconstructed better than those which cross the FOV horizontally. As
for core positions, showers on the boundary are reconstructed worse by all layouts
than those falling in the centre. This is because showers falling in the centre are
more likely to be seen by multiple telescopes and thus there is more information to
accurately reconstruct them.

To check whether the cause of the strong energy dependence seen in the above
results was related to the models being trained on a very uneven distribution of
energies (see Figure 5.6), the models were retrained with the same training setup
but now using an almost flat output energy distribution. Specifically, the first 1000
events in each energy bin of the energy histograms in Figure 5.6 were selected for
training. The new models were then used to reconstruct the same test data set.
Figure 5.12 shows the biases and resolutions in the reconstructed energy and core
parameters using the new and old models for the FAST-TA and FAST-MiniV2
layouts. Since the total amount of training data is different only the “shape” of the
results is analysed. For the parameters shown, the models trained on the flat energy
distribution perform comparatively better at lower energies but worse at higher
energies. This applies both to the biases and resolutions in the parameters. The
other output parameters showed no significant change. Although better estimates at
lower energies are perhaps more favourable for applying these models to the current
coincidence data, the trade off of reduced performance at higher energies, the target
of FAST, is not desirable long term. Further investigation into how changing the
distributions of target parameters affects the final biases and resolutions could be
considered for future work.
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5.6.5 Discussion

This section has attempted to extract the best possible performance using the Ba-
sic DNN network structure. A hyper-parameter search was performed and small
improvements in the data processing over the original method were made. The
model learning behaviour, suitable data-set size, batch size, and impact of changing
the target energy distribution have been investigated. Overall, the resolutions as
presented here are rather poor, with the best performance by FAST-MiniV2 only
achieving resolutions of ~ 110 gcm? in X,ay, ~ 50% in energy, 10° in zenith, and a
few thousand metres in core resolution. Applying stricter cuts on the input data to
the networks and/or reconstructed data, such as the number of triggered PMTs or
number of different Eyes observing the shower, would improve these results. Train-
ing only on showers which trigger a large number of PMTs/are observed in stereo
may also improve results, with the trade off being the inability to apply the model
to lower energy showers and/or showers which trigger only a few PMTs i.e. the
majority of the coincidence data. The above suggestions are investigated in Section
5.8. At this stage, rather than further fine tuning or implementing cuts with the
Basic DNN model, it is expected that altering the model architecture and /or adding
additional inputs to characterise the PMT traces will be more efficient in obtaining
greater accuracy in the first guess. This is tested in the following section.

5.7 Alternative Models

There are two main options for improving upon the Basic DNN. The first is to
use the same feed-forward, deep neural network architecture but with additional
features for each PMT trace. Additional inputs characterising the traces should in
principle allow the shower parameters to be better estimated. The second option is
to alter the underlying model architecture. This could involve using different types
of layers such as recurrent or convolutional layers, or using an entirely different
learning paradigm e.g. Random Forests. Both approaches are tested below. Note
however that thoroughly testing every possible extension/viable learning method is
beyond the scope of this work. As such only two alternative models are compared.

5.7.1 Model 1: TSFEL DNN

This model is a straightforward extension to the Basic DNN above. The name comes
from the Python library used to extract the additional input features, “Time-Series
Feature Extraction Library (TSFEL)?”. Whilst it may be possible to “handcraft”
features which better characterise the FAST traces, leaving the task of feature ex-
traction to a predefined library saves considerable time and effort. This library
allows for the calculation of four different types of features from a given time series
- spectral, fractal, temporal and statistical. It is expected that the features of the

3https://tsfel.readthedocs.io/en /latest /index.html
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FAST traces which are most important for estimating the shower parameters are
the temporal and statistical features. Hence only these are extracted. This gives
a total of 45 additional features for each PMT. The features were calculated using
a fixed 600 bin length segment of the traces selected in the following way. First,
the closest bin to the centroid time of the earliest triggered PMT was determined.
Then, with respect to this bin, the previous 150 and subsequent 450 bins from all
PMT traces were extracted (using 100ns bin traces). The values of 150 and 450
were chosen based on analysing traces containing no noise. See Appendix B.2 for
details. Selecting the trace segments to analyse in this way ensures that the features
are calculated independent of the absolute time offset of the traces.

Of the 45 extracted features, 14 were found not to vary between traces and so
were removed. All but a few of the remaining 31 features had distributions which
were either entirely negative or positive. Therefore the following transformation was
applied to each feature,

. {1ogm<|a:|> z#0 (5.14)

0 z=20

with the exception of the “Median features”. This ensured that the values of each
feature were reasonably small with the majority being between (-10, 10). At this
stage, the original three features used in the Basic DNN model along with the width
of the max SNR region (given by kgop — Kstart) Were added to the list of 31 features
from TSFEL. This gave a total of 35 possible input features for each PMT. To remove
redundant information, the correlation between each feature associated with a single
PMT was checked. If two features had a correlation of more than 0.95 then one was
removed. After this process a total of 11 features from each PMT remained. These
were used as the inputs to the TSFEL DNN. For the full list of input features and
their respective distributions see Appendix B.3.

As with the Basic DNN, pixels which did not pass the threshold trigger had
their input features set to 0. All other settings (training setup, model structure,
activation layers, loss function etc.) were initially set identical to the Basic DNN.
The only difference was the number of input features. For a “fair” comparison
with the Basic DNN, a basic hyper-parameter search was performed using 20%
of the dataset, averaging the validation loss across 5 folds. The same four layer
configurations as trialled with the Basic DNN and the learning rates 0.0003, 0.001
and 0.003 were tested. Once again the 5 layer, 0.0003 learning rate model was found
to perform best. This is the model used for comparison in Section 5.7.3. Future
work could investigate whether using trace segments centred on each pixel pulse
with fixed /variable widths improves performance.
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5.7.2 Model 2: LSTM Network

This model utilises a different architecture known as “Long-Short Term Memory
(LSTM)” [103]. An LSTM network is an enhanced version of a Recurrent Neural
Network able to learn long term dependencies in sequential data. For FAST, an
LSTM network can be used to learn the salient features of PMT traces. These fea-
tures can then be combined, as done above with the feed-forward neural network
architectures, to predict the shower parameters. Put simply, instead of the user
defining and calculating the features to be extracted and learned from, an LSTM
learns what features are useful. This architecture is used in a wide variety of ap-
plications and was used by Auger for extracting information from WCD signals to
predict Xpax [36]. A simple description of how an LSTM transforms an input time
series to an output is given in Appendix B.4.

For this model, the PMT traces are input directly to the network. The input
trace segments are the same as those used for calculating the TSFEL features above.
However, to avoid processing unnecessary noise in the LSTM layer and to reduce the
required memory /computation time, the 600 bin traces were re-binned by a factor
of 4. The first 10 and final 40 bins of the rebinned trace were then removed. This
left one hundred 400 ns bins for each PMT trace. Examples of the input traces
to the network can be found in Appendix B.5. Each of the input traces are then
passed to the same LSTM layer (i.e. same set of weights). This is done so that
the same features are extracted from each trace. The output dimension of the
LSTM layer is set to 64, meaning each PMT has 64 features extracted. These
features are concatenated before being passed to a “dropout layer” with a rate of
30%. This layer randomly sets 30% of features in the previous layer to 0, helping
to prevent over-fitting and reducing the reliance on specific nodes. The output from
the dropout layer is then connected to a dense layer of 64 nodes with the ReLLU
activation function, before finally being connected to the output layer. The batch
size is set to 256 to reduce training time.

Once again PMTs which did not pass the threshold trigger had their trace values
set to 0. After being processed by the LSTM, these zeroed traces will in general
give some non-zero output vector. Since the zeroed traces are considered to contain
no useful information, these output vectors were also set to 0, requiring a slight
modification of the standard LSTM layer provided in Keras. The same loss function,
number of epochs (with patience) and train:test split as used for the Basic DNN
were applied to this model. As LSTM networks take considerably longer to train,
no hyper-parameter optimisation was performed here. Future work could investigate
such optimisations, for example varying the output dimension of the LSTM, adding
additional layers of processing after the LSTM layer, or training using shorter input
traces.
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| | FAST-Single | FAST-TA | FAST-MiniV1 | FAST-MiniV2 ||

Basic 0.1144 0.0827 0.0765 0.0685
TSFEL 0.1006 0.0689 0.0649 0.0570
LSTM 0.0906 0.0672 0.0632 0.0565

Table 5.2: Table comparing the validation losses for the two alternative models tested
with the original Basic DNN for each layout.

5.7.3 Model Comparison

The TSFEL DNN and LSTM network models introduced above were trained on the
full dataset of each layout. The validation losses are summarised in Table 5.2 with
the Basic DNN results shown for reference. Note that due to time constraints each
value is from only a single training run. Both alternative models perform better
than the Basic DNN with a roughly 15% improvement in the validation loss across
all layouts. With the exception of FAST-Single, where there is an approximately
10% difference in the validation loss, the TSFEL DNN and LSTM network perform
roughly the same. The LSTM model does appear marginally better however a more
robust comparison, where each network is trained multiple times and the results
averaged using k-folds cross validation, would be required to confidently make this
claim.

Assuming the performance is comparable between the TSFEL DNN and LSTM
network, the choice of which model to proceed with largely comes down to each
models speed, interpretability and robustness when applied to data from the pro-
totype FAST telescopes. For interpretability, the TSFEL DNN is superior in the
sense that the features with which the model predicts the shower parameters are
well understood. The TSFEL DNN is also significantly quicker during inference
than the LSTM. This is a minor consideration though as both models can produce
estimates of the shower parameters for several thousand events in less than a few
seconds. Lastly, the accuracy of both models is expected to decline when applied
to data due to features of the data, such as fluctuating signal baselines and single
bin peaks, not being accounted for in simulations. It is not clear however which
approach would be superior. As such, for the remainder of this chapter and indeed
thesis, the TSFEL DNN will be taken as the machine learning model to use for first
guess purposes.

5.8 TSFEL DNN Performance

The overall performance of the TSFEL DNN model on the test data set is shown
across Figures 5.13, 5.14 and 5.15. These plots show the biases and resolutions in
each reconstructed parameter for each layout as a function of energy. The bot-
tom two rows of panels in Figure 5.15 show the core and angular resolutions. The
performance of each layout is categorised by either the number of triggered PMTs
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Figure 5.13: Biases and resolutions for Xy.x (top panels) and energy (bottom pan-
els) as a function of energy. Results are from applying the TSFEL DNN model to the
test data set of each layout. The performance is shown for different numbers of PMTs
(FAST-Single/FAST-TA) or different numbers of Eyes (FAST-MiniArrayV1/2) observing
the events.
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(for FAST-Single and FAST-TA) or the number of eyes viewing the shower (FAST-
MiniArrayV1/2). Note that, unlike traditional bottom-up methods for estimating
the shower parameters, where uncertainties in the geometrical parameters directly
influence the reconstructed X,../energy, the feed-forward neural network utilised
here “reconstructs” each parameter simultaneously, meaning the parameter resolu-
tions are somewhat independent of each other.

Overall, the shapes of each graph are similar to the behaviour observed with
the Basic DNN. For FAST-Single, the biases and resolutions in each output pa-
rameter improve with more triggered PMTs up to the maximum of four, where the
Xmax and energy resolutions reach ~ 125gcem™2 and 40% respectively. For showers
with energy > 10V the core resolution is ~ 1000 m and the angular resolution
is < 15°. Training on data containing only showers with all four pixels triggered
does not impact the geometrical resolutions as shown by the magenta points in the
core/angular resolution graphs. For showers which trigger only 1 PMT the network
clearly does not have enough information to estimate the shower parameters any
sort of accuracy, with core/angular resolutions of ~ 4000 m and ~ 35°. Although
the results with two/three triggered PMTs show marked improvement, it is thought
that resolutions of < 1000m and < 10° will be required for the TDR to meaning-
fully improve upon the first guess. For FAST-TA the results are very similar with
only minor improvements in the geometrical resolutions. Above 10! eV the angular
resolution reaches 10° for showers triggering > 4 PMTs. For the same showers the
core resolution is quite stable around 1000 - 1250 m across the whole energy range.

For FAST-MiniV1 and V2, the resolutions for a single Eye largely match the
overall results for FAST-Single and FAST-TA. This seems to indicate that the ad-
ditional information of telescopes at other locations not observing any signal does
not majorly improve the overall precision. This is likely because, for a particular
set of telescopes, the phase space of showers which do not leave a signal in those
telescopes is large, and thus the shower parameters are not significantly constrained
when another set of telescopes far away does observe the shower. However the al-
most zero bias seen in reconstructed core y values does indicate that the additional
Eye/s help to remove some degeneracy. A sensitivity study investigating how much
information is given by telescopes not observing the shower could be performed in
future work.

For showers observed in stereo the results are clearly improved with gener-
ally less overall bias and better resolutions across the whole energy range. Above
10" eV, Xax and energy are estimated within approximately 100 gcm™2/40% and
75 g cm ™2 /30% for 2-Eye stereo observation with FAST-MiniV1 and 3-Eye stereo ob-
servation with FAST-MiniV2 respectively. The geometrical resolutions for the same
energy range and setups are roughly 750 m/8° and 750 m/6.5°. Stereo observation
with both eyes from the FAST-MiniV1 layout performs slightly better than stereo
observation with two eyes using FAST-MiniV2. This is thought to be due to the
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angle at which the showers are viewed. Telescopes which face each other may better
account for the degeneracy in the component of the core aligned with their pointing
direction. A clear limit on the lowest energy detectable via stereo is seen in both
the FAST-Mini plots, roughly 10'® ¢V for two eyes and 10'84 eV for three eyes. The
magenta points in the FAST-MiniV2 core and angular resolutions plots show the
results when the model is trained using only events observed in stereo with 3-Eyes
(“3-Eye stereo”). This test is done to check whether focusing only on high quality
events will improve the reconstruction of said events. There is a small but noticeable
improvement, however such a model cannot be applied to non 3-Eye stereo events.
This is rather inconvenient and would require other models to be trained to analyse
other data from the same layout. Moreover the geometrical resolutions are likely
already sufficient for successful reconstruction with the TDR. This being said, there
may be potential for future work to train separate models for different classes of
events given a fixed layout i.e. FAST-3-Eye layout.

Lastly, Figure 5.16 shows the biases and resolutions of each parameter over all
events for each layout as a function of the maximum SNR in an event. Unlike energy,
the parameters of showers observed by the telescopes should not change significantly
as a function of maximum SNR. Thus the shape of the resolution graphs are expected
to decrease with SNR before flattening, as was predicted for energy in Section 5.6.4.
This is indeed what is observed, with limited improvement in the resolutions above
a maximum SNR of ~ 100.

5.9 Discussion

Overall, there are two main takeaways from the above results. The first is that
estimating the shower parameters with just one or two pixels in a single eye ap-
pears very challenging. In the worst case (one triggered pixel) a total of just 11
values are being used to estimate the 6 shower parameters (ignoring the additional
0s from non-triggered PMTs). In these cases, it is likely that significant degeneracies
arise between the network inputs and possible output shower parameters, leading
to poor resolutions. Examples of these degeneracies are shown explicitly in the next
chapter. If a method of accurately estimating the shower parameters with only
one/two pixels does exist, then it will likely only be viable for large signals and pos-
sibly require additional signal processing (i.e. filters to reduce the amount of noise)
and/or a different/more complex model architecture, for example the highly suc-
cessful transformer architecture being used to produce large language models [104].
Investigating the best-case scenario where the PMT traces contain no background
noise may provide some insight into the limitations of the FAST telescope design.
Such tests are left for future studies. For FAST telescopes operating in hybrid mode
however, where the shower geometry is provided by a companion SD, one/two pixels
may be sufficient to obtain a reasonable first guess of X, and energy. A brute
force search, although more time consuming, is also likely to be feasible in this case,
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thanks to the sufficiently small parameter space.

The second takeaway is that showers which trigger 2 4 pixels in a single eye or are
observed in stereo can be reconstructed with reasonable accuracy. However show-
ers which meet these criteria necessarily posses a particular geometry and/or set of
shower parameters. For example, only sufficiently energetic showers can be observed
in stereo. Applying the first guess method only to these showers would introduce a
bias in the showers that are reconstructed. This is illustrated in Figure 5.17 which
shows ratios between the normalised number of events expected to be observed with
4 pixels (> 4 pixels, 2 Eyes, 3 Eyes) and the normalised number of events expected
to be observed with at least one triggered PMT for FAST-Single (FAST-TA, FAST-
MiniV1, FAST-MiniV2). Similar to Figure 5.11, the parameter space is shown using
slices of core position, arrival direction and X, /energy. For FAST-Single (FAST-
TA), requiring observation with 4 pixels (> 4 pixels) would result in higher energy
showers and showers falling near/pointing directly towards the telescope/s being
(relatively) 1.5 ~ 2 times more abundant in the dataset. For FAST-MiniV1/2, re-
quiring 2-Eye/3-Eye stereo observation would actually reduce the relative number
of showers observed which point towards one of the telescope sets. The conditions
would also increase the relative number of higher energy showers observed and the
relative number of showers with core positions in the interior of the array. As
for possible improvements to the stereo results, the filtering/alternate architecture
suggestions made above also apply here. Further hyper-parameter optimisation and
tuning of the current model could also be performed, ideally using a dedicated library
such as Optuna [105]. Additionally, including the locations/pointing directions of
triggered telescopes as inputs to the model may improve the first guess. Even if the
current resolutions are sufficient, a better first guess will always be desirable as the
subsequent minimisation using the TDR will require less time. It is recommended
that future work focus on improving the FAST-MiniV2 results, as this is the lay-
out which will form the fundamental shape of the FAST prototype arrays moving
forward.

5.10 Shortcomings

Despite the positive results obtained here, there are a few noticable shortcomings of
the models trained in this chapter. First, the models were only able to be trained
on a fixed detector layout. Once trained, they could not be directly applied to other
telescope configurations. This meant different datasets had to be prepared for each
layout and the training performed separately, requiring additional computational
time and resources compared to training a single model. Moreover, considering
that the large scale deployment of FAST would necessarily take place over several
years, with telescope layouts potentially changing and the spacings between different
Eyes unlikely to be exactly as implemented during simulations/training, a model
which can generalise to different layouts would be ideal. Whilst creating a layout
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Figure 5.17: Ratios between the normalised number of events expected to be observed
with FAST-Single (FAST-TA, FAST-MiniV1, FAST-MiniV2) given that 4 pixels (> 4
pixels, 2 Eyes, 3 Eyes) triggered and the normalised number of events expected to be
observed with at least one triggered pixel, split into core position, arrival direction and
Xmax/energy slices. From top to bottom the results are for FAST-Single, FAST-TA,
FAST-MiniV1 and FAST-MiniV2.
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independent model is not impossible, it is expected to require significantly more
data and computing power. In addition, the final model may prove to be inferior to
a similar model trained only on one specific layout, similar to how training only on
stereo showers with FAST-MiniV2 was found to improve the geometrical resolutions
over the original setup.

The second issue is that no event-by-event uncertainty in the first guess estimate
is provided with the current models. Although such an estimate may not strictly
be necessary, given that the TDR does provide one, it would be useful to assess
how confident the model is in it’s guess. This could be achieved by having the mod-
els predict the uncertainty on each parameter or by applying Bayesian techniques.
However doing so would once again necessitate far more computation and/or a more
complex model architecture. The next chapter attempts to address both of these
concerns using a different first guess approach.

5.11 Combined Machine Learning and Top-Down
Reconstruction Performance

To end this chapter, the combined performance of the TSFEL DNN first guess
estimate followed by the TDR is investigated. A sample of 10,000 showers was
simulated using the same telescope layouts and parameter distributions as in Section
5.4, with the exception of energy which was sampled from a £~2 distribution. This
was done to ensure sufficient statistics at low energies once the SNR threshold cut
had been applied. For each of the four layouts, the TSFEL DNN for that layout was
applied to showers passing the threshold trigger, giving first guesses of the shower
parameters. These guesses were then used as the initial parameters for the TDR.

The quality cuts applied to the final reconstruction results were; successful min-
imisation, X .« in the FOV of at least one triggered telescope, relative errors in the
Xmax and energy reconstructions (X2 /X . & For/E) < 0.5 and absolute errors
in the core z and core y values < 1000 m. The differences between the reconstructed
and true parameters were then analysed. Events were separated based on the num-
ber of triggered PMTs/number of triggered Eyes, as done in Figure 5.13. The results
for FAST-MiniArrayV2 are shown in Figures 5.18 - 5.21 below. The results for the
other layouts are shown in Appendix B.6. For AX, .. and AE Gaussian functions
have been fit to better estimate the true means and standard deviations of the un-
derlying distributions. Investigating the source of the several outliers seen in these
distributions is planned for future work. Figure 5.22 summarises the results for each
layout.

The overall findings mirror those from Section 5.8. For just one or two triggered
PMTs in a single FAST Eye, there does not appear to be enough information to
estimate the shower parameters with the desired accuracy - this being the require-
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ments for a future GCOS candidate i.e. resolutions in X.., energy and arrival
direction of ~ 30 gcm™2, 10% and 1° respectively. For three or more PMTs however
the results significantly improve for each layout. The X,., and energy resolutions
are now roughly 40 - 60 gcm=2 and 10% respectively. The angular and core reso-
lutions also improve to 500 - 800 m and 5 - 8° depending on the layout. It is also
interesting to see that the results for FAST-TA appear slightly better than those
for FAST-MiniV1/2 for a single eye. This is likely due to the three telescopes for
FAST-TA vs. the two telescopes at each eye for the FAST-Mini layouts.

For stereo observation with two eyes, the core and angular resolutions improve
further, down to a few hundred metres and ~ 2.5° respectively. The resolutions
from FAST-MiniV1 are slightly better than those from FAST-MiniV2, again similar
to the machine learning results. This further verifies that the best reconstruction of
showers observed from two locations is when the telescopes are facing each other.
Finally, for 3-fold stereo observation, the angular resolution improves to better than
1°, reaching the target resolution. It should be stressed here that, like Figure 4.14,
these results are for perfectly ideal simulations and do not account for several real-
world effects/features present in data (see the discussion in Section 4.1.4). Still,
the results are encouraging and show that, for events with either many triggered
pixels or stereo observation, the FAST telescopes do have the potential to accurately
reconstruct the shower parameters. This is, once again, provided that the FAST
simulations on which both the first guess method and TDR are based can be made
to accurately replicate the time-dependent observation conditions of the telescope
and surrounding environment.

5.12 Summary

This chapter has presented the first investigation into the potential for using neural
networks to predict the shower parameters for the current and near future FAST-
prototype layouts. Of the three different models tested, the TSFEL DNN - an
extension of the architecture previously used with FAST - was found to be the best
overall choice. This model was a feed-forward DNN which utilised 11 different fea-
tures from each PMT trace as inputs. The model was found to perform best when
reconstructing showers observed in stereo or triggering 2 4 pixels in a single Eye.
The best resolutions were obtained with the FAST-MiniV2 model above a true en-
ergy of 101 V. The X .y, energy, core and angular resolutions were 75 gcm =2, 30%,
750m and 6.5° respectively. Future work could investigate generalising the model
such it can be applied to different layouts and/or improving the reconstruction ac-
curacy with additional trace processing. The combined performance of the TSFEL
DNN + TDR was also tested, with results showing resolutions in X, and energy
of ~ 40 - 60gcm™2 and ~ 10% for all layouts when >2 PMTs were triggered in a
single eye. In particular, 3-Eye stereo observation with the FAST-MiniV2 layout
was, in perfectly ideal conditions, shown to be able to achieve the desired parameter
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Figure 5.18: Difference between the reconstructed and true X,.x for

(Xinge - Xmax) [g cm?]

(Xinge - Xmax) [g cm?]

events triggering

different numbers of PMTs/eyes. The red, green and blue histograms show the results
for 1, 2 and >2 triggered PMTs (1 Eye). The yellow and pink histograms are for stereo
observation with 2 and 3 triggered Eyes respectively (total number of PMTs triggered> 2).
The 3-Eye histogram has been zoomed in to better view the central part of the distribution.
This causes one event at AXpax~ —700gcm_2 to not be shown.
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Figure 5.19: Same as Figure 5.18 but for energy. The 3-Eye histogram has been zoomed
in to better view the central part of the distribution. This causes one event at AE ~ 1.2
to not be shown.
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Figure 5.20: Cumulative distributions of the difference in core position for each of
the different event types (same layout as Figure 5.18). The point where the cumulative
distributions exceed 68% of the total number of events is indicated by the black line. The
numerical values are given in the boxes. The 2-Eye and 3-Eye plots have been zoomed in
to better view the detail at smaller core distances.
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Figure 5.21: Same as Figure 5.20 but for the angular resolution - the histograms show
the cumulative distribution of the opening angle. Similar to Figure 5.20, the 2-Eye and
3-Eye plots have been zoomed in to better view the detail at smaller opening angles.
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Figure 5.22: The reconstructed Xyax (top panels) and energy (middle panels) biases and
resolutions using the TSFEL DNN + TDR for each of the four layouts. The results are
shown for events with different numbers of triggered PMTs/triggered Eyes. The TSFEL
DNN estimates which encompass all event types are shown as the leftmost points.
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resolutions for a future GCOS style detector, namely < 30gem™2 in X,., < 10%
in energy and ~ 1° in arrival direction. Including additional sources of fluctua-
tions/uncertainty in the simulations which are present in data, such as saturated
signals and varying atmospheric conditions, and/or testing the TDR’s ability to re-

cover any induced biases because of neglecting such effects during model training is
recommended for future work.






Chapter 6

First Guess Estimation 11 -
Template Method

Following on from Chapter 5, this chapter presents an alternative method for ob-
taining a first guess of the shower parameters. Rather than attempting to learn the
relationship between PMT trace features and shower parameters, a library of tem-
plate traces corresponding to many different combinations of the possible shower
parameters is created. A first guess estimate can be made by simply comparing a
set of data traces to each template in the library and choosing the best match. This
approach will be referred to as the “Template Method”. The motivation for the
Template Method comes from the two main shortcomings identified in the previous
chapter when using machine learning models, namely the need to train different
models for different telescope layouts and the lack of an uncertainty estimate on
the first guess parameters. The chapter begins by introducing two additional con-
straints on the triggering of individual PMTs, before explaining the methodology
and analysing the performance of the method.

6.1 Additional Trigger Conditions

In this chapter, two additional trigger conditions must be fulfilled in conjunction
with the threshold trigger (SNR>6) for a pixel to be considered as having passed
the event level trigger. The conditions relate to the absolute timing of said threshold
trigger/s and whether or not the triggered pixel forms part of a group of triggered
pixels.

6.1.1 Absolute Timing

The absolute timing condition checks whether the centroid time of each pixel, as
calculated using Equation 5.7, lies within an expected range determined by the tele-
scope layout and distribution of showers expected to be observed. For the events
which will be analysed in this chapter, which are a sample of the simulations gen-
erated in Section 5.4, the appropriate range is between bins 0 - 500 (for 100 ns bin
traces). This was determined by analysing the timing of the peak photo-electron

131
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Figure 6.1: Distributions of ¢, calculated from subsets of the datasets introduced in
Chapter 5 for the four different telescope configurations; FAST-Single, FAST-TA, FAST-
MiniV1 and FAST-MiniV2 (see Figure 5.5).

counts in each PMT for these events. Specifically, for a single event, the bin con-
taining the maximum number of photo-electrons for each PMT trace was found.
Recall that these traces contain no background noise and so the maximum is used
as a proxy for the centroid time. Of these bins, the bin corresponding to the latest
time, t1.st, Was taken. This procedure was performed for each event and the distribu-
tion of t),s plotted. Figure 6.1 shows the results when applied to the four different
layouts. The values of )5 range from 0 to ~ 400 irrespective of the layout. Thus in
simulations, for these layouts, it can be expected that the centroid time of a pixel
which contains true signal (i.e. not random noise) should lie between bins 0 - 500.

For data, it may seem that cutting out threshold triggers based on their absolute
time could lead to ignoring important signals as, unlike in simulations, the time at
which the shower enters the atmosphere and hence the absolute time offset of the
signal is not known. However in a data trace the rough position of the signal is
generally known. This is because when a trigger is met, a set number of samples
before the trigger location are saved. Thus threshold triggers found either far before
the expected trigger location or (for the above examples) more than 500 bins after,
can be safely assumed to be noise. The 0 - 500 range is valid for the simulations used
in this chapter, however in general the limits of t},; will depend on the telescope
configuration and distribution of showers being observed. A more robust condition
might be to limit the acceptable centroid times in a single FAST-Eye to be within 500
bins of the earliest centroid time in that eye (as shown by the FAST-TA histogram).
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This could be implemented in future work.

6.1.2 Pixel Grouping

Pixels which have a maximum SNR above the threshold and possess centroid times
within the expected range are then checked for grouping. The logic applied here is
similar to how Auger and TA form FD triggers by looking for connected groups of
triggered pixels, though at a coarser scale. The logic is applied to each FAST eye
separately. A step by step explanation of the algorithm is given below. Figure 6.2
illustrates each of the listed cases using the pixel layout for FASTQTA.

1. For each triggered pixel in a single FAST eye, check which (if any) neighbour-
ing pixels are triggered. Neighbouring pixels are those which view a portion of
the sky adjacent to the FOV of the triggered pixel. This includes pixels from
the same telescope and two pixels from either the left or right neighbouring
telescope. Triggered pixels with no neighbouring triggered pixels will be re-
ferred to as “isolated pixels”. Pixels with 1 or more triggered neighbours will
be said to form a single “pixel group”.

2. If the FAST eye contains a single isolated pixel, then this pixel is considered to
be part of the event (case (a)). The large diameter of the FAST PMTs means
many events, particular low energy events, will only trigger a single PMT in a
FAST eye, so isolated pixels should be kept. If there is more than one isolated
pixel, only the pixel with the largest SNR is kept (case (b)).

3. If there is only one pixel group in a FAST eye, then this group is considered
part of the event (case (c)). Any isolated pixels are disregarded (case (d)).

4. In the event of two or more pixel groups, the pixel group with the larger
number of triggered pixels is chosen (case (e)). For two groups of identical
size the group with the largest maximum SNR is chosen (case (f)).

It may seem redundant to apply these additional constraints given the false
positive rate of the threshold trigger (SNR>6) is ~ 107°. Indeed when applied to
simulations, where added noise is sampled from a simple Gaussian with a mean of
zero, these conditions are essentially unnecessary. However, both the magnitude and
baseline of the background noise from data taken by the current prototypes can vary
noticeably more than in simulations. Appendix C.1 shows an example of a data trace
with a fluctuating, non-zero baseline. Such traces cause many more false triggers
than in simulations when simply applying Equation 5.4, since this equation assumes
a noise baseline of zero. The extra conditions outlined above, though imperfect,
help to remove these false triggers and thus allow for the Template Method (and all
other first guess methods) to be more reliably applied to data. The conditions are
introduced here so that the following performance analysis reflects the performance
on data as closely as possible. Of course, a modified SNR formula which incorporates
the possibility of a fluctuating baseline could be composed. Such a function is used in
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Figure 6.2: Diagrams showing examples of the pixel grouping logic. Pixels outlined in
green (red) have passed (not passed) the grouping check. The blue arrows and orange stars
represent examples of how the shower axis and Xy,.x location respectively might appear
in the FOV of the telescopes for these examples.

Section 7.1 when searching for coincidences between Auger/TA data and the FAST
prototypes. However even with an improved SNR formulation, pixels which have
an SNR above the threshold but do not pass both the above criteria (or a refined
version of them) should not be considered as containing signal from air showers.

6.2 Basic Methodology

As with any template matching technique, the fundamental idea of the Template
Method is very simple. First, generate many examples of the different signals ex-
pected to be observed by a single FAST telescope using simulations. In this case a
single template corresponds to a set of four PMT traces. Then, for some measured
data (assuming a single telescope), compare the traces with each template via some
metric. The shower parameters corresponding to the template which “best match”
the data traces are chosen as the first guess values. Equation 3.5 is used to quantita-
tively compare each template with data, i.e. the same negative log-likelihood func-
tion used by the TDR. Thus the template which gives the minimum log-likelihood
when compared to the data is considered to be the best match. Furthermore, the
uncertainty in the first guess parameters can, in principle, be estimated. This would
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be done by evaluating the one sigma contours of the likelihood function using the
set of values obtained by calculating each template’s likelihood. Altogether, the
Template Method operates similarly to the TDR. The difference is that, in order to
account for time-dependent effects, the TDR simulates the “templates” from scratch
one after the other with a minimiser choosing each set of shower parameters to test.
In the case of multiple telescopes observing the same shower, the template matching
described above can be performed for each telescope separately. Provided that a
method of combining the results from each telescope can be devised (see Section
6.6.2) this means that the Template Method can be applied to any configuration of
telescopes.

6.3 Template Library

The library of templates was simulated as follows. A single FAST telescope was
placed at (0,0) pointing along the y-axis, with showers simulated on a grid of core
positions as shown in Figure 6.3. For the ideal directional efficiency map used
in these simulations (see Appendix D.1), the response of the FAST telescope is
symmetric. As such only showers with core x values < 0 were simulated. This is
indicated by the red line and grayed out points on the right hand side of the plot. At
each core location showers were simulated with steps in Xy of 100 g cm™2, zenith
angle of 5° and azimuth angle of 10°. The precise values for each parameter are
summarised in Table 6.1. Note that the energy is fixed as, in the FAST simulation,
changing the energy simply scales the simulated traces. Thus during inference the
template traces can be scaled to find the best matching energy. The templates were
simulated with no added noise and using the standard parametric atmosphere as
done for the machine learning dataset.

Parameter Values
Xinax 500, 600, 700, ..., 1200 gcm—?
Energy Fixed (10 eV)
0 0, 5, 10, ..., 80°
0] —170, —160, —150, ..., 180°
Core x —15, —14, —13, ..., 15km
Core y -5, —4, =3, ..., 25km

Table 6.1: The values of each shower parameter used to create the template data set.

This setup gives 8 different values for X,,.«, 17 for 6, 36 for ¢ and 480 different
core positions, equating to approximately 2.35 million showers. Many of these show-
ers do not lie in the FOV of the telescope (e.g. a shower landing at (—15km, —5km)
with an azimuth of —90°). Removing these showers leaves ~ 980, 000 templates. In-
cluding showers with core x > 0 gives a total of ~ 1.7million possible templates
with which to compare. The spacing of the shower parameters for this library was
decided based on a trade-off between resolution and required simulation time. In the
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Figure 6.3: Core locations of the template showers. Only showers with core locations
left of the red line were simulated. The colour of each point represents the number of
simulated showers at that core location after removing showers outside the FOV of the
telescope. The telescope is shown in black.

ideal case, the Template Method described below would always choose the template
with shower parameters “closest” to those of the data event. Note that closest here
refers to the Euclidean distance in the shower parameter space. This terminology
will be used throughout the rest of the chapter. For this scenario, the upper limit

on the difference between the true and reconstructed X,,,, and core position would
be

(AX o) oy < 50gem ™2 (6.1)
(ACore), . < V5002 + 5002 &~ 700 m. (6.2)

For estimates of 6 and ¢ within 2.5° and 5° respectively (half the size of the parameter
spacing), the average opening angle & can be estimated by

1 2.5 5 80
A~ dy [ ds [ do g¢(6,~,6 6.3
a 5><10><80/_2,5 7/_5 /0 9(0,7,9) (6.3)

where
g(0,7,06) = arccos (sin(#) sin(d + ) cos(d) + cos(#) cos(6 + 7)) (6.4)

Numerical integration gives & ~2.14°. Although the Template Method will of course
not always return the closest event, these ideal “resolutions” were considered suf-
ficient for a first guess. Moreover, reducing the step size by half in one or more
of the parameters would extend the required simulation time from several days to
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potentially several weeks.

6.4 Template Comparison Method

When comparing a set of template traces T to a set of data traces D, the goal is to
find the time-shifted and scaled version of 7 which gives the minimum negative log-
likelihood with respect to D. Doing this for every template ensures a fair comparison
between the likelihoods. Let t,g be the optimal time-offset between D and 7 and A
be the “energy scale factor”, i.e. the optimal value by which 7 should be scaled to
match D. Ideally, these values would be found by checking all possible time-offsets
and performing some fitting procedure for A at each offset. However, as will be
shown in the next section, performing a fit for A at even just a few offset values
greatly increases the required computation time per template. The method outlined
below describes a quicker alternative. Note that whilst this method may not always
select the optimal values for ¢, and A, the considerable increase in speed makes it
more appropriate as part of a first guess estimation.

An initial time-offset t;,;; is determined by taking the difference between the
centroid time of the first triggered PMT in D and the centroid time from the same
PMT in 7 and rounding the difference to the nearest bin. This roughly aligns
the peak of the first triggered PMT in data with the peak of the corresponding
PMT in the template. The template traces are then shifted in one bin steps by
tiest € (tinit — D, timit + D). For each tes the corresponding scaling factor Ageg is
estimated as follows. Let S be the signal of a PMT i passing the event level
trigger. This signal is calculated using Equation 5.6 and the start and stop bins,
Fstart,i and Ksop,i, which maximise the SNR. The signal in the corresponding shifted
template PMT trace is

kstop,i_l

S = Y sheme (6.5)

j:kstart,i

where S;emp is the signal in the j*® bin of the template PMT trace. After calculating
Sdata and S for each PMT passing the event level trigger, Ay is then given by

'Sl('iata
Atest = % (6.6)

which corresponds to a first guess energy of
Etest = 1019 X Atest- (67)

Note that A is restricted to the range (0.001,100), meaning the minimum and
maximum possible values of Fi. are 101 and 10*! eV respectively. The (negative
log) likelihood of measuring D given the observed shower has parameters a identical
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to those of the template 7 but now with an energy Fi. is calculated via

Npix Npin
—2In £ (Z]d, Arest) = =2 Y In (P (2], Arest)) (6.8)
ki
where ,
o . 1 (ZL‘Z - Atestﬂi)
P (2], Atest) = \/ﬁexp [—T (6.9)
with

0% = Oty + Atestiti(1+ V). (6.10)

These equations are akin to Equations 3.5, 3.3 and 5.6 but re-written to include the
scale factor A. Note that p; denotes the template signal in the 7" bin (where
the template shower energy is 10! eV). The final values of t,g and A for 7 are the
values tes; and Agese which give the minimum value of —21n £ over all values of .

In the above procedure, multiple ¢ values are tested to accommodate variations
in the data due to noise, different template trace shapes and the slightly different
calculation methods for the template and data centroid times (see the following
section). The choice of +5 bins was made based on analysing a small sample of
~ 150 events. These events were samples from the test data set for FAST-Single
used in the previous chapter. The events all contained two or more PMTs passing the
event level trigger. For each event the number of templates with which to compare
was narrowed down using the criteria outlined in Section 6.5 (Tiax = 5, Smax = 0.1).
Figure 6.4 shows the difference between the initial offset ¢;,;; and the best fit time
offset t.g for each of the templates compared. Here t.g values between t;,;; 25 bins
were tested. The blue histogram shows the difference for every template compared
across all events, whilst the red histogram shows the difference only for the best
fitting template (one per event). All but two events had a best fitting template
with t.¢ greater than 4+5 bins away from t;,;;. Moreover, the bulk of all compared
templates had a best fit offset within £5 bins of ¢;,;;, with templates outside of this
range generally having a worse likelihood. Unlike the approach outlined above, this
analysis fitted the energy scale factor A for each template. Although not usually
recommended due to the increased computation time, this was done to achieve the
best possible accuracy.

Finally, note that the length of both the data traces and template traces are
deliberately shortened to speed up the comparison process. This is done by keeping
only the 500 bin region of the trace most likely to contain signal and re-binning it
by a factor of two. Thus each comparison is made with traces of length 250 bins
(each bin is 200ns). For simulated data and the templates, the relevant region is
the same as used for the absolute timing cut, i.e. the first 500 bins. For data from
the FAST prototypes, the relevant region is between bin 150 and 650 (assuming
100 ns bin traces). Since the majority of time required for the Template Method
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Figure 6.4: Difference between tin;; and tog for all templates compared (blue) and the
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Figure 6.5: Example of how a set of template traces (blue) are shifted and scaled (black)
to fit a set of data traces (red).
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comes from the comparison of the traces, this reduces the required time by roughly
a factor of four. An example of the template comparison procedure is shown in
Figure 6.5. The red traces represent the (simulated) data to fit to, the blue traces
are the initial template traces and the black traces are the time-shifted and scaled
template traces.

6.5 Template Selection

Comparing one set of data traces to every template using the procedure outlined
in Section 6.4 would be very time consuming. Figure 6.6 shows the number of
seconds required to run the method over varying numbers of templates (using
tiest € (tinit — Dy timit + D)). The tests were run using a single core on an Apple
M1 chip. The blue points show the results when fitting the scale factor A, whilst
the orange points show the results for estimating A using Equation 6.8. The relation-
ship in both cases is essentially linear as expected. When fitting A the required time
to evaluate the best possible likelihood for ~10,000 templates exceeds ~ 4 min. For
reference comparing every template in the library would take > 10 hr. This duration
is a result of requiring many evaluations of the likelihood function for each ti.s. The
required time could be shortened by reducing the number of ¢ values tested or
further re-binning of the traces, however these options come at the cost of losing
discriminating power between similar templates. On the other hand, when estimat-
ing A from the signal ratio in Equation 6.8, and thus only calculating —21n £ once
per template, the necessary duration is roughly a factor of 10 less. In other words,
estimating A from the signal ratio can allow 10 times the number of templates to be
evaluated in the same amount of time. This allows for a more thorough evaluation
of the likelihood space, which becomes critical when combining measurements from
multiple telescopes (see Section 6.6.2). In addition, with the TDR already requiring
up to ~ 10 mins per event of computational time, a first-guess method with similar
or greater computational requirements is not ideal.

Overall then, estimating A using the signal ratio as opposed to fitting, despite
losing some accuracy, appears the more suitable choice for the Template Method.
Even so, comparing every template in the library would still require more than an
hour of computation. Fortunately, not every template has to be compared to the
data traces to find a good fit. The relevant search space can be greatly narrowed
down by only testing templates with similar features to the data. Since the energy of
the templates is fixed, only energy independent features are able to be used for this
purpose. The most obvious energy independent features are the relative timing and
signal ratio between triggered PMTs. The following subsections detail how these
features are used to select “candidate templates” for telescopes with either multiple
triggered PMTs or a single triggered PMT.
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Figure 6.6: Required time to compare different numbers of templates using the methods
outlined in Section 6.4.

6.5.1 Telescopes with Multiple Triggered PMTs

For multiple triggered PMTs in a single telescope, the centroid times and signals are
calculated as described in Equations 5.6 and 5.7. The signal ratios between triggered
PMTs are obtained by dividing each signal by the total signal (i.e. the sum of all
triggered PMT signals). The centroid times and signal ratios are then ordered from
earliest to latest and smallest to largest respectively, and the differences between
subsequent values calculated. These differences will be labelled AT and AS{;*.
The 4,7, k,1 € {1,2,3,4} subscripts identify which PMTs the difference is between,
with (for example) the i PMT’s value being subtracted from the j** PMT’s value.
Thus AT{4™ is the centroid time of the third PMT minus the centroid time of the
first PMT. Different subscripts are used for AT and AS as the triggering order of
the PMTs may be different to the order of signal ratios!.

Each ATi‘}j‘ta and Ang}ta are then compared to the corresponding values of each
template in the library, AT;;mp and AS,Z?;H P Note that for the template traces the
centroid times and signals are calculated using the entire trace, i.e. kgop = 1000
(for a 1000 bin trace) and kgiary = 0, as the traces contain no noise. A template is
deemed to be a candidate if

AT — ATI™| < Tax and - |ASE™ — AS}T™] < Sppax (6.11)

'In practice there is likely no difference when just using the triggering order, but this is the
implementation tested here.
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Figure 6.7: An example of how the number of templates is narrowed down using the
centroid time and signal ratio differences between PMTs. Each PMT trace is shown in red.
The filled area shows the maximum SNR region and the black line represents the centroid
time. From earliest to latest, the centroid times are (in bins of 100ns) {16, 24.7 28.6,
39.4}, giving differences of AT. gf)ta = 8.7, AT&?}& = 3.9 and ATgﬁta = 10.8. From smallest

to largest, the signal ratios are {0.06, 0.08, 0.28, 0.56}, giving differences of Asggta = 0.02,
ASgﬁta = 0.2 and ASiazta = 0.28. Each AI}‘E’“& and AS{ata ig then compared to those from

every template in the library. Templates with all values of ATit";’.mp and AS;™ within
Thax and Spax of their data counterparts are selected as candidates.

for each pair of subsequently triggered PMTs i, 7 and each pair of PMTs with suc-
cessively larger signal ratios k,[l. Figure 6.7 shows an example of the procedure.

To gauge the appropriate threshold values T, and Sya.x, a random sample of
templates were selected and Gaussian noise added to each of the traces using the
standard oyng, = 10p.e./100ns. Using only those PMTs with traces passing the
threshold trigger, the values AT}‘};M and AS,‘jf}ta were calculated. The difference
between the original templates AT} 5™ and AS,7™ values were then determined
and the results plotted as the blue histograms in Figure 6.8. In the majority of
cases the difference in relative timing changes by less than 10 bins and the difference
in signal ratios by less than 20%. Thus if a shower with parameters equivalent to
one of the templates was simulated and a first guess estimated with this method,
values of Thax = 10 binsx 100 ns/bin = 1 ms (the centroid times are calculated on the
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100 ns traces) and Spax = 0.2 would (almost) ensure that the shower was compared
to the template with the same parameters. The differences tend to zero the greater
the average SNR of the subsequent PMTs. This is shown in Appendix C.2.

If the same procedure is performed for events with random shower parameters,
this time comparing AT % and ASH® to the AT;S™ and AST™ of the closest
template in the library, the red histograms in Figure 6.8 are obtained. These his-
tograms are wider, with RMS values roughly 1.5 and 2.5 times larger for the relative
time differences and signal ratio differences respectively. From these graphs, one
might conclude that values of T.x &~ 2ms and Sy ~ 0.40 are required for the
Template Method to be “successful”, i.e. choose the template with the closest pa-
rameters. However, it is important to recall that while the goal of the Template
Method is to provide an accurate estimate of the shower parameters for use by the
TDR, it does so by finding the set of template traces which give the minimum neg-
ative log-likelihood when compared to the data. This set of traces may not always
be the closest template. Even if the best matching template has a set of shower
parameters radically different from the true shower parameters (which of course are
typically unknown), it is these values that should be passed to the minimiser as a
first guess. Therefore, the values of Ty, and Syax should be set not to encompass
the closest template, but to select templates which will give the best match, i.e.
minimum negative log-likelihood. For this purpose the thresholds estimated using
the template events T),,x = 1 ms and Sp,.x = 0.2 are appropriate.

With these thresholds, the number of candidate templates for telescopes with
multiple triggered PMTs typically ranges from a few thousand to ~ 100, 000. Figure
6.9 shows histograms of the number of candidate templates selected for different
numbers of triggered pixels. In general, the more PMTs which trigger, the fewer
the number of candidate templates. To understand why, consider the case of two
triggered PMTs. In this scenario a template only has to satisfy the pair of inequalities
in Equation 6.11 once (for the single pair of PMTs) to be considered a candidate.
However for four triggered PMTs, the same inequalities must be met for all three
pairs of PMTs for both the timing and signal ratios. This is generally a much stricter
requirement, and thus the number of candidate templates is less. With the average
number of candidate templates being approximately 40,000, the average length of
time required to run the Template Method on a single telescope is roughly 2 minutes
(based on Figure 6.6). This is considered acceptable for this “first version” of the
Template Method. Finally, if the maximum number of photo-electrons in a single
bin across all PMT traces in a template is less than P, = 0.01x10p.e./100ns,
then the template is not included in the list of possible candidates. This pulse
height threshold is chosen based on the upper limit of A (100 times more energetic
than the simulated template) and by assuming that signal from an air shower will
require a maximum pulse height of at least 10 p.e./100ns to be detected by FAST.
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Figure 6.8: Top: (Blue) The difference in relative timing for subsequently triggered
PMTs between template events with and without noise. (Red) Same as blue but between
random events and the “closest” template in the library (Euclidean distance in the shower
parameter space). Bottom: Same as the top plot but for the signal ratios between PMTs.
The differences are taken between PMTs with successively larger signals.
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Figure 6.9: The number of candidate templates selected using threshold values of Ti,.x =
1ms and Spax = 0.2 for two (red), three (green) and four (blue) triggered pixels. The
black histogram shows the combined total.

6.5.2 Telescopes with a Single Triggered PMT

If only a single PMT in a telescope triggers there is no relative timing difference or
signal ratio difference with which to narrow down the number of candidate templates.
One option is to take all templates which have a signal ratio greater than some
threshold in the corresponding PMT as candidates. Figure 6.10 shows the number of
potential candidates for PMTs observing the upper portion of the sky (blue) and the
lower portion of the sky (orange) as a function of the applied signal ratio threshold.
The number of candidate templates selected using a signal ratio threshold of 0.5 is
roughly 175,000 for the upper PMTs, and 515,000 for the lower PMTs. With the
current comparison method, this would equate to ~ 10 minutes and ~ 25 minutes of
computational time respectively for a single telescope. This is simply too long and
would not be suitable for application to a large FAST array.

To resolve this, the number of candidates could be limited to say 50, 000 showers
by increasing the thresholds to 0.9 for the upper PMTs and > 0.975 for the lower
PMTs. However such a high cutoff removes many viable templates. An example
of this is shown in Figure 6.11. Removing templates in this way becomes an issue
when trying to combine the results of a telescope with one triggered PMT with other
telescopes (see Section 6.6.2), as the likelihood space may not be sufficiently sam-
pled for accurate interpolation. To ensure that the majority of viable templates are
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Figure 6.10: Number of candidate templates for a single triggered PMT as a function
of the applied signal ratio threshold. The blue (orange) points show the results for the
upper (lower) PMTs.

considered, an appropriate threshold based on the SNR of the signal could be esti-
mated. Figure 6.12 shows an example of this. Here, a sample of templates has been
taken and the standard ¢ = 10p.e./100ns noise added to the traces. Events with
a single triggered PMT were then selected and distributions of the original signal
ratio for these PMTs plotted. In the Figure, these distributions have been separated
into successively higher SNR cutoffs. From this plot one can deduce how low to set
the signal ratio threshold for a particular SNR. For instance, the appropriate cutoff
for pixels with an SNR> 12 may be ~ 0.75. Once again though, the number of
candidate templates selected via these “appropriate” thresholds would be too great
to analyse within the desired 2 - 3 minutes/telescope time-frame, particularly for
PMTs viewing the lower portion of the sky.

Ultimately, it was decided to sacrifice some accuracy to achieve the desired speed
by adjusting the method described in Section 6.4 when analysing telescopes with a
single triggered PMT. The adjustment was to only test a single value of t,g = ..
With this change, and the signal ratio threshold set to 0.5, comparing the ~ 175, 000
templates for the upper PMTs and ~ 515,000 showers for the lower PMTs takes
roughly 1.5 minutes and 3 minutes respectively. Note however that telescopes with
a single triggered pixel will only be included in the reconstruction of events where
more than one telescope has observed the shower. This decision was made for two
reasons. Firstly, unlike the machine learning method, the Template Method does
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Figure 6.11: Example of how limiting the candidate templates for a single triggered pixel
by applying a high signal ratio threshold removes viable templates. The original signal
from the shower is shown in green. The same signal with added background noise (data) is
shown in red. The template closest to the shower parameters (shifted and scaled) is shown
by the dashed blue lines. The black lines shown the best fit template to the data when only
considering showers with a signal ratio in PMT 2 above 0.9. The signal ratios for PMT
2 from each of the raw traces are shown in PMT 2’s panel. The negative log-likelihood
values for each set of raw traces compared to the data are shown in the top-left panel.
The original traces and traces from the template closest to the true shower parameters
show small signals in PMTs 0 and 1. Although not visible above the background noise,
these signals are non-negligible relative to the raw signals in PMT 2, giving signal ratios
in PMT 2 around 0.5. By only considering templates with a signal ratio above 0.9 the
blue template would be ignored and the black template selected as the best fit instead -
despite having a worse overall likelihood.
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Figure 6.12: Distributions of signal ratios from templates with a single triggered PMT
after adding background noise. The signal ratios are from the triggered PMTs original
signal ratio as part of the template. The distributions have been separated into differ-
ent (measured) SNR thresholds. Thus, for showers with a single triggered PMT with a
SNR>20 (for example), only templates with a signal ratio in that PMT > 0.85 need to be
checked.

not provide a straightforward way to use the knowledge that some telescopes did
not see the shower in the first guess estimate. Thus even for a large number of
telescopes, for example the FAST 3-Eye layout, if only a single telescope sees the
shower with one triggered PMT, the performance will be functionally equivalent
to that of a single telescope. Additionally, the machine learning results in Section
5.8 indicated that one pixel does not provide sufficient information to estimate the
shower parameters. This is supported by the degeneracy observed in the typical core,
arrival direction and X, /energy slices of the likelihood function used to determine
the first guess (see Section 6.6) for events with a single triggered PMT. An example
of said degeneracy can be seen in Figure 6.13. The fact that the one/two/three
sigma contours cover the majority of the parameter space shows that the first guess
estimate is highly uncertain, i.e. many different combinations of shower parameters
give similar likelihood values.

Future work could attempt to reduce the required computational time by further
cutting unnecessary signal from the end of the traces (perhaps on an event by event
basis), additional re-binning for sufficiently wide traces and/or potentially altering
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Figure 6.13: 2-D histograms showing the minimum negative log-likelihood in slices of
core location (top), arrival direction (middle) and Xy .x/energy (bottom) for the example
event in Figure 6.11 (considering only candidate templates with a signal ratio > 0.9 in
PMT 2). The white/red/cyan contour lines show the 1/2/3c uncertainty regions. The
cyan (magenta) triangles show the locations of the reconstructed (true) shower parameters.
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the comparison method such that only the traces of triggered PMTs are compared
when calculating the likelihood. Each of these adjustments would need to be done
carefully so as not to lose the discriminating power between different templates.
Another possibility is to use other energy independent features to narrow down the
search space, for example those used in the machine learning section such as kurtosis
and skewness.

6.6 Parameter Estimation

The procedure for estimating the first guess parameters of an event differ depending
on whether said event was observed by a single telescope or multiple telescopes.
Both procedures are outlined below. Before estimating the final parameters, the
following steps are performed for each telescope with signal. First, each candidate
template is compared to the data traces. For each candidate the minimum nega-
tive log-likelihood (hereafter just “likelihood”) is found by scanning over ties and
estimating the energy scaling via Equation 6.6. These values are then saved. Out
of these values, the template parameters corresponding to the minimum likelihood,
(—21In L), are labelled @y,i,. The distribution of the saved likelihood values in the
six-dimensional parameter space (Xnax, E, 0, ¢, core x, core y) is then visualised
using three 2-D “slices”. Specifically, 2-D histograms for the parameters correspond-
ing to the core location (core x, core y), arrival direction (0, ¢) and longitudinal
profile (X.x, F) are constructed. For each histogram, the content of each bin is
set to the minimum over all likelihood values for templates with parameters which
correspond to that bin. In other words, each map is the minimum likelihood surface
for its set of parameters. These histograms will be referred to as the core location,
arrival direction and profile likelthood maps respectively. An example of these maps
has already been shown in Figure 6.13.

6.6.1 Single Telescope

For an event observed by a single telescope, the first guess parameters are simply
given by @y, Figures 6.14 and 6.15 show examples of the core location, arrival
direction and profile likelihood maps for simulated showers observed by a single
telescope with two and four triggered pixels respectively. The locations of the true
parameters are shown in the likelihood maps by magenta triangles and the best fit
parameters by cyan triangles. Another possible option for estimating the parameters
is to smooth each likelihood map and then take the locations of the minimum of
each map to be the first guess. This type of approach is applied when combining the
results from multiple telescopes. For a single telescope, this method was found to
improve the estimate in some cases but also worsen it in others. For events where the
minimum is located in a sharp trough of the likelihood space, smoothing each map
would occasionally eliminate the trough, causing the minimum to be at a different,
less accurate location.
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Figure 6.14: Example of the Template Method applied on a simulated shower observed
by a single telescope with two triggered pixels. The traces in the top part of the figure
follow the same layout as in Figure 6.11. The bottom plots show the core location (top
left), arrival direction (top right) and profile (bottom) likelihood maps.
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Figure 6.15: Another example of the Template Method, this time applied to a single
telescope with four triggered pixels. The plots are laid out the same as in Figure 6.14.
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6.6.2 Multiple Telescopes

For multiple telescopes the core location, arrival direction and profile likelihood
maps are calculated in each telescope’s frame of reference. The core location and
arrival direction maps are then transformed to a single frame of reference. For
a given type of map (core location, arrival direction, profile) the resulting maps
from each telescope are interpolated at given locations on a grid with spacing equal
to half that of the original parameter step sizes. If the maps from all telescopes
which observed the event can be interpolated at the given point, then that point is
considered a possible match and the likelihood value assigned to it is the sum of the
interpolated values. Summing the log-likelihood values is the same as multiplying
the likelihoods, so each point in the summed map is a combined probability for each
of the telescopes to observe the shower at that point (lower values being better as the
negative log-likelihoods are being summed). The final shower parameters are chosen
by taking the locations of the minimum values over all bins in each interpolated and
summed likelihood map. In other words, the first guess values of (core x, core y),
(0, ¢) and (Xpax, E) are obtained separately from each map. An example of the
interpolation and summing procedure is shown in Figure 6.16. The example shows
the interpolated core position likelihood maps of two telescopes from the FAST-
MiniV1 layout observing a simulated shower (the top and middle panels). The
bottom panel shows the sum of these maps. Compared to each telescope’s individual
result, the first guess estimate of the core becomes closer to the true value and the
uncertainty on the estimate (i.e. the scope of the 1, 2 and 30 contours) decreases.

The main issue with this approach is that it doesn’t take into account the shape
of the likelihood function over the full six-dimensional parameter space. For a single
2-D slice of the likelihood function, say of parameters a and b, the method of inter-
polating and summing the likelihood maps from each telescope is valid for obtaining
the most probable values of a and b. However, doing so for multiple sets of parame-
ters and combing the results fails to account for correlations between parameters in
different maps. This can cause a less than optimal set of first guess parameters to
be chosen.

6.6.3 Possible Extensions

A more advanced smoothing/interpolation technique could in principle be applied
over the full six-dimensional likelihood space. For example, it is a reasonable as-
sumption that at sufficiently small scales the region around the minimum likelihood
can be approximated by a (six-dimensional) quadratic surface. However, attempts
at fitting a surface of the form

—2InL(x) =x"Qx +b'x +c, (6.12)

to the likelihood values from each candidate template, and then estimating the
shower parameters from the minimum location, was found to be very challenging.
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Figure 6.16: Example of combining the interpolated core location likelihood maps from
two telescopes observing a simulated shower from different locations.
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In this equation x is the vector of candidate template parameters and @), b and c are
matrices/vectors of fitted coefficients. During testing, Equation 6.12 was fit to all
points which had a value of —21n £ less than 50 above (—21n £),,;, where o = 7.04
was the same as when fitting all six parameters in the TDR. In cases where there
was a large amount of degeneracy between parameters and hence the 50 region very
large, the parabolic surface became very flat and the fitted minimum rarely aligned
with the location of (—21In L)y, or the true values. The performance was found
not to significantly improve even for more tightly constrained regions. Ultimately,
the failure here is due to the comparatively large step size of the templates versus
the required density of points around the minimum region to achieve a reasonable
quadratic approximation. The necessary step-size is likely too fine for producing
templates over the entire parameter space, both in physical memory and computa-
tional time requirements. This is precisely the reason for the TDR. Another future
extension to the Template Method may be to incorporate information from tele-
scopes which do not observe the shower. This could perhaps be achieved by adding
a penalty if a candidate template for one telescope has a geometry which falls in
the FOV of another telescope which has no signal. Implementing this robustly is
expected to be challenging.

6.7 Template Method Performance

To test the performance of the Template Method, the method was applied to the
same set of showers simulated in Section 5.11, i.e. showers incident on the four
different layouts FAST-Single, FAST-TA, FAST-MiniV1 and FAST-MiniV2. Figure
6.17 shows histograms of the differences between the reconstructed and true values
for each parameter. Figure 6.18 breaks these plots down further by showing the
biases and resolutions in the X,,., and energy parameters as a function of energy
whilst also showing the core and angular resolutions as a function of energy. The
distributions in Figure 6.17 are separated by how many PMTs/Eyes observed the
event. Five classes of event are defined; 1 triggered Eye with either 2 (blue), 3
(orange), or >4 (green) triggered PMTs, and stereo observation with two Eyes (red)
or three Eyes (purple).

For each parameter, the width of the distributions is largest when just two pixels
observe the shower. This matches the findings from Chapter 5. For X,,.x and energy,
the biases and resolutions do not appear to change significantly with the type of
event. This is in contrast to the machine learning results where these values were
seen to improve with additional pixels and in particular with stereo observation.
Thus it seems the Template Method has less sensitivity to these parameters than
the machine learning approach. As for the shower geometry, the results for 3/> 4
triggered pixels are mostly similar. The exception to this is the core resolution,
where the additional PMTs appear to give better estimates by ~ 500 — 1000 m. This
also roughly matches the machine learning results, where the main improvement
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from having additional triggered pixels came in the core resolution. For stereo
observation, the 3-Eye stereo results for core resolution are generally the best out
of all event types, again matching the machine learning results. However at the
highest energies the best angular resolution is achieved when using a single Eye
rather than stereo observation. This goes against both the machine learning results
and standard expectations for air shower reconstruction procedures. The reason is
thought to be related to the less than ideal method of selecting the best parameters,
i.e. the minimum locations of three independently summed and smoothed slices
of the likelihood function. Overall, on an absolute scale, the optimal resolutions
for the Template Method are worse than those of the machine learning approach.
The best Xax and energy resolutions are roughly 150 gcm =2 and 60% respectively,
significantly worse than the best case 75 gcm™2 and 30% for the TSFEL DNN (with
FAST-MiniV2). The geometrical parameters, whilst still not reaching the TSFEL
DNN resolutions, are comparatively better, with best case core resolutions around
1 - 1.5km and angular resolutions around 10°.

Naturally the Template Method results could be improved with a denser array of
templates. Generating templates with parameter step sizes half that of the current
setup would be feasible even if very time intensive. A better approach may be to use
a graded spacing such that, in regions of the parameter space where the telescope’s
response changes quickly, the density of templates is high, whilst in regions where it
changes slowly the density is lower. In practice this would correspond to simulating
templates with smaller step sizes closer to the telescope and larger step sizes further
away. Similarly, sampling values of 6 in even steps of sec § rather than 6 and values of
¢ such that showers pointing towards the telescope have a higher density (to account
for strongly forward beamed Cherenkov radiation) may be beneficial. An alternative
to using showers simulated on a grid could be to use randomly distributed showers.
The same signal search criteria developed above could be applied to narrow down
the candidate events. Whichever the case, future studies attempting to emulate
the method described here should focus on showers within a more confined region,
perhaps within 10 - 15 km of the telescope. This is roughly the maximum distance
at which the FAST prototypes have observed air showers thus far (see Section 7.2).
This will reduce the space of core locations required to be tested, allowing for finer
spacing in the other shower parameters. This finer spacing will be important for
implementing more robust interpolation methods.

6.8 Shortcomings

Like the machine learning approach, the Template Method for estimating a first
guess comes with its own shortcomings, the most egregious of which is the necessary
time required to reconstruct a single event. At worst it may take ~ 5 minutes for
just a single telescope to come up with a starting point for the TDR. For a future full
sized FAST array detecting potentially hundreds of events per night (depending on



6.8 Shortcomings 157

80 40
15
60 30
2 H
c €10
340 20 3
o o
20 10 5
93500 -250 0 250 500 500 -250 0 250 50 93500 -250 0 250 500 2500 -250 O 250 500 2500 -250 0 250 500
DXmax [g cm™2] AXmax [g cm~2] DXmax [g cm™2] AXmax [g cm~2] DXmax [g cm™?]
200 u: 0.7 100 u: 0.6 80 u: 0.8 50 u: 0.9 25 u: 0.6
o: 1.4 0:1.0 0:1.3 0:1.3 0:0.9

Counts

0.3 w07
25
11.0 075
20
2 £ 60 2 40 £ 15
S 60 S S S
3 2 230 2
40 20
20 20 10 5
=0 o 50 =0 o 50 0 = 0 0= 0 50
A6 [deg] A6 [deg] A6 [deg] A6 [deg] A6 [deg]
u: 3.6
0:39.3

Counts

0 200

=200 -100

100 200 100 0 10 00 0 10
A¢ [deg] A¢ [deg]

0
A¢ [deg]

Counts
Counts

10 -10 10 -10 10 -10 10 -10 =5 0 5 10
ACore x [km]

=5 0 5
ACore x [km]

=5 0 5 =5 0 5 =5 0 5
ACore x [km] ACore x [km] ACore x [km]

150

50

10

0 o %o o %o o %o o %o

-5 0 5 -5 0 5 -5 0 5 -5 0 5 -5 0 5
ACore y [km] ACore y [km] ACore y [km] ACore y [km] ACore y [km]

Figure 6.17: Differences between the true and reconstructed values for each shower
parameter, separated by the number of triggered PMTs/eyes. From right to left, the
event types are; 1 triggered PMT, 2 triggered PMTs, 3 or more triggered PMTs, 2-Eye
stereo and 3-Eye stereo. From top to bottom the reconstructed parameters are Xipax,
energy, zenith, azimuth, core x and core y. The mean and standard deviation calculated
from each distribution (no Gaussian fit) is shown in the top right of each panel.
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for each different event type when reconstructing using the Template Method. Bottom:
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the energy threshold), this would clearly be a bottleneck for the analysis. If the goal
of the Template Method is to map out the likelihood space and then subsequently
give an estimate of the minimum location together with an uncertainty, then the
process of template evaluation must be sped up significantly. This could be achieved
by making the smallest unit of the templates not a single telescope like done here, but
two or three telescopes, as will be arranged for FAST mini-array. Another solution
may be random sampling of the candidate templates. Regarding the assignment of a
quantitative uncertainty to the first guess, although this was an original goal of the
Template Method, the often large/segmented nature of the 1/2/30 contour regions
made determining specific values impractical. A proper interpolation/approximation
of the six-dimensional likelihood function is likely necessary to obtain reasonable
uncertainty estimates. Investigating this is left for future work.

Another shortcoming is that the true prototype telescopes are unlikely to have
a completely symmetric directional efficiency map. If there is significant non-
uniformity across the map (for example as seen in Figure D.3), then a single telescope
will require twice the amount of simulations to cover the full phase space. Moreover,
different telescopes are likely to have slightly different maps, introducing additional
systematic uncertainties to the first guess. As with the machine learning results,
not accounting for the time-dependent observation conditions and the differences in
the properties of the background noise between data and simulations also introduces
systematic uncertainties. The quantitative effects of these uncertainties should be
investigated in future work. Finally, the method of evaluating the minimum loca-
tion is not straightforward in the six-dimensional parameter space. The approach
adopted here works reasonably well for a single telescope with a large number of
triggered PMTs, however combining the results from more than one telescope to
achieve the resolutions shown to be possible with the machine learning method will
likely require more robust interpolation methods and a denser set of templates.

6.9 Summary

This chapter has developed an alternative method for deriving a set of first guess
parameters for the TDR known as the “Template Method”. The method involves
simulating a library of template traces for a single telescope and comparing these
templates to data traces using the likelihood function in Equation 3.5. For events
with a single triggered telescope, the first guess is given by the best matching tem-
plate. For multiple triggered telescopes, likelihood maps in 2-D slices of the pa-
rameter space are created for each telescope. These are then interpolated on set
grids and summed, with the first guess parameters given by the minimum locations
in each summed map. Although imperfect, this is the first method of obtaining a
first guess of the shower parameters to be applicable to any number/configuration of
FAST telescopes. The primary drawback of the method was found to be the required
computation time. This was reduced through a number of different means, such as
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reducing the trace sizes and selecting only candidate templates which matched the
relative signal ratios and timing differences between triggered PMTs. Even with
these optimisations however, comparing all candidate templates for a single tele-
scope would occasionally take up to several minutes. Evaluating the performance
of the Template Method showed, overall, inferior resolutions to those of the TS-
FEL DNN. This was thought to be due to the relatively large spacing between the
templates and imperfect method for combing results from different telescopes. In
particular, the resolutions in reconstructed X,,., and energy failed to reach below
100gcm~2 and 50%. Despite these shortcomings however, the Template Method
does show promise as a versatile first guess approach given its applicability to differ-
ent telescope layouts and the reasonable core and angular resolutions achieved for
stereo events (1 - 1.5 km and ~ 10 - 15° respectively at the highest energies). Future
efforts using a denser set of templates and interpolation within the six-dimensional
likelihood space are expected to improve these resolutions and provide a more robust
estimate of the first-guess uncertainty:.



Chapter 7

Reconstruction of Data from
FAST Prototypes

The final chapter of this thesis utilises the improvements and developments made
to the reconstruction procedure in previous chapters to reconstruct data from the
FAST prototypes at TA and Auger. The events analysed are “coincidence events”,
that is events which have been observed by both FAST and its companion exper-
iment i.e. TA/Auger. This allows for the direct event-by-event comparison of the
reconstruction results. The ability to perform such an analysis is largely thanks
to the development of a new method to search for candidate events developed by
a fellow member of the FAST collaboration, Jakub Kmec. This method improves
upon previous signal search attempts, identifying a total of ~ 650 events across both
sites. The significant increase in statistics compared to previous work allows for new
analyses and comparisons to be performed. As such, this study constitutes the first
comprehensive analysis of the FAST reconstruction applied to observed data and is a
crucial test for determining how the algorithms perform outside of simulations. The
chapter begins by introducing the new signal search method and data set, before
comparing expectations from simulations with the data. The coincidence events are
then reconstructed and the first measurements of the UHECR energy spectrum and
mass composition with FAST made.

7.1 New Signal Search Method

This section provides a basic overview of the new signal search method developed
by Kmec. The method is essentially an improved version of the threshold trigger
discussed in previous chapters, in that it estimates the SNR of a pixel but accounts
for the possibility of a non-zero signal baseline. Since small fluctuations in signal
baselines are often observed in the current prototype data, a formulation which
accounts for them is critical to accurately determine whether or not a pixel con-
tains signal. Whilst forthcoming updates to the FAST electronics are expected to
reduce these fluctuations, the robustness of the algorithm to noise is highly desir-
able given the large diameter of the FAST PMTs. Note that previous chapters all
utilised FAST PMT traces consisting of 1000 bins each of 100ns. However PMT
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\ FAST@TA | FAST@Auger
Analysis period | 2018/03 — 2018/10 (2018/10 — 2023/02) | 2022/07 — 2022/10
Observation time 65 hrs (182 hrs) 122 hrs
Coincidence events 438 235

Table 7.1: Overview of the datasets used in the coincidence analysis. The FASTQTA
column contains two values for both the analysis period and observation time. These
correspond to the observation periods with two telescopes (left) and three telescopes (right,
in brackets).

traces from the current prototypes actually consist of 5000 bins each of 20ns. The
algorithm introduced below has been specifically developed for this configuration.
Later, during reconstruction, the data traces will be re-binned to the standard 1000
bins at 100 ns/bin.

The algorithm is as follows. Given a PMT trace T with 20 ns bins, 7" is smoothed
using finite impulse response (FIR) filters of differing lengths to give waveforms Fj.
Specifically, Hamming windows with 5 different window sizes ranging from 25 - 401
bins are used. The different sizes are used so that both long and short signals can be
identified. Each bin 7 in each filtered trace F} is then tested for signal by calculating

the following ratio
Fi(i) — Tpa(i
SNR, (i) = L) = Taa (i), (7.1)

UFj

Here, F;(i) is the value of the FIR filtered trace at bin 4, Tp¢(7) is the signal baseline
(ideally zero) estimated using a section of the original trace between bins (i — 769, —
256), and o, is the standard deviation of the filtered trace. If, for at least one filter
length j, the maximum SNR; over all bins exceeds the appropriate threshold for
that filter length, then the PMT is considered to be triggered. An event is labelled
as an EAS candidate if at least one PMT triggers. Note this algorithm is still under
development and as such has not been utilised in the previous chapters. However
when applied to data from the FAST prototypes, it identifies significantly more
events than more standard formulations like Equation 5.4. In particular, it is better
at identifying weak signals and signals where the baseline may be significantly shifted
from zero [106]. Figure 7.1 shows an example of how the algorithm is applied.

7.2 Coincidence Data Set

The data used in the following analysis was taken by FAST@QTA and FAST@QAuger
using external triggers from their respective companion experiment. These triggers
were provided by the fluorescence detectors at each experiment which overlook the
same field of view as the FAST telescopes, these being the TA fluorescence detector
at BRM and the Auger fluorescence detector at LL respectively. To search for
coincidence events, rather than checking every single event recorded by FAST, only
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Figure 7.1: Example of how Equation 7.1 is applied to a FAST PMT trace to determine
the presence of signal or lack thereof. The original PMT trace is shown by the red line
and one of the filtered traces by the blue line. Py is the bin being tested for signal.
Points between P,y and Piegt are ignored as they may be contaminated with signal. The
baseline of the original trace is estimated by calculating the average value of the trace over
a window of size wp, centred on P,,,. Samples of the FIR filtered trace from Pjgq to Ppa
are used to estimate the standard deviation. From [106].

events which were successfully reconstructed by TA/Auger were checked for signal
(see Section 7.3 for TA/Auger reconstruction details). These events were identified
in the FAST data by first calculating the average time offset between the TA /Auger
trigger times and the FASTQTA /FAST@QAuger trigger times. The event closest
in time to the TA/Auger trigger time + offset was selected. Each of these events
(set of PMT traces), were then checked for signal utilising the above algorithm.
When applying the algorithm to a PMT trace from prototype data, the last 3,000
bins of the trace (purely noise from the night sky background + electronics) are
shifted to the beginning of the trace in order to accurately estimate op,. With
this method 438 coincidence events in the FASTQTA data and 236 coincidence
events in the FAST@Auger data were found. This information, together with the
analysis periods and corresponding observation times of the coincidence event search,
is summarised in Table 7.1. The number of coincidence events and total observation
time of FAST@QAuger are approximately half the corresponding FASTQTA values,
roughly matching expectations.

The observation times in Table 7.1 are calculated as 5 minutes xnumber of FAST
event files checked for signal (i.e. the number of data files containing a reconstructed
event from either TA/Auger), as each FAST data file covers a 5minute interval.
The discrepancy between the few hundred hours listed here and the total number of
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Figure 7.2: Telescope configurations of FASTQTA (left) and FAST@Auger (right) shown
with the core positions, as reconstructed by TA/Auger, of the coincidence events (open
red circles).
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Figure 7.3: The distance to the shower axis R, vs. energy for the coincidence events seen
by FAST (red open circles) and all candidate events reconstructed by either TA/Auger
(grey points). The results from FAST@QTA (FAST@Auger) are shown on the left (right).

observation hours of the FAST prototypes (see Section 3.2), comes from this limited
checking and, in the case of FAST@QAuger, only considering a short time period
where accurate GPS timestamps are available. Ideally, because all 5 minutes from
each file are being claimed as observation time, every event in the file should be
checked for signal. The assumption being made by only checking the reconstructed
events is that all other events would not pass the above signal search. The accuracy
of this assumption should be investigated in future work. Note the above does not
mean that every TA/Auger reconstructed event will be visible in the FAST data.
For now, these observation times will be used in the subsequent data/Monte Carlo
(MC) comparisons and energy spectrum measurements.

The layouts of FAST@QTA and FAST@Auger in their respective coordinate sys-
tems are shown in Figure 7.2 together with the core locations of the coincidence
events as reconstructed by TA/Auger. The majority of events are within ~ 5km
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of the telescope positions. Figure 7.3 shows the distributions of R, vs. shower en-
ergy for the coincidence events observed by FAST (red points) and all candidate
events reconstructed by TA/Auger (grey points). For a given energy, TA/Auger are
able to observe showers at a greater distance. This is due to the smaller pixel size
and hence larger SNR since SNR o 1/v/AQ where AQ is the pixel solid angle (for
the same effective collecting area). The maximum R,, of the showers observed by

FASTQTA /FAST@Auger is 15.3km and 8.6 km respectively.

Figure 7.4 shows distributions of low level data regarding the coincidence events.
These include distributions of the maximum SNR, maximum N, ., and number of
triggered pixels per event. Also shown are histograms of the distribution of trig-
gered pixels (i.e. which pixels triggered), and the background noise levels estimated
from the standard deviation of the first 100 bins of each PMT trace. Note the SNR
calculated here comes from Equation 5.4 and the trigger condition for a single pixel
is as in Section 6.1 (threshold trigger with threshold = 6, followed by timing check
and grouping check). Regarding the distributions of what pixels triggered, the even
numbered pixels, which see the upper portion of each telescope’s FOV, trigger more
often. This is expected since the location of X, typically falls within or above
the FOV of these pixels. Additionally, FAST 1 and FAST 2 of FASTQTA (pixel
numbers 0 - 7) have more triggers than FAST 3 of FASTQTA (pixel numbers 8 -
12) due to extra observation time. As for the other distributions, the background
noise level shows a large difference between the installations, with an average value
of ~ 11p.e./100ns for FASTQTA and ~ 6.5p.e./100ns for FAST@Auger. Assum-
ing the average properties of the showers arriving at both installations is the same,
a lower background noise level at FAST@Auger would allow signals with a lower
maximum N, to be observed, perhaps accounting for the difference seen in those
distributions. This would not change the maximum SNR distribution however, as
the overall ratio of background to signal would still be similar to FASTQTA. This is
indeed what is observed. Considering the rough agreement in maximum SNR, the
differences in the distributions of number of triggered pixels is thought to be due to
baseline fluctuations in the FAST@Auger PMTs causing false triggers. The under-
lying reasons for the difference in background noise level meanwhile are unknown
at this time. Possible causes include differences in the magnitude of the NSB at
the Auger/TA sites due to location/artificial light sources and/or minor differences
between the FASTQTA and FAST@Auger telescopes. The distributions in Figure
7.4 may also be affected by differences between the shower selection/reconstruction
processes of Auger/TA. Investigation into each of these points is recommended for
future work.

7.3 Data - MC Comparison

Before reconstructing the coincidence events with the TDR, the distributions of the
shower parameters as estimated by TA/Auger are compared with expected distri-
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Figure 7.4: Plots checking low level data for the coincidence events. FASTQTA results
are shown in blue, FAST@Auger results in red. Top left: Maximum SNRs calculated
using Figure 5.4. Top right: Maximum number of photo-electrons per event. Middle left:
Number of triggered pixels. Middle right: Which pixels triggered. Bottom: Background
noise.
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N EPOS-LHC (500 - 1200 g cm 2)
Energy E=15(1-100EeV)
Zenith sinf cos @ (0 - 80°)
Azimuth Uniform (0 - 360°)
Core position Uniformly distributed in circle, » = 20 km, centred at
(5741 m, —5060m) (TA) & (—14726 m, —14846 m) (Auger)

Table 7.2: Parameter distributions used to generate the simulations for comparison with
coincidence events. The right column lists the distributions sampled from and range (in
brackets) for each parameter shown in the left column. Each of the distributions sampled
from were continuous.

butions based on calculations with the FAST simulation. Such comparisons are
typically called “data/MC” comparisons, where MC refers to the results from sim-
ulations. Here, the TA values come from the TA monocular reconstruction, whilst
the Auger values come from a preliminary hybrid reconstruction. These values
will be used throughout the remainder of this chapter as a comparison point for
the FAST reconstruction. The data/MC check is performed to gauge whether the
FAST simulation is accurately reproducing the observation conditions of the proto-
type telescopes. The comparison considers only events exceeding 1 EeV in energy.

7.3.1 Data Set

For an accurate comparison, the response of the FAST telescopes to all showers which
could potentially be observed must be considered. This necessitates simulating
showers beyond the observational limits of the telescope i.e. at distances and energies
where no significant signal will be observed. Additionally, the distributions of the
simulated parameters, with the exception of energy (accounted for later), must be
representative of their true distributions. The parameters used to generate the
simulations are listed in Table 7.2. Mass fractions of (H, He, CNO, Fe) = (0.25,
0.25, 0.25, 0.25) were used for generating Xy,ax, with the Xy, distributions sampled
from being parameterisations of the EPOS-LHC distributions from [107]. The arrival
directions are sampled such that they evenly populate a hemisphere and the core
positions such that they extend roughly 7km behind and 30km in front of each
telescope. The core location distributions for the simulated data sets corresponding
to FASTQTA and FAST@Auger are shown in Figure 7.5. In total, 200,000 events
were simulated for each layout. Future work should consider implementing a varying
composition with energy which better represents the current knowledge of UHECR
mass composition. This could be achieved by using mass fractions estimated by

either Auger/TA.

The simulated responses of the FAST telescopes must also be set to match the
responses of the prototypes as closely as possible. This means instead of the ideal
directional efficiency map, which has been utilised in all simulations thus far, direc-
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Figure 7.5: Layouts of the FASTQTA (left) and FAST@Auger (right) telescopes with
respect to the TA and Auger coordinate systems respectively. These telescope layouts
were used when generating the simulations for comparison with coincidence events. The
red circles show the range of simulated core positions.

tional efficiency maps representative of the prototype telescopes (shown in Appendix
D, Figure D.2) were used. These maps were constructed using the spatially depen-
dent collection efficiency measurements from [90] and the rotation angles of the
PMTs installed on the FASTQTA prototypes. Figure D.2a is used for FAST 1 and
FAST 3 for telescope labelling) and the single telescope at FAST@Auger. FAST 2
uses the map in Figure D.2b due to the positioning and construction of it’s camera
box being slightly different. Lastly, in an ideal comparison, the time dependent state
of the detector and surrounding environment would be accounted for and replicated
in the simulations. However a lack of precise atmospheric measurements and the
setup of the current FAST software framework prevents this from being feasible at
the present time. For these simulations then, time-dependent calibration constants
and atmospheric states were not considered. The molecular atmospheric profiles
for FASTQTA and FAST@Auger were set to the standard US atmosphere and the
standard parametric atmosphere used in previous simulations respectively.

7.3.2 Calculating the Expected Distributions

For a single shower parameter p, the expected distribution for showers observed by
FAST over a time T, falling within an area A, arriving from solid angles €2, with
energies between F;, and Ej, can be written as

Ey
D(p;T,A,Q) = / J(E) x exposure(FE, A, Q,T) x H(p; E, A,Q)dE. (7.2)

£y



7.3 Data - MC Comparison 169

Here, J(E) is the differential flux of cosmic rays and must be assumed to take
some form, for example that of a previously measured spectrum. The “exposure” is
typically defined as

exposure(F, A, Q,T) = A x Q x T x efficiency(F) (7.3)
where the efficiency is normally estimated from simulations as

# reconstructed showers(E)
# simulated showers(E)

efficiency(F) = (7.4)
Note the “#” symbol is used as shorthand for “number of”. H(p; E, A, Q) represents
the normalised distribution of p for showers observed by FAST at a particular energy
E and for the given A and ). Note that in general, both H and the exposure
may vary with time, due to changes in the detector response/detector upgrades
and variability in the observational conditions. These dependencies will not be
considered here. However, for the time periods where FAST@QTA observed with 2
and 3 telescopes respectively, the efficiencies, exposures and distributions H will be
calculated separately and then added to calculate the final distributions.

In essence, Equation 7.2 says that the expected distribution of p will be the sum of
the number of particles expected to be detected at each energy (J(E) x exposure(E))
multiplied by the normalised distribution of p for showers detected at that energy,
H(p; E) (dropping A and € for brevity). To calculate H(p; E) for each parameter
histograms of each parameter were constructed in energy bins of width log(E/eV) =
0.1 using only those showers “seen” by the FAST telescopes. These distributions
were then normalised to give the histograms HP*™ where i €{[18 - 18.1], [18.1 -
18.2],..., [19.9 - 20]} represents the energy bin. The expected distribution of p can
then be expressed as a weighted sum of each H™ i.e.

# showers “seen” by FAST,
# simulated showers;

D(p;T, A, Q) = AQT Y J; x AE; x x HMO™ (7.5)

For the setup here, A = 720% km?, Q = 27(1 — cos?(80°)) sr and T varies depending
on the layout (Table 7.1). The values for J; are taken from the TA energy spectrum
as given in [60] and AE; is the bin width in linear scale. The efficiency term is
more challenging to calculate. Note that the number of showers “seen” by the
FAST telescopes, rather than the number of reconstructed showers, is used. This
is because the coincidence events being compared to were not simply detected and
then reconstructed by FAST; instead, they have first been selected as a candidate
by the TA/Auger triggering system, then successfully reconstructed by TA/Auger,
and then passed the FAST signal search (Equation 7.1).

Ideally, this process would be reproduced in the FAST simulations when de-
termining the efficiency term. Unfortunately this is not feasible with the current
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Figure 7.6: Exposures for FASTQTA (left) and FAST@Auger (right) for 247 hrs and
122 hrs of observation respectively.

simulation framework. The best that can be done is to try and imitate these “selec-
tion criteria” using various trigger conditions. A simulated shower which passes said
trigger conditions would be considered equivalent to detecting a coincidence event.
In this work two simple trigger conditions are tested, these being if a simulated
shower had at least one or at least two PMTs passing the threshold trigger (SNR
> 6) respectively. The definition of SNR here again comes from Equation 5.4. Fig-
ure 7.6 shows the calculated exposures for FASTQTA and FAST@Auger using both
conditions, where the blue (red) points correspond to > 1 PMT (> 2 PMTs). As ex-
pected only requiring at least one PMT results in larger exposures. The bumpiness
seen across all graphs comes from low statistics, whilst the continuing linear trend
at high energies shows that the efficiency does not saturate before 10?° ¢V for the
given simulation setup/triggers. Future data/MC analyses using FAST data taken
with external triggers could investigate different triggering conditions which more
closely replicate the Auger/TA event selection process. Analyses using data taken
with an internal trigger will be able to avoid this challenge entirely and properly
incorporate the FAST reconstruction into the efficiency calculation.

7.3.3 Results

Figures 7.7 and 7.8 show the data/MC comparisons for FASTQTA and FAST@QAuger.
The parameters as estimated by the TA/Auger reconstructions are shown as black
points, where the error bars are calculated as the square root of the bin content.
The exception to this is bins with a single entry. For these bins the error is given
by the 68% Garwood confidence interval of a Poisson distribution with A =1 [108].
The blue and red histograms show the expected distributions of each parameter
when using the > 1 PMT and > 2 PMTs trigger conditions respectively. The ratios
between the data points and predicted distributions are shown in the lower panels
of each plot. The black dotted line corresponds to a ratio of one. Note that the
expected distributions have been scaled to match the area of the data histograms,
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Figure 7.7: Comparison of coincidence event parameters (black points) as reconstructed
by TA with expected distributions from FAST simulations using two different trigger
conditions (blue/red histograms). See the text for details.
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as at this stage the shape of the distributions is the primary concern.

For FASTQTA, the energy and azimuth MC distributions do not differ noticeably
between trigger conditions and match the data reasonably well. The same is mostly
true for the zenith angle comparison. With the exception of the first and second to
last bins, the MC distributions seem consistent with the data, though with slightly
more deviation than found in the energy/azimuth plots. For R, requiring only
one triggered PMT appears to match the “slope” of the data better than for the
> 2 PMTs condition. In both cases though the number of showers expected in
the first bin overestimates the data. The core y MC distribution for > 1 PMT is
wider than the distribution for > 2 PMTs, however both trigger conditions do seem
consistent with the data. Lastly, the TA reconstructed core x parameter appears
better explained by the > 2 PMTs condition, somewhat at odds with the R, result.

Similar patterns hold for the FAST@Auger results. Like FASTQTA, the energy,
azimuth and zenith MC distributions show only minor differences and seem roughly
consistent with the data, whilst the R, and core position results show a greater
difference between MC distributions. The low statistics (36 showers above 108 eV)
make identifying the more appropriate trigger condition challenging. Overall, con-
sidering the uncertainty in the trigger condition, the MC distributions for both
FAST@Auger and FASTQTA appear broadly consistent with the data, suggesting
that the telescope is performing roughly as expected. A quantitative analysis on
the degree of agreement will not be performed here, though one could be considered
in future work, for example by evaluating the pull distributions of each parameter.
This decision is made primarily due to the several layers of uncertainty in the anal-
ysis, the largest of which is how well the applied trigger condition replicates the
coincidence event selection process. One option for future data/MC studies which
utilise data from an external trigger could be to search for the optimal trigger con-
dition using a quantitative metric for the comparison. Other uncertainties in the
analysis include the simulated telescope response/environmental conditions, quality
of the TA/Auger reconstructions and the hadronic interaction model assumed for
the X ax distributions. Additional observations and further efforts into understand-
ing the time-dependent telescope performance + incorporating these measurements
into the FAST simulation will be needed before future data/MC analyses may begin
to reveal useful discrepancies, if any. Future data/MC checks should also incorpo-
rate the low level variables shown in Figure 7.4. This will aid in pin-pointing the
source of any significant differences found.

7.4 Initial Reconstruction Results

The initial reconstruction of the coincidence events was performed with the TDR
using the reconstructed values from TA/Auger as the first guess. All six shower
parameters were reconstructed simultaneously and the absolute time offset fitted.
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The US Standard Atmosphere and monthly average atmospheres at Malargiie were
used for the FASTQTA and FAST@Auger reconstructions respectively. The cuts
applied on the reconstruction results were

o Successful minimisation,

o Best fit time offset lay within an expected time window based on the known
delay from the external triggers (100<t,g<500),

e The reconstructed Xy.x lay in the FOV of at least one of the triggered tele-
scopes (using reconstructed shower geometry),

o The relative error in both the reconstructed X,., and reconstructed energy
was < 0.5.

Table 7.3 shows the number of events remaining from both datasets after each cut.
The X ,ax in FOV cut reduces the statistics greatly, by a factor of 2 for FAST@Auger
and a factor of 4 for FASTQTA. Why the percentage of showers remaining after the
cut differs so significantly between Auger and TA is unknown at this time. It may be
related to the cuts each experiment places on their respective events. Poor geometry
reconstructions may also impact the effectiveness of this cut, however the difference
is not expected to be significant here as both the FAST@QTA and FAST@Auger
reconstructed geometries show reasonable agreement with the TA /Auger values (see
Appendix E.1).

Cut Events Remaining
TA Auger

No cuts 438 235

Minimisation 412 215

Time Offset 405 211

Xiax In FOV 103 116

Relative Error 86 86

Table 7.3: Number of events remaining after each cut applied to the reconstructed data
from FASTQTA and FAST@Auger.

Figures 7.9 and 7.10 show examples of two reconstructions, one for FASTQTA
and one for FAST@Auger. In both cases the best-fit trace (black) appears to match
the data reasonably well, with only minor changes in the shape and scale from
the TA/Auger first guess. The FASTQTA example is an example of a fluorescence
dominated event. The TA results lie within the uncertainty bounds on the best fit
parameters. The FAST@Auger example showcases a Cherenkov dominated event.
Here there is slightly more discrepancy, with only the Auger reconstructed X ., be-
ing within 1o of the best fit values. The difference can likely be attributed to some
uncertainty in the Auger measurements and the FAST simulation not reproduc-
ing the conditions at FAST@Auger 100% accurately. The strongly-forward-beamed
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nature of Cherenkov light means that any small differences between the on-site tele-
scopes and simulations will be amplified. Visually inspecting numerous other fits
generally showed good matching between the best-fit traces and data.

Histograms showing the distributions of X ., and energy for events which passed
the above cuts are shown in Figures 7.11 and 7.12. The FASTQTA and FAST@QAuger
results are shown in red and the TA /Auger results in blue. The event-by-event dif-
ferences are also shown, with Gaussian fits performed to estimate the mean and
standard deviation of the distributions. Similar plots for the geometrical param-
eters can be found in Appendix E.1.  For FASTQTA, the X,,.x reconstruction
shows almost no bias compared to the TA result, with an average difference of just
—3gcem™2. There is however a somewhat large spread in the event-by-event differ-
ences of 0(AXpa.x) &~ 100gecm™2. The energy reconstruction shows a shift towards
larger values for FAST by roughly 20%, again with a wide spread in the event-by-
event differences of o(AFE) ~ 0.44. The FAST@Auger results show biases in both
the Xmax and energy reconstructions, approximately 4+25gcm™=2 and +10% respec-
tively. The widths of the event-by-event distributions are roughly 115gcm™2 for
Xmax and 0.23 for energy. In both the FASTQTA and FAST@Auger results some
reconstructions are very far from the TA/Auger values i.e. AX,,> 400gcm™2 or
In(Erec/ E(Ta/Auger)) & 2 (seven times the energy).

Contributions to the width of the distributions include (but are not limited
to) the inherent uncertainties in the FAST reconstruction, primarily due to the
large background noise, baseline fluctuations and strong dependence on the first
guess, and the uncertainties in the TA and Auger monocular reconstructions, which
can be conservatively estimated to be on the order of ~ 50gcm=2 and ~ 15% at
these energies [60]. The degeneracy of the FAST reconstruction for small signals
in particular could potentially be causing the outlier events highlighted above. In
principle such degeneracy is encoded in the parameter uncertainties estimated by the
TDR. Additional quality cuts which incorporate the total amount of signal, number
of triggered PMTs, all parameter uncertainties and possibly another method for
quantifying the degeneracy in the reconstructed parameters (e.g. something similar
to the Template Method) may improve the overall quality of the reconstructed events
and remove the observed outliers. As the statistics are already very limited, such
cuts are not implemented here, but could be considered in future work.

The FAST reconstruction of the shower geometry generally agrees well with
TA/Auger. The Af distributions have small positive biases of 1 - 2° and o(Af) ~
2.5 ~ 5° whilst the difference in reconstructed azimuth shows no major biases. The
core position parameters also show no overall bias with the exception of slightly
larger core y values for FAST@Auger (~ +150m). This is likely related to the
energy-core position degeneracy identified in Section 5.6.4 and Appendix B.2. There
are also a handful of events with best fit parameters quite different from the Auger/TA
values i.e. Az/Ay > 1 ~ 2km or Af ~ 20°. The overall level of agreement here
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Figure 7.11: Histograms of the reconstructed Xy,,x values from FASTQTA (left) and
FAST@Auger (right). The FAST results are shown in red. The TA/Auger results are
shown in blue. The event by event difference histograms are shown in the bottom panels.

is another positive sign that the FAST simulation’s model of air-shower physics is
valid and that it roughly reproduces the responses of the telescopes. However, even
if the FAST simulation were to be reproducing the observational conditions 100%
accurately, the performance of the reconstruction in this case is likely attributable to
using the TA /Auger results as a first guess. Reconstructing the coincidence events
solely from FAST data is expected to yield a worse overall comparison, particu-
larly considering the majority of events have small signals and only trigger 1 - 2
PMTs. Such events have been shown by both first guess methods investigated to be
challenging to reconstruct.

Lastly, commenting again on the observed X,,.x and energy biases, although the
FASTQTA X,,.x bias is consistent with zero (allowing for a 1o shift based on the es-
timated parameter errors), the FAST@Auger bias sits just under 20 away from zero.
The biases in energy are roughly 30 and 2.50 away from zero for FASTQTA and
FAST@Auger respectively. Assuming that the first guess values from TA/Auger
are correct, or rather contain no inherent bias, and that the FAST simulation is
accurately reproducing the observation conditions, then the FAST simulated traces
based on the TA /Auger values should, on average, match the data traces. The FAST
reconstructed values should therefore show no bias with respect to the TA/Auger
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Figure 7.12: Same as Figure 7.11 but for energy.

values. Note this does assume that there is limited degeneracy in the TDR. Hence,
the observed biases likely point to systematic differences in either the reconstruction
processes of FAST and TA /Auger or between the FAST simulation and the true per-
formance of the prototype telescopes. One factor which is not accounted for in the
current FAST reconstruction is the missing or “invisible” energy, Ej,,, carried by the
non-electromagnetic part of the shower. This fraction has been estimated by Auger
and TA to vary as a function of the electromagnetic energy, FE.,, from roughly 10
- 20% at 10'7eV down to 5 - 10% at 10*° eV [60, 109]. However this contribution
would be added to the FAST reconstructed energies, increasing the overall biases.
Future work should incorporate the invisible energy into the reconstructed results,
either through an energy dependent correction or through the use of CONEX show-
ers for simulations which inherently account for Ej,,. Another systematic effect not
accounted for in the simulations is the reduction in the UV filter transmittance over
time. This comes from a build up of contaminants on the filter surface and has been
estimated by in-situ measurements to be roughly —10% after 2 years without clean-
ing (see Section 3.4.2). Once again though, accounting for this effect would actually
increase the reconstructed energies. Aside from possible fitting degeneracies, one
effect which may lower the reconstructed energies is the directional efficiency maps
used in simulations vs. those of the true prototypes. Significant differences between
such maps can yield large differences in the shape and scale of the traces and thus
could potentially introduce a bias/additional uncertainty on both X, and energy.
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There may also be errors in the absolute/relative calibration of the PMTs, and/or
possibly a reduction in the PMT gain over time which is contributing to the energy
biases.

Investigating all the sources of uncertainty and possible systematic differences
mentioned above is beyond the scope of the current work. As such, attention is
focused only on differences between directional efficiency maps. Specifically, mea-
surements taken of the FASTQTA PMTs’ uniformity in early 2024 revealed unex-
pectedly high variation across the PMT surfaces. This non-uniformity is not seen in
the ray trace maps used for the initial reconstruction (Figure D.2) and could relate
to the large event by event differences and/or biases observed in the reconstructed
vs. TA parameters. The following section provides a brief overview of these mea-
surements and there incorporation into a new set of directional efficiency maps for
FAST@TA. The maps are then used to re-reconstruct the FASTQTA coincidence
events.

7.5 PMT Gain Measurements at FASTQTA

As the TDR relies on matching simulations to data, it is critical that the simula-
tions accurately reflect the conditions/performance of each telescope. In particular,
it is necessary to account for the non-uniformity of each PMT’s gain response across
its surface. Although these measurements had been performed in a controlled lab
setting, they had not been done in situ for the FAST prototypes, where the geomag-
netic field, amongst other factors, may alter the response. To this end, in March
2024, the Author travelled to the FASTQTA installation in Utah, USA, to assist
in measurements of the in situ PMT gain response. The measurements were taken
over a four day period using a device called the “PMT scanner”, a photo of which
is shown on the left side of Figure 7.13.

The PMT scanner is essentially a lightweight, aluminium, square frame which
can be easily mounted to the FAST telescope camera boxes. The vertical bars
support a horizontal bar which is free to move up and down via motorised wheels.
Attached to this bar is a holder for a light source which can be moved horizontally.
The position of the holder (and thus light source) in front of the camera box can be
set via computer software to within sub-millimetre accuracy to any position within
a 40 cm x40 cm region. The light source used was a flasher with wavelength 350 nm,
with measurements taken via a portable oscilloscope. The direction of the light
source was kept fixed, in this case perpendicular to the motor axes. This meant,
due to the curvature of the FAST PMTs, that the light was incident perpendicular
to each PMT surface only at the PMT apex. At all other points the light hit the
PMT surfaces at an angle. This is expected to decrease the efficiency compared to
normal incidence. Determining this difference quantitatively is planned for future
work.
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Figure 7.13: Left: Photo of the PMT scanner installed on the camera box of FAST 2.
Right: Measurements of the non-uniformity in the PMT gain response for FAST 3 after
scaling and smoothing.

The gain response for all three sets of four PMTs were measured using both
10mm and 20 mm steps. The measurements were performed at night inside the
FAST huts with doors/shutter closed to prevent excess light reaching the PMTs.
The result for FAST-3 (post processing) is shown on the right side of Figure 7.13.
Similar maps for FAST 1 and 2 can be found in Appendix E.5. The measurements
show a large degree of non-uniformity, with up to a ~ 0.6% difference in the relative
gain between the maximum and minium values in each map. The measurements
were then used in a full ray-tracing simulation of the telescope (including all optical
effects) using the ZEMAX software to produce new directional efficiency maps for
each telescope. Note when used inside the ZEMAX simulation the relative scale
between the maps was ignored. This relative scale was re-introduced after the direc-
tional efficiency maps had been calculated. The new directional efficiency maps are
shown in Appendix D.3. Compared to the previous maps there is a large amount
of non-uniformity. This will significantly change the shape of the simulated pulses.
Additionally, the new and old maps differ in absolute scale by roughly a factor of 1.5.
This is expected to cause the reconstructed energy to be significantly larger than
before, as it will take a higher energy shower to produce the same simulated signal
which matches the data traces. The change in absolute scale arises because the areas
of high intensity in the ray tracing simulation and high intensity in the PMT gain
response align with each other less than what they did in the previous measurements
[110]. Whilst the bias in energy may worsen, it is still valuable to assess the recon-
struction performance when using the new maps as the updated structure could in
principle reduce the event-by-event differences. Future work may be able to vali-
date the overall structure of different maps by simulating the TA /Auger first guess
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Figure 7.14: Updated reconstruction results using the new directional efficiency maps.
Results for the unscaled (scaled) maps are shown in blue (red).

for well (TA/Auger) reconstructed events which have geometries crossing multiple
FAST pixels with high SNRs. Equation 3.5 could then be used to quantitatively
assess which maps reproduce the shape of the detected pulses better.

7.5.1 Reconstruction Results with the New Maps

Re-reconstructing the FASTQTA coincidence events with the new maps gives the
event by event difference histograms and fits (blue) shown in Figure 7.14. An addi-
tional 26 events pass the reconstruction cuts. The geometry reconstruction results
remain largely unchanged, with only slightly larger widths in the azimuth and core
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Figure 7.15: Time dependence of In(FErec/Era) and A Xy for the reconstruction results
using the original maps (black points), the new maps unscaled (blue points) and the new
maps scaled (red). The light dots represent individual events. The large dots show the
average values of the individual points in four different time bins. The error bars are the
standard error on the mean.

x/y parameters. The AX ., bias and width remain the same (within fitted parame-
ter errors), whilst the difference in energy has increased to pu(In(Epagr/Era)) ~ 0.64.
One explanation for the observed behaviour is that, although the structure of the
new maps may be correct, the absolute difference in scale is causing the minimiser to
prioritise fitting the energy and therefore the reconstruction of the other parameters
is not significantly improved with respect to the TA values.

To test this hypothesis and rectify the energy bias, the new maps were scaled
such that the average integral of the new maps matched the average integral of the
old maps. “Integral” here refers to the sum of efficiency values over all bins in a
single directional efficiency map. This was done by solving the following equation

for C,
C(FAST1per + FAST2p0y + FAST3,y) = 2 x FAST 1o + FAST2,q  (7.6)

where FAST#,cw/01a are the integrals of the corresponding maps, “#" representing
1, 2 or 3 in this case. This gave a value of C' =~ 1.7. Scaling each new map
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by this value and reconstructing the FASTQTA coincidences once again gave the
red histograms in Figure 7.14. The bias in energy is slightly reduced compared
to the original results, though still within the 1o parameter errors. The width
however has been almost halved, from 0.44 4+ 0.07 to 0.24 + 0.03. The AX.x
distribution remains consistent with the original results, whilst the width of the A#
distribution is slightly reduced. The differences between the FAST and TA values for
the other geometrical parameters do not appreciably differ from the original results.
Overall, assuming the above scaling is valid, introducing the updated directional
efficiency maps has improved the event-by-event agreement between the FAST and
TA reconstructed energies. This scaling is somewhat arbitrary however and a proper
end-to-end absolute calibration of the FAST prototypes is needed to verify the energy
scale. The discrepancies between the FAST and TA reconstructions of the other
parameters seem reasonable considering the quality of the observed coincidences
(number of triggered PMTs, average SNR etc.) and the sources of uncertainty
discussed in Section 7.4.

Despite the improved agreement between the FAST and TA energy reconstruc-
tions, the bias is still +15%, and this is without considering the aforementioned
invisible energy and filter transmittance corrections. It is likely then that there are
still other systematic differences yet to be accounted for. One possibility is a change
in the detector response over time. Plotting A X ,.x and In(Eragr/ETa) as a function
of time when using the original (black) and newly calculated unscaled (blue)/scaled
(red) directional efficiency maps gives the results in Figure 7.15. Irrespective of the
maps used, there appears to be a decreasing linear trend in the energy difference.
Additionally, the absolute scale of the maps seems to be the most important fac-
tor for determining the energy as indicated by the black and red points aligning in
the top plot. It is also curious that, for the unscaled maps, the most recent time
bin yields an energy difference near zero. This time bin is the closest to when the
measurements were taken, however agreement with the TA energy is not necessarily
expected since the measurements taken were purely relative. As for A X, .y, no clear
trend is present. The unscaled new map appears the most stable over time, however
this could again be related to the minimiser prioritising the energy fit.

There are two possibilities to explain the decreasing trend in energy. If the
FAST calibration is assumed to be perfectly correct throughout time, then it would
imply that the structure of the PMT response has changed over time. This would
go partway to explaining why the old maps match towards the beginning of the
FASTQTA observations and the new maps to the most recent data. However a
change in structure with time is generally not expected, save for physical alterations
to the PMT /telescope orientations. A more likely scenario is that there is an unac-
counted for, time-dependent calibration factor, perhaps a decrease in the absolute
PMT gain from deterioration. A decrease in gain over time is expected though the
rate at which this occurs is currently uncertain. Characterising this time-dependence
will be crucial for understanding the long-term potential of the FAST design. In the
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short term, knowing the dependence will allow both past and future measurements
to be better calibrated, ultimately leading to more accurate reconstruction results.
Further investigation into this topic is recommended for future work.

7.6 FAST Only Reconstruction

The previous section has demonstrated that when using a first guess of the shower
parameters from either TA /Auger, the FAST reconstruction results show reasonable
agreement with the TA /Auger reconstructions (ignoring the bias in energy). Whilst
this is promising, a future FAST array must be able to produce a first guess of the
shower parameters independently. In this section, the first guess methods devel-
oped in Chapters 5 and 6 are applied to the coincidence events. The reconstructed
values from the first guesses and the full reconstruction (first guess + TDR) are
then compared to the TA/Auger results. Note that both the TSFEL DNN and
Template Method assume that the input data has the same properties as the ideal
simulations used to develop them. This assumption clearly does not hold for ei-
ther the FASTQTA or FAST@Auger data in general, given the different directional
efficiency maps, atmospheric conditions, baseline fluctuations in traces etc. These
systematic differences are kept in mind when interpreting the results below. Two
additional notes; the TDR here uses the original directional efficiency maps (Fig-
ure D.2) and “triggered PMTs” will refer to PMTs passing the event level trigger
condition (threshold trigger of SNR>6 + timing check + grouping).

7.6.1 TSFEL DNN First Guess + TDR

Before applying the TSFEL DNN to the FAST data, FAST simulations of the coin-
cidence events using the TA /Auger reconstructed values were created. Background
noise was added to the simulated traces using o,q, = 10p.e./100ns for FASTQTA
(identical to the simulations used to train the TSFEL DNN) and 0,4, = 7 p.e./100 ns
for FAST@Auger (slightly above the mean on-site background noise level). These
simulated showers were then processed and reconstructed using the corresponding
TSFEL DNN model (FAST-Single or FAST-TA) trained in Section 5.8. The event-
by-event differences between the model estimates and the simulation parameters
were then plotted as histograms. The results are shown in red in Figure 7.16. This
was done to check the inherent uncertainty in the TSFEL DNN estimation. In other
words, if the FAST data were to “exactly match” simulated traces generated using
TA/Auger reconstructed values, how well would the TSFEL DNN reproduce these
values? For FASTQTA, events before 2018/10/06 where only two telescopes were
present had all inputs for the 3rd telescope set to 0. In theory this may introduce
a bias from showers which would normally be seen by the third telescope. However
accounting for such cases is beyond the scope of the current work. Only the results
from events with three or more triggered pixels are shown. This choice was made
based on the performance evaluation in Section 5.8. Considering the low statistics,
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Figure 7.16: Event by event differences between the TA (a) / Auger (b) reconstructed
parameters for the coincidence events and; Red: TSFEL DNN reconstructed parameters
for FAST simulations using the TA/Auger values. Blue: TSFEL DNN reconstructed
parameters for the FAST coincidence data. The means and standards deviations of each
distribution (no Gaussian fits) are shown in the top corners of the plots. The opening
angle and core distance distributions are shown for completeness. Note that for parameter

T, AT = TFAST — TTA/Augers €Xcept for energy which is In (JZFAST /TTAy Auger)'
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Figure 7.17: Distributions of the input parameters to the TSFEL DNN model for sim-
ulations using the Auger reconstructed values of the coincidence events (red) and the
FAST@Auger coincidence event data (blue).
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Figure 7.18: Reconstruction of an event observed by FASTQTA on 2018/05/11. The
event has been reconstructed using the TSFEL DNN to provide a first guess to the TDR
(TSFEL DNN + TDR). The data traces are shown in red, the best fit TSFEL DNN +
TDR traces as black solid lines and the first guess traces from the TSFEL DNN as dotted
blue lines. The cyan traces show the best fit found when using the TA values as the first
guess (TA 4+ TDR). The bottom right panel shows the reconstructed results. From left to
right the values correspond to the TSFEL DNN + TDR reconstructed values with errors,
the TSFEL DNN first guess values (round brackets) and the TA + TDR reconstructed
values (curly braces). The bottom left panel shows the reconstructed geometries, with
the black, blue, and cyan lines corresponding to the TSFEL DNN + TDR reconstruction,
TSFEL DNN first guess, and the TA + TDR reconstruction respectively (as in the trace
plots).




7.6 FAST Only Reconstruction

189

Pl PP S B R
300 350 400 450

uQn% bin ﬁ%% ns]

A PR RPN RSP B
300 350 400 450

|%Oe bin F15(90 nsj

R P R S B .
=20 -18 -16 -14 Co;é% [km]

RECONTRUCTION RESULTS
Xmax: 516 £ 16 (537.73) {863} [gcm™?]

E:90.92+391 (67.39) {19.26} [EeV]
6:4.1+0.5 (11.74) {353} [deg]
@:28.7+42 (77.35) {-100.2} [deg]
x:-14551+23 (-14080) {-16089} [m]

y:-13378 + 141 (-14920) {-19611} [m]

Figure 7.19: Reconstruction of an event observed by FAST@Auger on 2022/10/21 using
the TSFEL DNN + TDR. The format of the figure is the same as Figure 7.18. Notice how
both the TSFEL DNN + TDR reconstructed traces and the Auger + TDR reconstructed
traces both match the data well and yet the corresponding shower parameters are very

different.
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Figure 7.20: (a) Event-by-event differences between the TSFEL DNN first guess and
TA values (black) and between the TSFEL DNN + TDR and TA values (orange). (b)
Top panels: Distributions of the distance between the telescope location and core position
(left) and distributions of reconstructed shower energies (right) obtained from the TA first
guess + TDR (blue) and TSFEL DNN + TDR (orange). Bottom panels: Differences in
event-by-event likelihoods of the two fits, with the left (right) plot showing a zoomed out
(zoomed in) view of the distribution.
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Figure 7.21: Same as Figure 7.20 but for FAST@Auger.
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the biases (generally close to zero) and widths of these distributions match the per-
formance estimates in Section 5.8 as expected. The one large discrepancy is in the
FAST@Auger estimate of ¢ and in turn opening angle. The cause of this is not
clear, though it may simply be an unlucky coincidence considering the relatively
few number of events.

With the best case scenario understood, the same processing and reconstruction
steps were applied directly to the FAST coincidence event data. Again only events
with three or more triggered pixels were reconstructed. The results are shown as
the blue histograms in Figure 7.16. Large biases are now present in the energy and
core position. The direction of the energy/core position shift matches the expected
degeneracy i.e. a low energy shower close to the telescope/s looks similar to a high
energy shower far away. Differences in the size and shape of the data traces vs. traces
from simulations with the TA/Auger values obviously contribute to the increased
widths of the distributions. Moreover, the energy biases found in the previous section
imply that the FAST traces are systematically larger than the reconstructed values
of TA /Auger would expect. This will manifest as an energy bias in the TSFEL DNN
reconstruction. However the previous energy biases were on the order of 10 - 20%.
This is far less than the factor of ~ 3 for FASTQTA and ~ 10 for FAST@Auger seen
here. In addition, there is a large disparity in the reconstructed opening angles/core
distances and the number of events with > 2 triggered pixels for FAST@Auger.
These observations may be explainable by the various systematic differences alluded
to at the beginning of this section, in particular the differences in the properties of
the PMT traces between data and simulations (e.g. fluctuating baselines). These
can be partly checked by looking at the input parameters to the network.

Figure 7.17 shows the inputs to the TSFEL DNN network for the simulations
using Auger reconstructed values (blue) and the FAST@Auger coincidence event
data (red). A similar plot for FAST@QTA can be found in Appendix E.3. For
FAST@Auger there are five parameters which appear to have systematically differ-
ent distributions for the simulated and coincidence event data; centroid*, entropy™,
kurtosis®*, mean* and median*. For FASTQTA only the entropy* and median*
parameters are appreciably different. This likely explains why the TSFEL DNN
reconstruction matches the TA results better than it does the Auger results. The
systematically larger centroid® and mean* values could be an indicator of the sig-
nal baselines being, on average, positively offset from zero in the FAST@Auger
coincidence data. These discrepancies, together with the differences in absolute
scale of the entropy™* distributions and width of the median® distributions for both
FAST@QTA and FAST@Auger, reiterate the importance of ensuring that the trace
features which are utilised are consistent between data and the simulations used for
model training. The more features which are used, the more checking needs to be
performed to ensure consistency - this is one reason to favour simpler models.

Putting aside these differences for now, the TSFEL DNN first guess values were
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used as input to the TDR and the coincidence events with > 2 triggered PMTs
reconstructed. As the number of events with > 2 triggered PMTs is only 70 for
FASTQTA and 75 for FAST@Auger, the X ., in FOV cut was relaxed for these
reconstructions. The number of showers passing the remaining quality cuts were
43 for both FASTQTA and FAST@Auger. Visually inspecting the fits, roughly 1/2
of the reconstructions for FAST@Auger and 2/3 of reconstructions for FASTQTA
found a set of traces which appeared to reasonably match the data. Reconstructions
which failed to find a good match generally had a first guess which did not show
signal in one or more of the triggered PMTs. Figure 7.18 shows the reconstruction
of an event which passed all cuts for FASTQTA. Here, the core position, arrival
direction and energy of the TSFEL DNN + TDR are roughly similar to the result
when using the TA values as the first guess. Figure 7.19 shows another example
reconstruction, this time for FAST@Auger. For this event, both the TSFEL DNN
+ TDR and Auger first guess + TDR give traces which appear to match the data
well. However the reconstructed shower parameters are very different. This is
another demonstration of the degeneracy which makes reconstructing events with
only a single Eye challenging. Additional reconstruction examples can be found in
Appendix E.4.

The event-by-event differences between the TSFEL DNN + TDR reconstructed
values and the TA /Auger reconstructed values are shown in Figures 7.20a and 7.21a
by the orange histograms. The event-by-event differences using just the TSFEL
DNN are shown for reference in black. The results for the TSFEL DNN + TDR are
largely unchanged compared to using only the TSFEL DNN. This shows that the
best fit shower parameters found by the TDR were generally in the vicinity of the
TSFEL DNN first guess. On the one hand, for the events which showed reasonable
matching between the best fit traces and data, this is promising since it demonstrates
that the general reconstruction principle of having a rough first guess optimised by
the TDR can work well on data. However, the large differences between the “true”
(TA/Auger) parameters and the best fit parameters highlights the degeneracy issues
which have been observed throughout this thesis.

Figures 7.20b and 7.21b provide perhaps the clearest demonstration of the en-
ergy/core position degeneracy. The top two panels show distributions of the dis-
tance between the reconstructed core position and telescope (left) and shower energy
(right) for the TSFEL DNN + TDR (orange) and TA/Auger first guess + TDR
(blue). The TA/Auger first guess + TDR is used for comparison to ensure both re-
constructions represent a “best match” to the data found with the TDR. The bottom
two panels show two versions of the same plot - the differences in the negative-log
likelihoods between the TSFEL DNN + TDR and the TA first guess + TDR. The
differences are shown as a multiple of . = 7.04, which, recall from Section 3.6, is
the amount by which the negative-log likelihood must be increased to obtain lo
uncertainties in the parameters. The left (right) plot shows a zoomed out (in) view
of the distribution. Events to the left of the zero line have lower likelihoods (and
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thus “better fits” when using the TSFEL DNN + TDR), whilst events to the right
of the zero line have lower likelihoods (and thus “better fits” for the TA/Auger first
guess + TDR). The extreme differences beyond nz,. = £50 seen in the zoomed out
plots show events where one of the reconstructions failed to find a good match to the
data whilst the other method did. For FASTQTA, the TSFEL DNN + TDR shows
better fits for roughly 1/3 of events, whilst for FAST@Auger only 5/43 events were
better reconstructed using the TSFEL DNN first guess. Although the TA/Auger
first guess + TDR has, on average, found better fits here, the majority of differences
are within a few multiples of z., indicating that the reconstructed traces are reason-
ably close - and yet the reconstructed energy and core positions are very different,
particularly for FAST@Auger. Overall, these results emphasise the importance of
stereo observation to reduce the observed degeneracies (see the parameter biases in
Figures 5.13 - 5.15).

7.6.2 Template Method First Guess + TDR

No special considerations were made for applying the Template Method to coin-
cidence data. The method as presented in Chapter 6 was applied to all events
with at least two triggered PMTs. This was 203 events for FASTQTA and 160
events for FAST@Auger. Using the Template Method first guess as inputs, the
TDR was then applied. The number of events remaining after quality cuts was 165
for FASTQTA and 91 for FAST@Auger (again no X,,.x in FOV cut). The larger
percentage of showers cut from FAST@Auger comes from more failed /poor minimi-
sations. These occur because of the larger baseline fluctuations for FAST@Auger,
causing the number of PMTs passing the event level trigger which do not contain
any significant signal to be greater. When the template method is applied to an
event with such pixels, the calculation of candidate templates based on the signal
ratio and centroid time differences is affected and can cause templates not repre-
sentative of the data to be selected, ultimately leading to a poor first guess/final
reconstruction. The event-by-event differences between the Template Method first
guess / Template Method + TDR and TA values are shown in Figure 7.22a as the
black and orange histograms respectively (for showers which passed the TDR cuts).
A similar plot for FAST@Auger is shown in 7.23a.

For the Template Method first guess, the same degeneracy trends as found with
the machine learning method are present here, with large biases in the energy and
core parameters. There is also a bias in zenith angle where the template method
guesses larger values. The cause of this is not understood. Perhaps most surprising
is that the FAST first-guess energy is occasionally ~ 10* times greater than that
of it’s companion experiment. This is caused by the energy calculation method in
Equation 6.7 - when testing templates which have extremely small signals (e.g. far
from the telescope) but shapes which match the data, the energy of the shower may
be estimated to be on the order of 10?° - 10! V. Combined with a low reconstructed
TA /Auger energy, such differences can arise. In principle there is no issue with a
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Figure 7.22: (a) Event-by-event differences between the Template Method first guess and
TA values (black) and between the Template Method + TDR and TA values (orange). (b)
Top panels: Distributions of the distance between the telescope location and core position
(left) and distributions of reconstructed shower energies (right) obtained from the TA first
guess + TDR (blue) and Template Method + TDR (orange). Bottom panels: Differences
in event-by-event likelihoods of the two fits, with the left (right) plot showing a zoomed
out (zoomed in) view of the distribution.
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Figure 7.24: Likelihood maps from the Template Method applied to a coincidence event
observed by FAST@Auger on 2022/08/30. The white/red/cyan lines correspond to the 1o,
20 and 30 contours above the minimum likelihood. The cyan triangles show the positions
of the found minima, and the pink triangles the TA reconstructed values.
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Figure 7.25: Template Method + TDR result for the event in Figure 7.24. The format
of the figure is the same as Figure 7.18. As a reminder, the data traces are shown in red,
whilst the blue, black and cyan traces / shower axes in the bottom left plot show the
results for the Template Method first guess, Template Method + TDR best fit, and the
Auger first guess + TDR best fit respectively. The reconstruction results are shown from
left to right in the bottom right panel as Template Method + TDR best fit, Template
Method first guess and Auger first guess + TDR best fit.
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large reconstructed energy, after all these are the showers FAST aims to measure.
However the frequency with which the current first guess methods seem to predict
them does not match existing measurements of the energy spectrum. Once again
stereo observation is critical here to reduce the energy/core position degeneracy.

Looking at the Template Method + TDR results, there is, as was the case
with the TSFEL DNN results, minimal change in the overall distribution compared
to just the first guess. A visual inspection of the Template Method + TDR fits
showed reasonable matching with the data for ~ 75% of events for FAST@QAuger
and ~ 90% of events for FASTQTA. The increase in the percentage of “good” fits
over the TSFEL DNN + TDR is because the Template Method actively searches for
a set of traces which “match” the data, whilst the TSFEL DNN simply predicts the
shower parameters. Figures 7.24 - 7.27 show two examples of Template Method +
TDR reconstructions. Both the likelihood maps for the first guess determination and
final reconstructed traces/parameters are shown. The FASTQTA example shows an
instance where the Template Method 4+ TDR reconstruction matches the TA + TDR
result, whilst the Auger example is another case where both sets of traces match
the data but the final parameters are very different. Figures 7.22b and 7.23b show
the same telescope/core distance, reconstructed energy, and likelihood difference
distributions as in Figure 7.20b but now when using the Template Method instead of
the TSFEL DNN. For FASTQTA, the Template Method + TDR shows, on average,
slightly better fits than the TA first guess + TDR, whilst for FAST@Auger the
results are split roughly 50/50. These results further solidify the degeneracy issue
as, even though the quality of the fits is similar, the reconstructed energy and core
positions are very different, particularly for FAST@Auger.

Overall, the above analysis of the FAST-Only reconstruction has shown that the
principle of a first guess method + TDR can work well when applied to data, in so far
as a set of traces which (reasonably) match the data can be found. However, when
using only a single Eye, significant degeneracies between the fitted energy and core
position arise with the current first guess methods. Although biases towards larger
energies/further away core positions could be treated in the first guess methods
(with different distributions of templates/training data for example), the fact that
such degeneracies are even possible stresses the importance of stereo observation for
FAST to achieve a reliable, accurate reconstruction of the shower parameters.

7.7 UHECR Energy Spectrum with FAST

The following two sections show the first cosmic-ray energy spectra and cosmic ray
mass composition measurements from FAST. In light of the large biases observed
in energy when using the TSFEL DNN and Template Method first guess estimates
above, the TDR results when using the TA/Auger reconstructed values as a first
guess will be used instead. This section looks at calculating the UHECR energy
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spectrum. Note that this calculation is simply a check of whether the current proto-
type measurements and analysis procedures give rough agreement with TA/Auger.
There are several factors that remain to be properly considered on both the analysis
and calibration fronts, let alone the low number of events, before serious statistical
interpretation/comparison of the results can me made.

For FAST@Auger, the energy spectrum was calculated using the reconstructed
energies from the initial reconstruction. For FAST@QTA, the results in Figure 7.14
clearly indicate that calculating the energy spectrum using only the results from
the unscaled directional efficiency maps would result in a heavily biased spectrum
with respect to TA. However, relying entirely on TA for the correct energy scale, for
example by performing a fit to the linear trend in Figure 7.15, would remove all but
the exposure calculation from the comparison. Therefore the reconstructed energies
using the new, unscaled directional efficiency maps for the last time bin and the
scaled versions for the first three time bins in Figure 7.15 were used. This approach
still heavily relies on the TA measurements as a reference point, but assumes that the
structure of the new directional efficiency maps is correct with simply two different
time periods each corresponding to a different absolute calibration. Future analysis
using internal triggers and purely FAST data for the entire reconstruction will (in
general) not have the luxury of coincident events to check the energy scale. As such
understanding the trend in Figure 7.15 is vital for the long-term success of FAST.
The distributions of the reconstructed energies from FASTQTA and FAST@Auger
are shown in Figure 7.28. The significant difference in the means of the distributions
can be primarily attributed to the differences in the triggering/reconstruction of
Auger and TA (as the FAST reconstruction using the TA /Auger reconstructed values
as a first guess roughly agrees with the TA /Auger results). Only events with £ >
108 eV were used to calculate the spectrum.

The energy spectra are calculated using

_ N(E)
JE) = exposure(E) x dF (7.7)

where N(F) is the number of events in each energy bin and dFE is the bin width.
The exposures here are slightly different to those calculated in Figure 7.6. Firstly,
when calculating the efficiency, the condition requiring at least two triggered PMTs
was used. This was done as, in the data/MC comparison, the ratio between the
total number of coincidence events and the integral of the expected distributions
was closer to one for the 2 triggered PMT histograms. Additionally, an X, in
FOV cut was incorporated into the efficiency calculation for both FAST@Auger
and FASTQTA. This was done to roughly match the conditions for a successfully
reconstructed event. For FAST@QTA, three separate exposures were calculated; one
for the time period with 2 telescopes, one for the time period with 3 telescopes
before 2021 and one for the time period after 2021 also with three telescopes. These
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Figure 7.28: Distribution of reconstructed energies from FASTQTA (red) and
FAST@Auger (blue). Events to the right of the black dotted line are used to calculate the
energy spectra in Figure 7.29. See the text for details.

exposures were calculated using the same setup as described in Section 7.3 but with
the new maps (unscaled after 2021, scaled before 2021). The three exposures were
added to give the final exposure for FAST@QTA. Using Equation 7.7 J(E) was then

calculated for FAST@QTA and FAST@Auger and plotted against TA /Auger spectra
for reference. The result is shown in Figure 7.29.

The energy spectra for FASTQTA and FAST@Auger generally agree within sta-
tistical uncertainty. They are both lower than the TA/Auger spectra by a factor
of 2 ~ 10 depending on the energy. Considering the relatively small biases present
in these FAST reconstructed energies (10 - 20%), the primary source of discrepancy
is believed to be the exposure calculation. Further improvements to the exposure
estimation, for example the inclusion of realistic background noise in the simula-
tions along with the other suggestions made at the end of Section 7.3, together with
greater statistics and systematic uncertainty estimates will be needed to better the
comparison.
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Figure 7.29: Energy spectra from FASTQTA and FAST@Auger estimated using the
regular FAST@QAuger reconstruction and the updated maps scaled and unscaled for
FASTQTA. Spectra from TA [111] and Auger [112] are shown for comparison.

7.8 UHECR Composition with FAST

To measure the cosmic ray mass composition using fluorescence detectors, typical
studies analyse the elongation rate i.e. the change in average X,.x with energy. Us-
ing the same set of reconstructed data as outlined in the previous section, the elonga-
tion rate for both FAST@Auger and FASTQTA was plotted. The results are shown
in Figure 7.30. Different binning is used between FASTQTA and FAST@QAuger due
to the offset in reconstructed energy distributions. Once again note that the goal of
this section is not to shed new insights into cosmic ray mass composition, but simply
to check whether the current results roughly agree with those of other experiments.
To check whether the measured data (black) is consistent with a lighter/heavier
composition, predictions from purely proton/iron showers are plotted for compar-
ison. These predictions are commonly referred to as “rails” and, in this case, are
constructed using data from FAST simulations. This is because the measured data
includes detector effects/quality cuts and therefore so too should the rails for a valid
comparison.

The simulated showers were generated in two energy bands, 17<log(FE/eV)<18
and 18<log(£/eV)<20. Each energy band contained 10,000 showers. Unlike ad-
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Figure 7.30: Average X,.x as a function of energy (elongation rate) as estimated by
FASTQTA (black squares) and FAST@Auger (open circles). The results are compared
to the average reconstructed values of purely proton (red) and iron (blue) showers from
simulations.

vanced air-shower simulation tools such as CORSIKA, the FAST simulation has no
method of simulating air showers from different primary nuclei. The only factor
which separates proton and iron showers in the FAST simulation is their distribu-
tion of X .« values. These distributions come from parameterisations of the X,
distributions of different nuclei estimated with different hadronic interaction models
(EPOS-LHC, Sibyll2.3 and QGSJetll-04) [107]. For these simulations the EPOS-
LHC parameterisations were used. In each energy band, half of all showers had
simulated X, values sampled from the proton distribution parameterisation, and
half from the iron distribution parameterisation. The showers were set incident on
a single FAST telescope located at (0,0) pointing along the y-axis, with a realistic
distribution of arrival directions and core positions uniformly distributed in a circle
centred at (0 km,8km) with » = 10 km.

The simulated showers were then reconstructed using a first guess with geometry
fixed to the simulated values and X,.x/energy randomly smeared from their true
values by 30gcem™2 and 10% respectively. Only showers with at least one PMT
passing the threshold trigger and passing the reconstructoin cuts outlined in Section
7.4 (with the exception of the timing cut), were used to estimate the rails. The fits
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Figure 7.31: Construction of the Xy, rails used in Figure 7.30. The red (blue) dots
represent individual Xy,ax/energy reconstructions for proton (iron) events. The overlaid
markers represent the average Xy,ax in each bin (bin widths indicated by the horizontal
bars). The fitted rails are shown by the red/blue lines.

were performed over the energy range 18<log(£/eV)<20 and are shown in Figure
7.31. Even though many coincidence events passing the reconstruction cuts have
an energy lower than 10'® eV, the rails are not extended below this energy for two
reasons. Firstly, the number of simulated showers with a reconstructed energy below
1018 eV is very low. Secondly, lower energy showers, which develop higher up in the
atmosphere and have smaller X ., values, will only pass the X,.. in FOV cut
if they possess a relatively large X,,.x for their energy. This causes the “detected”
average X .. at lower energies to be artificially high and creates the flattening below
~ 108 eV observed in Figure 7.31. The appropriate functional form to model the
detected average X.x in this region is uncertain. When combined with the low
statistics, it was decided to restrict the fits to data above 10'®¢eV.

Regarding the results in Figure 7.30, the FASTQTA and FAST@Auger measure-
ments appear roughly consistent, ignoring the bins which contain only a single data
point (those with no error bars). Taking the data together as a whole, between
approximately 10'® - 1015 eV, the average X, .« appears to trend upwards, from a
heavier composition to lighter composition. However, considering the highly limited
statistics in this range (~20 showers) no definite conclusions can be drawn at this
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time. The elongation rate as measured by other experiments shows a trend from
heavier composition to lighter composition between 1017 ~ 10! - 10 eV depend-
ing on the experiment. As observation with FAST continues and improvements to
the analysis made, it will be telling to see whether FAST observes this key feature.

7.9 Summary

This chapter has presented the first results of applying the entire FAST recon-
struction process to a large coincidence data set from the prototype telescopes at
FASTQTA and FAST@Auger. Thanks to a new triggering algorithm, roughly 650
coincidence events were identified between the FAST installations and TA/Auger.
Comparisons between the TA /Auger reconstructed values for these showers and the
expectations from FAST simulations showed reasonable agreement. Reconstructing
the coincidence events using the TA/Auger reconstructed values as the first guess
yielded 86 showers from each installation passing the quality cuts. The FAST recon-
structed energies for these showers were found to be 10 - 20% larger than those of
TA/Auger. The FASTQTA reconstructions were performed again after accounting
for the non-uniformity of the PMT gain response measured in situ at FASTQTA.
The reduced absolute scale of the new directional efficiency maps calculated from
these measurements introduced an even larger bias in the energy. This indicated an
unaccounted for calibration factor. Scaling the new maps to match the overall inte-
gral of the original maps reverted the energy bias to its previous size and improved
the event-by-event agreement in energy between FAST and TA. A key finding was
that the difference in FAST and TA reconstructed energies seems to be decreasing
with time. Understanding this discrepancy is paramount for the long-term deploy-

ment of FAST.

The first guess methods developed in Chapters 5 and 6 were then applied to
the coincidence data. Results showed that, at least on the level of the PMT traces
themselves, there are some fundamental differences between data and simulations
which are unaccounted for. Moreover both methods showed a tendency to estimate
the coincidence event parameters with higher energies and core distances further
away from the telescope than reconstructed by TA /Auger. The subsequent applica-
tion of the TDR was found not to significantly improve the agreement, however the
majority of showers passing all reconstruction cuts were found to have best fitting
traces which reasonably matched the data. This is a promising sign for FAST and
verifies that the first guess + TDR method can be “successfully” applied to data.
Introducing stereo observation is expected to greatly reduce the degeneracies in the
shower parameters and improve agreement between the TA /Auger results.

Finally, the first measurements of the UHECR energy spectrum and composition
with FAST were made. The energy spectra from FASTQTA and FAST@Auger
were both found to be lower than the TA/Auger spectra. The primary source of
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discrepancy is believed to be the exposure calculation. Future analyses will require
improvements to the exposure calculation and quality cuts, in addition to more
statistics, for quantitative comparisons to be made.



Chapter 8

Conclusions

This thesis has focused on the development of the reconstruction procedure of a next-
generation cosmic ray experiment; The Fluorescence detector Array of Single-pixel
Telescopes. The primary aim of FAST - to observe UHECRs with unprecedented
statistics and thus uncover the nature of their sources - cannot be achieved without
a precise and accurate reconstruction of the extensive air showers initiated by these
particles. Prior to this work, studies into the “top-down reconstruction (TDR)”
method used by FAST were mainly limited to those investigating the performance
of the FAST-3 Eye layout in simulations. Although promising, these studies pro-
vided limited insights into the expected performance of the current or near future
prototype installations. Furthermore, the reconstruction had not been applied to
a large sample of data from the prototype telescopes with which to test its effi-
cacy. Previous studies also found two main difficulties with the TDR. The first
of these was a strong reliance on an accurate first guess for successful minimisa-
tion, and the second was a significant issue regarding the reconstruction efficiency
at high energies. This thesis has attempted to address these points. In doing so, a
greater understanding of the potential and limitations of the FAST design has been
obtained.

In Chapter 4, the primary issue with the TDR, a decrease in the reconstruc-
tion efficiency with energy, was fixed. This was done by amending several sections
of the FAST simulation code which were causing discontinuities in the likelihood
function. Whilst the cause of some of these discontinuities were simple oversights,
the discontinuities caused by the previous shower-axis binning and trace re-binning
methods in particular were found to arise uniquely because of the likelihood func-
tion used. Specifically, calculating the likelihood as a sum of contributions from
each individual bin means that, for the area around the minimum to be smooth
(and thus achieve a successful minimisation using gradient based approaches), the
value of every single bin must change smoothly as a function of the shower parame-
ters at small scales. This was not the case for the original shower-axis binning and
trace-re-binning methods. These discontinuities were enough to cause many failed
minimisations, leading to a decrease in reconstruction efficiency. By tweaking the
methods to ensure smoothness in the likelihood function, the reconstruction effi-
ciency increased to a roughly constant 95% across all energies. This improvement
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will allow FAST to more accurately and reliably reconstruct detected showers. The
second issue addressed with the TDR was a correlation between X, and energy
when fitted simultaneously. The correlation was found to arise when attempting
to reconstruct showers with X, outside the FOV of the triggered telescopes. For
such showers, only the tail of the generated Gaisser-Hillas profile is visible, causing
a large degeneracy in the fitted energy and X,,... The problem was resolved by
simply removing such showers from the analysis, similar to the FOV cuts performed
by Auger and TA. Using simulations, including the cut was shown to improve the
resolutions in the reconstructed X,.x and energy. Future work should focus on in-
vestigating the remaining fail states of the TDR, estimating the systematic errors in
the reconstruction (i.e. dependence of final result on the first guess) and on speeding
up the simulation procedure to allow for reconstructions, and hence analyses, to be
performed much more efficiently.

Chapter 5 was the first of two chapters to investigate possible “first guess meth-
ods” for use by the TDR. It presented the first results of using neural networks
with the current and near future FAST-prototype layouts to obtain a first guess
of the shower parameters. Three different models were tested. The first of these,
the Basic DNN, had the same architecture and inputs as previous machine learning
studies with FAST. The second model, the TSFEL DNN, extended the Basic DNN
by adding eight additional inputs per PMT. The third model, the LSTM network,
utilised the Long-Short Term memory architecture. The TSFEL DNN was found to
be the best overall choice for the simulated data set, giving similar validation losses
as the LSTM network for significantly less computational effort. The model was
found to perform best when reconstructing showers observed in stereo or triggering
2 4 pixels in a single eye. The best resolutions were obtained with the FAST-MiniV2
model above a true energy of 10* eV for 3-Eye stereo observation. The X,,.x, en-
ergy, core and angular resolutions were 75gcm™2, 30%, 750 m and 6.5° respectively.
When using the output of the TSFEL DNN as the input to the TDR, the per-
formance was found to improve across all layouts. For FAST-MiniV2 specifically,
the resolutions obtained fell within the requirements of a future GCOS candidate,
namely 0(Xpax)<30gem™2, o(F) < 10% and angular resolution < 1°. This is a
significant achievement for FAST. The large caveat here is that these results were
obtained with perfectly ideal simulations and no considerations for systematic uncer-
tainties/differences between simulations/data. Future work should look to include
such uncertainties and re-evaluate the expected resolutions. The other primary take
away from this chapter was that, for just one or two triggered PMTs in a single FAST
Eye, accurate reconstruction appears extremely difficult. Future studies should in-
vestigate the impact on the efficiency and potential biases introduced by ignoring
such showers. Further hyper-parameter optimisation of the current model and/or
testing more sophisticated architectures which could account for slight variations
in telescope position/pointing (such as transformers or graph neural networks) are
additional avenues for future work.



211

In Chapter 6 an alternative method for deriving the first guess parameters was
studied. This method, dubbed the “Template Method”, utilised a library of tem-
plates which consisted of sets of traces from a single telescope. Given a set of data
traces from a single telescope, Equation 3.1 was used to evaluate the likelihood of
each template vs. the data. By sampling the six-dimensional likelihood function
for each telescope which observed the shower separately and then combining the
results, a first guess of the shower parameters was able to be obtained regardless of
the number/layout of telescopes. This is the first method for estimating the shower
parameters (outside of the TDR) where this is possible. This flexibility is a ma-
jor advantage over the TSFEL DNN developed in Chapter 5, which would require
new models to be trained every time there is an additional telescope added to the
current prototype installations or changes to the positioning/pointing direction of
current telescopes are made. Such changes are likely to be frequent as FAST begins
to deploy more and more telescopes. Another benefit of the approach is the ability
to visualise the uncertainty on the first guess parameters. The heavy computational
requirements of the Template Method were reduced by only comparing a set of data
traces to templates which had similar relative signal ratios and timing differences
between triggered PMTs. This reduced the number of templates required to be
checked from over one million to typically ~ 5,000 - 50,000, with the necessary
amount depending strongly on the number of triggered PMTs. Evaluating the per-
formance of the method showed some similar trends to the machine learning results,
though overall the resolutions were inferior. This was thought to be due to the rel-
atively large spacing between the templates and not accounting for all correlations
between showers parameters when combing results from different telescopes. Both
of these points can be addressed in future work. In particular, an interpolation of
the likelihood function in the six-dimensional parameter space using a denser set of
templates is expected to improve the resolutions in the reconstructed parameters.
Overall, provided some additional improvements to the speed and accuracy of the
method can be made, the Template Method is a promising approach to estimate
the first guess parameters. This is because it directly searches for a good match
to the data traces and doesn’t rely on complicated relationships between specific
trace features and outputs present in machine learning approaches, which may be
more vulnerable to systematic differences between simulations (used for training)
and data.

The final chapter of this thesis applied the improved reconstruction procedure to
data from the FAST prototypes. A total of approximately 650 coincidence events,
identified by way of an improved signal search algorithm, were analysed. This analy-
sis presented the first application of the entire FAST reconstruction chain to a large
sample of prototype data. Initial comparisons between the TA /Auger reconstructed
values for these showers and expectations from FAST simulations showed reason-
able agreement. However the difficulty in accurately reproducing the efficiency for
detecting such events, which requires reproducing the Auger/TA triggering and re-
construction processes, together with poor statistics above the minimum energy for
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the analysis (10'® eV), meant no quantitative comparisons were performed. Recon-
structing the coincidence events yielded 86 showers from each installation passing
the quality cuts. The applied cuts are the bare minimum for what should be consid-
ered an acceptable event. It is likely that future cuts, either on the number of PMTs
or on the minimum/maximum SNR of the detected signals, will improve results.
Showers passing the cuts showed slight biases in the reconstructed energy of 10 -
20%. After accounting for non-uniformity across the PMT surfaces obtained via
in-situ measurements, the FASTQTA events were reconstructed once again. This
revealed a time-dependent decrease in the FAST reconstructed energy with respect
to TA. The cause of this trend is unknown, though it could feasibly be connected to
deterioration of the PMTs. If this is the case then accurate measurements will need
to taken over an extended period of time to properly correct for this effect. No other
significant biases were found, and there appeared reasonable agreement between the
FAST reconstructed values and those of TA/Auger. Although this is likely due to
using the TA/Auger reconstructed values as the first guess, it was still encouraging
to verify that the TDR can (in principle, given a high quality first guess) accurately
reconstruct the shower parameters. The first guess methods developed in Chapters
5 and 6 were then applied to the coincidence data. Results showed promising signs
that the first guess + TDR approach can be reliably applied to data. The majority
of events passing all reconstruction cuts had a set of best fit traces which matched
the data at least as well as the best fit traces from the TA /Auger first guess + TDR.
However, there were significant differences in the reconstructed core positions and
energies between these reconstructions, again highlighting the difficulty in recon-
structing the shower parameters with a single FAST Eye and underscoring the need
for stereo observation. Finally, measurements of the UHECR energy spectrum and
composition with FAST were made. These were basic checks to confirm whether
the analysis procedures yielded results consistent with those of other experiments.
Differences were found in the measured energy spectrum and composition, however
the low statistics and uncertainty in the exposure calculation mean no quantitative
conclusions were drawn.

In conclusion, this thesis has achieved it’s primary goals of addressing issues with
the TDR, developing first guess methods applicable to the current and near-future
FAST prototype layouts, and applying these developments to data. The primary
takeaway is that stereo observation is essential for a reliable reconstruction using
the current FAST design. The upcoming FAST mini-array plans to verify this.
Immediate focus should be directed towards improving the first guess of the shower
parameters for the FAST mini-array layouts, as this will be pivotal in achieving
accurate reconstructions. If this can be accomplished, it will make a strong case for
the large-scale deployment of FAST, which will in turn help to elucidate the origins
of UHECRs.
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A.1 Improved Reconstruction: Parameter Reso-
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Figure A.1: Gaussian fits to the distributions of the differences between true and re-
constructed Xpax values from the reconstructions performed in Section 4.1.4. Top left:
log(E/eV) = 18.5. Top right: log(E/eV) = 19. Bottom left: log(E/eV) = 18.5. Bottom
right: log(E/eV) = 20.
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Figure A.2: Same as Figure A.1 but for energy.
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Figure A.3: Core resolution determination for the reconstructions in Section 4.1.4. Lay-
out of the plot is the same as in Figure A.1.
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Figure A.4: Same as Figure A.3 but for the angular resolution.
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B.1 Basic DNN Plots
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Figure B.1: Normalised input parameters used for the Basic DNN model for each layout.
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Figure B.2: 2-D histograms of the differences between the reconstructed and true values
of energy and core y for each layout. Only the results from showers with a true energy
between 17.5<log(E/eV)<18.5 are used. Notice the positive correlation in the FAST-
Single and FAST-TA histograms, indicative of a degeneracy between the two parameters.
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B.2 TSFEL DNN and LSTM Network Trace Se-
lection

To determine the appropriate section of the PMT traces to extract for both the
LSTM and TSFEL networks, two histograms were constructed. The first was the
difference between the first and last bin above a threshold of 5p.e./100ns in traces
containing zero additional noise. The first and last bins are labelled f, and I,.
Any usable/relevant signal to a FAST event should be located between these two
bins. The other histogram was the difference between the maximum bin my, (bin
containing the maximum number of photoelectrons over all bins) in the first triggered
PMT and f,,. Figure B.3 shows the (f, —[},) histogram in red and the (my, — f;)
histogram in blue. Since (fy, — ) is almost always < 600, and (my, — f,) almost
always < 150, these values were chosen for the length of each trace to extract and
the starting bin i.e. f;, — 150.

| | | | 1 1 1 1 | 1 1 1 1 | 1 1 1 1 | 1 1 1 1 | 1 1 1 . 'lllll
100 200 300 400 500 600 700 800
Number of bins

Figure B.3: Histograms of the difference between f, and Iy, (red), and my, and f, (blue).
See the text for details.
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B.3 TSFEL Features

The features extracted from each PMT trace and used as input for the TSFEL DNN
model are listed below. Features marked with a “*” are from the TSFEL library.
The descriptions of these features are taken from https://tsfel.readthedocs.
io/en/latest/index.html. Additional information on each feature can be found

here.

[>>

Centroid time - t as calculated in Section 5.6.

Signal - S as calculated in Section 5.6,
Width of max SNR region - kgop — Kstart

Autocorrelation® - The first time lag at which the autocorrelation function
drops below 1/e.

Centroid* - Temporal centroid

Entropy* - Normalised entropy of the signal calculated using Shannon En-
tropy.

Kurtosis™ - Kurtosis of the signal
Mean* - Mean value of the signal
Median* - Median value of the signal

Median diff* - Median value of the differences between subsequent values of
the signal

Skewness™* - Skewness of the signal

Figure B.4 shows the typical input parameter distributions for a single PMT.


https://tsfel.readthedocs.io/en/latest/index.html
https://tsfel.readthedocs.io/en/latest/index.html
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Figure B.4: Distributions of the input parameters for the TSFEL DNN from a single

PMT.
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B.4 LSTM Explanation

To understand how an LSTM is able to learn the salient features from a time series, a
simple example is provided below. Consider a PMT trace with values {x1, z, ..., z, }
which is passed to an LSTM layer for processing. The output from the LSTM layer
will be a vector of m features which (abstractly) characterise the trace. The LSTM
layer processes each x; sequentially using a memory cell, a diagram of which is shown
in Figure B.5. This cell possesses an “internal state”, C;, which represents the cell’s
long-term memory, and a “hidden state”, h;, which represents the cell’s short term
memory. At each time step t, the input x;, together with the previous internal and
hidden states C;_; and h;_, are combined in the memory cell to update the internal
and hidden states to C; and h;. The interior logic of the memory cell is not explained
in detail here, but essentially consists of several gates which use either sigmoid or
tanh activation functions to alter the long/short-term memory. Importantly, the
input to a gate g, Iy, is . .

I, = Uyhy_y + W,d; + b, (B.1)

where U, and W, are matrices of learned weights, and b, is a learned bias term. The
final output of the LSTM layer is the final state of the short term memory h,,. This
vector can then be used as the input to a series of dense layers which ultimately
predict the final parameters of interest. In this example, training the LSTM can be
thought of as updating the internal weights and biases (U, W, b) such that the final
output h, is essentially a vector of features characterising the trace, similar to the
feature vectors used in the feed-forward models. Of course, what each value in h,
represents is very abstract and not easily deciphered.

h;
A
T T T E L o s m s h IS
’ LSTM Memory Cell \‘
| Forget gate Input gate Output gate
H 1
Crs — 2m B
ﬂ; tanh :
I
: ,—»‘ :
1
]
] o o tanh o |
A | I N Y ]
ht-1 k ’ > ht
‘s._l_ __________________________ -

Figure B.5: Diagram of the memory cell used by an LSTM network.
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B.5 LSTM Network inputs
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Figure B.6: Examples of the traces passed to the LSTM network as inputs. These traces
are from the FAST-Single setup. The blue, orange, green and red lines correspond to
the PMT viewing the top-left, bottom-left, top-right and bottom-right sections of the sky
respectively.
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B.6 TSFEL DNN + TDR Results
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Figure B.11: FAST-MiniV1: X.x.
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Figure B.12: FAST-MiniV1: Energy. The 2-Eye histogram has been zoomed in to better
view the central part of the distribution. This causes 3 events below —1.5 to not be visible.
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Appendix C

First Guess Il - Template Method:
Supplementary Plots

C.1 Non-Zero Baseline Example
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Figure C.1: Example of a PMT trace from data exhibiting a fluctuating, non-zero
baseline. This example comes from a coincidence event observed by FAST@Auger. The
red line is the data. The black line is the result after filtering the data using a moving
average filter with window length 201 bins (applied between bins 101 and 899).
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Figure C.2: 2D-Histograms of the relative time/signal ratio differences and the average
SNR between subsequent PMTs.



Appendix D

PMT Directional Efficiency Maps

Find here the different PMT directional efficiency maps used throughout this thesis.
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Figure D.1: Ideal ray trace map used in simulations for machine learning (Section 5.4)
and template creation Section 6.3.
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(a) Original directional efficiency map for FASTQTA telescopes 1 and 2, and FAST@Auger.
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Figure D.2: Ray trace maps using the measured response of a single FAST PMT and
rotating based on PMT orientations at telescopes 1/3 (top) and 2 of FASTQTA. The
absolute scale difference is due to the slightly different optical structures of the telescopes.
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Figure D.3: The ray trace maps of the FASTQTA telescopes derived from gain measure-
ments made in 2024. From top to bottom the maps are for FAST1, FAST2 & FASTS3.






Appendix E

Reconstruction of Prototype Data:
Supplementary Plots

E.1 Initial Reconstruction Results: Geometry
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Figure E.1: Histograms of the reconstructed energy (left) and Xpax (right) values from
FASTQTA (top) and FAST@Auger (bottom). The FAST results are shown in red. The
TA /Auger results are shown in blue.
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Figure E.2: Histograms of the reconstructed energy (left) and Xpax (right) values from
FASTQTA (top) and FAST@Auger (bottom). The FAST results are shown in red. The
TA /Auger results are shown in blue.
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Figure E.3: Histograms of the reconstructed energy (left) and Xpax (right) values from
FASTQTA (top) and FAST@Auger (bottom). The FAST results are shown in red. The
TA /Auger results are shown in blue.
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Figure E.4: Histograms of the reconstructed energy (left) and Xpax (right) values from
FASTQTA (top) and FAST@Auger (bottom). The FAST results are shown in red. The
TA /Auger results are shown in blue.
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E.2 PMT Scanner Measurements: FAST 1 and 2
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Figure E.5: Measurements of the non-uniformity in the PMT gain response for FAST 1
(top) and FAST 2 (bottom) after scaling and smoothing.
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Figure E.6: Inputs into the TSFEL DNN model for the FAST@Auger data. The coin-
cidence data results are shown in blue and those from the FAST simulation of the Auger
values in red.
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E.4 First guess + TDR Examples
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Figure E.7: Reconstruction of an event observed by FASTQTA on 2018/11/07 using
the TSFEL DNN and TDR. The format of the figure is explained in Figure 7.18. As a
reminder, the data traces are shown in red, whilst the blue, black and cyan traces / shower
axes in the bottom left plot show the results for the TSFEL DNN first guess, TSFEL DNN
+ TDR best fit, and the TA first guess + TDR best fit respectively. The reconstruction
results are shown from left to right in the bottom right panel as TSFEL DNN + TDR
best fit, TSFEL DNN first guess and Auger first guess + TDR best fit.
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Figure E.8: Reconstruction of an event observed by FASTQTA on 2019/02/09 using the
TSFEL DNN and TDR. See Figure E.7 or 7.18 for an explanation of the figure layout.
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Figure E.9: Reconstruction of an event observed by FAST@Auger on 2022/09/17 using
the TSFEL DNN and TDR. See Figure E.7 or 7.18 for an explanation of the figure layout.
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Figure E.10: Likelihood maps from the Template Method applied to a coincidence event
observed by FASTQTA on 2019/10/25. The layout of the figure is the same as Figure
7.26.
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Figure E.11: Template Method + TDR result for the event in Figure E.10. See Figure
E.7 or 7.18 for an explanation of the figure layout.
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Figure E.12: Likelihood maps from the Template Method applied to a coincidence event
observed by FAST@Auger on 2022/07/06. The layout of the figure is the same as Figure
7.26.
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Figure E.13: Template Method + TDR result for the event in Figure E.12. See Figure
E.7 or 7.18 for an explanation of the figure layout.






Funding and Support

This work has been funded by the former University Fellowship Founding Project
(Sep. 2022 - Apr. 2024) and the current Support for Pioneering Research Initiated
by the Next Generation / SPRING (Rhizome-Type Researcher Development for
Interdisciplinary Knowledge Blooming) (Apr. 2024 - Sep. 2025) programs from
Osaka Metropolitan University. The author wishes to express their gratitude for
the support provided by these programs over the course of this PhD.

The author would like to thank colleagues at the Joint Laboratory of Optics of
Palacky University and the Institute of Physics of the Czech Academy of Sciences
for their assistance and fruitful discussions throughout this research. In particular,
thank you to Professor Petr Travnicek and Dr. Jakub Kmec for proofreading the
thesis and proving valuable comments.

Lastly, the author would like to thank the Pierre Auger and Telescope Array
Collaborations for providing logistic support, part of the instrumentation to operate
the FAST telescopes, and data for analysis purposes.

253






Acronyms

AGASA Akeno Giant Air Shower Array.
AGN active galactic nuclei.

Auger the Pierre Auger Observatory.
BRM Black Rock Mesa.

CCD charge-coupled device.
CLF central laser facility.

CMB cosmic microwave background.
DNN deep neural network.

EAS extensive air shower.

EM electromagnetic.

FAST Fluorescence detector Array of Single-pixel Telescopes.
FD fluorescence detector.
FIR finite impulse response.

FOV field of view.

GCOS Global Cosmic Ray Observatory.
GH Gaisser-Hillas.

GRB gamma-ray burst.
ICRC International Cosmic Ray Conference.

LDF lateral distribution function.
LL Los Leones.

LSTM Long-Short Term Memory.
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MC Monte Carlo.
NN neural network.

p-e. photoelectrons.
PMT photomultiplier tube.

PSF point-spread-function.

SD surface detector.
SDP shower detector plane.
SNR supernova remnant.

SNR signal-to-noise ratio.

TA the Telescope Array experiment.
TDR top-down reconstruction.

TSFEL Time-Series Feature Extraction Library.

UHECR ultra-high energy cosmic ray.

UV ultraviolet.
WCD water Cherenkov detector.

YAP yttrium-aluminium-perovskite.
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