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Abstract

The detection of neutrinos produced from core-collapse supernovae will provide
invaluable insights into constraining cosmological models, explosion dynamics,
star formation and neutrino properties. Given the low burst rate of Milky
Way supernovae, there is strong interest in detecting the accumulated flux
of neutrinos from more distant supernovae, known as the Diffuse Supernova
Neutrino Background (DSNB). The gadolinium-loaded Super-Kamiokande (SK)
experiment currently exhibits the best sensitivity for the discovery of the DSNB
flux due to enhanced neutron tagging capability with 0.011% Gd,(SO4)s - 8H>O,
as per this analysis. However, the low-energy signal is dominated by cosmic
muon spallation and atmospheric neutrino backgrounds. This thesis presents
a novel approach to atmospheric NCQE background reduction by leveraging
the spatial and temporal features of events in SK with the discriminative power
of Convolutional Neural Networks (CNNs). The techniques developed in this
work were applied to a full DSNB search using 552.2 days of data from the SK-VI
phase and demonstrated a 40 - 60% reduction in the expected NCQE background
spectrum compared to the previous analysis. Since no significant excess of signal
events was observed in the data, the observed and expected upper limits of the
DSNB flux were determined to be 0.27 — 16.03 and 0.31-49.53 cm 2s~'MeV 1,
across the energy bins. The results highlight the potential that further developing
Machine Learning techniques has to improve sensitivity to the DSNB flux.
The Hyper-Kamiokande experiment is a next-generation water Cherenkov
detector that will be able to constrain neutrino oscillation parameters, measure
supernova neutrinos, and measure CP violation in the lepton sector with unprece-
dented statistical precision. However, these analyses will rely on an effective
outer detector (OD) to veto against cosmic muon backgrounds. In this thesis,
the OD’s photosensor arrangement has been optimised and the performance
of wavelength-shifting (WLS) plates was evaluated in two unique setups. The
optical measurements made in this work improved on existing absorbance results
and demonstrated a previously unknown artefact of Mie Scattering present in
all samples. In addition, a new water-based test facility, called BabyK, was
constructed to determine the light collection efficiency of all samples in ultra-pure
water. This work proposes instrumenting ~7,200 photosensors and using either
V.A. Kargin POPOP50-PPO3000 or Kuraray B2 WLS plates in the OD design.
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Introduction

The first and only direct observation of neutrinos from SN 1987A provided
evidence of neutrino transport and an opportunity to further develop supernova
models. Given the low statistics from this event and other theoretical uncer-
tainties, there are still many unknowns and computational challenges related
to neutrino-driven explosion mechanisms. A galactic core-collapse supernova
(CCSN) would provide an abundance of supernova neutrinos, however, it is
estimated that these occur at a rate of a 1.63 £ 0.46 per century within the
Milky Way galaxy [1]. Therefore, there is strong motivation to extend the search
window and measure the accumulated, steady source of neutrinos produced
from supernovae farther away, referred to as the Diffuse Supernova Neutrino
Background (DSNB). The detection of the DSNB flux would offer unique insights
into the core-collapse mechanism, supernova neutrino emission, star formation,
and the expansion of the universe. The DSNB analysis in the Super Kamiokande
experiment forms one of the key topics covered in this thesis.

The Super-Kamiokande (SK) experiment has set the most stringent upper
limits on the DSNB v, flux above 13 MeV. In 2020, 13 tons of gadolinium
sulfate octahydrate (Gd;(SO4)3 - 8H,0) were loaded into the detector to enhance
neutron detection efficiency and increase sensitivity to the DSNB flux. Despite

only having 20% of the dataset size, the first search conducted in the SK-Gd
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era produced results comparable to previous searches. However, the analysis
remains challenging due to dominant backgrounds, such as the atmospheric
NCQE background, even with the addition of gadolinium. This work presents
the first implementation of a Machine Learning technique designed to target the
atmospheric NCQE background in the SK DSNB analysis, which is described
in the Chapters 6 7 8 and [0}

Hyper-Kamiokande (HK) is the next-generation water Cherenkov detector
that will have enhanced sensitivity to neutrino oscillation parameters, the neu-
trino mass hierarchy as well as increased capability to detect neutrinos from
supernovae. To achieve its physics goals, the detector will require an efficient
outer detector (OD) for vetoing cosmic-ray muons and reducing low-energy
backgrounds. This work focuses on optimising the HK-OD design and assessing
the optical properties and performance of critical photosensor components in

two custom-built setups, which is presented in Chapters and
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The Diffuse Supernova Neutrino
Background Search at
Super-Kamiokande with Gadolinium



Supernova Neutrinos

2.1 Neutrinos

The neutrino is an electrically neutral fundamental particle with a half-integer
spin that is subject to the Pauli Exclusion Principle [2]. They exist in three flavour
eigenstates corresponding to the charged leptons: electron (v,), muon (v,) and tau
(v7). Neutrinos primarily interact through the weak nuclear force and experience
gravitational effects due to their small, non-zero mass. These properties allow
neutrinos to traverse immense distances across space almost unimpeded, carrying
information from the universe’s most extreme and distant environments. This
section provides an overview of neutrino oscillations in a vacuum, an essential

component in modelling the neutrino flux from supernovae.

2.1.1 Neutrino Oscillations

The neutrino weak eigenstates (v, v, v7), referring to the states involved in
weak interactions, are not equivalent to the mass eigenstates (v1, v, v3), which
are the states with definite masses (1, mp, m3). In a vacuum, the mixing of

flavour eigenstates |v,)(a = e, 4, T) and the mass eigenstates |v;)(i = 1,2,3)

4
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are related by:

3
|va) = ZUai|Vi>/ (2.1)
i=1

where U is the Pontecorvo-Maki-Nakagawa-Sakata (PMNS) mixing matrix:

1 0 0 cos(613) 0 sin(fy3)e"i%cr cos(fp) sin(fy2) 0O
U= ( 0 cos(f2) sin(6a3) ) ( 0 1 0 ) ( —sin(f1p) cos(fy2) 0 )
1

0 —sin(fx) cos(f3) —sin(f3)eeP 0 cos(b3) 0 0

The matrix is unitary and can be expressed by three rotation submatrices with
mixing angles 6;; and a complex phase dcp, which represents the charge-parity
(CP) violating phase for the lepton sector [3| 4]. The full form of U contains an
additional matrix with Majorana phases, which is not included here as it does
not impact the oscillation calculation.

The time (t) evolution of the flavour eigenstate is

[va(t)) = 3 Unie™ 5 [ui(t)), (2:2)

where E; is the energy eigenvalue of the v; mass state. The probability for a

neutrino oscillating from flavour state v, to v is calculated as
2
P (v = vg) = [(vp [ va(t))]
= (sz;emf* <v;~\> <Z Ugie ' |w<t>>)
] 1

2 (2.3)

2

= | LU Uaie 55 (i (1))
1

j

2
2 .
+) :‘UE]UM e—i(EE)t,
iZf

= ZU/";Z-UM
i

In Equation[2.3] the time-dependent component becomes zero when the neutrinos

2 2
iy =
Therefore, neutrino oscillations can only occur for non-degenerate mass states

are considered massless as E; — Ej o« m 0, resulting in no oscillation.

(m; # m;) with non-zero mixing (U # I), where [ is the identity matrix.
j & y
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For a neutrino with non-zero mass propagating in a vacuum, the neutrino
energy E; can be expressed as
L

~F 4 —L
+2E'

1

1

(2.4)

where the neutrino momentum is approximated as p; ~ E due to the relativistic
nature of neutrinos. In the case of two-flavour neutrino oscillations, the weak

and mass eigenstates are related by a 2 x 2 unitary mixing matrix with an

Ve [ cosf sinB) [vg
(Vﬁ) B (—Sin@ cos 6) (1/2)' (2.5)

Using this equation and the energy relation from Equation the oscillation

angle 6, written as

probability from Equation [2.3] becomes

2
P(vy — vg) = sin?(26) sin’ <AZ; t) , (2.6)

where Am? = m? — m3 represents the mass-squared difference of the v; and

v mass eigenstates. In an experiment, neutrinos are observed over a distance
L = ct from a production site to a detector. By expressing the distance L in
terms of km, the energy in GeV, and the mass-squared difference in eV?, the
following conversion can be applied
2
amtt | ML Am? [eV2] L[ km]

R~ ~ 1.27
4E 4E - hc E[GeV] ’

which gives the two-neutrino oscillation probability (appearance mode) in the form

2.7)

2
P (v — vg) = sin*(20) - sin® (1.27Am L) :

E

The survival probability for the original neutrino to propagate without oscillating

into another flavour state is given by P (v — 13) = 1 — P (va — vg). In this

approximation, 0 determines the amplitude of the oscillation and Am? influences

the frequency of the oscillation between different neutrino flavours. Note that
2

in the three-flavour case, Am? = m? — m]2 Finally, the ratio of L/E is a crucial

parameter determined by the experimental conditions.
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Seven neutrino oscillation parameters have been precisely measured using
data from solar, atmospheric, reactor, and beam neutrino sources. The mixing
angle 61, and mass-squared difference Am%1 were determined through combined
observations from solar and reactor neutrino experiments, including contribu-
tions from Super-Kamiokande [5], Sudbury Neutrino Observatory (SNO) [6],
and KamLAND [7]. Atmospheric and long-baseline neutrino experiments have
measured the 6,3 and Am3, parameters via the v, disappearance mode. The
613 is measured by several reactor neutrino experiments [7, 8]. However, the
ordering of the mass-squared eigenstates, which is either Am%3 > 0, referred to as
normal hierarchy (NH) or Am%3 < 0, defined as inverted hierarchy (IH) is yet to
be determined, along with the dcp phase. However, NH is moderately favoured
by recent experiments and the latest results from the Tokai to Kamioka (T2K)

experiment have excluded sin(dcp) = 0 at the 3¢ level [9].

2.2 Supernovae

The term supernova was first introduced by Baade and Zwicky to describe the
powerful explosion and transformation of an “ordinary star into a neutron star” [10,
11]. They proposed that supernovae release a substantial amount of gravitational
energy, comparable to the rest mass of the progenitor star, to form a compact
neutron star with high density. This concept forms the basis of our current
understanding of the supernova mechanism and the birth of neutron stars.
Supernova explosions that undergo core-collapse typically occur for stars more
massive than eight solar masses (M), and the process radiates O(10> erg)
of energy [12]. It was first accepted that thermonuclear burning of material
surrounding the core liberated enough energy to drive the explosion [13, 14].
However, it was later demonstrated in numerical simulations that neutrino inter-
actions play a vital role in the dynamics of the explosion [15]. Further theoretical
advancements in the field led to the understanding that the shock expansion

after the initial phase is reignited by a delayed neutrino-driven mechanism [16].
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This section outlines the process of the core-collapse explosion mechanism, with

emphasis on neutrino dynamics.

2.2.1 Supernova Classification

Supernovae are classified according to their observed spectral features and time
evolution of their emission [11, 17]. Figure shows the primary types of
supernovae, classified as types Ia, Ib, Ic, IIP (Plateau), and IIL (Linear). Type
I supernovae are characterised by the lack of hydrogen lines (Balmer series),
whereas those showing this feature are classified as Type II. Type I events are
turther subdivided into supernovae that contain silicon lines (Type Ia), helium
lines (Type Ib), or neither (Type Ic). Type Il supernovae are separated into Type
IIP, which exhibit a period of constant luminosity in their light curve, and Type

IIL, characterised by a linear decline in brightness over time.

Hydrogen line

Light curve

Plateau linear

Helium line

'

|Type-la| I Type-lb Type-lc Type-lIP Type-liL |

Thermo-nuclear Core-Collapse

Figure 2.1: Schematic diagram of the supernova classification system. This diagram is
taken from Ref. [18].

Type la supernovae occur in binary star systems, resulting from the thermonu-
clear explosion of white dwarfs accreting mass from the accompanying star. The
kinetic energy released by these supernova explosions amounts to approximately

~ 10°! erg. Neutrinos do not significantly impact this explosion mechanism and
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are mostly created through electron capture processes,

e +(AZ) = (A Z-1)+1, (2.8)

e +p—n+r,. (2.9)

The Ib, Ic, IIP, and IIL types of supernovae occur due to the gravitational collapse
of their cores, which is facilitated by a neutrino-driven explosion mechanism.
These events are collectively known as core-collapse supernovae (CCSN). The
process releases a significant amount of gravitational energy (E;) according

to the formula

M 2/ R -1
E, ~3.6 x 1072 [ =2 ns : 2.10
8 . (1.5M@ 10km, ©® (210)

where My represents the mass of the neutron star and Rys denotes its radius
[12]. Approximately 99% of the total explosion energy is emitted in the form
of neutrinos. Therefore, measuring the neutrino flux produced from CCSN
provides insights into the internal mechanisms and explosion dynamics of these

types of supernovae.

2.2.2 Core-Collapse Supernova Explosions

This section describes the neutrino-driven explosion mechanism of a CCSN.
Figure 2.2 shows a schematic diagram of the full process, where the numbering

of each subfigure corresponds to the steps in the below headings.

Stellar Nucleosynthesis: Steps 1-3

Stars originate from the gravitational collapse of interstellar matter, which forms a
small dense core. During the main sequence phase, the star maintains hydrostatic
equilibrium as the nuclear fusion of hydrogen into helium generates enough
pressure to counteract gravitational forces (1). Once hydrogen burning ends, the
core contracts, which leads to the thermal expansion of the outer layers containing
residual hydrogen. At this point, the internal temperature becomes sufficient
to ignite helium fusion within the core, resulting in the formation of a layered

structure (2). In massive stars (8 M < M < 10 My,), this process of self-regulating
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U] ] H (
@ » ‘ )

“accretion phase" “neutronization burst” “bounce & shock wave”  “neutrino trappmg"

. @ ehon

(12)

neutron star

or
black hole 4 black hole
“shock stall & revival” “explosion”

Figure 2.2: Schematic diagram of the core-collapse supernova explosion mechanism.
This figure is taken from Ref. [18].

nuclear burning continues until a degenerate oxygen-neon-magnesium (O-Ne-
Mg) core is produced. For M > 10 M, oxygen burning produces silicon, which

rapidly undergoes fusion leading to the formation of an inert iron core (°°Fe) (3).

Gravitational Instability and Core-Collapse: Steps 4 - 5
The gravitational instability of the degenerate stellar core triggers the core-
collapse mechanism. In O-Ne-Mg cores with a central density of approximately
0% g cm ™3, electron capture processes on Mg and 2°Ne (see Equation.
reduce the electron degeneracy pressure. As a result, this initiates gravitational
contraction and eventually leads to core-collapse. This type of CCSN is sometimes
referred to as an electron capture supernova and is typically observed for Type
IT supernovae [19].
Stars with an inert iron core are primarily supported by electron degener-

acy pressure. The iron core continues to accumulate mass until it reaches the
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Chandrasekhar mass limit, defined as

Yo \?
My ~14M , 2.11

where Y, represents the electron fraction [20]. As the stellar mass approaches
this critical threshold, electron capture processes and partial photodissociation of
iron nuclei lead to the gradual loss of electron degeneracy pressure. The typical

reaction for photodissociation is defined as
v +° Fe — 13a + 4n — 124.4 MeV. (2.12)

These processes, combined with increasing temperature and density, triggers a
core-collapse. The inner part of the core collapses with a velocity proportional to
the radius, whereas the outer core collapses at about half the free-fall velocity (4).
During this phase, neutrinos generated by electron capture processes within the
core are initially free-streaming as their mean free path (~10° cm) exceeds the size

012 g cm 3, the mean

of the core. As the core density approaches approximately 1
free path for coherent scattering off heavy nuclei decreases such that the neutrinos
begin to diffuse. Neutrino trapping sets in when the timescale of outward neutrino
diffusion becomes comparable to that of the gravitational collapse of the core [21].
This creates a boundary called the neutrinosphere, beyond which the neutrinos
can freely escape (5). The size of the neutrinosphere depends on the neutrino

tflavour, production site within the core and its initial energy.

Core Bounce and Shock Formation: Step 6

The core-collapse and infall of surrounding matter continues until the inner core
reaches a density of ~ 1014 g cm 3 and the radius reduces to 50 km. In addition,
the Ye in the core falls to < 0.3 as the rate of electron capture increases [12]. At
this point, the inner core is highly incompressible due to the repulsive component
of the strong force and the core-collapse halts. The infalling material undergoes a
rebound effect, referred to as a core bounce, which initiates an outward shockwave
from the inner core. As this shockwave propagates, the inner core transitions into

a compact neutron-rich object called a proto-neutron star (PNS) (6).
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Shockwave Propagation and Neutronisation Burst: Step 7

As the newly formed shockwave propagates through the outer core, the tempera-
ture increases due to the dissipation of kinetic energy in the surrounding matter.
This creates high-energy photons that increase the rate of photodissociation of
iron nuclei (see Equation. . The process requires approximately 1.5 x 10°!
erg per 0.1M, which subsequently drains the shockwave of energy [22].

At the same time, the rate of electron capture processes accelerates given the
abundance of free nucleons. This results in the neutronisation of the inner core
and electron neutrinos produced in the post-shockwave medium escape. The
flash of neutrinos generated, called the neutronisation burst, lasts for 1 ms and

produces ~10°! erg (7) [23].

Shockwave Stall and Neutrino Heating: Steps 8 -9
Following the propagation of the shockwave, surrounding matter accretes onto
the PNS (8). In this accretion phase, thermal neutrinos are produced from electron

and positron capture processes, as well as by pair production:
e” +et = Vet + Ve (2.13)

This, coupled with the photodissociation of iron nuclei and neutrino emission,
stalls the expansion of the shockwave and converts it into an accretion shockwave
with a radius of ~150 km (9). At this point, the thermal energy contained within
the PNS is roughly 10 erg.

The shockwave can be revived by a neutrino heating mechanism that involves
two predominant processes (9). In this regime, the interior PNS cools diffusively
by neutrinos, which are absorbed by the matter liberated by photodissociation
formed behind the stalled shockwave. The heating and cooling is mediated

by the following interactions:

heating

Ve+n = p+e (2.14)
cooling
heating

Vo+p = n+et (2.15)

cooling
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Shockwave Revival and Explosion: Steps 10 - 12
The shockwave can relaunch if the heating region, referred to as the gain region,
can capture approximately 10% of the neutrinos diffusely streaming through. Fur-
ther studies have demonstrated that several other critical components including
convection processes, rotational magnetic fields and nonradial fluid instabilities
can accelerate the neutrino heating mechanism (10) [24-26]. Failure to revive the
shockwave results in the total collapse of the core into a black hole. In the event of
shockwave revival, the runaway expansion of the shockwave triggers explosive
nucleosynthesis as it propagates through the outer layers (11). The PNS continues
to cool by emitting neutrinos and transitions into a neutron star or a black hole,
depending on the mass and the metallicity of the progenitor star (12) [24-26].
Figure shows the predicted time evolution of the neutrino luminosity
and the average energy for a numerical simulation. The prominent peak at 1
ms corresponds to the neutronisation burst and the following distribution is

generated by the PNS cooling phase.
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Figure 2.3: Time evolution of the neutrino luminosity L, (top) and the average energy
(E,) (bottom) for v, V, and vy, = %(Vy + V), + vr + V). This figure is taken from Ref. [27].
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2.3 Diffuse Supernova Neutrino Background

Measuring the neutrino flux produced by a galactic CCSN will provide valuable
insight into the supernovae mechanism and star formation. Given that the
CCSN burst rate is estimated to be 1.63 &= 0.46 per century, efforts also focus on
measuring the integrated flux from more distant SN in the observable universe
[1]. This is referred to as the Diffuse Supernova Neutrino Background (DSNB).
The isotropic and time-independent signal of the DSNB flux consists of neutrinos
and antineutrinos of all flavours with expected energies up to 40 MeV [28].
The general formalism of the DSNB flux (®pgnp) is expressed as the con-

volution of three key components:

dN,
Dpsnp & dEV ® Rcesn (Z) ® Posc, (2.16)
v

where ‘fgv” represents the average CCSN neutrino energy spectrum, Rccsn(z)

is the CCSN rate per comoving volume at redshift z, and Posc encompasses
effects from neutrino oscillations in matter. The neutrino flux spectrum also
considers the failed supernova rate. This section provides an overview of the
key components of the theoretical formalism, based on Refs.[29, 30]. The flux
predictions are made for the v, spectrum as this type has the highest interaction

cross section in current neutrino experiments (see Section 4.4)).

DSNB Flux Model
The current number density of DSNB neutrinos emitted with energies E, ~

E, 4+ dE, and in the redshift interval z ~ z + dz is given by

dt dN, (E!
dny(Ey) = Reesn(z) dZM

4z 5 dE (1+z)dE,, (2.17)

where E|, = (1 + z)E, is the redshifted energy and ¢ is time. The relation between

z and t is determined by the Friedmann equation, which is given by

dt 1
dz  Hy(1+2)v/Qm(1+2)3+ Qp

(2.18)
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where Hyj is the Hubble constant, and (2, and ()5 represent the matter density
and cosmological constant (dark energy density), respectively [31]. These con-
stants are approximated as (Q, = 0.3,y = 0.7, and Hy = 70 h;gkm s~ Mpc ™)
and are used to describe the expansion of the universe. The differential flux of
the DSNB (d®psng(Ey)/dE,) is then calculated as

dq)DSNB(EV) —c. dnv(Ev)
dE,

dN, (E)) dz (2.19)

dE;,  \/Om(1+2z)3+Qa

dE,
== [ Recon(2)
Hy Jo CCSN

Cosmic Supernova Rate

The CCSN rate Rccsn(z) is determined by the cosmic star formation rate density
(CSFRD) p«(z), representing the star formation rate per unit time and comoving
volume, and the initial mass function (IMF) ypr(M), which characterises the

distribution of stellar masses at birth. It is defined as

Recon (2) — (2] o Pur (MM
CCSN = Ox ,
Jo oM Miprae(M)dM

where Mpin and Mmax are the masses of the progenitor stars that generate the

(2.20)

DSNB flux and (M) o« M~ where 7 is a constant dependent on the specific
model selected. For CCSN, this is expected to be in the range M. < M < 70M,
although the actual upper limit is currently unknown. In this approximation,
Rcesn(z) is obtained by essentially rescaling the p.(z) by the probability of
undergoing gravitational collapse. Model predictions of the CSFRD from several
studies demonstrated that the spectrum generally increases between 0 <z <1,
but different models tend to deviate at higher redshift [29]. Since larger redshifts
refer to galaxies further away this impacts the overall normalisation of the DSNB

flux predictions at lower energies. This effect is evident in the flux predictions

described in Section

Supernova Neutrino Emission

The energy spectrum is estimated using a pinched Fermi-Dirac distribution:

B (1 +a)1+0¢ E;c/otEtx E
f(E) = fita) o exp {—(1 —I—(x)e—} , (2.21)

v
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where E!! is the total liberated energy by the neutrino, €, is the mean energy,
and « represents a pinching parameter [30]. In this formula, a value of &« = 0
corresponds to a standard Fermi-Dirac distribution, where the spectrum smoothly
decreases with increasing energy. However, when a # 0 it introduces a pinching
effect, causing the spectrum to become narrower around the peak energy. There-
fore, the pinching parameter encompasses physical processes occurring in the
supernovae that can impact the neutrino emission spectrum. The mean neutrino

emission is based on rescaling f(E) with a weighted IMF function:
dN

dN _ v Jam, $(M)dM
BT [ p(Mam

(E), (2.22)

where AM,; is the mass range for the progenitor i and (M) is the IMFE. Failed
supernovae that result in the formation of a black hole produce more energetic
neutrinos in the final stages of the core-collapse. Therefore, the overall rate of
progenitor stars that transition into black holes impacts the end-point of the

observed DSNB spectrum.

Neutrino Oscillation Effects

The propagation of neutrinos in matter is influenced by the forward scattering
of neutrinos with electrons. Therefore, the formulation of neutrino oscillations
needs to be modified to incorporate these matter effects. This adjustment is
described by the MSW effect, named after Mikheyev, Smirnov, and Wolfenstein,
which describes how neutrinos encounter an effective potential in matter [32].
This potential depends on various factors, including the neutrino energy, electron
density, and weak mixing angles.

In high-density environments, such as in the core of a supernova, the MSW
effect can lead to a resonant enhancement or suppression of the flavour com-
position of the DSNB flux observed on Earth. Therefore, the expression for the
differential neutrino yield, dN,, (E|) /dE,, is modified in DSNB flux predictions
to account for this. The modification alters the prediction for NH and IH scenarios

differently [29].
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2.3.1 DSNB Flux Predictions

This subsection provides a summary of the different DSNB v, flux predictions,
which are presented in Figure

The Galais+10 [33] model incorporates effects from the shockwave revival
time, which results in lowering the DSNB flux prediction. The Tabrizi+20 [34]
model includes effects from neutrino decay. The Kresse+20 [35] model considers
the contribution from helium stars and black hole formation and the highest
prediction is shown. The Nakazato+15 [29] model includes cosmic metallicity
evolution, and black hole formation, and investigates two variations of the
CSFRD and shock revival time for the NH and IH. The Kaplinghat+00 [36] model
investigates supernova rate using observations of the universal metal enrichment
history. The Totani+96 [23] model considers the delayed explosion mechanism
in the time evolution of the v, luminosity and spectrum. The Horiuchi+18 [30]
model adjusts the critical compactness parameter, which determines whether a star
undergoes a successful explosion. The Horiuchi+09 [37] model investigates
CCSN neutrino emission parameters related to cosmic star formation. The
effective neutrino temperature is set to 6 MeV. This model is used as the DSNB
flux prediction for this analysis. The Ando+03 [38] model considers various
neutrino oscillation models and was updated at the NNN2005 conference. The
Lunardini+09 [39] model incorporates effects from failed and successful super-
novae separately. The Malaney+97 [40] model includes effects from the redshift
evolution of interstellar matter. The Hartmann+97 [41] model considers the

chemical evolution of the universe.

2.4 Current Status of DSNB Searches

The detection of the DSNB flux will provide constraints on the theoretical models
and their associated uncertainties. Despite several experimental efforts, the
DSNB flux has not yet been observed. Most experimental searches are based

on detecting the positron signal produced from the inverse beta decay (IBD)
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Figure 2.4: DSNB v, flux predictions from several theoretical models [23, 29, 30, 33-36,
38-41]. The Horiuchi+09 model [37] is used for this analysis.

interaction of electron antineutrinos as it has the largest cross section of all the
possible interaction channels (see Section [4.4).

The Super-Kamiokande (SK) detector and the KamLAND liquid scintillation
detector have placed the most stringent upper limits on the DSNB flux. In SK,
the first analysis performed spectrum fitting with various backgrounds using
1496 live days and placed an upper limit on the DSNB flux for v, energies E;;, >
19.3 MeV [43]. The search was updated using improved analysis techniques and
a statistically more significant 2853 live day dataset [44]. In 2008, an electronics
upgrade facilitated longer trigger periods, allowing for the detection of delayed
neutron captures on hydrogen, which produces a 2.2 MeV 7-ray. The detection
of this coincidence signature reduced low-energy muon spallation backgrounds
prominent below 17.3 MeV. The first energy binned analysis used a lower energy
threshold Ey, > 13.3 MeV with neutron tagging over 960 days livetime [45]. Given
that the neutron tagging efficiency on hydrogen is ~20%, this analysis suffered

from low statistics. The KamLAND experiment sets more competitive upper
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Figure 2.5: DSNB v, flux upper limits from the most recent SK and KamLAND searches.
This figure is taken from Ref. [42].

limits in the lower energy region due to its ~100% neutron tagging efficiency
on hydrogen [46].

The DSNB search during the pure-water phase of the SK detector was com-
pleted in 2021 using 2970 days of livetime and neutron tagging on hydrogen. The
result was comparable with that from KamLAND below 17.3 MeV, and similar to
the SK spectral analysis results above 17.3 MeV [47]]. In 2020, the detector enabled
enhanced neutron tagging on gadolinium by adding 0.011% of Gd(SO4)3- 8H2O
into the water. In the SK-Gd era, the first energy binned analysis was performed
using 552.2 days of livetime with approximately 50% neutron tagging efficiency
on gadolinium and enhanced neutron identification techniques [42]. The analysis
achieved stringent upper limits comparable to the results obtained in the 2970
days pure-water phase, shown in Figure This thesis aims to further constrain
the upper limits achieved in the first SK-Gd analysis by reducing dominant

low-energy atmospheric backgrounds using Machine Learning (ML) techniques.



The Super-Kamiokande Experiment

The Super-Kamiokande (SK) detector is a cylindrical stainless-steel tank, 39.3
m in diameter and 41.4 m in height, filled with 50 ktons of ultra-pure water
[48]. The detector is situated in the Kamioka mine in Japan with a 1000 m rock
overburden. This provides effective shielding from the cosmic ray muon flux,
which is 2 Hz at a depth of 2700 m-water-equivalent (m.w.e.). The tank is optically
separated into regions containing the inner detector (ID) and the outer detector
(OD), which have a total water mass of 32.5 ktons and 17.5 ktons, respectively.
The ID is 33.8 m in diameter and 36.2 m in height, instrumented with 11,129
20-inch photomultiplier tubes (PMTs) to provide a 40% photocathode coverage.
An outward-facing array of 1,885 8-inch PMTs operates as the OD, serving as
an active veto against backgrounds. The OD region is 2 m thick between the
PMT support structure and the tank. Figure shows schematic diagrams
of the detector setup. The detector hosts various physics analyses including
proton decay, atmospheric neutrino and beam neutrino oscillation measurements,
reactor, dark matter, and neutrinos from galactic and extragalactic sources.
The SK experiment started collecting data on the 1% of April 1996 and has
continued to operate through seven-run periods since then (SK-I to SK-VII), sum-
marised in Table SK-I operated for five years until July 2001 and some dead

2th

PMTs were replaced following a shutdown period. On the 12" of November

20



3. The Super-Kamiokande Experiment 21

S

Tyvi M Top Module
||

Bottom Module

(a) (b)

Figure 3.1: Schematic diagram of the Super-Kamiokande detector (left) and of the PMT
wall (right). These figures are taken from Ref. [48].

2001, a PMT imploded, which triggered a chain reaction that destroyed ~7900
PMTs. The following run period (SK-II) started in October 2002 with 5182 PMTs,
each encased in a new protective acrylic covering. SK-III began operation in
July 2006, after new ID PMTs were installed to restore the photocoverage to its
original 40%. In SK-IV, new electronics, called QBEE boards were implemented
in 2008 to guarantee the stable operation of the front-end electronics and an
improved water temperature control system was introduced. In May 2018, the
detector underwent tank refurbishment in preparation for gadolinium loading.
The SK-V period began with preparations for the upcoming SK-Gd experiment,
including adjustments to water flow, repairs for water leakage, and replacements
of PMTs. From July 2020 to May 2022, the first operational phase of the SK-Gd era
began with the loading of 13 tons of Gd,(SO4 )3 - 8H,O into the experiment (0.011
ppm of Gd) for enhanced neutron identification. In June 2022, the SK-VII phase
introduced three times more Gd (0.03 ppm of Gd) into the detector to increase

the neutron capture efficiency by 50% compared to SK-VI.
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Phase Dates Livetime (Days) Photo coverage Electronics  Target
SK1 1996-2001 1489.2 40% ATM H,O
SKII  2002-2005 798.6 19% ATM H,O
SKIII  2006-2008 518.1 40% ATM H,O
SKIV  2008-2018 3244.4 40% QBEE H,O
SKV  2019-2020 461.0 40% QBEE H,O
SK VI  2020-2022 552.2 40% QBEE H,O + Gd
SKVII  July 2022- ongoing 40% QBEE H,O + Gd

Table 3.1: The operating conditions for each of the seven completed and ongoing SK run
periods.

3.1 Detection Principle

In SK, charged particles propagating through the detector volume at speeds
exceeding that of light in water emit Cherenkov radiation, which is detected
by the PMT array. The light is produced as a cone with an opening angle 0,

which follows the relation:

, 3.1)

cos(fc) = 1 %

g P
where v and c are the velocities of the charged particle and light in a vacuum,
respectively. In water, the Cherenkov angle for particles propagating with g ~1
is 42°. The Cherenkov photon emission spectrum per unit length is given by

the Frank-Tamm formula [49],

A®>N _ 2naZ? ( 1 ) (32)

dxdA ~— A2 - n2p?
where 7 is the refractive index of the medium (n ~ 1.33 in water), A is the
wavelength, Z is the charge, and « represents the fine structure constant. The
minimum energy of the charged particle, referred to as the Cherenkov threshold,
is 0.57 MeV /c for electrons and 118 MeV /c for muons. Particle identification and
vertex reconstruction rely on the timing, charge and topological information
from the hit PMTs. Figure shows a typical event display image with a

characteristic Cherenkov ring pattern.
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Figure 3.2: Event display image of a cosmic muon event. Each pixel corresponds to an
ID PMT and the colour scale represents the total charge deposition. The OD is shown in
the upper right corner. This figure is taken from Ref. [50].

3.2 Detector Systems

This sections provides a summary of the key detector systems used in SK.

3.2.1 Photomultiplier Tubes

The ID is instrumented with 11,129 R3600 20-inch hemispherical PMTs man-
ufactured by Hamamatsu Photonics K.K., shown in Figure [48], 51]. The
photocathode is made from bialkali material (Sb-K-Cs), which provides 21%
peak quantum efficiency (QE) at ~360 nm, as depicted in Figure The PMT
operates at a gain of 107 and a transit-time spread of 2.2 ns for an input high-
voltage (HV) of ~2000 V. Since SK-1I, each PMT is encased in a fibre-reinforced
plastic (FRP) cover to reduce the impact of PMT implosion.

The OD contains R1408 8-inch PMTs repurposed from the IMB experiment
[52] and R5912 8-inch PMTs installed after the PMT implosion accident. Each
PMT is optically coupled to a 60 x 60 cm wavelength-shifting (WLS) plate made
from acrylic doped with 50 mg/L of bis-MSB (Cp4Hjz2). At present, 1,275 OD
photosensors are instrumented in the barrel region, 302 in the top endcap, and

308 in the bottom endcap of the detector. Further information on the role of
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Figure 3.3: Schematic diagram of the R3600 20-inch PMT manufactured by Hamamatsu
(left) and the quantum efficiency of the PMT as a function of wavelength (right). These
figures are taken from Ref. [48].

an OD similar to the SK-OD and its photosensor components is provided in

full detail in Chapter

3.2.2 Compensation Coils

The geomagnetic field is 450 mG, which impacts the photoelectron trajectories
and timing in the PMTs. This significantly reduces the overall collection effi-
ciency of each PMT. To mitigate this effect, the inner surfaces of the tank are
surrounded by 26 sets of Helmholtz coils that lower the average field in the

detector to ~50 mG [48].

3.2.3 Water and Air Purification System

The SK-I to SK-IV phase of the experiment relied on an ultra-pure water system
to purify water from the Kamioka mine [53]. Since SK-V, the SK-Gd water system
was integrated into the experiment to dissolve Gd, purify, and circulate water
to produce 50 kton of Gd-loaded water in preparation for the forthcoming Gd-
loaded phase [54]. The system is essential for filtering out impurities, bacteria and
radioactive contaminants that induce low-energy backgrounds and degrade the
water transparency. Figure 3.4/shows a schematic diagram of the full setup. The
Gd-dissolving system transports and dissolves Gd into buffer tanks containing

SK water, resulting in a Gd solution with the desired concentration. This solution
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Figure 3.4: Schematic diagram of the SK-Gd Gd-loading and water purification system.
This figure is taken from Ref. [54].

is processed through a pretreatment system to remove impurities while retaining
Gd and sulfate ions in the water. In the first stage, the solution is irradiated
with a UV total organic carbon reduction light (TOC) to oxidise carbon and other
residual compounds. Charged impurities and radioactive contaminants such as
radium and uranium are subsequently removed by ion-exchange resins (A-ex
and C-ex Resins) and a UV steriliser is applied to kill bacteria. The main system
continuously recirculates and purifies Gd-loaded water through two lines that
operate at a flow rate of 120 m3/h and 60 m?/h when both are activated. Heat-
exchange (HE) units are used to maintain a stable water temperature of 13°C
with a precision of 0.01°C. The system also incorporates a membrane degasifier
(MD) to remove radon dissolved in the solution and ultrafiltration (UF) modules
for the reduction of minuscule impurities. In addition, an air purification system

is used to reduce the radon concentration in the mine air to < 3 mBq/ m3.

3.3 Electronics and Data Acquisition

From SK-IV, the front-end electronics were upgraded from the Analog Timing

Module (ATM) system to the Charge-to-Time (QTC) Based Electronics with
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Ethernet (QBEE) system (see Figure [3.5). Each QBEE board holds eight 3-channel
QTCs that process data from 24 PMTs and generate square pulses proportional to
the integrated charge. The QTC has small, medium and large gain ranges with
gain ratios of 1/49,1/7 and 1, respectively, covering a dynamic range of 0.2 - 2500
pC. Following this, the pulses are digitised by a Time-to-Digital Converter (TDC),
which calculates the charge and timing information by Field-Programmable
Gate Arrays (FPGAs). The signals are then fed to front-end PCs connected to
subsequent merger PCs, which handle the event-building process and implement
software triggers. These triggered events are finally sent to an organiser PC
before being sorted onto disk. Figure shows a schematic diagram of the
tull data acquisition (DAQ) system.

TDC

R3600
PMT

i | LVDS

RG58 L
Input Circuit  |— -

:

RG58 Input Circuit I%H—

RG58 Input Circuit I%H_ ;

oy

Figure 3.5: Schematic diagram of the QBEE system created for SK-IV onwards. This
figure is taken from Ref. [55]].

3.3.1 Software Triggers

In the merger PCs, software triggers are applied to the processed pulses when
the number of PMT hits in a 200 ns time window (Npg) exceeds pre-defined
thresholds. There are five types of triggers: Super-Low Energy (SLE), Low-
Energy (LE), High-Energy (HE), Super High-Energy (SHE) and an Outer Detector
(OD) trigger. An additional After (AFT) trigger was introduced from SK-IV
onwards to record the delayed neutron capture signals. The trigger conditions
are summarised in Table This thesis uses data acquired from the SHE+AFT
triggers, which is described in further detail in Section
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Trigger type  Npg Threshold [/u sec|] Event window [y sec] Trigger rate [Hz|

SLE 34 [—0.5, +1.0] 3.0—40
LE 49 [—5, +35] 80
HE 52 (5, +35] 30
SHE 60 [—5, +35] 3
oD 22 (in OD) [—5, +35] 2

Table 3.2: Summary of the software triggers for the SK-VI operational period.

3.4 Detector Calibration

Routine calibration measurements are carried out to assess the PMT response, wa-
ter quality, and detector stability. These results are crucial for fine-tuning detector
simulation and reconstruction methods to ensure accurate physics analyses (see

Chapter [). This section provides an overview of the main calibration procedures.

3.4.1 PMT Calibration

The following subsections describe the input HV tuning procedure, gain, quan-

tum efficiency, and timing measurements for the calibration of ID PMTs.

High-Voltage Tuning

The charge response for a dedicated set of 420 reference pre-calibrated ID PMTs is
evaluated to perform input HV tuning. These PMTs are arranged in four vertical
strip patterns along the barrel region and as a cross along the endcaps. Light
from a xenon lamp is injected into a scintillator diffuser ball via an optical fibre
to provide an isotropic light source from the centre of the tank that uniformly
illuminates all PMTs. The input HV of all non-reference ID PMTs is adjusted to
match the charge response of the reference PMTs at an equivalent distance from

the light source.

Gain and QE Measurements
The relative gain differences across the PMTs are evaluated using a variable-

intensity light source. During high-intensity flashes, the charge response (Q)



3. The Super-Kamiokande Experiment 28
of each PMT (i) is calculated as
Qi X IHigh X a; X QE,’ X Gi/ (33)

where a represents the geometric acceptance factor, QE is the quantum efficiency
and G is the gain. Following this, a low-intensity measurement is made such that

all registered hits () correspond to single photoelectrons, which is given by
Ni X ILOW X a; X QEZ (34)

The relative gain for each PMT is determined on the basis that G; is proportional to
Q;i/ N;. The absolute PMT gain is evaluated by analysing the charge distribution
generated using a nickel-californium (Ni-Cf) source. Since the source emits 9
MeV photons essentially all PMT hits correspond to a single photoelectron. The
charge distribution is corrected according to each PMT’s relative gain and then
the 1 p.e peak is fit to establish a charge-to-gain conversion factor. The variation
of the QE is evaluated by performing data-MC comparisons of the average PMT

hit count generated due to the Ni-Cf source.

Timing Response

The PMT timing response is calibrated to account for variations in the transit time,
cable lengths, readout electronics, and pulse amplitude. The latter is referred to
as the time walk effect, whereby larger pulses tend to arrive earlier compared to
smaller pulses. The measurement utilises fast-pulsing light emitted by nitrogen
lasers, which is directed into a diffuser ball positioned at the centre of the tank,
as shown in Figure The recorded hit times are time-of-flight subtracted
according to the PMT’s relative distance to the calibration source. For each PMT,
the timing offset is calculated as a function of charge to generate a TQ map,
as shown in Figure These distributions are fit to determine a correction
function that is then applied to all raw hits in data and incorporated into the

simulation of the detector response.
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Figure 3.6: Left: Schematic diagram of the timing calibration. Right: The TQ map for
an ID PMT, which is the time-of-flight subtracted hits as a function of integrated charge.
Larger values of T correspond to earlier hits and vice versa, to demonstrate the time walk
effect. These figures are taken from Ref. [56]].

3.4.2 Water Transparency Measurement

Measuring the absorption and scattering properties of water is crucial for accu-
rately modelling photon tracking in detector simulations. In SK, photon propa-
gation in water is modelled using the photon track length and the attenuation

length L(A), which is given by

1
L(/\) - Kabs (/\) + Asym (A) + Xasym (/\)

, (3.5)
where a,,s represents the absorption coefficient, asym is the symmetric term
that incorporates both Rayleigh and Mie scattering, and a,sym contains the
asymmetric component of Mie scattering. The scattering and absorption of
light in the water are measured using a monochromatic laser with five discrete
wavelengths between 337 - 473 nm. The laser beam is orientated to transmit
light from the top of the tank downwards via an optical fibre, as shown in
Figure The parameters of L(A) are determined by comparing the data and
MC PMT time-of-flight subtracted hits of the target PMTs at the bottom of the
tank. The drop in intensity of the target PMTs establishes the «,,s, whereas

measurements of scattered light from surrounding PMTs determine the asym and
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Figure 3.7: Left: Schematic diagram of the laser calibration setup, with B1 to B5 indicating
the barrel regions used for the measurements. Right: Distribution of water transparency
measurement coefficients, showing data points (dots) and model predictions tuned from
MC simulations (solid lines). The figures are adapted from Ref. [56].

Aasym- These results are presented in Figure During normal run periods,
the water transparency measurement can be continuously monitored using the
cosmic muon sample as they deposit energy uniformly along their track length.
This track length is reconstructed using ID PMTs and the expected number of
hits on each PMT is calculated in MC. The scattering and absorption parameters
are determined by comparing the expected charge and the measured charge

on each PMT.

3.4.3 Energy Calibration

The electron linear accelerator (LINAC) is used to determine the energy scaling
factor applied to low-energy simulations. The LINAC injects downward-going
monoenergetic electrons into the detector volume with target energies between 6
- 15 MeV and beam positions in the z-direction of -12 m, 0 m, and 12 m. The N
is calculated for LINAC data and MC at each beam position and for each energy
(refer to Section[4.6.3|for the description of Nf). The energy scale parameter is
then determined by comparing the data and MC N distributions. For SK-VI, this
is found to be ~0.88 and is used to scale the QE of ID PMTs in the simulations.



Event Simulation and Reconstruction

The Monte Carlo (MC) event simulation is crucial for determining the reduction
criteria, signal efficiency and accurately estimating the expected background
spectrum. This chapter describes the principles of MC production including flux
predictions, interaction models and the detector response. Event reconstruction
is performed using specialised algorithms to compute the vertex, direction and
energy of electrons, muons, and other hadronic particles. An overview of these

tools for low-energy events is detailed in the second half of this chapter.

4.1 Atmospheric Neutrinos

Atmospheric neutrinos are produced in hadronic cascades initiated by cosmic-
ray interactions in the Earth’s atmosphere, as shown in Figure At high
energies O(GeV), inelastic hadronic interactions involving primary cosmic-ray
protons result in the production of unstable pions (7r) and kaons (K). The decay
of charged pions generates a flux of muons and muon neutrinos with a branching
ratio of 99.98% [57]. The full decay chain, including secondary processes from

muon decay, is as follows

= u 47, nt = ut +uy,
1 { (4.1)
e~ + Ve + vy et + v+ 7,

31
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cosmic-ray
(p, He, ...)

Figure 4.1: Schematic diagram of atmospheric neutrino production from a cosmic-ray
interaction above the SK detector.

Given that 77" and 7t~ are created in approximately equal proportions, the
flux ratio for (v, +v)/(ve + 7e) is two. Atmospheric neutrino production is
predominantly driven by pion decay up to a critical energy of ~115 GeV [58].
Beyond this threshold, the likelihood of pion interactions decreases and the
dominant contribution to the neutrino flux shifts towards the decay of kaons until
~850 GeV [58]. The resulting spectrum from these decay modes is commonly

referred to as the conventional atmospheric neutrino flux.

4.2 Neutrino Flux Prediction

The atmospheric neutrino flux calculations in SK are performed using the Honda-
Kajita-Kasahara-Midorikawa (HKKM) 2011 model [59]. The model incorpo-
rates factors such as the primary cosmic-ray flux and cross sections, hadronic
interactions within the atmosphere, and the propagation of particles in a three-

dimensional space.
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Figure 4.2: Primary cosmic-ray proton flux at the solar minimum from various experi-
ments, including AMS (closed horizontal diamonds) and BESS (closed circles). See Ref.
[63] for the full list of experiments. The magenta line shows the spectrum used in the
HKKM 2011 model. The figure is taken from Ref. [63].

4.2.1 Primary Cosmic-Ray Flux Model

The primary cosmic-ray flux below 100 GeV is derived from experimental data
provided by the space-based AMS [60] and balloon-borne BESS [61] magnetic
spectrometers. Above 100 GeV, the spectrum is modified using emulsion chamber
data [58, 62] as the energy determination is less precise with spectrometers.
Figure4.2|shows experimental data and the primary cosmic-ray flux prediction
used in the HKKM 2011 model. The model incorporates adjustments for both
solar modulation and the geomagnetic field, which influence the cosmic-ray
spectrum. During heightened solar activity, the solar wind scatters low-energy
cosmic rays, resulting in a suppression of the flux. This varies throughout the
eleven-year solar cycle, with a potential reduction of up to a factor of two for
cosmic rays, below 1 GeV [64]. Additionally, the geomagnetic field induces
an East-West asymmetry by deflecting cosmic rays in an anisotropic manner,
leading to a subsequent low-energy cutoff in the cosmic-ray spectrum. To
account for these effects, the flux is reweighted according to the solar activity

and the geomagnetic field is accurately described using the IGRF2005 model
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[65] [66]. The structure of the atmosphere is modelled with the US standard

atmospheric model [67].

4.2.2 Hadronic Interactions

The primary cosmic-ray flux is convolved with hadronic interaction models to
produce secondary particles (7, K, i). High energy hadronic collisions, above
32 GeV, are calculated using the DPMJET-III MC event generator [68], which
is based on the Dual Parton Model (DPM) [69]. The PHOJET event generator
is embedded into the framework to simulate hadronic interactions involving
photons. In the HKKM 2011 model, DPMJET-III is refined using cosmic muon
flux data to better reproduce the observed flux at high energies [59]. However,
this modification results in poor agreement between calculations and data at
lower energies. Therefore, the JAM hadronic cascade model, used in the Particle
and Heavy-Ion Transport code System (PHITS) [70], is adopted for calculations
below 32 GeV. Figure shows a comparison between the performance of
the JAM and DPMJET-III models against data from the Hadron Production
(HARP) experiment.

4.2.3 Neutrino Flux Spectrum

The atmospheric neutrino flux at Kamioka, as calculated by the HKKM 2011
model, is presented in Figure The energy spectrum is suppressed below
~1 GeV, which is attributed to the cutoff effect on primary cosmic rays by
the geomagnetic field. In Figure the flux ratio for (v, 4+ v,)/(ve + 7e) is
approximately two at ~1 GeV due to the decay of secondary muons. Higher
energy muons have an increased decay length, which allows for more muons
to reach the Earth’s surface before decaying. This shifts the main source of
electron neutrinos to kaon decay, resulting in a deficit in the electron neutrino
contribution and a pronounced rise in the flavour ratio.

In Figure the zenith angle dependence of the atmospheric neutrino

flux at Kamioka is shown for three distinct energy bins. The distributions are
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Figure 4.3: The differential cross section of charged pion production from proton
interactions on thin N, and O, targets. Comparisons between experimental data from
HARRP (triangles and circles) and model predictions from JAM (solid line) and DPMJET-

III (dashed line). The figure is taken from Ref. [59].
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flavours. The figures are adapted from Ref. [59].
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Figure 4.5: Zenith angle () distribution of the atmospheric neutrino flux at Kamioka,
averaged over the azimuth angles at 0.32 GeV (left), 1.0 GeV (middle) and 3.2 GeV (right),
calculated by the HKKM 2011 model. The figure is taken from Ref. [59].

Parameter Value

Am3, 753 x107°eV?
Am3, 250 x 1073 eV?

sin? 61, 0.304

sin® 013 0.0219

sin? 63 0.588
dcp 418

Table 4.1: Neutrino oscillation parameters used to reweight atmospheric neutrino MC
events simulated with the HKKM 2011 model. The values are taken from the latest
neutrino oscillation analysis results found in Ref. [71]].

peaked along the horizontal as pions and muons follow longer paths in this
direction, resulting in an increased likelihood of decay. The up-down asymmetry
observed in the lowest energy bin is attributed to the local geomagnetic field.
Neutrino oscillation effects are applied to the simulated atmospheric neutrino
flux spectrum by reweighting each event based on its oscillation probability, as
determined by the most recent analysis results [71]. The oscillation parameters

are shown in Table
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4.3 Neutrino Interaction Model

An accurate simulation of neutrino interactions, combined with the flux predic-
tion, is essential as neutrinos are observed solely through the detection of their
interaction products. The NEUT interaction event generator (version 5.4.0.1)
is used to simulate neutrino-nucleon and subsequent final-state interactions in
the SK detector [72]. NEUT incorporates several theoretical interaction models
to simulate interactions with nuclei in both water and rock over a broad range
of energy scales E, € (100MeV,~ 1TeV). Nuclear effects are included in the
cross section and kinematics of final-state particles. In the atmospheric neutrino
simulation, interactions with electrons are excluded as the cross section is 103
times smaller compared to bound nucleon states [73]. Therefore, the simulation
considers only the following charged-current (CC) and neutral-current (NC)

neutrino-nucleon interactions:

e CC quasi-elastic scattering: v+ N — [ + N’

NC (quasi)-elastic scattering: v + N — v + N’

CC meson exchange current: v + NN* — [ + N'N"*

CC (NC) single meson production: v + N — I(v) + N’ 4+ meson

CC (NC) coherent pion production: v+ N — I(v) + N' + 7

CC (NC) deep inelastic scattering: v+ N — [(v) + N’ + hadrons

where v is a neutrino or antineutrino, N/N* and N’/ N"* represent the incoming
and outgoing nucleons and [ is the lepton flavour (e, #). CC interactions involve
the exchange of a W* boson, which produces a charged lepton with the same
flavour as the neutrino. In NC interactions, the incident neutrino scatters from a
Z° boson without generating a charged lepton required for flavour identification.
An overview of the physics models used for calculating these CC and NC

interactions in NEUT is described in the following sections.
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Figure 4.6: Cross sections of CC interactions of muon neutrinos (left) and muon
antineutrinos (right). The NEUT calculation of CCQE scattering, CC single pion
production, and CC deep inelastic scattering are shown by the red, blue and black
lines, respectively. The data points represent measurements from several experiments.
The figure is taken from Ref. [76].

4.3.1 Elastic and Quasi-Elastic Scattering

NC elastic scattering occurs when an incident neutrino interacts with a target
nucleon, resulting in a momentum transfer without generating new particles.
In CC quasi-elastic scattering (CCQE) processes, a charged lepton is produced,
and the target nucleon undergoes a charge-conserving transformation. The

interaction processes are explicitly defined as,

NC elastic scattering : v;(V;) + N — v;(v;) + N/,

CCQE: v(v)) + N — I(I) + N'.

In NEUT, the CCQE interaction is simulated using the Llewellyn-Smith model
[74] for free protons and the relativistic Fermi gas model for bound nucleons
[75]. The comparison of calculated cross sections against various experimental
results is shown in Figure

The neutrino-oxygen NCQE interaction is a crucial process for the research
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conducted in this thesis. The nucleon-knockout processes are expressed as:

v(@)+°0 - v@) +P 0+ +n,

v() +°0 - v(@) +P N+ +p,

where the residual nucleus emits one or more de-excitation y-rays. This process
becomes dominant over the NC elastic process for neutrino energies greater than
200 MeV [77]]. The NCQE cross section is modelled in NEUT using the oxygen
spectral function from Ankowski and Benhar et al. [77, 78] with the BBBA0O5
vector and dipole axial form factors [79]. Figure[#.7)shows the NCQE cross section

per nucleon for neutrino and antineutrino interaction modes.
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Figure 4.7: The NCQE interaction cross section for y-ray production for neutrino (red
solid line) and antineutrino (blue long-dashed line) modes compared to the NCQE cross
section for '°0 in neutrino (red dashed line) and antineutrino modes (blue short-dashed
line). The figure is taken from Ref. [77].

The residual nucleus occupies one of four states, (p1,2) %, (p3/2) 1, (s1/2) 7%,
and others in the simple shell model, with spectroscopic factors of 0.1580, 0.3515,
0.1055, and 0.3850, respectively [80]. No v-ray emission occurs from the (p;,,) !
ground state, whereas the energy emitted from the (p3,,)~! is 6.32 MeV or
9.93 MeV for proton knock-out and 6.18 MeV for neutron knock-out [81]. The
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de-excitation channels for the (s;,,) ! state, which releases both nucleons and
y-rays, is selected according to results from the RCNP-E148 experiment [82]. The
others state covers all channels not included in the above three states. Since no
data or model predictions exist for y-ray emission from this state, it is absorbed

into the (Sl/z)il.

4.3.2 Meson Exchange Current

The calculation for CCQE interactions, as outlined in Section 4.3.1, assumes no
intra-nuclear correlations in the target nucleus, effectively modelling it as a single
nucleon. However, incorporating such effects is crucial, given that neutrinos can
interact with multiple nucleons in a meson exchange current (MEC) process. In
particular, an important channel for this analysis is the two-particle-two-hole
(2p2h) interaction, which results in the ejection of two nucleons from the nucleus
and the creation of a corresponding pair of holes in the nuclear structure.

The MEC was regarded as the primary cause of the tension observed between
the MiniBooNE results and existing models [83]]. This result has since prompted
numerous theoretical studies dedicated to enhancing the description of scattering
from a bound multi-nucleon state beyond the relativistic Fermi gas model [83].
Hence, NEUT includes the MEC process for CCQE interactions by integrating

the model proposed by Nieves et al. [84] into the framework.

4.3.3 Single Meson Production

The primary mechanism for hadron production in the region where the hadronic
invariant mass (W) is below 2.0 GeV/c? is single meson production via reso-

nances. The process occurs in two steps:

Resonance production : v+ N — [(v) + N¥,

Resonance decay : N* — N’ + meson.
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Here, N and N’ are initial and final state nucleons, respectively, and N* denotes
the baryonic resonance responsible for generating a single meson. NEUT sim-
ulates both the cross section for producing a baryon resonance, accounting for
interference effects between various possible resonance states, and the subsequent
decay into single mesons. For resonant pion production, NEUT considers 18
processes, with the most substantial contribution coming from A(1232), the
lowest-mass resonance above the pion production threshold. These processes,
including the final kinematics of the hadronic system, are calculated using the

Rein-Sehgal model [85].

4.3.4 Coherent Pion Production

Coherent pion production involves the emission of a pion through the coherent
scattering of a neutrino with an entire nucleus, without inducing fragmentation.

The neutrino-oxygen interaction is expressed as,
v4+0 = 1+%0+ 1

where the outgoing lepton and pion experience forward scattering due to the
small four-momentum transfer to the nucleus. In SK, this process is indistinguish-
able from resonant pion production and the cross section is expected to be lower
than the Rein-Seghal model prediction ~1 GeV [85]. In NEUT version 5.4.0.1,
the interaction model was updated to the Berger-Sehgal model [86], which uses

pion-carbon scattering data and considers lepton-mass corrections.

4.3.5 Deep Inelastic Scattering

At high energies, neutrinos undergo CC deep inelastic scattering (DIS), probing
the internal nucleon structure by scattering off individual quark constituents. The
target nucleon breaks apart due to the significant momentum transfer, resulting in
the production of multiple hadrons in the final state. In NEUT, this interaction is
simulated when W > 1.3 GeV/c?, using the PYTHIA /JETSET programs [87]. To

prevent potential double counting due to an overlap in the invariant mass ranges
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defined for single pion production (W < 2GeV/c?) and DIS processes (W >
1.3GeV/c?), NEUT only considers multiple pion production below 2 GeV /c?.
The nucleon structure is modelled with parton distribution functions from GRV98

[88]], incorporating corrections from the Bodek and Yang model [89].

4.4 Inverse Beta Decay Simulation

The DSNB flux is uniformly distributed across all neutrino flavours and is
detectable through several interaction channels. Figure 4.8[shows the effective
cross section for each process in a water Cherenkov detector. Below ~30 MeV,

the primary detection channel is via the IBD of electron antineutrinos,
Ve + *
e+tp—e +mn,

where an electron antineutrino interacts with a proton, resulting in the production
of a positron and a neutron. Since the cross sections of subleading channels are
several orders of magnitude lower than the IBD interaction, these contributions
are excluded from the search. This work utilises the well-established IBD cross
section (oigp) calculation by Strumia and Vissani, which has an uncertainty of
a fraction of a percent [90].

The SKSNSIM event generator is used to create the IBD simulation [92]. Events
are generated uniformly in positron energy between 1 - 90 MeV, isotropically
across the entire ID volume and at a rate of one per minute over the SK-VI
livetime. To obtain the DSNB signal, the positron energy is renormalised by
the flux prediction from each DSNB model convolved with the op. This
process enables each DSNB spectrum, shown in Figure to be modelled from
a generalised IBD simulation. Since some crucial backgrounds undergo IBD
interactions with a shared final state (¢e* + 1) and analogous kinematics, the
IBD simulation is repurposed and normalised according to their specific flux

predictions (see Chapter [5).
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Figure 4.8: Cross sections (0) of the main interaction channels for SN neutrinos in
water Cherenkov detectors. The main interaction channel in SK is the IBD of electron
antineutrinos (black). Further contributions from neutrino CC interactions with °0O
(green lines), with electrons in ' H (blue lines) and neutrino NC interactions with 1°O
(pink line) are shown. The onc is for any v or v flavour and v, refers to either v, or v:.
The data in this plot is obtained from Ref. [91].

4,5 Detector Simulation

The SKG4 simulation package, based on GEANT4 [93], is used to model in-
teractions and propagation of final state particles, Cherenkov and scintillation
light emission, PMT and electronics response in the SK detector volume. The
framework provides more accurate neutron interaction models, compared to
the standard SK DETector SIMulation (SKDETSIM) GEANT3-based MC toolkit.
Therefore, SKG4 is now the preferred choice for neutron tagging-based anal-
yses in SK-Gd.

In GEANTY4, electromagnetic and hadronic interactions are modelled with the
FTFP_BERT_HP physics list [93]]. The relevant processes for neutron capture on

155Gd and '%7Gd isotopes and its subsequent interactions are simulated as

n 41 Gd -1 Gd* -1 Gd + 4 — rays (8.536 MeV total)
n 417 Gd -8 Gd* -1 Gd + 4 — rays (7.937 MeV total),

with the ANNRI-Gd 7-ray emission model. This selection is based on the strong

agreement, within 17%, between the model predictions and data obtained from
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the ANNRI experiment [94]. To simulate pion interactions below 500 MeV / 2, a
custom model [95] is implemented using data from 7t — p and 7 —1¢ O scattering
experiments [96, 97]. Optical photons produced by Cherenkov emission are
generated with wavelengths ranging from 300 - 700 nm to align with the spectral
sensitivity of the PMT. Detector effects, such as water transparency, Rayleigh
and Mie scattering, absorption, PMT gain stability and dark noise, are tuned
through calibration procedures (see Section [3.4). Similarly, the PMT response,
signal integration and digitisation of charge and timing are also simulated based
on photosensor calibration measurements. In SKG4, random noise simulation is
not applied to the entire MC event. Instead, data from the T2K dummy-trigger
and the SK-wide random trigger are superimposed onto all MC events after

a delay of 2.7 pus.

4.6 Event Reconstruction

The event vertex, direction, and energy reconstruction are performed via dedi-
cated software tools designed for SK analyses. The Branch Optimisation Navi-
gating Successive Annealing Iterations (BONSAI) algorithm uses the PMT hit
information from the SKG4 output to reconstruct low-energy electron-like events
[98]. Separate algorithms, designed for high-energy events with more hits and
multiple Cherenkov rings, are applied for atmospheric neutrino reconstruction
(APFIT) [99] and muon identification (MuBoy) [100} 101]. This section provides

an overview of the low-energy reconstruction methods relevant to this analysis.

4.6.1 Vertex Reconstruction

The vertex reconstruction relies on the timing information obtained from hit
PMTs. Low-energy electron-like events are treated as point-like sources, as their
short track lengths ~10 cm are well within the ~50 cm vertex resolution of the

SK detector. BONSAI performs a maximum likelihood fit to the timing residual
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(tres,;) of each hit PMT, defined as
Nhit
L(x,ty) = Z log P(tresi), (4.2)
i=1

tresi = ti — tTOR, — to-

where x is the reconstructed test vertex, Nj;; is the number of hit PMTs, t; is
the PMT hit timing, ttop; is the time-of-flight (TOF) from the vertex to the hit
PMT, and tj is the time of the interaction. The probability density function
(PDF) of the timing residuals, P(tyes;), is obtained from LINAC calibration data,

shown in Figure
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Figure 4.9: The BONSALI likelihood function for the timing residuals produced with
LINAC calibration data. After pulses at ~40 ns and ~110 ns are labelled accordingly.
The figure is taken from Ref. [102].

Computing the likelihood for each potential test vertex in a global search is
computationally intensive and susceptible to misreconstruction in a large-scale
detector. Accidental coincidences of dark noise hits, following TOF subtraction,
may generate localised maxima far from the true vertex. Hence, BONSAI
simplifies this process by selecting combinations of four PMT hits, generating test
vertices for each combination, and then determining the maximum likelihood
from this list of vertex candidates.

The goodness of the fit (gytx) to the reconstructed vertex is evaluated as

the weighted average of a Gaussian function of the TOF-subtracted time of
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each PMT hit:

Nhits _l(tres,i7t0>2
Y, we *\ 7 1/t £\ 2
i=1 res,i — L0
= where w;, = —~ | —— ] . 4.3
dvix Ngts i 5 < w ) (4.3)
wi
i=1

The parameter w; is the weight for the i-th PMT hit to account for dark noise, w
is the PMT time resolution, and ¢ is the effective time resolution for Cherenkov
events. The values of w and ¢ are 60 ns and 5 ns, respectively. The gyt is used

as part of the event selection for the analysis, detailed in Chapter [7]

4.6.2 Direction Reconstruction

Direction reconstruction is based on the ring-like angular distribution of the PMT
hits. A scan across all possible event directions is performed and the reconstructed

direction is selected by maximising the following likelihood function

Nag cos 6;

L(d) =) log{f (cosb;, E)} x , (4.4)
i—1 a (0;)

where d is the reconstructed event direction, Ny is the largest number of PMT hits
within a 20 ns window after TOF subtraction, independent of the BONSAI toﬂ 0;is
the opening angle of the reconstructed event direction, f (cos 6;, E) is the expected
distribution of the 6; between the true and the observed event direction for an
event with energy E and a (6;) is a parameter to correct for the acceptance of the
PMT geometry. In SK, the angular resolution is found to be 25° for an event with

10 MeV, based on LINAC calibration data of downward-going electrons [103]].

4.6.3 Energy Reconstruction

The energy of an event is roughly proportional to the number of true photo-
electrons detected by the hit PMTs, with each hit generally corresponding to
the detection of a single photon. To correct for detector effects and remove

accidental hits caused by the PMT’s dark rate, the energy reconstruction is based

IThis window is determined on an event-by-event basis but most likely lies in an interval of
[-7, 13] ns.
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on calculating the effective number of hits N, ¢ in a 50 ns TOF-subtracted time

window. This is defined as

N, % (Xi+e€ €dark) X Na LIV -
= ' il — €dark : ’
eff i l @ o N, normal S (91'/ (Pi ) QEi

where each PMT hit i of the N5 total hits in the time interval is assigned a weight

(4.5)

based on the following parameters:

* Hit occupancy X;: The assumption of proportionality between the number
of hit PMTs and event energy breaks down for higher energy events. In
such cases, a single hit-PMT is capable of detecting multiple photons, along
with its neighbouring PMTs. Therefore, the occupancy parameter X; is

introduced, defined as

logl%xi
X;={ & <l (4.6)
3 X; = 1

where x; is the ratio of the number of PMT hits to the total number of PMTs
in a 3 x 3 grid around the i-th PMT hit. This correction accounts for the
multiple photoelectron effect in the i-th PMT, based on the hit distribution

in neighbouring PMTs and the total number of PMT hits in the event.

¢ Late hits €51 The i-th PMT may detect photons that undergo delays
resulting from a combination of scattering in the water and reflection from
detector components. These delayed hits might fall outside the 50 ns TOF-
subtracted window. Therefore, a correction term for the late hits is used to

integrate delayed hits into the N, calculation.

* Dark hits €4,y This parameter corrects for the expected contribution of
dark noise hits within the signal window, based on the dark rate for the i-th

PMT.

¢ Non-operational PMTs NN—*’“I: The ratio of the number of total ID PMTs
(Nan) to the number of normally operating PMTs (Npormal) is applied to
correct for the detection inefficiency due to non-operational PMTs in the

current data run.
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 Effective photocoverage S(0;, ¢;): The detection inefficiency due to the
geometrical acceptance of the PMT, represented in the function S(6;, ¢;),
is corrected for considering the incident angle of the photon (6;) and the

azimuth angle of the PMT (¢;).

 Water transparency e"/Lat: This correction accounts for light attenuation

Latt in the water for the i-th PMT at distance r; from the event vertex.

* Quantum efficiency 1/QE: This correction is applied to include the effects

of the variation in the QE across each PMT.

The N,fr of an event is converted into energy using a polynomial function derived
from electron MC simulations, with coefficients tuned by calibration data. Further

details of the energy reconstruction process can be found in Ref. [104].

4.6.4 Cherenkov Angle Reconstruction

The Cherenkov opening angle (6¢) is determined based on the distributions of
PMT hits in the event with timing residuals within 15 ns of the reconstructed
vertex. For each event, a scan is performed with a 0.9° window, across a distri-
bution of opening angles (6) generated for all possible three-hit combinations.
The reconstructed 6¢ is selected as the central value within the window that
maximises the number of hits. Figure displays the 6 distribution for various

event types, which shows its discriminating power for particle identification.
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Figure 4.10: The opening angle 0 distributions for low-energy events: e-like (left), p-like
(middle) and multiple y-ray emission (right). The reconstructed Cherenkov angle 6 for
each distribution is shown by the blue line. The figure is taken from Ref. [18].



Signal and Backgrounds

This chapter describes the DSNB signal, the main background sources, and the

corresponding models used in the analysis.

51 The DSNB Signal

The dominant channel for DSNB detection in SK is the IBD interaction of electron
antineutrinos (V, + p — e® + n), as described in Section This interaction
produces a coincidence signature characterised by the prompt positron and delayed
neutron capture events. A schematic diagram of the IBD event signature is
shown in Figure

The prompt signal is directly detected through the emission of Cherenkov
radiation. Most of the antineutrino energy (Ey) is transferred to the positron
(Ee) by Ec = Ey — Ayp, where Ay, = 1.293 MeV represents the nucleon mass
difference. The neutron thermalises and is captured by 1>>Gd and *’Gd isotopes,
which feature neutron capture cross sections of 60,900 barns and 254,000 barns,
respectively [105]. In SK-VI, the Gd;(SO4)3 - 8H,O mass concentration in the
tank is 0.011%, corresponding to ~50% neutron capture efficiency on Gd isotopes,
with a time constant of ~115 us [54]. Following this process, de-excitation y-rays

are emitted with a total energy of ~8 MeV, and detected via Compton scattering

49
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Prompt Signal Delayed Signal

Figure 5.1: Schematic diagram of the IBD interaction between an electron antineutrino
and a proton producing a prompt positron and a delayed neutron capture signal on Gd.

on electrons [106]. For cascades containing several y-rays, if the energy of one or
more recoil electrons falls below the Cherenkov threshold (E, > 0.8 MeV), the

resulting visible energy will be less than the total emitted energy.

5.2 Background Sources

The delayed-coincidence signal from IBD interactions, combined with neutron
tagging on Gd, effectively reduces single-event backgrounds without neutron
emission. These backgrounds include solar neutrinos, most decay isotopes
from muon spallation, and radioactivity from the surrounding rock. However,
correlated background events that mimic both the prompt and delayed signal
still dominate the signal region. This section provides an overview of these

backgrounds and the various techniques used to model them.

5.2.1 Atmospheric Neutrinos

Atmospheric neutrinos significantly contribute to the background of the DSNB
search. In SK, oxygen nuclei and free protons are primary targets for CC and
NC neutrino interactions. The resulting secondary particles often reconstruct
with energy levels falling within the signal region and can be accompanied by
neutrons. The following section covers the main background processes relevant

to this analysis.
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Figure 5.2: Schematic diagram of a CC v, interaction with an oxygen nucleus producing
a nucleon, invisible muon and subsequent decay electron in the final state.

Charged Current v, Interactions

CC vy, interactions can generate invisible muons, below the Cherenkov threshold,
that decay into visible electrons, as shown in Figure The resulting decay elec-
tron is characterised by the well-known Michel electron spectrum, which covers
an energy range between 16 - 90 MeV. The event signature closely resembles an
IBD prompt signal and contributes as an irreducible background when detected
in coincidence with a final-state neutron. Similarly, observable decay electrons
can be produced by the decay of pions into muons, where both parent particles
are invisible. In SK, the Michel electron spectrum, measured precisely with the
stopped muon sample, is used to estimate the expected number of invisible

muons and pions in data sidebands (see Section[8.2) [107].

Charged Current v, Interactions

Electrons (positrons) produced from CC v,(v.) interactions are almost indis-
tinguishable from DSNB signals when accompanied by a neutron. The only
distinction is that the CC v, interaction cross section scales linearly with incident
neutrino energy. Similarly, sideband data is used to estimate the expected
contribution to the overall background. Figure 5.3 shows the schematic diagram

for this interaction.
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Figure 5.3: Schematic diagram of a CC v, interaction with an oxygen nucleus producing
a nucleon and an electron in the final state.

Visible Muons and Pions

CC and NC interactions induced by atmospheric neutrinos can produce ob-
servable pions and muons in the final state. These backgrounds are generally
unproblematic, as their higher mass and momentum lead to event topologies

that can be easily separated from the prompt signal.

Neutral Current Quasi-Elastic Interactions

NCQE interactions of atmospheric neutrinos with oxygen nuclei is a dominant
background below 20 MeV, where the predicted DSNB flux is high [108]. For
neutrino energies E, > 200 MeV, the nucleon knock-out process produces primary
-rays from the de-excitation of residual nuclei, with energies between 6 - 8 MeV
[108]. Final-state protons often fall below the Cherenkov threshold, whereas
outgoing neutrons undergo hadronic interactions with other nuclei in the detector,
prompting the production of secondary <y-rays and additional neutrons. After
thermal propagation, these neutrons can be captured by Gd isotopes and emit 8
MeV <-rays, as shown in Figure The detection of the primary 7y-ray coupled
with a delayed-coincidence signal mimics the IBD event signature, which limits
the DSNB search sensitivity. In this thesis, a novel ML-based reduction technique
has been developed to mitigate the impact of the NCQE background, which
is described in Chapter [f]
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Figure 5.4: Schematic diagram of an NCQE interaction of atmospheric neutrinos with
oxygen nuclei. The prompt signal consists of y-rays produced by neutrino-oxygen
(primary) and neutron-nucleus (secondary) interactions.

5.2.2 Muon Spallation Products

The cosmic ray muon flux at SK, measured as 9.6 m—2 hrfl, corresponds to a
muon rate of ~2 Hz through the detector [109, |110]. While muons are easily
identified, their highly energetic interactions with oxygen nuclei in the water,
referred to as spallation, and energy-loss processes generate hadrons and unstable
radioactive isotopes. The subsequent beta decay (B) of these isotopes significantly
contributes to the background spectrum below 20 MeV. Since the spallation rate is
O(10°) greater than the predicted DSNB flux, detailed simulations and effective
spallation reduction techniques are required for the analysis.

Table 5.1 provides a summary of the FLUKA simulation results described
in Refs. [111-113], which investigated the half-lives, decay modes, yields, and
primary processes of isotopes in water. The isotopes form three decay classes:
neutrons, p-decay isotopes with and without accompanying hadrons and <y-rays,
and more stable long-lived isotopes that do not exhibit a visible signature in
SK. The end-point energy with respect to the half-life of spallation isotopes
is shown in Figure

Most isotopes generating B + n pairs, such as ®He, !'Li, and '°C, are con-
sidered subdominant processes due to their low branching ratios and yields.

Since ''Li is short-lived, it can be easily correlated with the incident muon and
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Isotope Half-life Decay mode Yield Primary process
[s] [x10~7u~1 g=! em?]
n 2030
18N 0.624 B~ 0.02 180(n, p)
7N 4173 B~ +n 0.59 8O (n,n + p)
16N 713 BT+ v(66%) 18 (n,p)
,3_ (280/0)
16C 0.747 B~ +n 0.02 (=, n+p)
15C 2449 B~ +v(63%) 0.82 (n,2p)
B~ (37%)
4B 0.0138 B+ 0.02 (n,3p)
130 0.0086 Bt 0.26 (W, p+2n+u +m)
138 0.0174 B~ 1.9 (m,2p+n)
12N 0.0110 B~ 1.3 (e, 2p + 2n)
12 0.0202 Bt 0.02 (n,a + p)
12Be 0.0236 B~ 12 (n,a4p+n)
HBe 13.8 B~ (55%) 0.10 (n,a+2p)
B~ (31%)
g 0.0085 B~ +n 0.01 (n*,5p + nt + n0)
’C 0.127 Bt 0.89 (n,a + 4n)
oLi 0178 B~ +n(51%) 1.9 (=, a+2p+n)
B~ (49%)
8B 0.77 BT 5.8 (7t~ ,a+2p +2n)
8Li 0.838 B~ 13 (7=, a+2H+p+n)
He 0119 B~ +n(16%) 0.23 (m,*H+4p+n)
B~ + n(16%)
150 351 (v +n)
15N 773 (v +p)
140 13 (n,3n)
B\ 295 (y,n+p)
4c 64 (n,n+2p)
BN 19 (7,°H)
3¢ 225 (n,?H+p+n)
12C 792 (7, &)
¢ 105 (n,a + 2n)
1B 174 (n,a+p+n)
10¢ 7.6 (n,a + 3n)
108 77 (n,a +p+2n)
Be 24 (n,a+2p+n)
°Be 38 (n,2a)
Sum 3015

Table 5.1: List of radioactive isotopes produced in the muon spallation processes at SK
calculated by FLUKA. Li decay has been highlighted as it forms the largest spallation
background in the DSNB analysis. This table has been taken from Ref. [114].
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Figure 5.5: Scatter plot of the end-point energy with respect to the half-life of radioactive
isotopes produced by muon spallation processes. Isotopes that produce a neutron in the
final state are highlighted in red.

rejected using simple cuts. However, °Li presents a significant challenge due
to its high yield, longer half-life of ~0.178 s, and decay into a B + n pair with
a branching ratio of ~51%. This decay closely mimics the IBD interaction and
cannot be reduced with neutron tagging alone. Since SK lacks sensitivity to subtle
differences between e~ /e™ production and neutron energy levels, °Li decay with
neutron emission is an irreducible background to the analysis.

The BESTIOLE code is used to simulate the 8 energy spectrum of °Li decays
[115]. This model accounts for resolution effects and extends up to approximately
14 MeV in reconstructed energy. The flux weights of the model are applied to the
IBD prompt signal MC to produce the spectrum shown in Figure To estimate
the decay rate in the signal energy window, the Li production rate measurement

of 0.86 + 0.12(stat.) + 0.15(syst.) kton~'day ! is used [45].

5.2.3 Reactor Neutrinos

Electron antineutrinos produced from the beta decay of fission fragments in
nuclear reactors form an irreducible background. The v, flux primarily originates

from the decay-chains of neutron-rich ?*U and ?*’Pu isotopes, contributing to
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Figure 5.6: True (blue) and reconstructed (orange) B kinetic energy for oLi decay with
neutron emission.

about 90% of the total neutrino production [116]. Each fission event releases
~200 MeV of energy, with an expected emission of 6 x 10%° 7, per second for a 3
GW thermal reactor power [117]. While most of the energy generated remains
confined within the reactor as heat, approximately 5% is carried away by the
antineutrinos. The energy spectrum of the v, flux depends on the fractional
contribution of each fissile isotope in the reactor and the detector’s proximity to
it. The activity of several reactors near the SK site is presented in Figure
To simulate the reactor neutrino background, the IBD simulation (see Sec-
tion [4.4) is reweighted according to the expected flux calculated by SKReact
[119]. The event production and oscillation probabilities are modelled based on
the Power Reactor Information System (PRIS) database from IAEA [120]. The
resulting flux at the SK site per year for the SK-VI period is shown in Figure
While the spectrum exhibits a pronounced peak at low energies, its distribution
extends up to 8 MeV within the DSNB search window. Since the reactor neutrino
rate surpasses the predicted DSNB flux by about two orders of magnitude above

6 MeV, this limits the lower energy threshold for the DSNB analysis.
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Figure 5.7: Activity trend from Japanese nuclear reactors located near to the SK site from
July 2020 to July 2022. The green-shaded region refers to the data-taking period of the
SK-VI run. The figure is taken from Ref. [118].
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Figure 5.8: Expected reactor v, flux at the SK site, including neutrino oscillation effects,
for the SK-VI run period.
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5.2.4 Accidental Coincidences

An electron-like signal, combined with an uncorrelated true neutron from muon
spallation or noise hits, can mimic an IBD event. These backgrounds are cate-
gorised as true and false accidental coincidences, respectively. Removing events
with true neutron signals is challenging and requires strict spallation cuts. On
the other hand, false neutrons, originating from PMT dark noise and low-energy
radioactive backgrounds, can be eliminated with neutron tagging. Since SKG4
lacks an accurate simulation of random noise produced by radioactive decay,
accidental coincidences are modelled using real data. A 532 us data sample from
the T2K dummy-trigger and the SK-wide random trigger is superimposed onto
each MC event in the neutron search window. These events are triggered during
T2K beam inactivity and periodically throughout normal SK runs. This step re-
duces neutron misidentification in the neutron tagging algorithm (see Section|[7.5)

and facilitates estimating the accidental coincidence background spectrum.



Convolutional Neural Networks for
Event Classification

This chapter presents the first implementation of a Convolutional Neural Net-
work (CNN) model for image-based classification in the DSNB analysis in SK. The
tirst section introduces a theoretical background to neural networks, supervised
learning, and CNNs. The Gamma And Positron CNN model (GAPNet), devel-
oped by the author using the Water Cherenkov Machine Learning (WatChMalL)
framework, is then described in detail including model training, performance,

and systematic uncertainties.

6.1 Motivation

Low-energy neutrino physics analyses usually implement cut-based background
rejection techniques to improve the signal-to-background ratio. In the DSNB
analysis, a series of boolean cuts are applied to variables obtained from likelihood-
based reconstruction algorithms to target atmospheric neutrino and spallation
backgrounds (see Chapter [/). For example, the Cherenkov angle (f¢) cut is
optimised to reduce the NCQE background. Despite its general effectiveness, the
discriminating power of the cut diminishes in the lowest energy region, where

the expected signal is highest. This highlights a limitation of traditional methods
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in distinguishing subtle feature differences between positrons and y-rays in
sparse low-energy datasets. Therefore, these techniques alone are insufficient for
achieving the required background reduction to observe the DSNB signal.

Improving traditional reconstruction is challenging due to the need for more
intricate algorithms with extended computational time. Therefore, ML techniques
are increasingly being used for various particle physics applications. In neutrino
physics, the SNO experiment first explored using neural networks for event
classification based on hit patterns [121]]. More recently, deep learning networks
have proven effective in electron neutrino appearance searches within the NOvA
experiment [122] and in neutrino identification using the Faster R-CNN algorithm
in MicroBooNE [123].

The WatChMalL organisation was formed to develop deep learning classifi-
cation and reconstruction models for analyses in SK and HK [124]. The group
has achieved promising results for ML-based neutron captures [125] and particle
identification (PID) studies [126]]. A recent study, conducted by a group external
to SK, has proposed using ML techniques to enhance NCQE background rejection
[127]. This result has provided a strong incentive to explore similar methods

in the DSNB analysis at SK.

6.2 Neural Networks

Neural networks are powerful nonlinear models effective in various applica-
tions, including pattern recognition, classification, regression, and reinforcement
learning [128]]. The basic computational unit in a feed-forward neural network is
the artificial neuron, illustrated in Figure The input layer takes in a vector
of D input features x = [x1, X2, ..., xp], each associated with a set of weights
W = [wy, Wy, ..., wp| and a bias term wy. The weights represent the strength of the
connections between the input features and the neuron, and the bias term defines

the minimum activation threshold of the neuron. In forward propagation, the
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Neuron

Inputs  Weights

Figure 6.1: Schematic diagram of an artificial neuron. The weights w, from an input
vector x,, with a bias term wg are summed via element-wise multiplication, and processed
through a non-linear activation function ¢ to output a scalar quantity 7.

neuron processes these inputs through a series of linear combinations, followed

by a nonlinear activation function o, to generate a scalar output 7,
§=o0(a), 6.1)

D
a=wo+) wi-x,
i=1

where a represents the activation of the neuron.

Multiple layers of artificial neurons can be stacked to construct more complex
fully connected neural networks, commonly known as multilayer perceptrons
(MLPs) (see Figure [129]. The intermediate hidden layers play a crucial
role in extracting and learning more robust and invariant features from the
input data. The output function for a network with M neurons in the hidden
layer takes the form,

2) | v 5@
=
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Figure 6.2: Schematic diagram of a multilayer perceptron (MLP) containing an input

vector x, with three elements, two hidden layers with neurons al(] ), and two outputs .

The connections represent the weights and biases for each layer.

where oyt represents the nonlinear activation function for the output layer and
the superscripts (1) and (2) denote the network parameters of the first and second
layers, respectively.

The choice of the nonlinear activation function determines the neural net-
work’s ability to learn complex patterns in the data and make accurate predictions.
The perceptron, an early model introduced by Frank Rosenblatt, is a specific
example of an artificial neuron that used a unit-step activation function for
binary classification [130]. However, the step function produces zero derivatives
(vanishing gradients) everywhere except for an input of zero during gradient-based
training processes (see Section [131]. Therefore, modern deep neural net-
works opt for non-saturating activation functions such as variants of the Rectified
Linear Unit (ReLU) function [132, 133]. These piecewise linear functions return
the input for positive values and zero (or close to) for negatives, making it highly
efficient for training computations. Figure [6.3| shows the common activation

functions used for training artificial and deep learning neural networks.
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Figure 6.3: Standard non-linear activation functions used for neural networks and deep
learning models.

6.2.1 Supervised Learning

In supervised learning, the neural network is trained on a labelled dataset contain-
ing a set of N pairs {Xy, Y }n=1,. N, Where x, represents input feature vectors
and y, is the target outputs [128]. The dataset is split into three subsets for
training, validation, and testing. The network parameters (w and wy) are initially
assigned random values before training. The training process iteratively adjusts
these parameters using a gradient-based optimisation algorithm to maximise
model performance.

The cross-entropy loss function £(7),y(!)), also known as the logarithmic
loss, is typically used to estimate the differences between model predictions and
target outputs in the training dataset [128]. It is expressed by the negative

log-likelihood formula,

£@9,y9) =~y 1og@") + (1 - y")) log(1 - 37)), (63)
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where a lower loss indicates better agreement between the model’s predictions
and target outputs. This function is well suited for binary classification tasks
where the objective is to categorise input data into two classes (0 or 1). In addition,
it excels in gradient-based optimisation when model outputs are represented
as probabilities, resulting in faster training compared to alternatives such as
the Mean Squared Error [134].

The cost function E(0) used to train the neural network is the average of the
loss function over the entire training dataset, written as

E(0) = — L L@ y"), (64)

I
—_

where 0 represents the network parameters w and wg. During training, the
primary objective is to determine optimal values for the weights and biases that
converge the cost function towards the global minimum. This process, known
as gradient-descent [135], involves computing the partial derivatives of E(0) and

updating the network parameters over ¢ iterations via
0t11 = 0r — 11: VoE(6). (6.5)

The parameter #; > 0 is the learning rate, which defines the size of the step taken
in the direction of the gradient at each iteration. The performance of the gradient-
descent optimisation algorithm is highly sensitive to the value of #;. A higher
learning rate can lead to a faster convergence but may overshoot the best solution
and cause training instabilities. On the other hand, a lower learning rate mitigates
training fluctuations but can result in the cost function converging to suboptimal
local minima. Figure 6.4 shows an illustration of the gradient descent procedure.
Backpropagation is used to calculate the gradients VoE(6) at each step [136].
The full derivation of the method is described in Ref. [128]. To summarise the
key points, a forward pass is first performed to process the input data through
the randomly initialised network, and the outputs are determined using the

procedure detailed in Section Following this, the errors of the output layer
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Figure 6.4: Schematic diagram of the gradient descent method. The same weight w,, is
shown to reach a global and local minimum of the cost function.

are computed, which correspond to the partial derivatives of the cost func-
tion, neuron activations, and model predictions. The subsequent step involves
propagating this error backwards through the network by recursively applying
the chain rule. The final gradients are then evaluated to provide the relative
adjustments to the weights and biases required to minimise the cost function.
The gradient-descent algorithm becomes computationally expensive for large
datasets as it requires calculating gradients over the entire training sample.
Therefore, modern deep learning models use more efficient variants such as
Stochastic Gradient Descent (SGD) or Adaptive Moment Estimation (Adam),
where a single sample or a random subset (mini—batch)ﬂ of the training dataset is
processed per iteration [137]]. This approach enables faster parallelised training
since the gradients can be computed simultaneously for separate mini-batches
using higher-level resources such as graphical processing unit (GPU) devices. In
addition, processing mini-batches helps prevent overfitting to noise in the training

dataset, which enhances the model’s generalisation to unseen test data [138].

IThe SGD method with a mini-batch size greater than one is also referred to as Mini-Batch
Gradient Descent in the literature.
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The complete training process involves several passes through the entire
training dataset, referred to as epochs. The validation dataset is applied after each
epoch to iteratively evaluate the performance throughout training. Monitoring
the validation loss trend is crucial for fine-tuning hyperparameters, which are
specific training-related and model architecture parameters. Regularisation
techniques, such as early-stopping, can be triggered if the validation loss exceeds
a predefined threshold or shows no improvement after a specified number of
epochs [128]]. At this point, the training is stopped and the model from the
epoch with the best validation accuracy is retained. This technique improves
training efficiency and mitigates overfitting. Finally, the trained model undergoes

evaluation using an unseen testing sample to qualify its overall performance.

6.3 Convolutional Neural Networks

Artificial neural networks excel in basic pattern recognition and classification
tasks, such as identifying handwritten digits with the MNIST database [139].
However, these models struggle to handle the computational complexity required
for advanced image processing. In a neural network, high-dimensional image
data is flattened into a one-dimensional input vector, resulting in the loss of all
localised and hierarchical features. In addition, training becomes inefficient and
prone to overfitting as the number of network parameters significantly increases
in a fully connected system. For example, a network processing a 100 x 100 black
and white image will have a minimum of 10,000? parameters in the first layer
alone. Therefore, specialised model architectures, such as Convolutional Neural
Networks (CNNSs), are necessary for more complex classification challenges
[140]. The following sections outline the basic structure of a CNN, including a

conceptual overview of the relevant operations.

6.3.1 Convolutional Layer

In computer vision tasks, images are represented by three-dimensional grid-like

structures, where each point corresponds to a pixel encoded with red, green, and
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Figure 6.5: Schematic diagram of a 3 x 3 kernel applied to an input image, which
forms the receptive field for a single unit in the hidden layer. The number of weights n
associated with the kernel are depicted as a 3 x 3 matrix with values w;,.

blue (RGB) values. CNNs utilise convolutional layers to extract features from
image data in a way that preserves and fully exploits the spatial correlations
between the pixels [141]. This involves connecting small patches of the input
image to individual units in the hidden layer, as illustrated in Figure This
constrains the receptive field of each unit to the size of the viewed patch. Every
connection is associated with a weight, which forms a two-dimensional pixel map,
or kernel. These connections are established over the entire input by sliding the
kernel across the image grid in both dimensions. At each position, element-wise
multiplication and addition are performed between the kernel and viewed image
patch to generate a feature map in the hidden layer. This process is a mathematical
operation known as convolutiorﬂ in ML literature [139].

For a two-dimensional input image with pixel values (i, j) and a kernel with

weights W(m, n), the output feature map F(i, j) is given by

F(i,j) = (K« I)(i,j) = Y_Y I1(i+m,j+n) W(m,n). (6.6)

2The definition of this operation is formally referred to as cross-correlation using pure
mathematics terminology [141].
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Figure 6.6: Illustration of the convolution operation between a 7 x 7 input black and
white image with 3 x 3 edge-detection kernel. The output feature map produced from
the operation is shown on the right. The placement of the kernel on the image, depicted
by a red square, corresponds to the value outlined in the output feature map.

Figure |6.6|illustrates the convolution operation applied to a 7 x 7 input image
using a single 3 x 3 kernel. In this example, the input black and white image is
represented by a heart, and the kernel is designed to detect a curved edge. This
edge is characterised by significant differences in the local intensity of the pixels.
The kernel slides across the image pixel-by-pixel with the convolution operation
applied to detect the presence of this specific feature. The resulting 5 x 5 feature
map exhibits heightened pixel intensity in regions where the feature is present.
The convolution operation in the above example reduces the size of the output
teature map relative to the input image. In general, for an input A X B convolved
with a M x M square kernel the resulting feature map will have the dimensions
(A—M+1) x (B— M+1). This type of reduction is not desirable for preserving
crucial features along the borders of the input. This is resolved by padding (P) the
original image with additional pixels, generally zeros, around the outside edges.
The stride (S) is another crucial hyperparameter that determines the step size
the kernel takes when sliding across an input. Adjusting the stride influences
how the network learns spatial features and controls the number of output

features (Noyt) via the relation

Nin, — K+ 2P
Nout == % + 1. (67)
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Here, Nj, is the number of input features and K is the kernel size. Increasing the
stride is useful for reducing the spatial dimensions of the output feature map
as well as the computational load. On the other hand, a smaller stride allows
the network to detect more fine-grained localised features in the input data. In
Figure 6.6, the input image is padded with ones and the stride of the kernel is one.

A single convolutional layer can detect multiple features by applying multiple
kernels to the input, which generates a volume of feature maps. In each layer, the
height (H) and width (W) represent the spatial dimensions of the kernel, while the
depth (D) corresponds to the number of kernels applied to the input. Analogous
to the artificial neural network, the output feature maps are processed through a
nonlinear activation function, typically the ReLU function (see Section 6.2). This
step injects non-linearity into the network, which allows it to learn complex

features within the data.

6.3.2 Pooling

Pooling is a down-sampling operation, applied after convolutional layers to
progressively reduce the dimensionality of feature maps [142]. It involves sliding
a window over the input, according to a specific stride, and computing either
the maximum (max pooling) or the average (average pooling) at each position,
as demonstrated in Figure This process aggregates local features into a
more compact representation, which improves computational efficiency by de-
creasing the number of layers required to process the input data. Max pooling
emphasises the most prominent features within the window, whereas average
pooling provides a smoother representation of the features. Furthermore, pooling
operations are advantageous for improving translational invariance in CNNs. This
allows the network to learn and recognise features irrespective of their precise
position and orientation within the image. Typically, max pooling operations
are applied in between hidden layers of a CNN, whereas average pooling is

used before the final output layers.
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Figure 6.7: Max pooling and average pooling 2 x 2 operations applied to an input with a
stride of two.

6.3.3 Network Architecture

Figure [6.8 shows the architecture of a CNN, which consists of a series of con-
volutional layers with non-linearities applied, interleaved with pooling layers,
to extract high-level features from input image data. The height, width, and
depth of the kernels change depending on the size of the stride applied to these
operations. The number of layers of the network depends on the classification
task and performance requirements of the model. The resulting output feature
map is flattened into a one-dimensional vector and processed by one or more
tully-connected layers for image classification. The softmax function is applied
to convert the final output into a categorical probability distribution, defined as

eYi

Usoftmax (J/ i) -

where y; is the output value for the class i and the summation is over all the

output values for N possible classes.
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Figure 6.8: Schematic diagram of a standard CNN architecture containing convolutional,
pooling, and fully-connected layers. The final output layer shows the softmax function
typically used for image-based classification tasks. The figure is taken from Ref. [143]].

6.4 The GAPNet Model

The Gamma And Positron (GAPNet) model for e* /v classification has been
developed to enhance NCQE background rejection in the DSNB analysis. This
CNN is trained on a labelled dataset of simulated IBD and NCQE prompt events,
which are transformed into two-dimensional event display images. The model
makes predictions on the event type, based on the spatial distribution of PMT
hits, without relying on reconstructed variables. The output is a classification
score (softmax), representing the "IBD-likeness" of an event. In this analysis,
the softmax score is implemented as an additional positron selection variable,
with new cuts optimised to eliminate residual NCQE background events (see
Chapter [/). This section outlines the processes involved in generating the
training dataset, formatting images, network architecture, and training the

GAPNet model.

6.4.1 Event Selection

The training dataset contains IBD signal and NCQE background events, simu-
lated with a livetime equivalent to 552.2 days and 5000 years, respectively. Both
MC samples are generated using the simulation and low-energy reconstruction
processes outlined in Chapter [ The delayed-event reconstruction variables

are obtained by processing the output through the neutron tagging algorithm,
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discussed in Chapter[/] The output ROOT MC files are converted into training
files using a dedicated software framework developed for this work.

The Super-K Python Library for Analysis Software Hub (SPLASHﬂ has been
extended to integrate a new ML-based data preparation and cut optimisation
pipeline into the DSNB analysis. The framework leverages the uproot and
pandas libraries to extract and organise event information from IBD and NCQE
simulations into two-dimensional dataframes [144, 145]. In this format, analysis
cuts can be applied to the entire dataset using vectorised operations rather than
through event-by-event iterations. This approach enables efficient and rapid
pre-processing of large datasets for training the CNN. The final samples are
labelled and combined into HDF5 training files for input into the WatChMaL
Python-based CNN architecture.

SPLASH is used to apply a set of low-level cuts to the signal and background
training samples. The cuts select events with a prompt energy between 8 - 100
MeV, a reconstructed interaction vertex within the fiducial volume, and one
detected neutron in the final state (see Sections[7.2land [7.5)). The neutron criterion
ensures that the CNN is trained to effectively differentiate NCQE background
events that most closely resemble IBD candidates. These cuts form part of the
first and fourth reduction criteria, detailed in Chapter [7]

The prompt event information is extracted from each event by selecting PMT
hit charges and times contained within a 300 ns time window around the trigger
time. This interval is chosen to capture the full e* /+ hit distribution without
feeding the network with unnecessary noise hits. Since both IBD and NCQE
interactions produce an identical neutron capture signal in the final state, the
delayed event is not used for training. Figure|6.9/shows the energy distribution
of the DSNB signal and NCQE background events with the training preselection
cuts applied. Given the significant background event rate, the GAPNet model
will need to perform well in the lowest energy region, where traditional cut-

based techniques are less effective.

3SPLASH was first created for the reactor neutrino analysis [119].
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Figure 6.9: Event rates for the simulated DSNB signal (black) and atmospheric NCQE
background as a function of reconstructed energy. NCQE events with a single neutron
(magenta) and multiple neutrons (blue) in the final state are shown. Note that no positron
selection cuts are applied to these distributions.

6.4.2 Data Preparation

The model is trained using event-display images of simulated IBD and NCQE
prompt events in the SK detector. These images are created by unfolding the
cylindrical geometry of the inner detector into a two-dimensional event display.,
which provides a visual representation of the detector’s response to neutrino
interactions. This process generates a 147 x 150 image map containing the barrel,
with 7650 PMTs, and two circular endcaps placed above and below, each with
~1740 PMTs. Each pixel represents a single PMT with a two-channel input for the
hit charges and the hit times. The hit times are offset relative to the reconstructed
vertex time to ensure that the first photon arrival time is centred around 0 ns
and the hit charges are normalised for each PMT hit-map.

In Figure hit-time maps are presented for two IBD and NCQE events,
with reconstructed energies of E ~ 14 MeV and E ~ 20 MeV. The CNN will learn
to identify key topological features in the spatial arrangement of PMT hits to
perform event classification. The IBD and NCQE events (see Figures and
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6.10b) can both contain a Cherenkov ring produced by an e™ and a -y-ray, respec-
tively. These event types are difficult to discriminate as they are reconstructed
with a Cherenkov angle that falls into the signal window. In the majority of
cases, NCQE events exhibit a dispersed distribution of PMT hits from secondary
y-rays, which form no distinct ring-like features (see Figure [6.10d). CNNs and
traditional reconstruction methods can easily discriminate this event signature
from an IBD candidate due to their distinct hit patterns. However, detecting
the Cherenkov ring in IBD events at very low energies can be challenging due
to the scarcity of PMT hits, as illustrated in Figure Therefore, the CNN
must be robust to subtle feature differences between clear rings and sparse hits

to achieve high classification accuracy.

(a) (b)

(c) (d

Figure 6.10: PMT hit-time image maps for IBD (green) and NCQE (red) events with
energies E ~ 20 MeV (upper) and E ~ 14 MeV (lower). The colour scale represents the
early-to-late hits in ns.
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6.4.3 Residual Networks

The model architecture is based on a modified version of the deep residual neural
network (ResNet) from the WatChMalL framework [124]. ResNet is a specific
type of CNN designed to facilitate the training of deeper networks [146]. This
network has been proven to achieve high accuracy for several image recognition
and classification tasks, including applications within neutrino physics [147].
The basic structure consists of several residual blocks with skip connections that
bypass one or more layers [148]. Figure shows a simplified representation
of the residual block, which consists of three stacked convolutional and activation
layers. The input denoted as x, flows directly through the layers and simultane-
ously through a skip connection around the block. The computations within the
residual block and the input x are combined via element-wise addition to produce
a final output H(x). In this case, the network layers are no longer responsible
for producing the desired output, as in standard deep learning models. Instead,
they learn the difference or the residual mapping F(x) between the input and

corresponding output, given as
F(x) = H(x) — x. (6.9)

This approach allows for information to pass more smoothly through the network
and accelerates the training process. The skip connections provide shorter
paths for the gradients to travel during backpropagation, which leads to faster
convergence. Furthermore, the residual block can learn an identity mapping, such
that the output produced is identical to the input (H(x) = x). In this instance,
the block has learned that no modification to the input is necessary (F(x) = 0).
This allows the network to bypass the block entirely and reduces the likelihood
of producing vanishing gradients (see Section[6.2). Therefore, it is relatively easy
to stack several residual blocks to build a deeper, more powerful network.
The selected architecture for this work is ResNet18, featuring eighteen layers,
as illustrated in Figure The input layer takes in the 147 x 150 image maps
detailed in Section [6.4.2] This is processed through the initial 1 x 1 convolutional
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Figure 6.11: Schematic diagrams of the structure and element-wise operations of the
generic residual block (left) and the specific residual block used in the ResNet18 CNN
architecture (right).

layer, followed by max pooling with a stride of two. The core structure consists of
four sets, each containing two stacked residual blocks. Within each block, there
are two 3 x 3 convolutional layers accompanied by batch normalisation and ReLU
activation functions [141]. Batch normalisation is a regularisation technique used
to normalise the inputs of each layer to facilitate faster training. The number
of kernels for each set doubles as a stride of two is applied. Additionally, a
skip connection is incorporated at the output of the second convolutional layer,
as depicted in Figure

Following the last residual block, global average pooling generates a 1 x 1
feature map for each channel. Subsequently, a fully-connected layer with two
output neurons is employed, followed by the softmax function to determine

the class probabilities.
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Figure 6.12: The ResNet18 architecture used in this work. The skip connections represent

an identity mapping (black lines) and a 1 x 1 convolution with a stride of two (grey
lines).

6.4.4 Training Procedure

The GAPNet model was trained within the WatChMaL framework using Python
3.9.12 and the PyTorch 1.11.0 library on two NVIDIA TITAN RTX GPUs [149].
The PyTorch DataLoader class is implemented in the framework to provide an
efficient input data pipeline during training. The model is trained on a dedicated
dataset with event selection cuts applied, containing 400,000 images for training
(90%), and 20,000 images each for validation (5%) and testing (5%). Each subset
has an equal number of IBD and NCQE events to prevent biases towards any
particular class during training.

The training procedure follows supervised learning via mini-batch gradient
descent. The cost function selected for training was the binary cross-entropy loss,
which was implemented using PyTorch’s built-in functions. Model parameters
were optimised using the Adam optimisation algorithm with an initial learning
rate of 0.001 [150]. The Adam optimiser iteratively updates the weights and
biases to minimise the cost function, whilst dynamically adjusting the learning
rate for each parameter. The level of the adjustment is controlled by the weight
decay, which was set to 1 x 10%.

Figure shows the accuracy and loss curves for the training process, where
the accuracy represents the fraction of correctly classified events. Through-
out the training, the validation loss and accuracy were monitored every 100

iterations using a mini-batch size of 256 events. These hyperparameters were
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Figure 6.13: Training and validation loss (red) and accuracy (green) for the training
progress of the GAPNet model over ten epochs. Early-stopping retains the model at the
best validation performance at epoch six.

optimised through manual adjustment and retraining of the model. Both the loss
and accuracy curves exhibit consistent behaviour in the initial epochs, which
indicates stable learning and adaptation to the data. The training process is
performed over ten epochs, with the early-stopping technique implemented at
epoch six to retain the model with the optimised performance. Beyond this point,
overfitting becomes apparent as the validation accuracy fluctuates, while the

training accuracy continues on an upward trend.

6.5 Performance Metrics

The GAPNet model’s performance is evaluated on an independent dataset of
simulated IBD and NCQE events, used in the final analysis (see Chapter[/). These
samples are produced following the same event generation, detector simulation,
and selection criteria as the training dataset, outlined in Section [6.4.2] The events
are weighted to match the expected DSNB and NCQE spectra observed at SK.

This section provides a comprehensive evaluation of the ML-specific per-

formance metrics, including the distribution of classification scores and the
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confusion matrix. The overall performance is evaluated using the Receiver
Operating Characteristic (ROC) curve on the test dataset. The objective is to
determine the effectiveness of an ML-based reduction step, considering its

potential as a complementary technique for NCQE background removal.

6.5.1 Classification Scores

The model’s performance is determined by the classification scores computed
by the softmax function in the output layer. These scores represent the model’s
predictions for categorising each input into either the DSNB (Ppsng) or NCQE

(Pncgg) class. This forms a two-dimensional vector of normalised scores, where
Ppsng =1 — pNCQE and P e [0, 1].

In binary classification tasks, the softmax output provides an estimate of the
probability that an event belongs to a specific class. For example, when Ppgnp
is closer to one, the model confidently predicts the event as a DSNB event,
while values closer to zero have a higher likelihood of being NCQE type. For
optimal performance, the model should achieve a clear separation between the
classification scores of the events.

Figure shows the probability distribution functions of the Ppsnp classifi-
cation scores. The GAPNet model exhibits considerable discriminatory power as
the signal and background distributions are predominantly peaked around one
and zero, respectively. However, the model misclassifies a moderate proportion
of DSNB events with lower scores, while maintaining accurate classification for
NCQE events. This suggests that potential biases related to specific physical
quantities and event features have impacted the model’s ability to perform
well on a particular subset of DSNB events. This effect is investigated in the

systematics evaluation in Section
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Figure 6.14: Distributions of the softmax signal classification scores (Ppsng) for DSNB
(green) and NCQE (red) weighted events.

6.5.2 Confusion Matrix

The confusion matrix, is a crucial metric for visualising and assessing the perfor-
mance of the GAPNet model [128]. In this binary classification task, the matrix
is divided into four quadrants, where the rows and columns correspond to the
actual and predicted classes, respectively. The matrix is calculated using a chosen
softmax output value Ppgnp, which represents the selection criterion or threshold
utilised by the model to classify events as either DSNB or NCQE. Each cell in

the matrix is occupied with the following metrics:
* True Positive (TP): Number of events correctly identified as DSNB events.
* True Negative (TN): Number of events correctly identified as NCQE events.
¢ False Positive (FP): Number of NCQE events misclassified as DSNB.

* False Negative (FN): Number of DSNB events misclassified as NCQE.
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Figure 6.15: The confusion matrix for the GAPNet model normalised on the ground
truth. The rows represent true class labels and the columns represent model predictions.

Figure illustrates the normalised confusion matrix. The elements in the
main diagonal (left to right) represent instances that are correctly classified, while
off-diagonal elements show the proportion of misclassified events. The model
demonstrates a satisfactory ability to correctly classify 68% of DSNB events
and excels in classifying 94% of NCQE events. This discrepancy is attributed
to the fact that a subset of DSNB events exhibit spatial features that are more

representative of the NCQE class (see Section [6.6).

6.5.3 Receiver Operating Characteristic Curve

The ROC curve evaluates the model’s overall performance at varying signal
thresholds [151]]. The curve depicts the True Positive Rate (TPR), representing the
fraction of correctly classified positive events, as a function of the False Positive
Rate (FPR), defined as the fraction of negative events incorrectly classified. The
Area Under the Curve (AUC) metric summarises the model’s classification
accuracy across all possible thresholds.

Figure shows the ROC curve for the GAPNet model in terms of the
DSNB signal efficiency with respect to the NCQE background efficiency at each
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Figure 6.16: The Receiver Operating Characteristic (ROC) curve for the GAPNet model
(black) in terms of DSNB signal and NCQE background efficiencies. The Cherenkov
angle (blue cross) and Third Reduction (red cross) cut efficiencies are shown. The grey
dashed line represents a model with no classification capability.

classification threshold (Ppsng). To compare the model’s performance against
traditional methods, the selection efficiencies for the Cherenkov angle and Third
Reduction cutsﬁ are superimposed.

The GAPNet model slightly underperforms in comparison to the Cherenkov
angle cut, due to its inherent energy-dependence bias and misclassification rate
for DSNB events between 8 - 12 MeV, as explained in Section However, since
GAPNet and the Cherenkov angle cut target the NCQE background rejection
differently, the classification cut can be advantageous as a complementary re-
duction technique to the analysis. Overall, the model rejects 83% of the NCQE
background at 78% signal acceptance, which aligns with the performance of the
Third Reduction. This result is interesting and highlights that a CNN model
trained on low-level features can achieve comparable background rejection

without relying on several complex reconstruction methods and cuts.

4Based on the cut criteria optimised for the SK-VI DSNB analysis conducted in 2023 [152].
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6.6 Systematic Uncertainties

Evaluating the systematic uncertainties is crucial for assessing the robustness of
the ML technique against variations, such as model dependence in the training
dataset and its influence on detector responses. These factors offer insights into
potential improvements for future iterations of the GAPNet model and whether
more sophisticated training techniques, such as data augmentation and other
regularisation methods, need to be introduced.

This section summarises the potential biases in the classification performance
of the GAPNet model. The model output has been analysed with respect to
reconstructed energy and validated against LINAC calibration data. Finally, a

conceptual overview of further systematics studies is presented.

6.6.1 Energy Dependence

The classification performance of the GAPNet model relative to the reconstructed
positron energy is depicted in Figure These distributions show that the
classification output Ppgnp is strongly correlated to the energy for both event
classes. Below 12 MeV, DSNB events are predominantly misclassified as NCQE
events due to the absence of distinctive features, such as a clear Cherenkov ring.
The model learns to characterise this event signature as background since NCQE
interactions emit vy-rays isotropically that undergo Compton scattering, which
produces a sparse spatial distribution of PMT hits. Above 12 MeV, the model
demonstrates robustness in classifying DSNB events, as these events exhibit
more discernible features compared to NCQE backgrounds. In particular, NCQE
interactions at higher energies lead to fast neutron-nucleon interactions that emit
multiple secondary y-rays in the prompt window, which are more easily sepa-
rated from positron-induced Cherenkov rings. As a result, the threshold for the

softmax score is optimised for each energy bin in the final event selection process.
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Figure 6.17: Distributions of the reconstructed energy as a function of softmax score for
DSNB MC events (left) and NCQE MC events (right). The colour scale is represented for
both histograms.

6.6.2 Validation on LINAC Calibration Data

The GAPNet model’s ability to generalise to unseen data is validated using
LINAC MC and data. Since the LINAC generates monoenergetic electrons that
mimic positron signatures produced in IBD interactions, all events should receive
high signal classification scores. However, localised features present in the train-
ing dataset, such as simulated noise patterns, may bias the model’s performance.

To assess the extent of this systematic, the GAPNet model is tested on three
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SK-VI LINAC MC and data runs, featuring target energies of 8 MeV, 12 MeV,
and 15 MeV, as depicted in Figure The energy-dependence effect is evident,
with the model’s classification capability being poorer at lower energies and
improving steadily as energy increases. The model tends to perform slightly
better on MC compared to data, particularly in the high softmax region. This may
indicate a potential effect of overtraining, as the model more confidently predicts
the classification for MC events compared to data. Since the overall discrepancy
is ~10% across the entire distribution, this study tentatively validates the model’s
capability to generalise to SK-VI data. Further investigations are required to

fully assess the performance of the model.

6.6.3 Further Studies

In this work, an additional cut using the softmax score is integrated into the
full analysis without a quantitative treatment of the GAPNet model-specific
systematics. Since further studies are ongoing to estimate the specific systematic
uncertainties, this subsection provides a conceptual overview of some of the

sources of potential bias.

DSNB Models

To evaluate the sensitivity of the GAPNet model to the selection of the DSNB
model, the ROC curve has been reweighted based on the Horiuchi+09, Nakazato+15,
and Ando+03 models, as illustrated in Figure Minimal discrepancies are
evident in the ROC curves, indicating that the choice of the DSNB model has

negligible impact on the overall performance.

NCQE Cross Section

Various systematic uncertainties are associated with the atmospheric neutrino
NCQE background spectrum, related to the models implemented within NEUT.
In this analysis, the NCQE cross section uncertainty is set at 44%, derived from the

scaling factor of the T2K measurement (see Chapter|[8). The GAPNet model can
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Figure 6.18: Distributions of softmax signal classification scores Ppsnp for LINAC data
(black) and MC (green). The LINAC energy for each plot is 8 MeV (upper left), 12 MeV
(upper right), and 15 MeV (centre) and the position is (-12, 0, 12) m.

be tested on several NCQE MC test sets, reweighted according to each available

cross section model in NEUT. The relative differences observed in the ROC curves

would be quantified as the systematic uncertainty.

NCQE Spectroscopic Factors

There are uncertainties associated to the 7y production model used in NEUT for

NCQE interactions. When the nucleus de-excites it can eject a different number
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Figure 6.19: The Receiver Operating Characteristic (ROC) curve for the GAPNet model
weighted with Horiuchi+09 (black), Nakazato+15 (red), and Ando+03 (green) DSNB flux
models.

of y-rays and nucleons depending on the interaction state it occupies. This has a
direct impact on the spatial distribution of PMT hits for NCQE events and thus,
the input PMT hit-map images that the model learns from. The model can be
tested on NCQE MC test sets generated with different spectroscopic factors to

quantify the systematic uncertainty related to this effect.

NCQE De-excitation Models

The secondary-interaction model in SKG4 is based on the Bertini Cascade model
(BERT). However, studies have shown that the Binary Cascade (BIC) model
and the Liege intranuclear cascade (INCL++) model provide a better fit to
T2K data [80]. The model’s performance can be evaluated with NCQE test
sets generated with different nuclear de-excitation models to parameterise this

systematic uncertainty.



Event Selection

This chapter describes the event selection applied to the SK-VI dataset to target

the removal of dominant backgrounds. The selection involves five stages:

¢ First Reduction: Eliminates nonphysical and background noise events.

¢ Second Reduction: A data-driven approach is implemented to remove
energetic muons and subsequent spallation isotopes that dominate the

signal region.

¢ Third Reduction: Following the spallation cuts, significant backgrounds
from atmospheric neutrino interactions and low-energy radioactive decays
remain. To select the IBD positron candidates, a series of cuts are applied
based on reconstructed positron observables to target these backgrounds.
In this work, new energy-dependent cuts are optimised using the SPLASH

framework to improve background reduction.

* Fourth Reduction: This step uses a dedicated neutron tagging algorithm to

select IBD events with a single delayed neutron capture signal on Gd.

* Fifth Reduction: This is a new reduction step developed by the author,
designed to enhance atmospheric neutrino NCQE background rejection

based on the output of the GAPNet CNN model (see Chapter [6).

88
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7.1 Data Sample

This analysis uses data acquired with the SHE+AFT combined trigger during the
SK-VI period. This period begins 43 days after the Gd-loading phase to ensure
that stable detector and trigger conditions are maintained throughout normal
physics runs. The operational livetime is 552.2 days, accounting for dead time,
calibration runs, and the removal of poor-quality data.

The SHE event trigger captures signals within a [-5, 35] nus window around
the main activity peak. The threshold of this trigger establishes the lower limit
of the analysis energy window, set at 7.49 - 29.49 MeV in this study. The upper
limit is determined by the expected background contribution and the predicted
DSNB search sensitivity at higher energies. An AFT trigger is issued immediately
after the SHE event to record neutron signals within a 500 ys window. From the
middle of SK-V onwards, the AFT trigger is activated following every OD trigger
to facilitate the detection of secondary neutrons produced by cosmic muons. The
AFT trigger rate was increased from one to three events in a 21 ms timeframe to
account for the increased load on the DAQ. A summary of the trigger conditions
and livetime for the full SK-VI period is provided in Table

SHE triggers can occur without a subsequent AFT trigger due to variations in

the AFT trigger rate. For each 2 MeV energy bin, the AFT trigger efficiency

Start date End date Livetime SHE threshold AFT rate
[days] [hits] [/21 ms]
Jul. 14, 2020° Aug. 26, 2020 43 - -
Aug. 26,2020  Aug. 26, 2021 365.6 60 1
Aug. 26,2021 Sep. 12,2021 10.97 52 1
Sep. 12,2021 Mar. 3, 2022 157.49 60 1
Mar. 3, 2022 Jun. 1, 2022 78.15 60 3

Table 7.1: The SHE+AFT trigger conditions and operational livetime during the full
SK-VI period. ~ refers to data taken during the Gd-loading phase, which is not used in
this analysis.
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€ArT is defined as

where Narr is the number of AFT-triggered events and Ngyg is the number of
SHE-triggered events. The ept is included in the normalisation of MC events.

Table [7.2] shows the values of espr used for this analysis.

Energy bin [MeV] AFT-trigger efficiency [%]

8-10 85.3
10-12 80.4
12-14 74.3
14-16 70.0
16-18 67.9
18-20 63.4
2022 89.7
22-24 90.0
24-26 90.0
26-28 100.0
28-30 90.5

>30 93.7

Table 7.2: The AFT-trigger efficiencies for each 2 MeV energy bin.

7.2 First Reduction

This section describes the first set of cuts applied to eliminate non-physics events,
cosmic muons and decay electrons, and poorly reconstructed events. The cuts
are designed to target obvious backgrounds in data so they have minimal impact

on the signal MC efficiencies.

7.2.1 Non-physics Event Cut

The analysis only uses data from normal physics runs, excluding calibration runs,
test runs, and periodic triggered events. The normal runs selected must last
for more than five minutes, without any hardware faults occurring during the
runtime. In the event of HV failure, the run must start at least fifteen minutes

after the HV system has recovered. Within each run, pedestal events, incomplete
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events, and badly processed events are removed. Any event associated with
an OD trigger is discarded as these are often induced by cosmic muons. In
addition, the events triggered by the T2K beam trigger, which is issued every
2.48 s during beam time operations, are excluded.

Additionally, to exclude events caused by PMT dark noise, which typically
generate fewer hits and lower charge compared to real signals, the following

criterion is applied

N(Q < 0.5p.e.)

< 0.55,
Nan

where N(Q < 0.5p.e.) is the number of PMT hits with charge deposition less

than 0.5 photoelectron (p.e.), and Ny represents the total number of hits.

7.2.2 Cosmic Muon Event Cut

The cosmic muon rate in the SK detector is ~2 Hz. These muons typically
produce easily identifiable signals in the OD and can generate decay electron
events with a lifetime of 2.2 ys. In some instances, the decay electron generates
hits in the ID volume without triggering the OD and thus reconstructs as a
separate event. Therefore, any events within 50 us following the detection of a
muon are excluded from the final sample as a precautionary measure. This cut

also eliminates short-lived isotopes produced from muon spallation.

7.2.3 Fiducial Volume Cut

Low-energy radioactive backgrounds produced near detector walls are elimi-
nated by applying the fiducial volume (FV) cut, which removes events recon-

structed within 2 m from the ID walls.

7.2.4 Fit-quality Cut

The BONSAI reconstructed goodness-of-fit parameter (gyt) defines the fit-quality
of the event (see Section |4.6.1). Figure|7.1|shows the reconstructed kinetic energy
(Erec) as a function of gytx for the data and signal MC. The cut gytx > 0.5 is applied
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Figure 7.1: Distributions of the goodness-of-fit (gvt«) as a function of reconstructed energy
(Erec) for the data (left) and signal MC (right). The black line represents the gy cut.

after the non-physics event and FV cuts to remove poorly reconstructed events,
typically from muon spallation and residual radioactive backgrounds. This

selection criterion maintains a signal efficiency of >99% above 8 MeV.

7.3 Second Reduction

The dominant physics background in the signal region comes from the beta decay
of cosmic muon spallation products. While FLUKA-based spallation simulations
are currently under development to directly model these backgrounds [153]],
they have not yet been integrated into the full analysis pipeline. Therefore, this
analysis adopts a data-driven approach to target spallation backgrounds. The cuts
are designed to eliminate DSNB candidate events (SHE events) correlated with
preceding muons, based on the expected behaviour of the spallation backgrounds.
Since muon spallation events dominate the spectrum by O(10°) in the search win-
dow, highly effective spallation cuts are required to provide a robust constraint
on the DSNB flux. The second reduction is dedicated to tuning below 24 MeV as
the highest endpoint energies from B and ''Li are 20.6 MeV (see Section 5.2.2).

This section summarises the second reduction techniques applied to SK-VI

data, which were developed independently of this thesis’s work 152].
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7.3.1 Muon Selection

The spallation reduction strategy involves examining correlations between SHE
events and nearby muons. Events occurring within a 60 s window of a SHE
event that meets the first reduction criteria are selected for further analysis. This
extended search window is chosen to cover radioactive decays of abundant
and long-lived spallation isotopes such as 'Be and 1°N (refer to Table .
Subsequently, the HE and OD software triggers are applied over this search
window to identify candidate muons, resulting in approximately 240 muons
for each SHE event. These muons are divided into pre and post-samples. The
pre-sample consists of muons within the time interval [-60, 0] s relative to the
SHE event, while muons within [0, +60] s are assigned to the post-sample, as
illustrated in Figure This separation distinguishes correlated preceding
muons that may induce a SHE event consistent with spallation (pre-sample) from
muons entirely uncorrelated with the SHE event (post-sample). For each muon
and SHE event pair, the relative time difference and the muon properties are

reconstructed using the flagship muon fitter.

|
pre-sample !

—60s +60s

@)

SHE event

Figure 7.2: Schematic diagram of the pre- and post-samples defined around a SHE event.
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7.3.2 Muon Fitter

High-energy cosmic muons are characterised by their track-like trajectories and
tend to deposit more charge per PMT in the detector volume compared to prompt
events. In SK, dedicated muon reconstruction algorithms have been developed
to identify muon interactions and reconstruct their direction, tracks, and energy
deposition (dE/dx) along the track length. This work utilises the output of the
general-purpose muon fitter, called Muboy [100, 101], which classifies muons

based on their topological features into the following event types:

¢ Single through-going: Single muons passing through the detector with
well-defined entry and exit points that contribute significantly to the spalla-

tion background spectrum (~83%).

* Stopping: Single muons that stop within the detector volume, identified by
the lack of an exit point (~5%). These muons produce decay electrons that

can be characterised by the Michel electron spectrum.

* Multiple-track: Split into two sub-categories: muons with either exactly

one reconstructed track (~2%) or multiple reconstructed tracks (~5%).

¢ Corner-clippers: Through-going muons with short track lengths (< 7m)
near the corners of the ID, which have minimal contribution to muon

spallation (~4%).

* Misfit: Muons failing to meet classification criteria defined for the other

categories (<1%).

Figure [7.3|illustrates the distribution of the muon event classes as a function
of the reconstructed goodness-of-fit parameter for the SK-VI dataset. These
muon categories and reconstructed parameters are essential components of

the spallation cuts.
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Figure 7.3: Muon event classes as a function of Muboy reconstructed goodness-of-fit for
the SK-VI dataset.

7.3.3 Preselection Cuts

There are three preselection cuts applied to remove spallation backgrounds from

high-energy muons, defined as follows:

1-ms Cut

Muon spallation events that generate high-energy cascades can induce subse-
quent hadronic interactions. Secondary particles produced from these processes
can activate SHE triggers and mimic IBD events if paired with a delayed neutron
capture signal. Therefore, all SHE events within 1 ms of a preceding muon are
excluded from the final sample. Given the 2 Hz muon event rate in SK, this cut

has minimal impact on the signal efficiency (1 ms/0.5 s = 0.2%).

Multiple Spallation Cut
High-energy muons can induce multiple spallation events from a single inter-
action. Therefore, SHE events within £ 60 s and 4 m of subsequent low-energy

events below 25 MeV are removed. This cut has a signal efficiency of 98%.
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Figure 7.4: Schematic diagram of the new coordinate system for the neutron cloud cut.

Neutron Cloud Cut

SHE events associated with multiple clusters of secondary neutrons produced
from muon spallation, referred to as neutron clouds, are removed from the analysis.
These neutrons undergo capture on Gd isotopes within a timescale of O (100 us).
The selection criteria, based on the methods established in the cosmogenic

neutron yield analysis [154], are as follows:

* Events triggered with at least 25 hits in a 200 ns time window (Npqp > 25).
¢ The event timing within [35, 535] us from the parent muon.
* The goodness-of-fit criteria: guty > 0.4 and gy; < 0.4.

* The distance from the parent muon is within 5 m.

Spallation events with neutron clouds are more common in the pre-sample
and closely correlated in time to the SHE event. In the SK-VI analysis, a new
coordinate system (Ay, Ay, A;) has been created to enhance the reduction of muon
spallation events with neutron clouds. The vertex difference is calculated as
A = N2+ Aﬁ + A? and the time difference between the muon and SHE event
is defined as At (see Figure[7.4). Table[7.3|displays the new cut criteria, tuned
according to the number of neutrons following a parent muon Njou4- The
neutron cloud cut reduces about 68% of the spallation events whilst retaining

a ~98% signal efficiency.
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Npdoua  Time [s] Spatial [cm]
2+ AT <01 Al < 1200
2+ AT<1 Al < 800

2 AT <30 (A,% + A§> /2002 + A2/400% > 1.2

3 AT<60 (A2+42)/(6x10%) +A2/5002 > 12
45 AT <60 (A2+A2)/(12x10°) +A2/5507 > 12
6-9 AT<60 (A3+AZ)/(2x10°) +A2/6507 > 12
10+ AT <60 (A§ + A§> /5002 + A2/700% > 1.2

Table 7.3: The neutron cloud cut criteria. The (+) in the Nyjouqd column denotes equal to
or more than the defined value. This table is taken from Ref. [152].

7.3.4 Spallation Observables

The preselection cuts remove ~70% of the muon spallation events. Following
these cuts, a statistical analysis based on computing the log-likelihood of spalla-
tion observables is performed to further eliminate spallation backgrounds. The

key variables calculated for the pre- and post-samples are defined as follows:

¢ dt: Time difference between the muon and the SHE event. This corresponds

to the half-life of the produced radioactive isotope for spallation events.

¢ /;: Transverse distance from the muon track to the SHE event (see Fig-
ure [7.5). Typically, this does not exceed a few metres for well-defined

through-going muons paired with their spallation decay products.

* /;: Longitudinal distance between the SHE event vertex projected onto
the muon track and the position where the energy deposition (dE/dx) is
maximal (see Figure[7.5). The dE/dx peak is calculated by aggregating the
hit PMT information into a single spatial point on the muon track, using
the method outlined in Ref. [44]. The ¢; should not extend beyond a few

metres, provided the spallation peak position is accurately reconstructed.

* Q,: Total charge deposited by the muons in the ID, where higher values

are expected for spallation-induced particle showers.
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* Qpes: Residual charge deposited by the muon relative to the value expected

from a minimum ionising particle (MIP), given as

Qres = Qu — Qmrp X L, (7.1)

where Qwzp represents the number of photoelectrons per centimetre ex-
pected from the MIP and L is the muon track length. In this context, Qnp
is calculated separately for each run as it depends on several detector
properties that vary with time. For multiple-track events, L corresponds to
the length of the first track. While this observable is not directly associated
with the SHE event, it provides insight into the likelihood of a particular

muon triggering a shower.

muon track

d

4
SHE event

Figure 7.5: Schematic diagram of spallation likelihood variables.

7.3.5 Spallation Likelihood Cut

Two PDFs are constructed to define the log-likelihood ratios for each muon
type across all spallation observables (i = dt, {1, £;, Qy, Qres). The spallation
PDF (PDFépaH) is obtained by subtracting the post-sample distributions from
the relative pre-sample distributions after area normalisation. The random PDF

(PDF! ) is the area-normalised post-sample distribution. The PDFs for ¢;,

random
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Qu, and Qres are tuned in three bins to account for correlations between these
particular observables. These bins are defined as dt (0 —0.05 s, 0.05-0.5s, 0.5
- 60 s) and ¢; (0 — 300 cm, 300 - 1,000 cm, 1,000 — 5,000 cm). A Kernel Density
Estimation (KDE) method is applied to the PDFs to smoothen out statistical
variations. Figure shows the PDFs of the spallation observables for the
single through-going muon. The spallation component is evident because all
distributions show an excess of events compared to the random sample. The

ratios of the PDFs are combined to produce the spallation likelihood Lgpay ,

PDF;pall (x) > . (7.2)

L = logH ( -
°pe -\ PDF!

random (x )

The Lgpan ratios are binned according to the reconstructed energy of the DSNB
candidate. The cut criteria are determined separately for each bin as the spallation
event rate is highly correlated with energy. Since single through-going and
multiple-track muons are the primary sources of the spallation background, cut
conditions with fine-grained dt and /; bins are implemented in this analysis.
For misfit muons, only the dt variable is used to calculate Ly, as other spal-
lation observables produce unreliable results. To provide an example of these
distributions, Figure|7.7|depicts the likelihood distributions for different muon
types in the 8 - 10 MeV bin.

7.3.6 Box Cut

Above 16 MeV, spallation backgrounds are primarily dominated by short-lived
radioactive isotopes such as 14B 12N, and 'Li (see Table . These backgrounds
are reduced by implementing a series of straightforward box cuts on the dt and
¢; spallation observables for each muon class. In particular, these cuts effectively
eliminate higher energy spallation events by leveraging the correlation between

the half-lives of the spallation isotopes and the event’s energy (see Table[7.4).
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Figure 7.6: Spallation (blue) and random (red) PDFs of the spallation observables for
single through-going muons with dt [0, 0.05] s and ¢; [0, 300] cm. This figure is taken
from Ref. [152].
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Figure 7.7: Spallation likelihood distrubtions (Lpan ) for the 8 - 10 MeV bin. The pre-
region refers to the pre-sample (blue) and the post-region refers to the post-sample (red).
This figure is taken from Ref. ||
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Energy region = Muon type Cut criteria
E < 24MeV - dt < 0.1 sand ¢; < 400 cm
16 < E < 20MeV misfit dt <15s
16 < E < 18MeV single gu <04 anddt <7sand {; <150 cm
16 < E < 18MeV  stopping gu<03anddt <6s
16 < E <20MeV  stopping dt < 0.05s
16 < E <20MeV  multiple dt < 0.1 sand ¢; < 400 cm

Table 7.4: Spallation box cut criteria for each reconstructed energy bin. This table is taken
from Ref. [152].

7.3.7 Efficiency Calculations

In this section, the cut efficiencies after all preselection and spallation cuts are
estimated for the remaining "signal" events in the dataset (including contribu-
tions from DSNB, solar, reactor, and atmospheric neutrino interactions) and the
spallation backgrounds. The four types of efficiencies evaluated are the random

event (€random), solar event (€solar), spallation event (espan), and Li event (e}9).

Random Event Efficiency

The signal efficiency after the preselection cuts is ~98%, as described in Sec-
tion The random event efficiencies €;4n40m, Which are equivalent to the
signal efficiencies, are estimated for the spallation likelihood and box cuts. This

is represented by

N,
__ 4Npost, after
€random — Nb ‘ ’ (7-3)
efore

where Npefore and Npost, after are the number of SHE events before and after
implementing the spallation cuts, respectively. Both variables are determined

after the preselection cuts are applied.

Solar Neutrino Event Efficiency

The solar sample is used to validate the random event efficiency as these events
are independent of the post-sample and thus should not correlate to any muon-
induced spallation events. The angular correlation between the solar neutrino

event direction and the sun’s direction (8sun) is illustrated in Figure Solar
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events align with the sun’s direction (cos(6sun) ~1) and non-solar events are
uniformly distributed across the entire spectrum. The number of SHE-triggered

solar events (Ng,)) is estimated as

Nsol - Ncos Osun>0.5 — Ncosesun<70.5/ (7-4)

where Ns,,.>05 represents the number of SHE events in the sun’s direction
and Ncosg,,,, <05 is the number of events in the opposite direction. The spallation

cut efficiency for the solar neutrino event (e414r) is calculated as

Nsol re, after
€solar = %’ (75)
sol, before

where Nyol, before ad Nyol, pre, after are the number of SHE-triggered solar events
in the pre-sample before and after the spallation cuts are applied, respectively.
The €so1ar and €angom Were found to be linearly correlated, which implies that

the €random can be used to estimate the signal efficiency in this analysis [152].

sun

Nsol

Nnonsol . Nnonsol
: : 3 >
-1 -0.5 0 0.5 1 c0s(Osun)

Figure 7.8: Schematic diagram of the 0sun and cos(6sun) solar variables. A solar neutrino
is shown to propagate through the SK detector with a reconstructed angular direction
of Osun relative to the sun’s direction. The red-shaded area refers to the non-solar events
(Nnonsol) and the green-shaded area refers to solar events (Nj).
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Spallation Event Efficiency

The performance of the spallation cut is determined based on evaluating the
spallation remaining event rate (€span). Since the spectrum below 16 MeV is
dominated by spallation and solar neutrino events at this stage in the reduction,

the €gpan is estimated using the region cosfsun < 0,

N, cos Osun <0, pre, after — N, atm, after

Espall =
P N, c0s Osun <0, before

(7.6)

atm, before

The Necos g, <0, before AN Neos 6 <0, pre, after Parameters denote the number of
non-solar events before and after the spallation cuts in the pre-sample, respec-
tively. Above 14 MeV, the subleading background in the cos fsun < 0 region
is atmospheric neutrinos. Therefore, the atmospheric neutrino contributions
before (Nyim, before) and after (Nyim after) the cuts are subtracted. The parameter
Natm, before 15 determined from the atmospheric MC sample and Ny, after iS

calculated as Ny, before X €random-

Lithium-9 Event Efficiency

The event efficiency for °Li decay is evaluated as a separate quantity since it is a
prominent background even after all spallation cuts are applied. The calculation
involves evaluating the survival probabilities for the pre- and post-samples,
given a certain SHE event (see Figure[7.2). The muons are categorised into three
classes: a muon that produces the target SHE event (€,), muons that create other
SHE events (€p), and non-spallation-inducing muons uncorrelated to any SHE
events (e.). For the target spallation SHE event, the pre-sample contains muon
events from all classes whereas the post-sample contains those from only the
latter two classes. The survival probabilities after applying all the spallation

cuts for €pre and €post is

epre — Ga X eb X ec

epost — eb X ec.
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Since €,, €, and, €. are independent of eachother, €, can be calculated as €, =
€pre/ Epost- The 9Li event efficiency (e};9) is calculated in the same way, taking

into account the Li properties,

€1i9 = €4, 119 X €random X €multi+ncloud
€spall

€multi+ncloud = .
€1-ms+likelihood+box

The €, 119 represents the survival probability for the spallation-causing muon
(same as €;), €multi+ncloud denotes the efficiency after applying the multiple
spallation and neutron cloud cuts, and €1y likelihood+box 15 the efficiency after
the 1-ms, likelihood, and box cuts. In this analysis, it is assumed that 9Li events
should have similar spallation observables compared to other isotopes, except
for the dt variable ﬂ Therefore, the €, ji9 is estimated by varying the dt according
to the °Li half-life (T = 0.178s) in the calculations of the °Li likelihoods.

Final Efficiencies

The spallation cut criteria are optimised following the procedures outlined in Ref.
[152]. This includes using ROC curves to evaluate the reduction performance
and compare the relevant efficiencies. The final efficiencies calculated from this
process for each energy bin are summarised in Table The €y is not evaluated

above 16 MeV due to the end-point energy of °Li (see Table .

Energy [MeV] €random €spall €1i9
8<E<I10 51.8% 5.1% 3.4%
100<E<12 78.2% 6.8% 5.0%
12<E<14 86.0% 6.8% 5.9%
14<E<I16 93.1% 5.3% 5.5%
16 < E <18 73.4% 0.01% -

18 < E <20 81.8% < 0.001% -
20< E< 24 81.8% < 0.001% -

Table 7.5: Summary of the spallation cut efficiencies for each energy bin. This table is
taken from Ref. [152].

IFurther MC studies are investigating whether the /; parameter changes according to the
isotope type.
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7.4 Third Reduction

The third reduction targets the removal of atmospheric neutrino and residual
radioactive decay backgrounds, which dominate the signal region after the
spallation cuts. In particular, low-energy atmospheric neutrino interactions with
protons and oxygen nuclei produce electron-like event signatures that mimic
the prompt positron from the IBD signal. Additionally, visible pions, muons,
and y-rays generated from higher-energy interactions further contribute to the
background spectrum. Therefore, a set of cuts based on characteristic variables
is implemented to distinguish and eliminate these backgrounds from the final
sample. The procedure for optimising energy-dependent cuts, developed by the
author for this work, is outlined in Appendix

7.4.1 Cherenkov Angle

The opening angle of the Cherenkov light cone (6¢c) emitted by the prompt
event is a crucial parameter for discriminating atmospheric backgrounds. Highly
relativistic electrons and positrons are reconstructed with 6c ~ 42° in the SK
detector. In contrast, heavier particles like pions and muons tend to be produced
close to their Cherenkov threshold, resulting in smaller angles. Furthermore,
events with multiple -ray emissions often misreconstruct with larger angles

since individual y-rays cannot be resolved separately, as illustrated in Figure

reconstructed ring

—_— —_—

\
\
1 1
Vool true rings
1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
S Vo
\\\ 1 1

N
3

IBD-like NCQE-like

Figure 7.9: Schematic diagram of the Cherenkov angle (6¢) reconstruction for IBD-like
and NCQE-like prompt events.
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Figure 7.10: Left: The Cherenkov angle (0¢) distribution of the simulated atmospheric
neutrino backgrounds separated by interaction type (colours) and the DSNB signal MC
assuming the Horiuchi+09 flux model (black) [37]. Right: The DSNB (grey, black) and
NCQE (magenta) efficiencies before (solid line) and after (filled histogram) the Cherenkov
angle cut.

Figure displays the Cherenkov angle distributions for both the DSNB
signal and atmospheric neutrino backgrounds after the first reduction. The NCQE
events predominantly exhibit larger angles, peaking near 90° due to multiple
y-ray emissions. On the other hand, low-energy muons, and pions produced
from CC interactions reconstruct at angles below 40°.

This analysis introduces the first implementation of an energy-dependent
Cherenkov angle cut optimised using the SPLASH framework. These cuts target
low and high-angle components by selecting separate 0c regions for each 2
MeV energy bin, listed in Table Despite effectively reducing the majority of
backgrounds, this method still retains over 30% of NCQE background events
in the low-energy region, as illustrated in Figure Therefore, a new set of

ML-based cuts are implemented in this analysis (see Section [7.6).

7.4.2 Charge Over Number of Hits

High-momentum muons deposit more charge per PMT than O(10 MeV) electrons
and positrons. This is primarily because low-energy electron-like events tend to
scatter, leading to a lower charge deposition per PMT. The ratio of the charge to

the number of hits in a 50 ns time-of-flight subtracted window around the main
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Figure 7.11: The g50n50 distributions of the simulated atmospheric neutrino backgrounds
separated by interaction type (colours) and the DSNB MC assuming the Horiuchi+09
flux model (black) .

activity peak (q50150) is calculated to quantify this characteristic. Figure [7.1]]
shows the g50n50 distribution for the DSNB and atmospheric MC after the first
reduction is applied. Signal events typically produce around one photoelectron
per PMT, while the distribution for higher-energy background events extends
to larger values. In this analysis, energy-dependent cuts are optimised in the

SPLASH framework, with the cut values provided in Table

Energy bin [MeV] Cherenkov angle (6¢) cut Charge/Hit (g50n50) cut

8-10 [31°,53°] 2.81
10-12 [35°,54°] 2.19
12- 14 [37°,53°] 221
14-16 [36°,53°] 2.03
16-18 [36°,52°] 1.98
18- 20 [37°,52°] 1.90
20-22 [37°,52°] 2.08
22-24 [38°,53°] 1.89
24-26 [38°,52°] 1.81
26 - 28 [38°,52°] 1.80
28 - 30 [38°,52°] 1.83

30> [38°,53°] 2.00

Table 7.6: Summary of the energy-dependent cut values for the 6 and 450150 cuts.
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7.4.3 Pion Likeness

Electron-like events often undergo multiple scattering, resulting in dispersed
hit patterns, while high-energy pions typically generate clear and well-defined
Cherenkov rings. The pion-likeness parameter R is employed to distinguish
pion and electron-like events based on the clarity of their Cherenkov rings. This
is determined by calculating the opening angles (6) for all possible three PMT-hit
combinations within a 15 ns time-of-flight subtracted window centred around
the main activity peak. The number of triplets (Nyiplets) is then compared in
two different angular intervals around 6 to give

o Ntriplets(90 + 30)
Ntriplets(90 + 100)

Ry (7.7)

Figure presents the R distribution for the DSNB and atmospheric MC
following the first reduction. Higher values of R, often correspond to events

producing pions. Therefore, a threshold of R < 0.36 was chosen for this analysis.

HEm CCQE + 2p2h
10+ mm CC+n
I CC (other)
I NCQE
100 - B NC+nm
NC (other)
[ DSNB
10—1 4
10—2 4
10—3 4
L1

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Figure 7.12: The pion-likeness (R ) distributions of the simulated atmospheric neutrino
backgrounds separated by interaction type (colours) and the DSNB MC assuming the
Horiuchi+09 flux model (black) [37].
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7.4.4 Pre- and Post-Activity

Atmospheric neutrino interactions may generate visible muons and pions, which
subsequently decay into electrons. This can result in an event signature with two
distinct activity peaks within the same trigger window. In such cases, abnormal
activity may occur before (pre-activity) or after (post-activity) the trigger time,
depending on which event exhibits the highest charge deposition.

To identify pre-activity, PMT hit-clusters are examined within a 15 ns time-
of-flight subtracted window from the beginning of the trigger window until at
least 12 ns before the main peak. Figure shows the maximum number of
hits calculated within this time window, denoted as N2*, Given that IBD events

pre
are associated with fewer pre-activity hits a threshold of Npe* <12 is chosen for
this analysis. Post-activity is detected using an algorithm developed for other
SK and T2K analyses, which computes the number of decay electrons (Ngecay-e)
from muon and pion events after the main peak time [155]. Figure displays
the Ngecay-e distributions for DSNB and atmospheric MC after the first reduction

cuts. Since almost no decay electron-like events are observed for DSNB events,

only events with Ngecaye < 1 are selected.

10°
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Figure 7.13: Left: The N distribution of the simulated atmospheric neutrino
backgrounds separated by interaction type (colours) and the DSNB MC assuming the
Horiuchi+09 flux model (black) . Right: The Nyecay-e distributions of the same.
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7.4.5 Effective Wall Distance

Residual radioactive decay and muon spallation events occurring in the surround-
ing rock can occasionally be reconstructed within the FV. Instead of directly con-
straining the FV, the effective distance (def) cut is implemented to eliminate such
events while maximising the effective volume. The parameter is calculated as the
distance from the event vertex to the nearest ID wall along the reconstructed track
direction, as depicted in Figure Since accurate simulations for modelling
radioactive backgrounds are not available, the expected background distribution
and cut thresholds are inferred from comparisons between data and DSNB MC.

Figure shows the d.¢ distributions for data and DSNB MC after the first
reduction is applied. For direct comparison, the distributions are normalised
to have the same area above 10 m, where the contribution from radioactive
decay is expected to be negligible. The data shows a clear excess in background
events at lower dqg values, which becomes more significant at lower energies (see

Appendix|A.2). Therefore, an energy-dependent d,¢ cut is applied, defined as

Erec — 16 MeV
1 MeV

degf > max {300, 500 — X 50} cm (7.8)

N
z \defs Y
N
\\\de ff \\ event vertex
AN event vertex r \ X
X
\ direction
direction
ID Barrel ID End-cap

Figure 7.14: Schematic diagram of the d.¢ parameter.
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Figure 7.15: The d.¢ distribution for data (points) and DSNB MC (histogram), with the
Horiuchi+09 DSNB model , before (black, grey) and after (red) the cut is applied. The
data/MC ratio is shown in the lower panel.

7.4.6 Systematic Uncertainties on the Cut Efficiencies

The systematic uncertainties on the third reduction cut efficiencies come from
the detector model and simulated Cherenkov light pattern in the IBD MC. These
uncertainties can be estimated using data and MC samples obtained from the
SK-VI LINAC calibration. Both data and MC samples are processed through the
low-energy reconstruction pipeline to generate the positron selection observables.
Events that reconstruct more than 2 m away from the LINAC endcap are removed
from the data to mitigate artificial discrepancies between the datasets. The
distributions are compared for all runs and the uncertainty is evaluated as the
largest difference between the measured (data) and predicted (MC) efficiencies.
This process is carried out for the 6c, g50n50, and R, observables. Systematic
uncertainties for the d ¢ parameter are estimated using the method implemented

in the solar analysis [104].
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Cherenkov Angle Cut

Figure shows the Cherenkov angle distribution for one of the LINAC data
and MC runs with the cut 6¢c € [31°,53°] applied as an example. Although there
is a slight excess in data observed for higher angles, this has a negligible impact
on the efficiencies as it is contained within the selected region. The comparison
of the cut efficiencies is carried out for all energy-dependent 0 cut values listed
in Table The largest discrepancy was found to be 1.1% for energies above 12

MeV, which is assigned as a systematic error. Further distributions are shown in

Appendix
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Figure 7.16: Distribution of the Cherenkov angle 0c in the LINAC MC (green) and
data (black points) calibration samples for run 86138 with E = 12 MeV. The cut window
6c € [31°,53°] is displayed as two vertical blue lines. The data/MC ratio is shown below.

Charge Over Number of Hits Cut

Figure displays the g50n50 distribution in LINAC data and MC, with the
cut criterion g50n50 < 2.03 applied. This cut is selected to assess the systematic
uncertainty as it covers the entire 50150 spectrum, however, the process was
repeated for all the cut values listed in Table The two distributions exhibit
very little difference, leading to a systematic uncertainty evaluation of 0.5% for

the cuts. Additional distributions can be found in Appendix
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Figure 7.17: Distribution of g50n50 in LINAC MC (green) and data (black points)
calibration samples with E = 12 MeV. The vertical blue line represents the cut. The

data/MC ratio is shown in the panel below.

Pion Likeness

Figure shows the R distribution for LINAC data and MC with the R; < 0.36
cut applied. A slight discrepancy is observed at the distribution’s tail end, but its
impact on the cut efficiencies is minimal. The systematic uncertainty is 1.1% for

the R, cut, derived from the data-MC comparison (see Appendix |A.3).
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Figure 7.18: Distribution of the R, in the LINAC MC (green) and data (black points)
calibration samples for run 86138 with E = 12 MeV. The cut R; < 0.36 is displayed as a

vertical blue line. The data/MC ratio is shown in the below panel.
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7.4.7 Reduction Efficiencies

The signal efficiencies with the associated systematic uncertainties for the positron
selection cuts are summarised in Table The cut with the largest difference
between the data and MC efficiencies is taken as the systematic uncertainty for the
energy-dependent cuts. The total systematic uncertainty on the third reduction is

estimated to be 1.6% by summing all uncertainties in quadrature.

Positron Observable Cut Criteria  Efficiency £ (sys. unc.)
Cherenkov angle (6¢) see Table 93.11 +£ (1.1)%
Charge/Hit (q50n50) see Table 97.93 £ (0.5)%
Pion Likeness (Ry) R, <0.36 97.04 +£ (1.1)%
Pre-Activity (Ng;gx Ng;gx <12 99.98 + (<0.1)%
Post-Activity (Ngecay-e) Ngecay-e <1 98.05 + (<0.1)%

Effective Wall Distance (d.¢) see Equatio 94.49 + (<0.1)%

Table 7.7: Summary of the third reduction signal efficiencies and systematic uncertainties.

7.5 Fourth Reduction

The fourth reduction step involves identifying delayed neutron capture signals
using a dedicated neutron tagging algorithm. IBD interactions are characterised
by the production of a single neutron, which can be captured by Gd isotopes to
produce an 8 MeV -y-ray cascade (see Section . Therefore, this analysis selects
SHE events associated with a single tagged neutron. This cut effectively filters out
background events originating from muon spallation and solar neutrinos lacking
neutron signals, as well as atmospheric neutrinos emitting multiple neutrons.
In this section, a brief overview of the neutron tagging algorithm and the
relevant efficiencies for the analysis are provided. The cut criteria, neutron
tagging efficiency, and misidentification rate are estimated using neutron MC
simulations performed in SKG4. Calibrations with an americium-241/beryllium-
9 (Am/Be) neutron source are performed to evaluate the algorithm’s performance

on SK-VI data. Further details of these studies can be found in [42, 152].
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7.5.1 Neutron Candidate Preselection

In this analysis, the SHE+AFT combined trigger is employed to detect prompt
positrons followed by delayed neutron capture events within a 535 us window,
detailed in Section Neutron signals within the time interval of [4, 535] us
after the prompt event are examined to cover the full timescale of the event.
This search window is dominated by PMT dark noise hits and residual low-
energy radioactive decay events. To reduce the noise contribution, the initial
step involves applying a preselection cut based on the maximum hits within a
200 ns window (Naqp), as depicted in Figure Events with Npgy > 25 hits
are selected as candidate neutron signals for further analysis. This cut criterion

demonstrates a high efficiency exceeding 99%.

A <200ns _
SHE event AFT window
Gd-captureé background
A A A o1

Figure 7.19: Schematic diagram of the neutron preselection over the SHE+AFT combined
trigger window. The dashed line and shaded region refer to the Npg cut criterion, which
slides over the full AFT window. All of the events above the threshold are neutron
candidates.

7.5.2 Neutron Identification

The neutron capture signal on Gd emits multiple y-rays, which can be effectively
reconstructed using the standard BONSAI low-energy reconstruction algorithm.
Following the preselection, basic cuts are applied to candidate neutrons to
eliminate misreconstructed and low-energy background events near the detector

walls. This includes the FV cut from the first reduction (see Section [7.2.3) and
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the goodness-of-fit criteria gvtx < 0.4 and g4iy > 0.4 used in the neutron-cloud
cut (see Section [7.3.3).

The remaining selection criteria focus on the reconstructed vertex and energy
of the delayed event. In IBD interactions, the neutron capture vertex typically lies
within a few tens of centimetres from the positron event vertex. Therefore, the
reconstructed distance between prompt and delayed events (dprompt) provides
an effective technique for discrimination against time-correlated  + n spallation
backgrounds. In this analysis, the cut is defined as dprompt < 300 cm. In addition,
a cut is applied to the reconstructed energy to minimise the impact of low-energy
accidental coincidence backgrounds from PMT dark noise hits. Since the total
reconstructed kinetic energy (Eec) of the y-ray cascade from neutron capture on
Gd is between 4 - 5 MeV, as determined from Am/Be neutron source calibration

studies, this analysis employs a Eec > 3.5 MeV cut [156].

7.5.3 Neutron Tagging Efficiency

Table [7.8|shows the neutron selection criteria and the corresponding cut efficien-
cies, evaluated using neutron MC samples. These cuts resulted in a Gd-capture
efficiency of 73.2% =4 0.2% and reduced the background rate to 10> on the MC
sample [42]. The total neutron tagging efficiency is evaluated as 35.6% =+ 2.5%

obtained from measurements of the Am/Be source [42].

Cut Criteria Gd-capture Efficiency Background Efficiency

4 <t<535us, 95.0 % 100 %
and N200 > 25
d.1 > 200 cm 88.8 % 47.0 %
Qvix > 0.4 85.4 % 11.6 %
Qair < 0.4 84.6 % 10.3 %
dprompt < 300 cm 81.9 % 0.06 %
Erec > 3.5 73.2 % 0.002 %

Table 7.8: Summary of the neutron cut criteria and reduction efficiencies. This table is
adapted from Ref. [152].
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7.5.4 Misidentification Rate

The neutron tagging algorithm is essential for reducing the accidental coincidence
background events from muon spallation. The performance relies on achieving a
low misidentification rate (€nmis) for neutron selection. To evaluate this, the algo-
rithm was applied to SK-VI random trigger datasets, and enjs was determined to
be (2.8 £0.1) x 10~ per event . This confirms the algorithm’s capability to

effectively remove the majority of accidental coincidence events.

7.5.5 Neutron Multiplicity Cut

Figure [7.20| shows the neutron multiplicity distributions for the DSNB and
atmospheric MC after the first and third reductions are applied. The spalla-
tion cut is omitted here as it has minimal impact on eliminating atmospheric
backgrounds. The signal events produce either zero or one tagged neutron,
whereas atmospheric NC interactions can produce multiple tagged neutrons.
In this analysis, a single tagged neutron is required in the final state to reduce

the atmospheric backgrounds.

100
B CCQE + 2p2h
Bl CCH+nm
I CC (other)
mEmm NCQE
1071 B NC+n
NC (other)
[ DSNB
1072
1073
0 2 4 6 8 10

Number of neutrons tagged

Figure 7.20: The neutron multiplicity distribution of the simulated atmospheric neutrino
backgrounds separated by interaction type (colours) and the DSNB MC assuming the
Horiuchi+09 flux model (black) [37]. The first and third reduction cuts are applied.
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7.6 Fifth Reduction

The final reduction step uses a novel ML-based technique, developed by the
author, to enhance NCQE background rejection after neutron tagging is applied.
The output of the Gamma And Positron CNN (GAPNet) model for image-based
e™ /7y classification is integrated as an additional positron observable in the anal-
ysis (see Chapter [6)). This new parameter, referred to as the softmax classification
score, represents the probability of a given event being a DSNB candidate.

As demonstrated previously, the model’s ability to distinguish between DSNB
and NCQE events is comparable to that of the third reduction when a single clas-
sification threshold is applied to the softmax parameter (see Section [6.5.3). This
effect is attributed to an inherent energy dependence observed within the model.
Therefore, the softmax cut is refined by optimising a set of energy-dependent
cuts in combination with the Cherenkov angle cut criteria. This section details

the cut optimisation process and performance of the new softmax cut criteria.

7.6.1 Softmax Cut Optimisation

The softmax cut optimisation is carried out on a dedicated test set containing
DSNB and NCQE MC events, used for the GAPNet model performance eval-
uation in Section Both datasets are processed through the BONSAI low-
energy reconstruction algorithm and the GAPNet model to generate positron
observables. The first reduction and neutron tagging cut criteria are applied to
retain well-defined events with a single tagged neutron.

Figures and show the softmax scores for DSNB and NCQE events,
respectively, as a function of the reconstructed Cherenkov angle per energy bin.
Interestingly, the model’s classification performance is not fully correlated with
the Cherenkov angle cut as most NCQE events with 6c ~ 42° are correctly
assigned lower softmax scores. This result indicates the model aggregates
features across the entire PMT hit distribution differently compared to the

reconstructed Cherenkov angle to infer the event class. Therefore, the softmax
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cuts are optimised within each angle bin as a complementary reduction step
alongside the angle cut to leverage the information provided by both observables.

Below 12 MeV, the model shows minimal discriminatory power, likely due to
sparse or indistinguishable spatial features between the Cherenkov light distri-
butions of the events. However, at higher energies, the performance improves
significantly, with clear separation in softmax scores between DSNB and NCQE
events. This suggests that the model learns to not only discriminate events
based on the spatial distribution of hits but also indirectly implements an energy-
dependent cut. Therefore, the softmax cuts are chosen to be less restrictive at
lower energies and gradually become more stringent with increasing energy
to maximise signal efficiency.

The cut optimisation procedure carried out for each energy and angle bin is
carried out in the SPLASH framework. The final cuts are presented in Table
The softmax reduction efficiency is investigated by comparing LINAC data and
MC distributions, shown in Section The maximum discrepancy in the cut
efficiencies is determined to be 10 %. Further details on the systematics evaluation

and related studies are provided in Chapter [6|

Energy bin [MeV] Cherenkov angle (6c) cut Softmax cut

8-10 [31°,53°] 0.08
10-12 [35°,54°] 0.14
12- 14 [37°,53°] 0.23
14-16 [36°,53°] 0.27
16-18 [36°,52°] 0.32
18- 20 [37°,52°] 0.39
20 -22 [37°,52°] 0.55
22-24 [38°,53°] 0.68
24-26 [38°,52°] 0.89
26 - 28 [38°,52°] 0.90
28 - 30 [38°,52°] 0.90

30> [38°,53°] 0.90

Table 7.9: Summary of the energy-dependent cut values for the 8- and the softmax cuts.
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