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Supernova Neutrino Detection in Dual-Phase Xenon
Detectors and the SNEWS Network

Short abstract:
Core-collapse supernovae are among the Universe’s most powerful phenomena, releasing a
vast flux of neutrinos that carry critical information about the supernova mechanism, stellar
evolution, and neutrino properties. Dual-phase liquid xenon time projection chambers, like
the XENONnT experiment, originally designed for dark matter searches, are highly sensitive
to supernova neutrino signals via coherent elastic neutrino–nucleus scattering. This thesis
explores the capabilities of XENONnT in detecting such signals, focusing on data analysis
techniques, signal selection methods, and integration into the Supernova Early Warning
System. SNEWS.

A framework for simulating and analyzing supernova neutrino interactions in XENONnT is
developed, employing machine learning tools and statistical methods to distinguish signals
from the background data. The study demonstrates that XENONnT can achieve significant
detection probabilities, even under challenging conditions. It also discusses the enhancement
of detection confidence through auxiliary detectors of XENONnT, namely its muon and
neutron veto systems. The work concludes by exploring the potential of next–generation
experiments, such as DARWIN and XLZD, to advance the field of multimessenger astrophysics.
This thesis highlights the synergy between dark matter detectors and supernova neutrino
studies, preparing for the next galactic supernova event.
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Supernova-Neutrino-Nachweis mit
Zweiphasen-Xenon-Detektoren und das SNEWS-Netzwerk

Kurze Zusammenfassung:

Kernkollaps-Supernovae gehören zu den stärksten Phänomenen des Universums und setzen
einen kurzfristigen, enorm hohen Neutrinofluss frei, der wichtige Informationen über den
Supernova-Mechanismus, die Sternentwicklung und die Neutrino-Eigenschaften enthält.
Zweiphasen-Flüssig-Xenon-Zeitprojetionskammern wie das XENONnT-Experiment, das für
die Suche nach dunkler Materie entwickelt wurde, sind hochempfindlich für Supernova-
Neutrinosignale durch kohärente elastische Neutrino-Kern-Streuung. In dieser Arbeit werden
die Möglichkeiten von XENONnT zur Erkennung solcher Signale untersucht, wobei der
Schwerpunkt auf Datenanalysetechniken, Methoden zur Signalauswahl und der Integration
des Experiments in das Supernova-Frühwarnsystem SNEWS liegt.

Zentrales Element ist die Entwicklung von Simulations- und Analyse–Software zu Supernova-
Neutrino-Wechselwirkungen in XENONnT, wobei maschinelles Lernen und statistische Metho-
den eingesetzt werden, um Signale von Untergrunddaten zu unterscheiden. Diese Arbeit zeigt,
dass XENONnT selbst bei niedrigen Signalstärken signifikante Nachweiswahrscheinlichkeiten
für Supernovae erreicht. Durch die Einbindung der Myon– und Neutron–Vetosysteme von
XENONnT kann die Nachweiswahrscheinlichtkeit noch weiter erhöht werden. Die Arbeit
schließt mit einer Untersuchung des Potenzials von Experimenten der nächsten Generation
wie DARWIN und XLZD für die Weiterentwicklung der Multimessenger-Astroteilchenphysik.
Diese Arbeit verdeutlicht die Synergie zwischen Detektoren der direkten Suche nach dunkler
Materie und Untersuchungen von Supernovae und den in diesen Prozessen emittierten Neu-
trinos. Damit leistet diese Studie einen signifikanten Beitrag zum potenziellen Nachweis von
Neutrinos einer zukünftigen Supernova-Explosion.

Schlagwörter: Supernova, Dunkle Materie, Neutrinos, Supernova-Frühwarnsystem
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Preface

Core–collapse supernovae (CCSNe) are among the most energetic and mysterious phenomena
in the Universe, driving the synthesis of heavy elements and shaping the evolution of galaxies.
The large flux of neutrinos emitted during the collapse carries valuable information about
the supernova’s mechanism, the properties of neutrinos, and the conditions in the progenitor
star. Meanwhile, dark matter, an invisible yet pervasive substance, shapes the cosmos on
grand scales, holding the key to understanding cosmic structure formation. The intersection
of these phenomena presents a unique opportunity to leverage cutting–edge dark matter
detectors to study neutrinos from supernovae, bridging the realms of dark matter research
and multimessenger astrophysics.

This thesis investigates the potential of dual–phase liquid xenon time projection chambers
(LXe TPCs), such as the XENONnT experiment, for detecting supernova neutrinos through
coherent elastic neutrino–nucleus scattering (CEνNS). These detectors, originally designed
to probe weakly interacting massive particles (WIMPs), are highly sensitive to low–energy
nuclear recoils, making them ideal for observing the burst of neutrinos from a nearby CCSN.
This study also explores the integration of such detectors into the Supernova Early Warning
System (SNEWS), contributing to multimessenger astronomy efforts and preparing for the
next galactic CCSN.

The structure of this thesis is as follows: Chapter 1 introduces the physics of supernovae
and dark matter, setting the foundation for the discussions that follow. Chapter 2 focuses
on the principles and applications of liquid xenon technologies, detailing the XENONnT
experiment and its capabilities. In Chapter 3, the Supernova Early Warning System is
presented, highlighting its transition to SNEWS 2.0 and the tools developed in this work
for signal publishing and coincidence detection. Chapter 4 discusses the supernova neutrino
emission models and their expected interactions in the XENONnT detector, along with the
techniques employed to simulate these interactions under realistic detector conditions. The
analysis of the simulated supernova signals, integrated with background data, is presented in
Chapter 5, where methods for prompt signal identification, background suppression, and
significance evaluation are described. Finally, Chapter 6 explores further paths expanding
this study, the role of next–generation dark matter detectors like DARWIN and XLZD, and
the anticipated impact of these experiments on supernova neutrino detection. This chapter
concludes with reflections on the potential of these efforts to provide new insights into the
next galactic supernova event.

This work demonstrates the critical role of dark matter detectors in multimessenger astro-
physics, using the capabilities of LXe TPCs to decode the physics of supernovae and prepare
for the next galactic supernova event.
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2 1. Unveiling the Cosmos: Galactic Supernovae and Dark Matter

1.1 Challenges in Particle Physics and Stellar Evolution

The Standard Model of Particle Physics has been highly successful in explaining the fun-
damental particles (shown in Figure 1.1) and the three fundamental forces of the Universe,
accurately predicting numerous experimental outcomes [1, 2, 3]. However, it remains incom-
plete. It does not account for dark matter (hereafter, DM), an enigmatic form of matter that,
while invisible, influences the motion of galaxies and the evolution of large-scale structure in
the Universe. Despite compelling astrophysical evidence, no particle in the Standard Model
can account for DM, a key limitation of the framework.

Figure 1.1: The fundamental particles that make up matter and the forces governing their interactions
in the Standard Model. Matter consists of quarks and leptons, arranged in three generations of
increasing mass and instability, with the lightest particles, like the up and down quarks, making up
all stable matter in the Universe. The Higgs boson, responsible for giving particles mass, is centrally
depicted. Force carrier particles (bosons) facilitate the interactions between matter: the photon (γ)
governs the electromagnetic force, the W and Z bosons (W +, W −, Z0) mediate the weak force, and
gluons (g) carry the strong force. Gravity, though fundamental, is not included in the Standard
Model. Image credit: Daniel Dominguez/CERN [4].

Neutrinos, another fundamental constituent of the Standard Model, also pose challenges.
These nearly massless particles can oscillate between different flavors, a behavior that
requires them to have mass, something the Standard Model does not fully explain [1, 2, 3].
Questions surrounding the exact nature of neutrino mass, the hierarchy of neutrino states,
and the oscillations mechanisms remain unresolved. Moreover, neutrinos play a critical
role in astrophysical phenomena like core-collapse supernovae (CCSNe), where they are
produced in vast quantities, offering a unique window into stellar evolution and extreme
matter conditions.

CCSNe serve as natural laboratories for investigating both stellar and particle physics. These
colossal explosions release an immense amount of neutrinos, carrying vital information about
the inner workings of the collapsing star. Detecting these neutrinos can unravel the mysteries
of supernova dynamics while probing fundamental properties of neutrinos, such as mass
hierarchy and behavior in ultra-dense environments.
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Figure 1.2: Diagram illustrating the lifecycle of Sun-like and massive stars. Stars form in interstellar
molecular clouds. Sun-like (low-mass) stars evolve into Red Giants before shedding their outer layers
as planetary nebulae, leaving behind a white dwarf core. In contrast, intermediate-mass and massive
stars undergo core collapse at the end of their lives, often leading to a supernova explosion. The cores
of the most massive stars often collapse further into a black hole whereas intermediate ones typically
leave behind a neutron star. Credit: NASA and the Night Sky Network [12].

Neutrino detection is also essential in the emerging field of multimessenger astronomy, which
combines data from neutrinos, gravitational waves, and electromagnetic radiation. The
simultaneous detection of neutrinos, light, and gravitational waves could yield unprecedented
information on the supernova event [5].

1.2 Supernova Physics and Observations

Depending on the progenitor mass, a star can end its life in various ways. Lighter stars, like
our Sun, eject their outer shells in a planetary nebula event and become white dwarfs without
a supernova explosion [6]. Stars with masses exceeding approximately 20 solar masses are
thought to undergo a direct collapse into black holes upon the collapse of their cores, also
referred to as a failed supernova [7, 8, 9]. If the progenitor’s mass is around 8 to 20 times
the mass of the Sun, the core of the star typically collapses under its own gravitational pull.
The infalling matter on the outer shell of the star bounces off the core and emits a shock
wave leading to a luminous explosion, called a supernova. Consequently, the stellar remnant
left after a star collapses is called a neutron star [10, 11]. The different phases of stellar
evolution are illustrated in Figure 1.2.

Various types of supernovae can occur, depending on the specific underlying mechanisms
involved. The most interesting and well-studied type is the CCSN, which takes place when
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the core of a massive star exhausts its nuclear fuel and exceeds the Chandrasekhar limit.
The Chandrasekhar limit, named after the astrophysicist Subrahmanyan Chandrasekhar,
represents the maximum mass a white dwarf (or stellar core) composed mainly of electron-
degenerate matter can have before the electron-degeneracy pressure fails to counteract gravity.
This limit is approximately 1.4 solar masses (1.4 M⊙) and arises from quantum mechanical
principles, specifically the Pauli exclusion principle [13, 14].

In stars below this limit, the electron degeneracy pressure, a quantum effect where no
two electrons can occupy the same quantum state, provides enough support to balance
gravitational forces, preventing further collapse. However, as the mass of the stellar core
approaches the Chandrasekhar limit, the electrons become increasingly compressed, causing
their velocities to approach the speed of light. This transition into the relativistic regime
alters the relationship between momentum and velocity. In this regime, the momentum of
electrons grows faster than linearly with velocity, meaning that the degeneracy pressure no
longer increases quickly enough to counteract the growing gravitational force.

When the iron core of a massive star exceeds the Chandrasekhar limit, the electron degeneracy
pressure can no longer provide sufficient support to hold back gravity. This results in a
collapse of the core. As the core collapses, the densities rapidly increase to extreme levels,
and electrons combine with protons to form neutrons, a process known as neutronization.
The core rapidly becomes a dense sphere of neutrons, which may stabilize as a neutron
star.

However, sudden collapse of the core creates an enormous release of gravitational energy,
most of which is emitted in the form of neutrinos. This neutrino flux drives the outer layers
of the star outward, triggering a powerful explosion that we observe as a supernova. The
intense shock wave generated by the core collapse expels the outer layers of the star into
space, enriching the surrounding interstellar medium with heavy elements forged during
the star’s lifetime and in the explosion itself, also known as Supernova Nucleosynthesis
[15]. Elements heavier than iron, like gold and uranium, are synthesized in these extreme
conditions, forming building blocks for planets and life. Fusion processes during the explosion
create elements beyond those in normal stellar interiors. Expelled material from supernovae
significantly contributes to the chemical evolution of galaxies. The origin of the synthesized
elements is shown in Figure 1.3.

The study of supernovae offers profound insight into the fundamental processes that govern
stellar evolution and the mechanisms of these explosive events. Supernovae serve as natural
laboratories for studying extreme physics, such as nuclear reactions at high densities, neutrino
interactions, and the behavior of matter under extreme conditions. In their comprehensive
reviews, [13] and [14] emphasize the rich physics potential of supernova observations. Super-
novae, particularly CCSNe, are prolific sources of neutrinos, which carry approximately 99%
of the gravitational binding energy of the collapsing star. These neutrinos provide a unique
window into the supernova core, which is otherwise obscured by the surrounding material,
revealing perspectives on explosion dynamics and neutrino emissions.

Supernovae are also key targets for multimessenger astronomy. Signals from neutrinos,
gravitational waves, and electromagnetic waves are combined to offer a comprehensive
understanding of these stellar explosions. Figure 1.4 shows the timing of these signals from
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Figure 1.3: The periodic table showing the origin of chemical elements based on the data from the
Northern Arizona University Meteorite Laboratory. The nucleosynthesis processes in different stellar
environments, including supernovae and neutron star mergers, contribute to the cosmic abundance of
elements heavier than iron. Image Credit Wikimedia Commons [16].

a simulated CCSN, emphasizing the complementarity of these messengers in understanding
supernova physics [17].

Neutrino observations from supernovae also enable scientists to investigate neutrino physics,
studying the masses, oscillations, and interactions with matter under extreme conditions.
In [13] the importance of neutrino-neutrino interactions and their role in the dynamics of
supernova explosions are discussed, while in [14] the potential for neutrino detectors to reveal
new physics beyond the Standard Model is explored.

A pivotal moment in the field of supernova research occurred with the observation of SN
1987A in the Large Magellanic Cloud on February 23, 1987, triggered by the collapse of
the blue supergiant star Sanduleak −69◦ [14]. This supernova was the closest observed
supernova since Kepler’s Supernova in 1604 [18]. The detection of neutrinos from SN 1987A
by several neutrino observatories around the world marked the dawn of neutrino astronomy.
These detections provided critical data on the timing, energy spectrum and flux of neutrinos
emitted during the explosion, helping to constrain the exotic neutrino properties [14]. A
handful of neutrino events were observed by multiple detectors: Kamiokande II (water
Cherenkov) detected 11 events [19], the Irvine-Michigan-Brookhaven (IMB) experiment
(water Cherenkov) recorded 8 events [20], and the Baksan Neutrino Observatory (crystal
scintillator) observed 5 events [21]. Furthermore, the Mont Blanc Underground Neutrino
Observatory (Liquid Scintillator Detector, LSD) reported a few events [22], although these
detections remain a subject of debate since the reported times were some hours earlier than
the other observatories.

The events observed by these detectors, spanning approximately 12 seconds, are illustrated
in Figure 1.5. The data from SN 1987A continue to serve as a benchmark for understanding
supernova mechanisms and inform current and future observational strategies.



6 1. Unveiling the Cosmos: Galactic Supernovae and Dark Matter

Figure 1.4: Time sequence of signals from neutrinos (νe, ν̄e, νx, where νx represents heavy lepton
neutrinos) shown in solid red, dashed red and solid green lines respectively, gravitational waves
(GW) shown in blue, and electromagnetic (EM) radiation shown in black, for a CCSN of a 17 M⊙
progenitor. Solid lines indicate results from CCSN simulations, while dashed lines represent estimates
from literature. The x-axis shows the time before and after core bounce, highlighting the pre-CCSN
neutrino emissions, core-collapse neutrino burst, and various phases of EM signal emission. The
height of the curves does not reflect the total energy output. Figure taken from [17].

1.2.1 A Brief Overview of Galactic Supernovae

Every second, approximately 10 stars end their lives in a supernova explosion within the
visible Universe [14]. These cosmic explosions are among the most energetic events in the
cosmos, with a single supernova releasing about 1046 joules (1053 ergs) of energy, equivalent
to the Sun’s total lifetime energy output compressed into just a few seconds [13, 24]. Despite
their frequency on a universal scale, observations within our own Milky Way are far less
common due to its relatively small size and our limited vantage point. The first known
observation of a supernova in the Milky Way dates back to 185 AD, recorded by Chinese
astronomers [25]. This event, now referred to as SN 185, marked one of the first documented
instances in which humanity witnessed the death of a massive star.

Throughout history, several significant supernovae have been visually observed in the Milky
Way, including SN 1006 [26], SN 1054 [27], which led to the formation of the Crab Nebula,
and SN 1604, also known as Kepler’s supernova [28]. These ancient recordings, documented
by astronomers and scholars of the time, provided early evidence of such cataclysmic
events. Although they lacked the scientific instrumentation available today, these historical
observations have nonetheless enriched our understanding of stellar evolution. By estimating
the frequency of such occurrences and associating the locations of these past events with
present-day chemical measurements, we have gained valuable insights into the immense
impact supernovae have on the interstellar medium and the chemical enrichment of galaxies.

Despite these early records, the rate of observable supernovae in the Milky Way remains
quite low. Recent literature estimates that the rate of CCSNe in a galaxy is approximately 1
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Figure 1.5: Time and energy of neutrino events detected by Kamiokande II detector (blue triangles),
IMB detector (green diamonds), and Baksan detector (red circles) during SN 1987A. The bottom
right panel shows the combined dataset. Figure remade using the data published in [23, 21]

to 3 per century [29, 30, 31]. In spiral galaxies, the stellar density can serve as a proxy for
the probability of supernova progenitors [32]. Using this approach, [31] models the Milky
Way as well as the Large and Small Magellanic Clouds to estimate the likelihood of observing
supernovae within our vicinity, as illustrated in Figure 1.6. However, due to dust obscuration
and the limited observational capabilities within the Milky Way, not all of these events
can be directly observed. This scarcity in direct observations highlights the importance of
developing alternative methods for detecting and studying supernovae, particularly through
neutrinos and other multimessenger signals, such as gravitational waves.

1.2.2 Different Phases of a Supernova Collapse

The explosion of a massive star as a supernova is a complex, multiphase process that occurs
over a short timescale, typically transforming the star’s core into a neutron star. These
phases are crucial for understanding the mechanisms of the explosion and the associated
neutrino emission, providing a direct probe of the processes deep within the core. Figure 1.7,
taken from [33], provides a visual overview of these phases, which are described in detail
below.

During the late stages of a massive star’s life, the outer shell undergoes fusion-induced
burning of silicon, producing heavier elements like nickel and iron, which sink to the core.
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Figure 1.6: Probability distribution of progenitor stars within the Milky Way galaxy. The regions
of high density within the satellite galaxies, Large Magellanic Cloud (LMC) and Small Magellanic
Cloud (SMC) are also shown with their associated error bands. Figure taken from [31].

At this stage, pre-supernova neutrinos are emitted. Although these neutrinos are inherently
fainter compared to those generated during the subsequent supernova explosion, they are
detectable by detectors such as KamLAND, Super-Kamiokande, and other detectors currently
under construction or proposed. Consequently, they can function as early indicators of the
imminent supernova [14, 34, 35]. At this point, the pressure from the degenerate electron
plasma and the fusion processes in the outer shell maintain hydrostatic equilibrium against
the gravitational pressure. Once the silicon burning phase concludes and the core’s mass
approaches the Chandrasekhar mass limit, the degenerate electron pressure can no longer
sustain equilibrium, and the core collapse begins as the core density, ρc exceeds a few times
1011 g cm−3.

In the first few milliseconds of the collapse, a sudden increase in density and temperature
dissociates the iron-group elements, leaving abundant nucleons for electron capture. As a
result, neutronization occurs through electron capture,

e− + p → n + νe, (1.1)

emitting vast amounts of electron neutrinos, shown in Figure 1.7(a). This is the first clear
indication that the collapse has begun [24]. The burst arising from the neutronization process
provides the first observable signal of a core collapse.

Approximately 100 milliseconds later, when densities reach ρc ≈ 1012 g cm−3, the mean free
path of neutrinos becomes so short that they cannot escape freely from the core. At this
point, the neutrinos become “trapped” because their mean free path is extremely short.
The dense matter prevents them from escaping freely and they reach thermal equilibrium
with their surroundings, exchanging energy through frequent interactions with nucleons
and electrons; see Figure 1.7(b) [36]. Once neutrino trapping occurs, the core is opaque to
neutrinos, and any further neutrino emission that originates from deeper within the core is
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Figure 1.7: Different phases of the supernova explosion and neutrino emission mechanisms. Panels
a to f illustrate the initial collapse phase, neutrino trapping, core bounce and shock formation, shock
propagation with νe burst, shock stagnation, and neutrino heating leading to the explosion, and
finally the neutrino cooling and neutrino-driven wind phases. Radial distances RFe, RS , Rν, Rg and
Rns correspond to iron–core radius, shock radius, neutrinospheric radius, gain radius (defined as the
radius that separates cooling and heating layers) and proto–neutron star raidus. Refer to the text for
detailed descriptions. Figure adapted from [33].

delayed until the core bounce and subsequent phases.

As the core continues to collapse, it becomes increasingly dense until it reaches ρc ≈ 2−3×1014

g cm−3, the nuclear saturation density (ρ0 ≈ 2.7×1014 g cm−3). At nuclear densities, repulsive
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forces between nucleons prevent further collapse, as shown in Figure 1.7(c). This sudden halt
causes the core to bounce, creating a shock wave that moves outward through the surrounding
layers [24].

As the shock propagates through the star’s layers, it disintegrates the iron nuclei into
nucleons—protons and neutrons (Figure 1.7(d)). During this process, electron neutrinos are
produced in large numbers via electron capture, but they can only escape when the shock
reaches regions with lower densities. This results in a neutrino burst being released [13].
However, as the shock propagates, it weakens and the energy carried away by the generated
electron neutrinos further diminishes its strength. Eventually, the shock stops and can no
longer push through the infalling material.

As the core heats up beyond 100 MeV, positrons and electrons are created through pair
production, with positrons capturing neutrons and emitting anti-electron neutrinos. These
high temperatures also allow for the production of muon and tau neutrinos and their
antineutrinos, collectively known as heavy-lepton neutrinos. The intense neutrino flux
generated in the core re-energizes the shock front, reviving its propagation and ultimately
leading to the ejection of the outer layers in a supernova explosion about ∼ 200 milliseconds
after the initial neutronization burst, illustrated in Figure 1.7(e) [24, 33].

Following the explosion, the hot, dense proto-neutron star (PNS) begins to cool (see Fig-
ure 1.7(f)). During this cooling phase, the PNS continues to radiate intense fluxes of
neutrinos, which carry away most of the remaining energy of the core. These neutrinos carry
approximately 99% of the gravitational binding energy of the PNS, which amounts to around
1053 ergs [36, 13]. As the PNS cools, neutrinos stream out from its surface, heating the
outer layers and generating a continuous wind-like flow. This wind, composed of protons,
neutrons, and alpha particles, is crucial for nucleosynthesis processes. The neutrino-driven
wind generates many heavy elements such as gold, platinum, and uranium in the Universe
[37, 38]. Over time, the outflow slows and eventually ceases as the PNS transitions to a cold,
stable neutron star. The neutrino luminosities as a function of time during these stages are
illustrated in Figure 1.8 where each phase is also annotated.

1.2.3 Observing Supernova Neutrinos on Earth

Supernovae are important sources of neutrinos, releasing approximately 99% of their gravita-
tional energy in the form of these particles during the moments surrounding the core collapse.
Observing these neutrinos is crucial as they provide a unique window into fundamental
particle physics. Neutrino detection experiments explore various interactions to observe these
elusive particles, with different types of detectors optimized for different neutrino flavors and
energies.

Water Cherenkov detectors, such as the Super-Kamiokande detector, consist of large volumes
of ultra–pure water. When antielectron neutrinos, νe, interact via inverse beta decay (IBD)
with protons in the target,

νe + p → e− + n, (1.2)
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Figure 1.8: Neutrino luminosity distribution of a simulated supernova signal as a function of time
after the bounce. The plot highlights the three phases of the neutrino emission process: shock-
breakout, accretion phase, and Kelvin-Helmholtz Proto-Neutron Star (PNS) cooling. Note that the
y-axis scale differs across the three panels. The circled numbering refers to phases shown in Figure 1.7.

the generated electrons emit Cherenkov radiation, a type of light produced when charged
particles move faster than the speed of light in water. This radiation is detected by an
array of highly sensitive photosensors. Liquid scintillator detectors like KamLAND [35] and
the Sudbury Neutrino Observatory (SNO) [39] are also sensitive to νe through IBD but in
addition can detect neutrinos of all flavors via elastic scattering (where neutrinos scatter off
electrons) and charged-current interactions (where neutrinos interact with nuclei), providing
excellent energy resolution [40].

Another important class of detectors are Liquid Argon Time Projection Chambers (LArTPCs),
such as the ICARUS detector [41] and the upcoming DUNE experiment [42]. Additionally,
DM detectors like XENONnT [43] and LUX-ZEPLIN (LZ) [44], while primarily designed to
search for weakly interacting massive particles (WIMPs), are also sensitive to neutrinos from
supernovae, particularly through coherent elastic neutrino-nucleus scattering (CEνNS). This
interaction dominates at lower energies because the entire nucleus recoils coherently, providing
a unique detection method for low-energy neutrinos that complements traditional high-
energy neutrino experiments [45, 46, 47]. Each detection method provides complementary
information about the supernova neutrino burst, enhancing our overall understanding of
both the supernova mechanism and neutrino physics.

1.3 Dark Matter: Defining the Unknown

DM, an enigmatic and nonluminous form of matter, constitutes approximately 25% of
the Universe’s total energy density; yet, its true nature remains one of the most profound
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enigmas in contemporary physics [48, 49, 50]. Unlike ordinary matter, DM does not interact
via electromagnetic forces, rendering it invisible to telescopes and undetectable through
conventional means. However, its existence is robustly inferred through its gravitational
influence on the large-scale structure of the Universe, the motion of galaxies, and its imprint
on the cosmic microwave background (CMB) [51]. The pursuit of DM involves multiple
disciplines, such as cosmology, astrophysics, and particle physics, as researchers strive to
characterize its properties and its role in the formation and evolution of the Universe.
A breakthrough in DM detection would not only revolutionize our comprehension of the
cosmos but also unveil physics beyond the Standard Model. The following sections will
explore the cosmological evidence supporting DM, the observational signatures suggesting
its existence, and the experimental methodologies designed to detect this elusive constituent
of the Universe.

1.3.1 Cosmological and Observational Evidences

The expansion of the Universe is described by the Hubble parameter H(t) [52], linked to the
Universe’s energy content via the Friedmann equation for a flat Universe (k = 0):

H2(t) = 8πGN

3 ρtot(t), (1.3)

where GN is Newton’s gravitational constant, and ρtot(t) is the total energy density at time
t, comprising matter, radiation, and dark energy:

ρtot(t) = ρm(t) + ρr(t) + ρΛ(t). (1.4)

These components evolve differently over time. The matter density ρm(t) scales with the
expansion factor a(t) as:

ρm(t) = ρm,0

(
a0

a(t)

)3
, (1.5)

while radiation, due to redshifting, scales as:

ρr(t) = ρr,0

(
a0

a(t)

)4
. (1.6)

The dark energy, represented by the cosmological constant Λ, remains constant over time:

ρΛ(t) = ρΛ,0. (1.7)

Combining these components into the Friedmann equation, we obtain the time-dependent
Hubble parameter:

H2(t) = H2
0

[
Ωm,0

(
a0

a(t)

)3
+ Ωr,0

(
a0

a(t)

)4
+ ΩΛ,0

]
, (1.8)
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where H0 is the present-day Hubble constanti and Ωm,0, Ωr,0, and ΩΛ,0 are the present-day
density parameters for matter, radiation, and dark energy, respectively, defined as the fraction
Ωi = ρi/ρcr, where ρcr is

ρcr = 3H2
0

8πGN
. (1.9)

Observations suggest that the Universe is flat, meaning that Ωtot = 1, with approximately
30% of the energy density coming from matter (Ωm,0 ≈ 0.3), and 70% from dark energy
(ΩΛ,0 ≈ 0.69). Of the matter component, only a small fraction is baryonic (Ωb,0 ≈ 0.048)
[51], leaving the bulk of matter as DM (ΩDM ≈ 0.25) showing that DM plays a critical role in
shaping the structure and evolution of the Universe. During the expansion of the Universe,
particularly around the epoch of matter-radiation equality, DM played a pivotal role in
large–scale structure formation. At this time, DM behaved as a cold and nonrelativistic fluid,
which means that its particles traveled at speeds much lower than the speed of light (v ≪ c).
This low velocity allowed DM to clump together under the influence of gravity, facilitating
the formation of galaxies and galaxy clusters. If DM particles had been moving at relativistic
speed, their high velocities would have prevented such large–scale structures from forming,
as the particles would have dispersed too quickly. Therefore, the cold and nonrelativistic
nature of DM during this phase of cosmic expansion was crucial for the development of the
large-scale structure of the Universe [53] as demonstrated by the N–body simulations of the
evolution of the Universe [54, 55].

Another important feature of DM is its lack of significant interactions with itself or ordinary
matter, other than through gravity making it collisionless or noninteracting [56, 53]. This is
a sharp contrast to baryonic matter, which interacts dominantly through electromagnetic
forces, allowing it to cool and form structures like stars and galaxies. DM, in contrast, seems
to be unable to cool through radiation, consequently exhibiting a behavior different from
baryonic matter throughout the evolution of the Universe.

DM, if it is a particle, must be stable or have a decay time much longer than the age of
the Universe, which is approximately 13.8 billion years or 4.35 × 1017 seconds, to persist
through history [50]. Along with its stable and noninteracting properties, DM is thought
to exhibit adiabatic inhomogeneities. This implies that initial density fluctuations in DM
mirrored those in ordinary matter and photons, originating from quantum effects during early
Universe inflation. These fluctuations were pivotal in the formation of today’s large-scale
structures, as the interaction between DM and ordinary matter in these early phases was
essential for the formation of galaxies, clusters, and the cosmic web [53].

The gravitational effects of DM manifest across a wide range of astronomical scales, from
the rotation curves of galaxies to the distribution of galaxy clusters and the formation of the
cosmic web. These gravitational signatures provide some of the strongest support for the
existence of DM. Furthermore, cosmological probes such as the cosmic microwave background
(CMB), baryon acoustic oscillations (BAO), and gravitational lensing all indicate a dominant

iThe Hubble constant, H0, is commonly expressed as H0 = 100 h km/s/Mpc, where h is a dimensionless
scaling factor. As a result, density parameters Ωi are often quoted as Ωih

2, which provides a value
independent of the precise value of H0, making it more convenient to compare cosmological models.
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DM component that has shaped the evolution of the Universe. The observational evidence
for the existence of DM can be summarized as follows:

• Galactic Rotation Curves: One of the earliest and most compelling pieces of
evidence for DM comes from the study of galactic rotation curves. Observations
of spiral galaxies, such as those by Vera Rubin in the 1970s [57], revealed that the
rotational velocities of stars remain constant or even increase with distance from the
galactic center, contrary to expectations based on visible matter alone. According to
Newtonian mechanics, the outer stars should exhibit decreasing rotational speeds if only
the visible mass was present. This discrepancy suggests that galaxies are embedded in
massive halos of DM, extending far beyond the visible disk [58].

• Galaxy Cluster Collisions: Galaxy cluster collisions provide a unique laboratory
for studying DM. One of the most famous examples is the Bullet Cluster, where
observations of the hot gas (detected via X-rays) and gravitational lensing maps reveal
a clear separation between visible matter and the bulk of the mass [59]. During
the collision, the intergalactic gas is slowed down by ram pressure, while the DM,
which interacts only gravitationally, passes through largely unaffected. This separation
provides direct evidence for the existence of DM as a component distinct from ordinary
matter. The illustration of the interactions within the Bullet Cluster is shown in
Figure 1.9.

Figure 1.9: Bullet Cluster (1E0657-558) [56], illustrating the merging of two galaxy clusters. The
white bar at the bottom right of each panel represents 200 kpc at the distance of the cluster. The
green contours highlight the distribution of the total mass, reconstructed through weak gravitational
lensing, indicating the presence of DM. In the left panel, the color image beneath the contours displays
X-ray data from the Chandra telescope, revealing the position of the hot gas, which constitutes
approximately 80% of the total baryonic mass. This figure clearly demonstrates that while the DM
halos, traced by the green contours, pass through each other without interaction, the collisional gas
(in red and blue) lags behind due to its interaction during the merger. The collisionless stars and
galaxies follow the gravitational attraction of DM. Figure adapted from [59].

• Gravitational Lensing: Gravitational lensing offers another compelling line of
evidence for DM. This phenomenon occurs when a massive object, such as a galaxy
cluster, bends the light from background objects, creating multiple images or distortions
of the background source. The degree of light bending allows to map the mass
distribution of the lensing object. Studies consistently show that the visible mass of
galaxies and clusters is insufficient to account for the observed lensing effects, implying
a substantial presence of DM [60].
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• Cosmic Microwave Background (CMB): The CMB is the remnant radiation
from the Big Bang, offering a snapshot of the Universe approximately 380,000 years
after its inception, when the first neutral atoms formed and photons decoupled from
matter. First detected in the 1960s, CMB carries imprints of the early conditions of
the Universe and provides invaluable clues about its composition and evolution [61].

Measurements of the anisotropies (temperature fluctuations) in the CMB, particularly
by the Planck satellite [51], reveal how structures in the Universe formed and evolved.
DM plays a crucial role in this process by affecting the gravitational potential wells in
which baryonic matter accumulates. The patterns of these temperature fluctuations,
when plotted as a function of angular scale (or multipole moment, ℓ), form what is
known as the CMB power spectrum. The power spectrum quantifies how much the
temperature fluctuations vary with angular scale and is characterized by a series of
peaks that correspond to the sound waves in the early Universe’s photon-baryon fluid.

The gravitational effects of DM are crucial in determining the height and position of
these peaks, providing an accurate calculation of the abundance of DM relative to
ordinary matter. The CMB power spectrum reveals that DM constitutes about five
times more mass than baryonic matter, with the precise ratio determined by fitting
cosmological parameters such as the baryon density (Ωb), DM density (ΩDM), and the
Hubble constant (H0) to the observed data.

Changes in cosmological parameters affect the shape and height of the CMB power
spectrum, with the positions of the peaks corresponding to sound horizon scales and the
overall shape determined by the interaction between radiation and matter at the time
of decoupling. The gravitational influence of DM, in particular, increases the amplitude
of certain peaks, thereby providing strong evidence for its existence. These temperature
anisotropies, combined with other cosmological probes, indicate that DM constitutes
about 25% of the total energy density of the Universe. A visual representation of
how changes in density parameters affect the CMB temperature spectrum is shown in
Figure 1.10.

• Large-Scale Structure: On cosmological scales, the spatial distribution of galaxies
and galaxy clusters throughout the Universe provides compelling evidence for the
existence of DM. The large-scale structure observable today is thought to have originated
from primordial density fluctuations. In this context, the gravitational influence of
DM served as a framework or scaffolding around which ordinary baryonic matter could
aggregate, subsequently leading to the formation of stars, galaxies, and other cosmic
structures. Detailed numerical simulations of the evolution of the Universe that include
DM components have shown a remarkable concordance with the empirically observed
distribution of galaxies and the intricate structure of the cosmic web. This strong
agreement underscores the critical role of DM in contemporary cosmological models
and theories [63].

The cumulative evidence from galactic rotation curves, galaxy cluster collisions, gravitational
lensing, the cosmic microwave background, and large-scale structure consistently under-
stood when introducing DM. These observations converge on the conclusion that DM is a
nonluminous and noninteracting substance, distinct from ordinary matter, yet crucial for
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Figure 1.10: Acoustic temperature spectrum of the CMB with varying cosmological parameters.
The figure illustrates the sensitivity of the acoustic peaks in the CMB temperature spectrum to
different cosmological parameters. Each panel shows the temperature power spectrum as a function
of the multipole moment ℓ, highlighting the effects of changes in the parameters. The upper left
panel illustrates the effect of the curvature parameter, where higher total density values shift the
peaks to higher ℓ, while the upper right panel shows how the dark energy density ΩΛ changes the
spectrum, with lower values shifting the spectrum towards higher multipole moments and causing a
larger power on smaller angular scales. The bottom left panel demonstrates the impact of varying
the baryon density Ωbh2, with higher baryon densities increasing the amplitude of the odd peaks
relative to the even ones. The bottom right panel shows how the DM density (displayed as the total
matter density Ωmh2) affects the peak spacing, with higher DM densities shifting the peaks to smaller
angular scales (higher ℓ). This figure highlights the key role that the observation of CMB anisotropies
plays in constraining fundamental cosmological parameters. Figure taken from [62].

understanding the composition and evolution of the Universe. Direct detection experiments,
utilizing advanced technologies and sensitive detectors, aim to unveil the particle nature of
DM, potentially revolutionizing our understanding of the cosmos. Different approaches to
detect DM are discussed below.

1.3.2 Detecting DM: Direct, Indirect and Collider Searches

The particle nature of DM remains elusive, with several theoretical candidates proposed to
explain its nonluminous and noninteracting behavior. One of the most compelling candidates
is the WIMP, which emerges naturally in many extensions of the Standard Model of particle
physics, such as supersymmetry [64]. WIMPs are appealing because they would have been
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thermally produced in the early Universe, with a relic abundance that coincides with the
observed DM density today, a concept often referred to as the “WIMP miracle” [65].

Beyond WIMPs, other candidates have been proposed, including axions, sterile neutrinos,
and primordial black holes. Axions, originally introduced to solve the strong charge–parity
problem in quantum chromodynamics (QCD), offer another plausible explanation for DM,
particularly in the case of ultralight particles [66]. Sterile neutrinos, on the other hand,
extend the neutrino sector by adding a right-handed component, providing a mechanism
for DM if these particles are heavy and weakly interacting [67]. Primordial black holes,
hypothesized to have formed in the early Universe, present a more exotic candidate, but
recent constraints limit their contribution to the DM density [68, 69].

Among these candidates, WIMPs remain the focus of a majority of experimental searches
because of their strong theoretical motivation and the potential for detection. These particles
are predicted to interact with regular matter via weak-scale interactions, making them
detectable through a variety of methods, including direct detection, indirect detection, and
searches at particle colliders.

These three primary strategies for detecting DM as a particle are illustrated in Figure 1.11.
Direct detection experiments search for the interaction of DM with atomic nuclei or bound
electrons, while indirect detection focuses on identifying the Standard Model particles
produced from DM annihilation or decay in high-density regions of the Universe, such as the
galactic center. Collider searches, on the other hand, attempt to produce DM particles in
high-energy collisions of Standard Model particles. The figure highlights these approaches
and the central, yet unknown, interaction mechanism that connects DM with Standard
Model particles.

Figure 1.11: Detection strategies for DM as a particle. The green arrow represents indirect detection,
which searches for Standard Model particles (SMp), such as gamma rays, that could be produced by
the annihilation or decay of DM particles in regions of high DM density, such as the center of the
Milky Way. The blue arrow shows collider searches, where DM particles might be produced through
the interactions of Standard Model particles, a process that is the reverse of indirect detection. The
red arrow illustrates direct detection, where experiments aim to observe the recoil or other signals
resulting from DM particles interacting with Standard Model particles. The central black circle
symbolizes the unknown interaction mechanism responsible for these processes, which remains to be
discovered.

Direct detection experiments aim to measure the rare interactions of WIMPs with atomic
nuclei, where DM particles scatter elastically off a target nucleus (or bound electrons),
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Figure 1.12: Overview of the primary detection strategies for WIMP DM interactions. WIMPs (χ)
can transfer energy to a nucleus, resulting in the production of phonons/heat, charge, or light, which
are measured by different detection technologies. Phonons/heat are detected by cryogenic bolometers,
superheated fluids, and quantum sensing methods. Charge is measured using semiconductor materials,
directional detectors, and liquid noble-gas dual-phase Time Projection Chambers (TPCs). Light
(scintillation) signals are captured by scintillation detectors and liquid noble-gas detectors. Some
detectors, such as scintillating cryogenic bolometers and cryogenic bolometers with charge readout,
combine multiple signals to enhance sensitivity and background discrimination. Figure taken from
[76].

transferring a small amount of energy in the process. Recent leading experiments include
XENONnT [70], LUX–ZEPLIN [44], and PandaX [71], and future planned experiments
such as PandaX-4T [72], DARWIN [73], and XLZD [74, 75], which employ large volumes
of liquid xenon in dual-phase TPCs to detect WIMP interactions. These detectors are
pushing the limits of sensitivity, particularly in the low-mass WIMP region. As illustrated in
Figure 1.12, these experiments typically focus on two of the three possible signals from a
WIMP interaction: phonons (heat), charge, and light. Each detection method is designed
to observe one or more of these signals, taking advantage of different physical principles to
maximize sensitivity to potential DM interactions.

In the phonon/heat detection approach, cryogenic bolometers and superheated fluids are used
to measure the tiny amount of heat or vibrational energy (phonons) produced when a WIMP
scatters off a nucleus. The Cryogenic Dark Matter Search (SuperCDMS) experiment [77] and
the CRESST-III experiment [78] are examples of leading efforts in this category. SuperCDMS
uses cryogenic germanium and silicon detectors, while CRESST-III uses scintillating calcium
tungstate and sapphire crystals. This signal is often extremely small, requiring highly
sensitive detectors cooled to mK–scale temperatures to minimize thermal noise. Advances in
quantum sensing techniques offer promising improvements in the detection of these minute
energy deposits, thus enhancing the sensitivity of this approach [79].
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Charge detection focuses on measuring the ionization produced by a WIMP interaction.
When a WIMP scatters off a nucleus, it can liberate electrons from the atoms of the target
material, generating a measurable electric charge. Technologies such as semiconductor
detectors and liquid noble–gas dual–phase TPCs are specifically designed to capture this
ionization signal. TPCs, in particular, have gained widespread use because of their ability to
measure both the charge and light signals from interactions, providing a powerful way to
distinguish DM signals from background noise and scalability.

Light detection, or scintillation, occurs when the energy transferred in a WIMP interaction
causes the target material to emit light. Scintillation detectors and liquid noble-gas detectors
rely on this principle, where materials like xenon or argon are used to detect scintillation
light. These detectors are highly sensitive to nuclear recoils and can provide additional
discrimination against background events by measuring the light output alongside the charge
or heat.

Certain technologies, including scintillating cryogenic bolometers (measuring light and heat),
cryogenic bolometers with charge readout (measuring charge and heat), and liquid noble-gas
dual-phase TPCs (measuring light and charge), integrate these detection mechanisms to
facilitate concurrent measurements of two out of three possible signals. This approach of
using multiple signals significantly enhances the ability to differentiate between possible
WIMP interactions and background events primarily caused by α, β and γ radiation, which
typically results in a recoiling electron rather than a recoiling nucleus.

Looking further ahead, next–generation dark matter experiments such as DARWIN and
XLZD, with their large target masses and advanced detection technologies, are anticipated
to detect supernova neutrinos at rates comparable to dedicated neutrino observatories [47].
These detectors will enhance our ability to study supernovae, offering valuable insight into
the early stages of core collapse and the mechanisms behind these extraordinary astrophysical
events.

The next chapter focuses on the principles of liquid noble–gas dual–phase TPCs, with a
particular emphasis on xenon technology and the XENONnT experiment. This lays the
groundwork for subsequent discussions on the advancements in dark matter detection and
the integration of XENONnT into the Supernova Early Warning System (SNEWS). In the
following chapters, the mechanisms of supernova neutrino emission, their expected signals
in dual–phase TPCs, and the methodologies for their detection are explored. The analysis
framework developed for identifying supernova neutrino interactions within XENONnT is
also presented, highlighting the experiment’s sensitivity under various scenarios. These
investigations demonstrate the potential of XENONnT and similar detectors to contribute
significantly to multimessenger astrophysics.
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2.1 Xenon as a target

Noble gases such as argon and xenon are frequently used in particle detection due to their
high purity and their ability to ionize and scintillate when interacting with particles [80].
Xenon is ideal for DM searches because of its high atomic mass, dense liquid state, and
self-shielding properties, making it sensitive to rare particle interactions. The XENON
project, with iterations like XENON100 [81], XENON1T [82], and XENONnT [70], has
evolved to increase the sensitivity to DM through improvements in detector size and design.
This chapter covers unique properties of the xenon element for DM detection, dual-phase
xenon technologies, and how XENONnT fits into the broader search for DM.

2.1.1 Xenon Technology

With a high atomic number and a density of 2.862 g/cm3 in its liquid phase, xenon is an
ideal target for DM searches. Its atomic mass of approximately 122.3 GeV/c2 is well-matched
to WIMP-nucleon cross-sections, covering predicted DM mass ranges from a few GeV/c2 to
several TeV/c2 [83]. Additionally, xenon’s range of isotopes, both even and odd numbered,
enables DM searches via spin-dependent and spin-independent interaction mechanisms [83].

When hit by a particle, xenon emits both scintillation light and electrons. These two signals
provide critical information about the interaction, such as the energy deposited and the
interaction type. With high light and charge yields, xenon detectors achieve an energy
resolution of around 1% at the MeV scales [84]. Its liquid state at T ≈ 175 K allows scalable
detector designs under cryogenic conditions that are relatively straightforward to maintain.

Different xenon isotopes (see Table 2.1) also allow investigation beyond DM. For example,
136Xe and 124Xe are used in studies of neutrino properties, including two-neutrino double
electron capture [85] and neutrinoless double beta decay [86, 87].

Table 2.1: Properties of naturally occurring xenon isotopes relevant to DM detection and neutrino
studies. The table includes the mass number, nuclear spin, and natural abundance of each isotope.
Values are taken from [88].

Isotope Mass Number Spin Abundance [%]
124Xe 124 0 0.09
126Xe 126 0 0.09
128Xe 128 0 1.92
129Xe 129 1/2 26.44
130Xe 130 0 4.08
131Xe 131 3/2 21.89
132Xe 132 0 26.89
134Xe 134 0 10.44
136Xe 136 0 8.87
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Figure 2.1: Schematic of the XENONnT TPC and illustration of the detection principle. The left
panel displays the TPC structure, highlighting key components such as PMT arrays, electrodes,
and reflectors. The right panel illustrates a particle interaction in the LXe target, where a prompt
scintillation signal is generated, followed by the drift and extraction of free electrons producing a
delayed scintillation signal in the gaseous phase. The timing difference between S1 and S2 (drift time)
and light patterns in the PMTs are also depicted.

Furthermore, xenon’s high density provides significant self-shielding against external radiation,
allowing for a “fiducialization” approach. This method isolates a low-radioactivity inner
volume within the detector, enhancing sensitivity by reducing background noise. Together,
these features make xenon a desired target for DM detection.

2.1.2 Xenon Dual-Phase Time Projection Chambers

Dual-phase detection technologies play a crucial role in particle identification within DM
detectors. Liquid xenon (LXe) dual-phase detectors, particularly TPCs, are widely used
in DM searches due to their high sensitivity and efficient background rejection [44, 89, 90]
and in neutrinoless double beta experiments [91]. This design utilizes LXe as the primary
detection medium, complemented by a gaseous xenon layer to facilitate secondary signal
generation after charge extraction from the liquid phase to the gaseous phase.

A typical TPC setup, such as the XENONnT TPC shown in Figure 2.1, includes an inner
volume of LXe surrounded by vacuum ultra-violet (VUV) light reflectors for optimal capture
of scintillation light. The detector is equipped with two arrays of photomultiplier tubes
(PMTs) positioned at the top and bottom of the vessel to collect light signals produced
during particle interactions. There are three electrodes: the cathode, the gate, and the anode.
The cathode is positioned at the bottom, the gate is located just beneath the liquid-gas
boundary, and the anode is located at the top. These electrodes generate electric fields that
drift ionized electrons in the TPC to the liquid–gas surface and extract them from the LXe
to the gaseous xenon layer, where a secondary signal is generated.
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The detection process in a TPC begins with a particle that interacts with xenon atoms, which
can lead to ionization and excitation of xenon. This interaction produces an immediate, or
prompt, light signal called the prompt scintillation signal, S1. The freed electrons, driven
by the applied drift field, move towards the liquid–gas surface, where they are extracted by
the extraction field. Upon entering the gaseous phase, these electrons interact with xenon
atoms, resulting in a secondary (proportional) scintillation signal that is proportional to the
number of extracted electrons known as S2. The S1 and S2 time delay corresponds to the
interaction depth, while the x–y position can be inferred based on the intensity pattern of
the S2 light observed on the top PMTs, enabling full 3D position reconstruction, hence the
term Time Projection Chamber.

2.1.3 Nuclear and Electronic Interactions

A particle that interacts with a xenon atom in the detector can produce either a nuclear
recoil (NR) by scattering off atomic nucleus or an electronic recoil (ER) by interacting with
electrons. In ER events, the deposited energy is mainly transferred to the light and charge
quanta, detected via prompt and proportional scintillation light. For NR events, a larger
fraction of the deposited energy is converted to heat, which is undetectable by TPCs. In
both cases, the energy deposit results in ionized (Xe+, or ion) and excited (Xe∗, or exciton)
xenon atoms. These react to form diatomic excimers (Xe∗

2, or dimers), and de-excitation of
the dimers emits scintillation light, hν [92]. This interaction process follows two primary
reactions; for ionization,

Xe + e− → Xe+ + 2e−

Xe+ + Xe + Xe → Xe+
2 + Xe

Xe+
2 + e− → Xe∗∗ + Xe

Xe∗∗ + Xe + Xe → Xe∗
2 + Xe + heat

Xe∗
2 → 2Xe + hν.

Similarly, for the excitation process:

Xe + e− → Xe∗ + e−

Xe∗ + 2Xe → Xe∗
2 + Xe

Xe∗
2 → 2Xe + hν.

The dimers in both cases eventually dissociate, emitting a VUV photon with wavelength
λ = 178 nm [92]. The energy of this photon, which is about 7 eV, is lower than the excitation
energy of the xenon atom. Thus, the emitted light can travel without being reabsorbed by
another atom.

Typical ER interactions in the TPC include gamma rays from radioactive backgrounds and
neutrino–electron scattering from solar neutrinos. Other ER sources are beta particles, often
from intrinsic radioactivity in materials, and alpha particles, primarily from radon decay
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Figure 2.2: NR and ER response model of XENONnT in the first science run. The bands are
derived from the calibration sources 241AmBe shown in orange dots, 222Rn shown in blue, and 37Ar
shown in black to model the response for NR and ER interactions. The reconstructed NR energies
(keVNR) are also shown with dotted-dashed grey lines. Figure from [93].

products within the detector. NR, on the other hand, is mainly caused by fast neutrons,
hypotetical DM particles (e.g. WIMPs) and neutrinos through CEνNS.

The TPC distinguishes between NR and ER events primarily based on the relative light
and charge yields they produce. Under the applied electric field, electron-ion recombination
is suppressed, allowing separated electrons to drift toward the gas phase. Since the total
number of generated quanta (light and charge) remains nearly constant, an anticorrelation
exists between the two. In Figure 2.2 the first science run NR and ER response models of
XENONnT are presented. The models are derived using calibration data 241AmBe (orange
dots) for NR and 222Rn (blue dots) and 37Ar (black dots) for ER.

2.1.4 Neutrino Interactions with xenon: CC, NC and CEνNS

The probability of a collision between two particles, determined by their atomic properties
and relative energies, is quantified by the interaction cross–section. Neutrinos can interact
with xenon nuclei through three main channels with different cross–sections: charged current
(CC) interactions, neutral current (NC) interactions, and CEνNS [94, 95, 96].

In CC interactions, a neutrino exchanges a W boson with a xenon nucleus, converting into a
corresponding charged lepton, often producing a distinctive signal. At neutrino energies near
1 GeV, the approximate cross–section for CC interactions is σCC ∼ 10−38 cm2 [94] . However,
this energy scale is an order of magnitude larger than the typical supernova neutrino energies
of several tens of MeV. Although this cross–section is relatively small, neutrinos from a
sufficiently close supernova could still produce detectable CC events in xenon [97].
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In NC interactions, a neutrino exchanges a Z boson with a xenon nucleus, potentially leaving
it in an excited state or leading to secondary particle emission. The cross–section for NC
interactions are typically in the range σNC ∼ 10−39 − 10−38 cm2 at 1 GeV [94]. However,
at supernova neutrino energies, NC interactions are not prominent because of their low
cross–sections.

In contrast, CEνNS is highly relevant at MeV energies typical of supernova neutrinos. In
CEνNS, a neutrino scatters off a xenon nucleus coherently, causing the entire nucleus to recoil
with minimal change in neutrino energy. This interaction has an approximate cross–section
of σCEνNS ∼ 10−39 cm2 for neutrinos in the MeV range [95, 96], making it the dominant
interaction channel for supernova neutrino detection in XENONnT. Although CC and NC
interactions play an important role in other detectors that employ lighter nuclei or focus on
specific neutrino flavors, CEνNS is the most relevant channel in xenon-based detectors such
as the XENONnT experiment. At energies associated with supernova neutrinos, CEνNS
provides a highly sensitive means of detecting the broad neutrino flux [94].

For different recoil energies, the differential interaction cross–section can be calculated by

dσ

dER
(ER, Eν) = G2

F

4π
Q2

W

(
1 − mN ER

2E2
ν

)
F 2(ER), (2.1)

where mN is the mass of the target nucleus, ER and Eν denote the recoil and neutrino energies,
respectively, and GF is the Fermi coupling constant [96]. The term QW = N −(1−4 sin2 θW )Z
represents the weak nuclear hypercharge, with N and Z as neutron and proton counts. The
weak mixing angle, sin2 θW ≈ 0.2386, applies to small momentum transfers, while F 2 is the
squared Helm form factor, which describes the nuclear charge distribution.

The Helm form factor [98] used in eq. (2.1) accounts for the finite size of the atomic nuclei
when calculating the cross–section for interactions such as CEνNS. The form factor, F (q), is
a function of momentum transfer q, which is related to the energy and angle of scattering of
the incoming particle. F (q) accounts for the spatial distribution of the charge within the
nucleus and it is expressed as

F (q) = 3j1(qrn) 1
qrn

exp
(

−(qs)2

2

)
, (2.2)

where q2 = 2mN ER represents the squared momentum transfer in terms of the recoil energy,
j1(qrn) is the spherical Bessel function of the first kind, rn is the nuclear radius parameter
and s = 0.9 fm is the nuclear skin thickness. The nuclear radius is defined as

r2
n = c2 + 7

3π2a2 − 5s2, (2.3)

where c = 1.23A1/3 − 0.60 fm and a = 0.52 fm, with A denoting the atomic mass number
[99]. Taken 131Xe as an example, the squared Helm form factor is shown in the left panel of
Figure 2.3, with the corresponding cross–section in the right panel, calculated using eq. (2.1).
The color map indicates the cross–section values in m2/keV, with the neutrino energy, Eν

on the x-axis and the recoil energy, ER on the y-axis. The Helm form factor suppresses the
cross–section for higher momentum transfers, which corresponds to higher recoil energies. A
notable dip occurs around ER = 90 keV in the form factor for 131Xe, where the destructive
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interference of the nuclear structure causes the probability of coherent scattering to approach
zero. This implies that the contribution of CEνNS is strongly reduced for recoil energies
near this region. At higher neutrino energies, the probability of interaction increases, but it
is more concentrated at lower recoil energies due to the nature of the scattering kinematics,
which favors low–energy recoils. Here we discuss the form factor for 131Xe, but the form
factors and cross–sections are also computed for all isotopes listed in Table 2.1. The left
panel of Figure 2.4 displays other xenon isotope form factors, while the right panel shows
those for the much lighter argon isotopes for comparison.

Figure 2.3: Squared Helm form factor, F 2(q) for 131Xe (left), and the cross-section probabilities of
131Xe based on the neutrino energies, Eν and the expected recoil energies, ER (right).

Figure 2.4: Squared Helm form factor, F 2(q) for different xenon isotopes (left) and argon isotopes
(right) discussed in this work. The cross–section of neutrino interactions changes based on the
interacting isotope as different isotopes have different form factors.
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2.2 XENONnT experiment

The current phase of the XENON project, XENONnT, which began to take science data
in 2021, extends the search for DM. The project was first initiated by XENON10 [100] in
2005-2007. Over time, the project progressed through XENON100 [81] from 2008 to 2016,
and then XENON1T [101] from 2010 to 2019, each phase improving experimental sensitivity
and setting stringent limits on DM properties.

The XENONnT setup comprises three nested detectors at the INFN Laboratori Nazionali
del Gran Sasso (LNGS) in Italy: a central cryogenic TPC with 5.9 tonnes of LXe in its
active volumei, surrounded by neutron and muon veto detectors.

2.2.1 XENONnT Data Processing and Data Structure

The XENONnT experiment uses a triggerless data acquisition (DAQ) system [102] to digitize
photoelectric signals from PMTs. All data is stored and can be reprocessed with varying
settings and corrections. The custom software strax [103] in Python reconstructs the
recorded signals, and an XENONnT-specific extension called straxen [104] manages the
detector-specific conditions for signal processing.

Signal reconstruction in straxen involves transforming individual PMT pulses into high-level
events, as shown in Figure 2.5. Reconstruction algorithms first identify hits, defined as
waveform intervals that exceed a threshold, with a 30-ns pre–threshold and 200-ns post-
threshold window. Hits in different PMTs are clustered if they are within 700 ns, whereas
isolated hits (from afterpulses or dark counts) are stored separately [105].

An illustration showing the waveforms corresponding to the S1 and S2 peaks in an event is
shown in Figure 2.6 along with the PMT hit pattern for S2 on the PMTs of the top array.
The classification as S1 or S2 depends on the total PMT charge, the rise time (10% to 50%
charge quantiles), central 50% width, tight coincidence within 50 ns of the peaklet maximum,
and area fraction in the top (AFT) PMT array [105]. Events are identified in the processing
as time regions around S2 peaks larger than 100 PE called “triggering peak”. The event is
defined as the time window 2.45 ms before and 0.25 ms after the triggering peak, and if
multiple event windows overlap, they are merged. To avoid a high number of triggers due
to photoionization signals that follow a large S2, only the large S2s that have fewer than 8
other S2s with areas less than 50% of the triggering S2 within ±10 are accepted as triggering
peaks. The largest S1 in the event time window is identified as the primary S1, and the
largest S2 signal that follows the primary S1 is called the primary S2.

The experiment stores both low–level data and the software tools for efficiently constructing
high–level data. The study in this thesis primarily uses high–level signals; peaks and events.
Data types are generally organized in tabular format, with parameters extracted from

iThe active volume is the volume within the cryostat affected by the electric field
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Figure 2.5: Signal reconstruction in XENONnT DAQ. Individual PMT pulses are classified as hits,
sub-clustered, and labeled as S1 or S2 peaklets based on waveform shape. Some S2 peaklets are
merged if they originate from the same electron cloud. Signals integrated over all PMTs are labeled
as S1 or S2 peaks, while unclassified peaks are marked with a question mark. Figure adapted from
[105].

Figure 2.6: Plot of summed waveform and S2 hit pattern for a krypton calibration event. The
bottom panel shows the time span between the S1 and S2 signals, with zoomed-in views of S1 and S2
signals in the two upper panels. Notice the different time scales for the two different peak types. The
S1 signal exhibits a sharp rise and exponential decay, while the S2 signal has a broader, Gaussian–like
shape with a higher amplitude. The hit pattern displays light intensity registered by all PMTs, with
yellow indicating the highest intensity.
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waveforms such as timing, positions, rise times, summed waveform area, and waveform
widths within 50% and 90% area containment. Additional features, such as proximity
information (e.g., the number of nearby peaks occurring before and after a given peak), are
also sometimes computed to further characterize peaks. A new approach called subtyping
has been introduced to subdivide detected peaks into more refined classes based on peak
features and proximity information, which helps to identify the source of observed signals
with greater precision.

The scientific data acquisitions, referred to as science run (SR) began in July 2021 with the
SR0 and included 107 days of live-time loss-corrected exposure. This was followed by SR1,
which extended the search with an additional live-time exposure of 208 days. During each
SR timeline there were additional calibration runs and other special conditions that caused
extra down-times. For this study, we focus specifically on a subset of SR1 data collected in
background monitoring mode, excluding periods with localized high-rate events (hot spots)
and broader rate increases (warm spots). The considered SR1 dataset contains 592 individual
runs of different lengths spanning over 83 days of live–time. In the following chapters, a
comparison of the treatment for SR0 and SR1 is presented. However, the main analysis
framework is built for the SR1 conditions to be able to understand and use the most recent
detector conditions.

In LXe, large S1 and S2 signals can generate delayed electrons by photoionizing impurities
[106]. Between SR0 and SR1, an increase in photoionization (PI) strength led to differences in
S2 signal rates. After maintenance between SR0 and SR1, the PI strength increased tenfold,
likely due to new impurities from improved radon removal with a high–flow extraction of
radon from the LXe target. These impurities do not affect the electron lifetime but cause
background rate variations, especially in low-energy events from 210Pb plate-out on the TPC
walls [46]. Delayed electron signals, or “single-electron backgrounds”, are a major background
source in low-energy searches, mimicking signals from real nuclear interactions. These occur
when electrons trapped on impurities or surfaces are gradually released after large S1 or
S2 signals, forming lingering “electron trains” [107]. XENONnT and previous experiments
show that these backgrounds significantly affect low-energy event detection, crucial for DM
and CEνNS searches. A common strategy to mitigate these signals incorporates time–based
criteria to eliminate signals following large S2s, as well as improved purification and detector
materials to decrease impurities [108, 109]. Also, a fidicualization is applied to exclude
near-wall volumes of the detector. These strategies enhance the sensitivity of XENONnT to
low-energy events, thereby mitigating the influence of delayed electron backgrounds.

2.2.2 Neutrino Interactions in the Veto Detectors

The XENONnT experiment includes two outer veto detectors, each filled with ultra-pure,
demineralized water. These detectors are primarily designed to identify external backgrounds,
such as muons, but they also offer an additional channel for detecting neutrino interactions
via inverse beta decay (IBD). In IBD, an electron antineutrino (ν̄e) interacts with a proton
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in water, producing a positron and a neutron

ν̄e + p → e+ + n. (2.4)

The positron from IBD emits Cherenkov light, detectable by photomultiplier tubes in
the water, and the delayed capture of the neutron provides a second signal. This double
coincidence, positron followed by neutron capture, significantly enhances the probability of
neutrino identification [110].

Although XENONnT’s primary focus, with its highest sensitivity, is to detect supernova
neutrinos via CEνNS in the TPC, it is also helpful to monitor IBD interactions in water-based
veto detectors to enhance the overall detection strategy. The dual detection capability of
XENONnT, utilizing both the CEνNS signals in the TPC and the IBD signals in the veto
detectors, allows for improved sensitivity to a supernova neutrino burst. Together, the
TPC and veto detectors form a multi–component detection system that can increase the
significance of a supernova signal when analyzed jointly. This complementary approach will
be further discussed in subsequent chapters, highlighting how integrating signals from all
three detectors can provide a powerful, comprehensive response to a nearby supernova.

2.2.3 Recent Results

As of late 2024, XENONnT continues to collect data and analyzes the results of its initial
science runs. Recent works [93, 105, 111] discuss the signal reconstruction methods, cal-
ibrations, and WIMP search modeling of the experiment. These papers detail the signal
processing and the blind analysis approaches used for unbiased searches, with a dual-phase
TPC for precise event detection, the results of the WIMP searches over 1.1 tonne-years,
providing stringent exclusion limits despite no significant findings.

The exclusion curves for the spin-independent WIMP-nucleon cross–section for WIMP
masses between 6 GeV/c2 and the TeV/c2 scale, derived from XENONnT, together with
those of other experiments and the projected limits of future experiments are presented in
Figure 2.7.

Also shown in the figure is the neutrino floor in light blue, the ultimate sensitivity limit for
direct DM detection experiments due to an irreducible background from solar, atmospheric
and diffuse supernova neutrinos [112]. At these ultra-low interaction rates, CEνNS from
solar and atmospheric neutrinos produce signals indistinguishable from those of WIMPs,
creating what is often referred to as the ‘neutrino fog’. This background forms a floor
below which it becomes increasingly challenging to differentiate between WIMP interactions
and neutrino-induced events, as WIMPs with cross–sections below this threshold would
be effectively obscured by the neutrino background. However, this sensitivity level opens
a unique avenue for studying neutrino interactions, particularly through CEνNS, which
XENONnT has already demonstrated by its recent measurement of CEνNS signals from
solar 8B neutrinos marking a milestone for DM detectors in the field of neutrino physics.
In a blind analysis with an exposure of 3.51 tonne-years, XENONnT observed 37 events
above 0.5 keV, with an expected background of (26.4+1.4

−1.3) events [46]. The background-only
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Figure 2.7: Exclusion limits (solid) and projections of limits (dashed) of spin-independent WIMP-
nucleon cross–section for existing and future detectors. Figure adapted from [74, 112]

hypothesis was rejected with a statistical significance of 2.73 σ, leading to a measured 8B
neutrino flux of (4.7+3.6

−2.3) ×106 cm−2s−1. This measurement is consistent with results from
dedicated solar neutrino experiments, confirming the sensitivity of liquid xenon detectors
to low-energy neutrino interactions and validating the Standard Model prediction for the
CEνNS cross–section on xenon.

This capability also underpins the potential for similar observations from supernova neutrinos,
as both CEνNS channels would allow for detailed studies of low-energy neutrino physics and
enhance multimessenger astrophysics efforts.

2.2.4 Successor of XENONnT: XLZD

The development of large-scale LXe TPCs for dark matter research continues with the
next-generation XLZD project, a collaborative effort that unites the XENON, LZ, and
DARWIN collaborations [73]. Often referred to as "the ultimate DM experiment," XLZD is
expected to feature a target mass of approximately 50 tons of LXe, significantly expanding
the detection capabilities beyond those of XENONnT [74, 75]. Notably, the XLZD project
builds upon the groundwork laid by the DARWIN concept, which initially proposed this
scale of detector but has since evolved into the larger, unified XLZD collaboration.

In Figure 2.7, the sensitivity projections for this next-generation experiment are shown under
the name DARWIN, as the XLZD collaboration had not yet been formally established at the
time of the publication [74]. Despite the name difference, the projections are applicable to
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the capabilities envisioned for XLZD. It can be seen that with an estimated 200 ton-year
exposure, XLZD is expected to explore the entire parameter space accessible for WIMP
DM and reach the neutrino floor, the fundamental limit below which the WIMP signals are
effectively indistinguishable from the background neutrino interactions.

Although XLZD is primarily optimized to search for WIMPs above masses of about 5 GeV,
its ultra–low background levels also make it well suited to observe other rare interactions,
including CEνNS. This interaction provides a unique window into low-energy neutrino
physics, which has implications for supernova neutrino detection and other astrophysical
neutrino sources.

In the event of a galactic supernova, a detector of the XLZD scale is expected to detect on
the order of 1000 neutrino interactions, as we will demonstrate in Chapter 6. This number
approaches the statistics collected by dedicated neutrino observatories, positioning XLZD as
an important player in multimessenger astrophysics. Its ability to detect supernova neutrinos
through CEνNS could complement data from other neutrino observatories, allowing for a
richer understanding of the explosion dynamics of supernovae, neutrino properties and the
role of neutrinos in such astrophysical events [47].
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The physics of supernova neutrino emission is discussed in Section 1.2.1, and the XENONnT
DM experiment is introduced in Section 2.2. As it will be discussed in Chapters 4 and 5,
XENONnT is well positioned to actively contribute to the global network of neutrino
observatories and to be a significant player in multimessenger astronomy, aligning with the
collective objective of promptly detecting the next galactic supernova.

This chapter describes the Supernova Early Warning System (SNEWS) and its major upgrade
to SNEWS 2.0. The two main software essential for this upgrade, called SNEWS Publishing
Tools and SNEWS Coincidence System, detailed in Section 3.2 and in Section 3.3 respectively,
are developed within this thesis. The work described in this chapter is also published in the
Journal of Instrumentation (JINST) [113].

3.1 Overview of SNEWS

SNEWS [114] is a global network of neutrino observatories. SNEWS coordinates among
various experiments to provide an early warning system for the next CCSN by detecting
the burst of neutrinos that precedes the optical signal. This chapter introduces SNEWS
and outlines the specifics of its publishing tools and coincidence servers in their respective
sections. The following chapters will elaborate on how XENONnT interacts with SNEWS,
explaining the role and incorporation of XENONnT within the detection network.

The occurrence of a future CCSN in our galaxy is expected to yield signals detectable through
neutrino emissions. In preparation for such an event, we foresee three key signals: detectable
neutrino emissions, gravitational waves, and electromagnetic waves, all observable from Earth.
This combination of signals forms a rich dataset in Multi-Messenger Astronomy (MMA),
significantly enhancing our understanding of these remarkable astrophysical events.

Such cosmic events are predicted to happen just once or twice every hundred years [29, 115],
making proactive preparation essential to optimize scientific outcomes. Coordination among
global observatories is crucial to ensure optimal data collection. Comprehensive coverage
of the entire spectrum, including neutrino emissions, provides a deeper understanding of
stellar evolution and neutrino physics [40]. Conversely, without adequate preparation, we risk
missing this unique opportunity to capture and study a rare and extraordinary phenomenon,
thereby limiting our ability to gain valuable insights into the complexities of these cosmic
events and their implications for astrophysics and particle physics [14].

SNEWS traces its roots to a workshop in 1998, which unified neutrino experimentalists,
theorists, and astronomers in the exploration of establishing a global network [116, 117]. The
core functions of the system emphasize early detection for the next galactic CCSN, inferred
from coincident neutrino signals worldwide, allowing coordinated efforts among observatories
to study this astronomical phenomenon comprehensively. Today, SNEWS comprises both
neutrino observatories and DM detectors capable of detecting neutrino signals, such as
XENONnT, LZ, and the future XLZD [118, 44, 74]. The current collaborative effort involves
various aspects of preparation for a galactic supernova, including modeling, signal prediction,
alert formation, triangulation, and coordination for follow-up observations across different
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wavelengths. These observations span the electromagnetic spectrum and involve ground- and
space-based telescopes, as well as gravitational wave observatories [119, 120, 121]. Traditional
procedures involve extensive data analysis, testing, and cautious data sharing, leading to a
slower process. In contrast, SNEWS enables the registration of even tentative observations,
initiating an automated coincidence search to expedite the detection process. Signals that
simultaneously occur in multiple independent experiments are highly unlikely to be mere
noise, providing a robust basis for automated systems within the network to issue prompt
alerts to the global astronomical community.

Using the combined data from various experiments, SNEWS optimizes the lead time for
global observers to prepare for the imminent electromagnetic phenomena accompanying a
supernova event. This automated and collaborative approach ensures rapid and reliable
information dissemination, enhancing the overall efficiency of early warning systems in
studying these cosmic occurrences.

3.1.1 From SNEWS 1.0 to SNEWS 2.0

The initial iteration of SNEWS, referred to as SNEWS 1.0 entered a testing phase in 2001
and reached full operational status on 1 July 2005 [116]. Since then, it has possibly been the
first and longest-running MMA project with seven neutrino experiments involvedi.

SNEWS 1.0 functions by collecting simple datagrams through the User Datagram Protocol
(UDP) on its central server at Brookhaven National Laboratory (BNL). A backup server was
strategically established at INFN Bologna. These datagrams convey the time of observation
and several optional fields, although the additional fields are rarely utilized in practice. The
primary role of the server was to monitor the experimental alerts. If two or more alerts are
received within a 10-second window, the server promptly notifies an email list comprising
interested parties. Since its inception, this mailing list has attracted almost 7000 subscribers.
Notably, no core-collapse supernova events have been observed within our galaxy during this
period, rendering this mailing list possibly the least traffic-intensive on the Internet.

To balance sensitivity and specificity, participating experiments within SNEWS 1.0 adhered
to a self-imposed limitation of one false alarm per week. If an experiment generates alarms
too frequently, it was flagged as noisy, resulting in its two-fold coincidences being demoted to
nonautomated status. This constraint keeps the Poisson probability of accidental coincidence
lower than the actual supernova rate, estimated at 1.63 ± 0.46 per century [115]. Although
this strict criterion ensures a very low false-positive rate, it may introduce the possibility of
false negatives.

To address this, SNEWS is being upgraded to SNEWS 2.0. Among other notable upgrades
such as introduction of new data tiers beyond the traditional coincidence alert tier, this
iteration relaxes the strict limit on requesting only high-confidence detections and includes
the incorporation of new observatories and enhanced versions of existing ones. SNEWS 2.0
aims to balance reducing false positives and avoiding potential false negatives. It adopts

iSuper-K (Japan), LVD (Italy), Ice Cube (South Pole), KamLAND (Japan), Borexino (Italy) KM3NeT
(Mediterranean), HALO (Canada)
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a more inclusive approach, anticipating any signal that might originate from a galactic
supernova. It employs a similar coincidence algorithm to assess false probabilities, triggering
when two or more observatories report times within a predetermined coincidence window
described in Section 3.3.

3.1.2 SNEWS Today

Today, SNEWS 2.0 features enhanced functionalities by integrating more neutrino detectors
and observatories, increasing sensitivity and range. This includes water Cherenkov detectors
like Super-Kamiokande and the upcoming Hyper-Kamiokande [122, 123], which target low-
energy neutrinos via inverse beta decay and elastic scattering in large water volumes. Another
type uses natural settings such as lakes, Antarctic ice, or deep-sea sites such as Baikal, IceCube,
and KM3NET [124, 125, 126] for high-energy atmospheric and astrophysical neutrinos.
LArTPCs such as DUNE [127] and ICARUS [128] detect neutrinos through interactions
with argon nuclei. DM detectors such as XENONnT and LUX-ZEPLIN contribute via
CEνNS. Scintillator detectors, including the Borexino [129] and future JUNO [130], also
detect via inverse beta decay and elastic scattering. Future experiments like KM3NeT and
Hyper-Kamiokande will significantly increase the sensitivity and observational capabilities of
SNEWS 2.0 [118].

Although the primary objective of SNEWS 2.0 is to provide a prompt and reliable alert for
a galactic CCSN by detecting the high flux of neutrinos that precede the event, the system
has expanded its scope to include additional scientific goals across different operational tiers.
SNEWS 2.0 operates with three key tiers: coincidence, significance, and timing, as described
below and illustrated in Figure 3.1.

• Coincidence Tier: Focuses on identifying simultaneous neutrino signals from multiple
detectors, a crucial indicator of a potential galactic CCSN event. Using a sophisticated
algorithm, an alert is triggered when two or more detectors report observations within a
specified time window. This tier ensures a rapid response to potential supernova signals,
maximizing the lead time for subsequent observations across different wavelengths
(described in Section 3.3).

• Significance Tier: Enhances supernova detection by assessing the statistical sig-
nificance of each signal. Users submit p-values and corresponding time bin widths,
allowing for a refined analysis of observed signals. This tier enables the combination of
marginal signals from different detectors to achieve a global significance that is large
enough to be of interest. This is particularly useful for pre-supernova neutrinos, where
even the best detectors have a limited range, thereby improving the overall scientific
value of the data.

• Timing Tier: Focuses on the temporal aspects of neutrino detections. Users submit
lists of individual neutrino signal times, offering a detailed temporal profile of the
signals. This information aids in studying the dynamics of supernova processes and
refining neutrino emission models. Additionally, timing data from multiple detectors is
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used to triangulate the signal’s location, providing valuable information for the broader
astronomical community.

Figure 3.1: Representation of the three core tiers of SNEWS. Figure is from [118].

Beyond these main tiers, the network also addresses broader aspects, including modeling, co-
ordination for follow-up observations in other wavelengths, multilateration, global significance
inference, and presupernova neutrino detection.

Collaborating with AAVSO [131] and REFITT [132], SNEWS mobilizes astronomers for a
rapid optical follow-up of a supernova neutrino alert. Due to their geographic diversity and
flexibility, amateur astronomers offer rapid responses and global coverage, unlike professional
observatories that require scheduling. Although professional telescopes can be overwhelmed
by the brightness of nearby supernovae, amateur telescopes capture initial data, guiding
professional follow-ups and optimizing equipment use, thereby enhancing early data capture.

SNEWS is conducting long-term photometric monitoring of Red Super Giant (RSG) stars,
which are potential candidates for CCSN. By observing 640 identified RSG stars, SNEWS
aims to detect photometric variations that might indicate pre-supernova activity [133].
Although this may not precisely predict an explosion, it could offer insights into the final
stages of stellar evolution, enhancing the understanding of massive stars’ behavior before
a supernova. These observations can also provide valuable information about supernova
progenitors following a core-collapse supernova event.

In addition to astronomical follow-up, SNEWS plays a crucial role in assisting gravitational
wave observatories, such as LIGO and Virgo [134], by narrowing down the time window for
their searches based on the neutrino signal. Studies show that when the neutrino signal is
detected, gravitational wave observatories can significantly increase their sensitivity within
that time frame, improving the chances of gravitational wave detection associated with the
supernova event [40].

SNEWS is also exploring multilateration (or, informally known as triangulation), utilizing
data from global detectors to identify the direction of incoming neutrinos. This method
can estimate the supernova’s sky location, potentially enhancing follow-up observations by
localizing within a few degrees [135].
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Currently, collaborations between experiments are being solidified through Memoranda of
Understanding (MoU). These agreements outline the integration of experiments into the
SNEWS network, ensuring that they can provide and receive timely alerts. XENONnT is
actively participating in this process and the formal inclusion in SNEWS 2.0 is underway,
with future MoUs expected to solidify this partnership.

SNEWS 2.0 harnesses advances in computational environments and resources to optimize
its performance. The introduction of new software tools, developed in Python, brings
improved flexibility, performance, and additional features. In addition, this new development
environment allows for long-term maintainability. At the heart of SNEWS 2.0, two primary
software packages, SNEWS Publishing Tools and SNEWS Coincidence System, have been
developed to streamline its functionality.

The first package serves as the backend, operating on the server to execute the coincidence
algorithm, detect trigger coincidences, and distribute alerts. Meanwhile, the second package
functions as a front-end, providing users with an interface to interact with the SNEWS
server. The subsequent sections delve into a detailed explanation of these tools, explaining
their roles and functionalities within the upgraded SNEWS 2.0 framework.

3.2 SNEWS Publishing Tools

Serving as a user interface, the SNEWS Publishing Tools (snews_pt) is a robust Python
package equipped with a variety of features. The essence of online communication is delegated
to Scalable Cyberinfrastructure to support Multi-Messenger Astrophysics (SCiMMA) [136],
using Kafka protocols (see Section 3.2.1), thus enabling snews_pt to concentrate on additional
functionalities. The primary tools offered to users include the ability to subscribe to incoming
alerts issued by the server, publish their observations to the extent they prefer, and transmit
periodic heartbeats to ensure communication integrity. In the subsequent subsections,
the discussion will be structured as follows: first, an examination of the authentication
framework governing communication channels; second, an exploration of subscription and
publishing functionalities in their respective subsections; and finally, an introduction to
remote commands and their operational mechanisms.

3.2.1 Credentials and Kafka Topics

To establish secure connectivity between servers and authentic users, credentials play an
important role in identifying users. The SCiMMA community offers a hopskotch pack-
age [137] designed to handle authentication and credential management. This package
utilizes Kafka [138] protocols to establish secure connections between authenticated users
and authorized servers. Kafka is a distributed streaming platform that is used to build
real-time data pipelines and streaming applications. It can publish and subscribe to streams
of records, store them, and process them. Users of member experiments can create accounts
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on the website using institutional email addresses for authentication and request access to
specific topics. A topic in this context refers to a specific channel or subject within the
messaging system, typically used to organize and manage different categories of messages.

Administrators within the SNEWS Collaboration then grant read-only access to coincidence
alert topics, write-only access to observation topics, and both read and write access to test
topics. In contrast, the server is endowed with write access to the coincidence alert topic
and read-only access to the observation topic. This configuration ensures that observation
messages, containing only suspected supernova observation timing, can be read only by the
server. They remain undisclosed to the network unless they trigger the coincidence logic, at
which point all members can access the alert message issued by the server on the coincidence
alert topic. This approach guarantees secure and confidential communication between users
and the server.

The test topics serve various purposes, including general purpose testing and connection
testing for users, as explained in the following.

3.2.2 Subscription

The subscription feature, designed for broad accessibility, extends beyond the confines of
SNEWS membership to include a wider audience. This inclusive approach allows anyone
to subscribe and monitor the incoming alerts, which are inherently public. Facilitated by
the SNEWS Publishing Tools (snews_pt), users have two distinct avenues for connection
and alert monitoring: a command-line interface (CLI) and an interactive Python application
programming interface (API), such as Jupyter notebooks.

Upon executing the subscription command, an uninterrupted connection is established to
the relevant coincidence alert topic. When an alert is received from the server, its contents
are saved in a local JSON file while the alert-listening process continues. Alerts are triggered
as soon as two detectors form a coincidence and generate the initial alert labeled as “New
Coincidence”. Subsequent updates with tags “Alert Update” are received iteratively as
more detectors contribute their data, all of which are appended to the existing JSON file.
Different alert types are discussed in the following sections.

In addition to the core listening functionality, the CLI introduces a notable feature: plug-in
scripts that can optionally be used to perform some additional tasks using the alert data.
These scripts are executed automatically upon receiving an alert. Users are guided to
incorporate two lines of code at the beginning of their custom follow-up script.

Upon receiving an alert, the subscribe function creates a time-stamped JSON file and triggers
the execution of the custom script, passing the filename as a parameter. This design allows
users to automate and customize follow-up procedures seamlessly, leveraging the information
in the JSON file.

This dual functionality and automated follow-up scripting offer a flexible and responsive
framework for users to interact with the alert system, accommodating a range of preferences
and requirements within the scientific community. For instance, a pointing script can
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be integrated to use the initial neutrino time information from each coincidence-forming
experiment to infer the potential position of the neutrino source. This script will be executed
automatically upon receiving each alert.

3.2.3 Publishing

The snews_pt communication tool offers a versatile mechanism for users to publish their
observations and heartbeats. Adopting an object-oriented paradigm, this package enables
users to pass relevant information and interact with the message object before final submission.
In particular, messages undergo validation upon creation, ensuring integrity and adherence
to specified criteria.

As mentioned in the previous Section 3.1, snews_pt accommodates the distinct tiers within
its design, allowing users to build messages tailored for various purposes. To streamline user
interaction, a default configuration file is used as input for the software and it predefines
topics for both production and development environments. In addition, it incorporates
essential information about the detector.

Upon initial execution, users are recommended to set their names using the tools provided.
Once set, this information is recorded in the configuration file and becomes the default
argument for future interactions, eliminating the need to enter the detector name each time.
A similar approach applies to specifying Kafka topics, and the default topics are already
predefined in the configuration file. Users only need to indicate whether the created message
is intended for testing, and the correct topic is automatically selected.

Furthermore, snews_pt offers various message templates for different tiers and other purposes.
These messages are dynamically generated based on the input provided and their content is
validated using predefined message models. For example, a message containing the initial
neutrino time would be classified as a coincidence-tier message, whereas a message with
detector status information would be classified as a heartbeat message. Users can easily
input the desired information and snews_pt will automatically produce the corresponding
messages, validating their content in the background. The range of possible messages and
their required arguments are explained in the following and also summarized in Table 3.1.
This approach improves user efficiency by reducing tasks and offering an intuitive interface
to create messages specific to various communication tiers.

In addition, users can view and interact with the generated messages. In the event of an
invalid message, a warning message is displayed to inform the user about the issue, ensuring
transparency and effective error handling.

The message constructor function accepts various arguments, each with a specified format.
To qualify as a message for a particular tier, there are typically two essential inputs. The
first is the detector name, which can be retrieved from the configuration file once the user
has set it. The other input(s) determine the tier. Here is a breakdown of different types of
messages and their respective input requirements:
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Format Coincidence Significance Timing Heartbeats Retraction
detector

name str Required* Required* Required* Required* Required*

initial
neutrino

time
str Required - Required - -

machine
time str Optional Optional Optional Optional Optional

observation
p-value float [0,1] Optional Optional Optional - -

p-values for
time bins list [float] - Required - - -

width of
time bins float - Required - - -

neutrino
time series

(histo-
grams)

list [str
(int)]

- - Required - -

detector
status str

ON|OFF
- - - Required -

retract
latest int - - - - Required

Table 3.1: The required and optional arguments for different intended uses. (*) The detector name
can be set once by the experiment, and in the following uses, the tools always fetch this name.

1. Coincidence Tier Message:

• Generated when the user provides the “initial neutrino time” as an argument in
International Organization for Standardization (ISO) format or a string that can
be formatted to this standard.

• Optional arguments may include machine time indicating the time when the data
was read and the overall detection p-value.

2. Significance-Tier Message:

• Users can provide p-values corresponding to each time bin alongside their specified
widths.

• P-values format: a list of floats; bin width format: a float number.

• Optional arguments, such as machine time and observation p-values, can also be
included as needed.

3. Timing-Tier Message:

• Users are required to pass a list of strings containing individual neutrino times.

• Optional arguments, like machine time and observation p-values, can be included
if available.

4. Heartbeat Messages:
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• Crucial for monitoring experiment connectivity, calculating false alarm probabili-
ties during triggered alerts, and potentially coordinating downtimes within the
network.

• Creating a heartbeat message is straightforward; users only need to pass their
detector status as either “ON” or “OFF”.

• All messages are automatically timestamped with the current date-time upon
submission to SNEWS to enable latency-tracking.

5. Retraction Messages:

• Users employ retraction messages to retract previously submitted messages from
the cache.

• Play a crucial role in mitigating false triggers and minimizing the risk of high
false alarm rates.

• To initiate a retraction, the user must provide a “retract latest” argument with an
integer value indicating the number of messages to retract from the last submitted
messages.

• This feature proves particularly useful in scenarios where there may be program-
matic mistakes leading to the unintentional submission of several observation
messages.

Predefined arguments serve multiple purposes and cater to various intentions using the same
message builder class. To allow flexibility, users may include specific information as key-value
pairs. This additional information is stored in a separate field called a meta-field, which is
not processed immediately by the server nor included in distributed alerts but is stored for
later access. When receiving arguments, the builder parses them to determine their intended
use and constructs the appropriate messages. Each message is stored in a list that becomes
an attribute of the object. During message creation, meta-fields are generated only for keys
that do not belong to any other generated message, preventing duplication of information
and maintaining clarity in messages.

To transmit the generated messages to the server, users can invoke a method on the message
object. This method offers optional arguments, such as indicating whether the message is
designated for the testing topic (also known as the firedrill topic) or the main production
topic. Once executed, the generated messages are automatically delivered to the relevant
Kafka topic, making them available to the server. The timing tier and significance tier
messages are correctly labeled and inserted into the stream. However, it is important to note
that the coincidence system only selects and handles the messages of the coincidence tier,
along with heartbeat and retraction messages; see Section 3.3.
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3.2.4 Remote Commands

In addition to message submission, users have the capability to initiate remote commands
that prompt the server to take specific actions. These commands serve different purposes,
including cleaning the cache, testing the connection to the server, and asking for heartbeat
feedback. Users can execute a designated function to trigger commands. These commands
essentially represent a unique category of messages recognized by the server. Upon detecting
these special messages, the server invokes different functions to execute the corresponding
actions.

The cache cleaning command proves particularly useful during the development phases.
When implementing changes, developers often seek to refresh the cache to assess the effects of
recent modifications. Specifically, the "clear_cache" command purges the existing entries
in the cached database on the server and creates a new one. This ensures a clean slate
for testing and evaluating the system’s response to recent updates. The two additional
commands, namely "request_heartbeat_feedback" and "test_connection", cater to the
broader user base.

There are instances where users may send messages and desire confirmation that these
messages have been successfully received by the server. To address this concern, users can
initiate a connection test command, which involves creating a message containing the detector
name and execution time, tagged as “sending” before. Subsequently, upon submission, the
system opens the third topic mentioned in Section 3.2.1, called the test topic, and awaits a
response. Upon receiving the test connection command, the server duplicates the message
contents, alters the status tag to “received”, and sends it back to the testing topic. The user’s
system monitors this test topic until a specified timeout is reached (an adjustable argument).
If the user identifies their message with the correct detector name and time, modified as
expected, they can confidently conclude that the message has successfully bounced back,
confirming the connection. This process provides users with tangible verification that their
message has reached the server.

Lastly, users have the option to request feedback on their heartbeats by submitting a
specific command. This command includes an argument for inputting email addresses to
which the user wants feedback. Upon receiving this command, the server undergoes an
authentication process by comparing the provided email addresses with the known authorized
member email addresses for the given observatories. Once authenticated, the server compiles
data containing the heartbeat information of the experiment, including computed latencies,
and sends an email to the specified addresses. The email includes relevant data and a
graphical representation, as shown in Figure 3.2. More details on this process are provided
in Section 3.3.4.
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Figure 3.2: The figure illustrates a simulated example from the XENONnT experiment spanning a
15-minute interval, showcasing key metrics related to the server’s reception of heartbeats. The top
plot displays the time intervals representing the duration between successive heartbeats reaching the
server. Marker colors differentiate between ‘ON’ and ‘OFF’ states of the received signals. Below, the
latency is depicted, delineating the time span from when the signal is dispatched by the member to
when it is processed by the server. Darker shades of red indicate higher latency levels.

3.3 SNEWS Coincidence System

The SNEWS Coincidence System (snews_cs) serves as the back-end algorithm that runs on
the servers, functioning as the main coincidence logic within the Supernova Early Warning
System. This central component processes the messages of the coincidence tier as described
in Section 3.1.2. Primarily utilized and managed by SNEWS developers and administrators,
this script plays a pivotal role in determining coincidences and initiating alerts, subsequently
disseminated through various channels explained in the ensuing subsections.

Given its centrality in the information flow, the script considers various scenarios to ensure ro-
bustness. The subsequent subsections detail the capabilities of this module, commencing with
an explanation of the data flow (Section 3.3.1) and handling mechanisms (Section 3.3.2).

Continually operating on the server, the coincidence system is designed to withstand contin-
uous operation, with measures in place to minimize downtimes and facilitate maintenance,
as explained in Section 3.3.5.

3.3.1 Coincidence Logic

The SNEWS Coincidence System employs a designed algorithm to ensure accurate handling
of coincidences. Its primary objective is to cover all potential scenarios while avoiding
any oversight of coincident events. The system defines a default coincidence window of 10
seconds, indicating that a coincidence alert is triggered when at least two detectors report
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initial neutrino times within this temporal proximity. The sequence of these messages is
not important, and other experiments can join the existing alert by reporting a time within
the same window. A flow chart explaining the process of coincidence handling is shown in
Figure 3.3.

In cases where a detector reports an initial neutrino time that aligns with the second detector
but not the first, the system adeptly identifies these situations. It introduces ‘sub-groups’,
simultaneously enabling multiple coincidence windows to coexist. Managing cached data
becomes crucial as detectors may belong to several subgroups simultaneously.

Although the system promptly triggers a coincidence alert upon the formation of a coincidence
between a pair of detectors, it continually receives additional information and updates its
cached data. When a new detector joins an existing coincidence alert, the system recognizes

Figure 3.3: Flowchart illustrating the logic of the SNEWS coincidence system. Coincidence and
heartbeat messages are initially registered in the snews_cs, where they undergo validation for their
input. The CoincidenceCache and HeartbeatCache classes handle coincidence and heartbeat messages,
respectively. Upon detecting a coincidence between two or more detectors, an alert is generated
and published. Both coincidence and alert messages are stored for record-keeping purposes. The
HeartbeatCache class computes false alarm rates for alerts, which are then appended to the alert
message. Finally, alerts are distributed via Kafka topics, emails, and other channels.
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this and issues an update alert, incorporating information from the additional detector. If
a subsequent coincidence involves the new and existing detectors, distinct alerts with new
subgroup IDs are generated and transmitted.

The system also demonstrates sophistication in recognizing detector updates. In cases
where a detector sends an update and a coincidence has already been established, a new
alert marked with an “Alert Update” flag circulates, emphasizing the modified time of the
relevant detector. If no coincidence had occurred before the update but formed afterward,
the system considers the latest value and circulates a new initial alert.

In instances where a detector retracts its message, particularly if it had already formed
a coincidence with another existing detector observation leading to an alert, the system
issues an update alert. This alert exclusively features the remaining detector, signaling the
retraction of the observation by the initial detector. This approach ensures the accuracy and
reliability of the coincidence logic within the SNEWS Coincidence System.

The observation messages containing suspected initial neutrino observation times undergo a
two-tier storage approach. Initially, they are cached in a Pandas DataFrameii for a 24-hour
duration, allowing continuous comparison with other messages in the cache. Simultaneously,
these observation messages are archived in the SNEWS database, providing a more permanent
storage solution. Similarly, coincident alerts formed between two or more detectors are
also stored in the database. Although the precise memoranda of understanding regarding
long-term data storage between the SNEWS network and individual experiments are not
finalized, the current implementation offers flexibility to accommodate future agreements.

For registered heartbeats, the default storage policy suggests a 48-hour retention period in a
comma-separated file. This file is continuously updated, and older entries are systematically
deleted to make room for newer additions. This storage approach ensures efficient management
of heartbeat data over time.

The core working principle of coincidence logic is visually depicted in Figure 3.3, providing
an illustrative overview of the functionality of the system. Specifics regarding command
handling on the server, alert distribution, heartbeat handling, and the feedback mechanism
are outlined in their respective subsections, offering a more detailed understanding of the
overall system architecture and operation.

3.3.2 Command Handling at the Server

The functionality of the SNEWS Coincidence System (snews_cs) is structured around
various class objects and a modular design. At its core, a persistent Kafka subscriber runs
within the coincidence script, consuming messages from the observation topic, as detailed in
Section 3.2.1. Each incoming message undergoes a series of steps. Initially, it is directed
to a CommandHandler, where the message content and intended tier are examined. The

iiPandas is a widely used Python library for data manipulation and analysis. A DataFrame is a labeled data
structure provided by Pandas, designed to store and manage tabular data efficiently, supporting various
data types.
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CommandHandler verifies the format and validity of the message. Specifically, snews_cs
manages messages properly formatted and dispatched using snews_pt for coincidence tier,
heartbeat, or command purposes. However, messages directed at the significance or time tier,
as explained in Section 3.1.2, are recognized but ignored. The flow chart shown in Figure 3.4
explains the process.

Properly formatted messages, those sent through snews_pt, include a field indicating the
message ID. This ID plays a pivotal role within the CommandHandler, categorizing the
message content and guiding subsequent actions. For remote commands introduced in
Section 3.2.4, the Commands class is invoked, where further checks are executed before the
actual command is processed. The commands and their respective actions on the coincidence
server can be listed as follows.

• The cache–reset command is exclusively reserved for software maintainers for testing
purposes. When this remote command is received, it is expected to contain a field with
a simple password. The server authenticates this password, granting access to reset
the cache. Once validated, the command handler instructs the coincidence script to
reset its cache and initiates a new Pandas DataFrame.

• For the test connection command, as detailed in Section 3.2.4, user input is manipulated
and reintroduced into the test topic stream. Validation is performed on the user’s end
with snews_pt.

• When the received message pertains to a heartbeat, a distinct class object managing
heartbeats is called. For the heartbeat request feedback command, the requesting email
addresses are compared against the addresses registered for the requesting experiment.
If the addresses belong to a known authorized user, feedback is generated and sent to
the user.

• For retraction messages, the CommandHandler directs the coincidence script to remove
the last N numbers of messages, as specified in the retraction request. Subsequently,
it triggers a rerun of the coincidence logic to identify any consequential changes. If
the redacted messages had initially formed a coincidence, this process might lead to a
retraction update, ensuring the timely and accurate adjustment of alerts in response
to retractions.

• If the message involves a neutrino time report, i.e. a Coincidence Tier message,
the CommandHandler validates the message content before authorizing the main
coincidence script to search for coincidences. These messages represent reported initial
neutrino observation times from different detectors. Each message undergoes validation,
and if it meets the specified criteria, it actively contributes to the ongoing coincidence
search. Furthermore, the CommandHandler identifies whether the message is intended
for production or testing by examining the "is_test" field within the message content.
The test messages, designed for testing purposes, bypass the usual time checks. On
the other hand, all other neutrino times undergo sanity checks, ensuring their validity,
and only messages from the last 48 hours are accepted for further processing. This
validation process ensures accuracy and effectiveness in the detection of potential
galactic core-collapse supernovae events.
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The process is illustrated in Figure 3.4. After completion of the validation process outlined
above, the CommandHandler initiates the next step in the process. Once the Command-
Handler gives a green light, the coincidence search scripts are activated to begin searching
for coincidences among the different messages received. This phase in the workflow ensures
that potential coincidences are identified and properly evaluated for further action.

3.3.3 Coincidence Forming and Alert Distribution

The primary functions of the system are to identify Coincidence Tier messages that occur
within a specified time window, generate an alert message, and distribute this alert to the
appropriate Kafka topics. This system is designed to accurately detect coincidences and
promptly provide critical alerts for potential galactic core-collapse supernova events.

Once the CommandHandler approves the processing of these messages, the coincidence script,
utilizing the CoincidenceDistributor module, incorporates each new message into its cache.
With every new message in the cache, a sequence of coincidence checks unfolds. The messages
are initially inserted into the existing cache, with the first message designated as subgroup=0.
Subsequent messages are then compared to this initial subgroup for coincidences. If no
coincidence is found, the new message is labeled subgroup= 1, and this pattern continues.
This process is handled by CacheManager. In the coincidence search process, each new
message is scrutinized against the neutrino times in each subgroup. If the message originates
from an experiment already present in the subgroup, checks are conducted to determine
whether this update triggers a new coincidence. Likewise, retraction messages trigger
subgroup inspections. When a coincidence is formed, additional checks are performed
to determine if it is a newly established coincidence, in which case the alert message is
labeled “New Coincidence”, or if it involves an existing coincidence being modified by a
new experiment joining or an existing one retracting. If it is the latter, the messages are
labeled “Alert Update”. At each step, the cache undergoes appropriate adjustments, and
the neutrino times are consistently sorted based on the earliest time in the subgroup, and the
neutrino time differences relative to the first neutrino time in the subgroup are recomputed.

The information flow is visually represented in Figure 3.4, where each module is represented
by a rounded colored box. Upon identification of a coincidence, the AlertDistributor module is
activated, initiating the creation of a comprehensive alert message. This message encompasses
crucial details, including the names of the experiments involved in the coincidence, their
respective initial neutrino times, time differences between experiments, subgroup numbers,
information indicating whether it is a new alert or an update, and a computed false alarm
probability. To calculate the probability of a false alarm, the module collaborates with the
HeartbeatHandler, employing a Poisson probability computation based on the number of
active detectors at that particular moment.

Following its creation, the alert is distributed through multiple channels. Initially, it
is broadcasted to the Kafka alert topic, ensuring rapid distribution across the network.
Simultaneously, the alert can be sent via email to designated alert mailing lists and transmitted
to internal Slack channels through a dedicated Slack bot. The flexibility of the system
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Figure 3.4: The process flow of snews_cs. Incoming messages undergo initial processing by the
CommandHandler, which identifies and filters out time and significance tier messages, along with
unknown message types. Validated message types are then routed to their respective functions.
Retraction messages are handled by the CacheManager and removed from the cache. Commands are
identified, authorized, and executed accordingly. Heartbeats are directed to the HeartbeatHandler for
registration, while coincidence messages are forwarded to the CoincidenceDistributor for coincidence
search.

allows for the construction of plugins that consume Kafka alerts and send notifications
through various platforms such as GCN notices, VOEvent packets, and other communication
channelsiii. Efforts are also underway to establish a connection between the Kafka alert topic
and smartphone notifications through a dedicated app, further enhancing the accessibility
and promptness of alerts.

3.3.4 Heartbeat Handling and Feedback Mechanism

The processing of heartbeats occurs through a distinct script on the server, separate from the
primary coincidence script. When the CommandHandler receives a heartbeat, it transmits the
message to the HeartbeatHandler module. Similar to the CoincidenceDistributor, this module
maintains a cache and logs the incoming heartbeat messages for each detector. Heartbeat
messages carry "detector_status" information and an optional "machine_time" (refer to
iiiGCN (Gamma-ray Coordinates Network) notices and VOEvents (Virtual Observatory Events) are two

forms of astronomical alert messages used to communicate information about transient astronomical
events.
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Table 3.1), coupled with a "sent_time" field upon execution by snews_pt. Upon reception,
these messages are time-stamped with a "received_time" and latencies are calculated by
assessing the time delay between message injection into the Kafka stream and consumption
by the HeartbeatHandler module on the server.

The HeartbeatHandler organizes these messages within a dynamic Pandas DataFrame,
retaining entries from the last 48 hours for each detector. This dataframe undergoes
continuous updates, ensuring that the latest entries are incorporated while removing the
older ones. To mitigate potential crashes or serve as a backup, this dataframe is consistently
written to a file. This approach also enables the storage of heartbeat records per day in a
separate file, accommodating longer storage needs. The flexibility of this storage method
aligns with the specific agreements made with individual experiments. Importantly, all this
information remains confidential and only resides on the server. Access to such data is only
granted through user feedback requests or in scenarios where a coincidence alert is triggered,
utilizing the data to compute false alarm probabilities.

Individual experiments may occasionally experience false triggers, as dictated by Poisson
statistics. The probability of observing k events or more in a counting experiment is given
by

P (X ≥ k) = 1 −
k−1∑
i=0

e−λλi

i! , (3.1)

when expecting an average of λ events.

According to the probability mass function of such a model, detectors may encounter signals
that mimic (here, the frequency of such events is referred to as imitation frequency) the
expected counts they would observe in the event of a supernova. To mitigate this, SNEWS
requires each individual experiment to adjust their thresholds such that reported observations
are deemed false at most once per week. This practice helps minimizing the occurrence of
accidental coincidences between different detectors.

Although individual false alarm rates may not strictly follow Poisson statistics and can
fluctuate over time, we can estimate the expected frequency of false alarms by assuming a
uniform false alarm rate of once per week for each experiment. The imitation frequencies of
the coincidences can then be computed as a function of the number of detectors available
and for a required n-fold coincidence, as illustrated in Figure 3.5.

The imitation frequencies are calculated using the combined rate Rcomb,

Rcomb = (C(n, r) + 1) × Fd1 × Fd2 × . . . × Fdr × δt(r−1) (3.2)

which corresponds to the inverse of the imitation frequency, and Fdi
denotes the false alarm

rate of the ith detector. The term C(n, r) represents the combination of n options with r

possibilities, and δt represents the time window.
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In Figure 3.5, it is evident that even in the extreme scenario where 15 experiments are
actively collecting data and only a 2-fold coincidence is observed, the imitation frequency is
approximately once every 10 years.

Figure 3.5: The imitation frequency, Fim, of n–fold coincidences among N experiments, considering
a 10–second coincidence window and individual alarm rate of one per week. The lowest imitation
frequencies occur for 2-fold coincidences involving a large number of operational experiments. For
example, a false coincidence between 2 detectors out of 15 operational ones happens once every ≈ 10
years (see inlet with linear scale).

In the event of a triggered alert within snews_cs, heartbeats play a central role in assessing
the number of detectors available at the time of the event. Using the number of detectors
that contribute to the formed coincidence, the system estimates how often such occurrences
could be attributed to individual false alerts imitating a coincidence.

3.3.5 Logic of Distributed Server

Ensuring stable operation of the server and the comprehensive search for coincidence oc-
currences in received observation messages are essential. To maintain server stability and
guarantee continuous operation, requires the implementation of backup servers. In addition,
to prevent the simultaneous triggering of multiple alerts by different servers in the event of a
coincidence, distributed server logic is being developed.

The primary server is currently operational at Purdue University, Indiana, USA, serving as
the central hub for processing observation messages and detecting coincidences. In addition,
plans are underway to establish two backup servers, strategically located in Oxford, UK
and Karlsruhe, Germany. These backup servers will serve as fail-safes, ready to assume the
role of the primary server should it become unavailable due to unforeseen circumstances.
The backup server is expected to be lightweight and can be hosted on any machine with
minimalistic requirements [113].
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The distributed server logic involves establishing communication channels between the
primary server and the backup servers, enabling seamless data transfer and task delegation.
In the event of a server outage or failure, the backup servers will automatically assume the
responsibilities of the primary server, ensuring uninterrupted operation and timely detection
of coincidences.

By implementing a distributed server architecture, redundancy was introduced into the
system, enhancing reliability and resilience. This approach not only safeguards against
potential server failures, but also mitigates the risk of alert duplication, thereby minimizing
confusion and streamlining the alert dissemination process.

The SNEWS system is constantly undergoing significant upgrades, incorporating several
enhanced systems and logics, as well as welcoming new experiments. One of the notable
changes in SNEWS 2.0 is the adoption of more relaxed, flexible, and interpretable Python
software developed within this thesis. This new software provides a user-friendly interface,
allowing users to easily publish their observations, while a robust coincidence system con-
tinuously monitors for coincidences between experiments [113]. These new functionalities
in the software significantly improve the efficiency of SNEWS communication. In addition,
new server logics, such as distributed backup servers, are being implemented to enhance
system reliability. With these upgrades, SNEWS employ the software developed within this
thesis for its future operations, ensuring a more efficient and responsive network for detecting
potential galactic core-collapse supernovae events.
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In the previous chapters, we introduced key components of the Standard Model, delved into
direct DM detection with a particular focus on LXe TPC detectors, and provided a detailed
overview of the XENONnT experiment. We further explored supernova physics, covering
mechanisms of neutrino emission, and introduced recent upgrades for the SNEWS 2.0,
including the development of specialized tools within this work.

This chapter begins with an in-depth explanation of supernova neutrino emission models,
covering various simulations for different progenitor stars in Section 4.1. Following this, we
calculate the expected neutrino interactions in LXe TPCs using the XENONnT experiment.
We present an analysis of the expected interaction rates in Section 4.2. In addition, we
describe methods for simulating these interactions in XENONnT under realistic detector
conditions. In Section 4.3, we introduce custom software developed as part of this work to
enhance the analysis capabilities of supernova neutrino detection in XENONnT.

4.1 Understanding Supernova Models and Neutrino Fluxes

In Chapter 1 the physics of supernova explosions was presented, with a focus on modeling
efforts using sophisticated computational techniques and other approaches, including obser-
vations such as SN1987A. Despite extensive research, different modeling techniques have not
yet fully agreed on one model [139, 140, 141, 142], highlighting the complexities involved in
accurately modeling supernova events. In this section, established and emerging supernova
models are explored, emphasizing model-dependent luminosity and energy distributions and
their dependence on the properties of the progenitor star.

The different models are incorporated into the Python software package called snewpy
developed under SNEWS 2.0. Key properties such as luminosities, neutrino energy spectra,
and neutrino fluxes for all flavors are accessible through snewpy. The package provides
a unified and accessible platform for exploring these models. Using selected established
models, the time and neutrino energy distributions of supernova events were analyzed. To
understand the expected supernova neutrino signal on Earth, the flux from model-dependent
luminosity and energy profiles was investigated, and different characteristics are discussed in
the following subsections.

4.1.1 Characterizing Neutrino Fluxes

Neutrino bursts originating from the core of a supernova travel through space, exhibiting
varying number densities of neutrinos at different energies depending on the predicted
luminosity. Consequently, the flux depends on both the luminosity and the neutrino energy
spectrum as a function of time. Neutrino detection on Earth possess two primary features:
the spectrum of their energy and the emitted flux over time in relation to the post-bounce
phase (tpb) of the core collapse.
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Figure 4.1: The mean neutrino energy evolution with time for electron antineutrinos for all models
considered in this study (top), and the luminosity distribution (bottom).

As the energy distribution of these neutrinos varies over time, it leads to different mean
energies across the various phases of a supernova event. The top panel of Figure 4.1 shows
the energy distribution at a given time, while the bottom panel depicts the mean energy
distribution over time for all models in this work.

Models typically provide time-dependent luminosities Lνβ
(tpb), for each neutrino flavor νβ,

including electron, muon, and tau neutrinos, as well as their antineutrinos. These luminosities
represent the total energy radiated by the supernova per unit time as a function of post-
bounce time (tpb). In addition, models often supply the energy distribution of neutrinos at a
given time, denoted by Φνβ

(Eν , tpb), for each neutrino flavor. When the exact neutrino energy
distribution is not available, tools such as snewpy employ an approximate parameterization
based on the pinched thermal spectrum introduced by [143]. This parameterization describes
how the neutrino energies are distributed for a given flavor and post-bounce time and is
often modeled using a gamma distribution:

Φνβ
(E, tpb) = A(tpb)

(
E

⟨Eνβ
(tpb)⟩

)αβ(tpb)

exp
[
−(αβ + 1)E

⟨Eνβ
(tpb)⟩

]
, (4.1)

where the normalization constant A(tpb) ensures that the total probability distribution
integrates to 1, that is,

∫
dE Φνβ

(E, tpb) = 1.
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The parameter αβ , known as the pinching parameter, quantifies the deviation of the energy
distribution from a pure thermal spectrum. It is determined by the ratio of the second
moment to the square of the first moment of the energy distribution:

αβ =
2⟨Eνβ

⟩2 − ⟨E2
νβ

⟩
⟨E2

νβ
⟩ − ⟨Eνβ

⟩2 . (4.2)

Using the time-dependent luminosity and neutrino energy distribution, the neutrino flux,
fνβ

, (defined as the number of neutrinos arriving at the detector per unit area and per unit
time) can be calculated for a supernova at a distance d [144]:

fνβ
(Eν , tpb) =

Lνβ
(tpb)

4πd2
Φνβ

(Eν , tpb)
⟨Eνβ

(tpb)⟩
. (4.3)

Understanding the fluxes in different neutrino flavors can also provide helpful information,
although detection in the CEνNS channel is flavor–blind. Detectors may be more effective
with models that predict specific neutrino energy and flavor distributions. Liquid scintillators
and water Cherenkov detectors are sensitive to specific neutrino flavors primarily through
inverse beta-decay interactions. For example, if a model suggests a higher flux of electron
antineutrinos, detectors optimized for inverse beta decay are more likely to observe the
event. In the next galactic supernova, the total energy emitted in all flavors will be crucial
in understanding the mechanisms driving the supernova explosion. In particular, CEνNS
interactions remain unaffected by neutrino oscillations, which can alter the flavor contributions
that reach the detectors.

4.1.2 Modeling Supernova Mechanisms

The physics of CCSN is extensively studied and different models are developed by different
groups. Simulations of different CCSN models often include multiple variations of the same
stellar evolution model, such as different progenitor masses or various equations of states
(EOS). The diversity of models and assumptions results in a broad spectrum of potential
outcomes.

This study compares widely used models and progenitors, selected for their frequent use in
recent publications. Models with similar progenitor masses were chosen for easy comparison.
In addition, variations within the same model were examined to assess differences from mass
changes. The selected models with assumed properties are summarized in Table 4.1. For
easier reference, the snax index, which is an identifier for the custom software developed in
the context of this work, is also listed in this table.i

The Bollig 2016 [145] and Nakazato 2013 [146] models are widely used in supernova neutrino
studies due to their detailed, multidimensional simulations and wide range of progenitor
masses. Bollig’s model incorporates state-of-the-art treatment of neutrino transport and

iThe snax software is introduced in Section 4.3.
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Table 4.1: List of selected supernova models and their progenitors. Also listed is the snax id which
is an identifier for each model progenitor, mass of the progenitor in units of solar masses, M⊙, the
supernova shock revival time, metallicity (Z) of the progenitor star, and the assumed EOS of the
matter. Some properties, such as metallicity, revival time, or EOS, are not specified (denoted as *NS)
for certain simulations.

Model name snax id mass trevival Z EOS
Bollig 2016 1 11.2 M⊙ *NS *NS LS220
Bollig 2016 2 27.0 M⊙ *NS *NS LS220

Nakazato 2013 2 13.0 M⊙ 100.0 ms 0.004 shen
Nakazato 2013 13 30.0 M⊙ 0.0 ms 0.004 LS220
Nakazato 2013 14 30.0 M⊙ 0.0 ms 0.004 shen
Nakazato 2013 15 30.0 M⊙ 0.0 ms 0.004 togashi
Nakazato 2013 20 50.0 M⊙ 100.0 ms 0.004 shen
Fornax 2021 2 13.0 M⊙ *NS *NS *NS
Fornax 2021 15 26.99 M⊙ *NS *NS *NS

Sukhbold 2015 1 27.0 M⊙ *NS *NS LS220
Sukhbold 2015 2 27.0 M⊙ *NS *NS SFHo
Sukhbold 2015 3 9.6 M⊙ *NS *NS LS220
Sukhbold 2015 4 9.6 M⊙ *NS *NS SFHo

stellar evolution physics. Nakazato models, in addition to offering a wide range of progenitor
masses and different equations of state, provide the feature of simulating failed supernovae,
where the core collapses into a black hole, resulting in a sharp cut-off in the neutrino signal.
These failed supernovae represent unique astrophysical scenarios that are worth investigating.
Both models have been extensively referred to in the recent literature [47, 147], underscoring
their reliability and relevance to neutrino detection experiments.

The Sukhbold 2015 [148] model is notable for studying progenitors with different EOS,
probing their impact on collapse and neutrino emissions. The Fornax 2021 [142] model uses
3D simulations with realistic physics, including turbulence and rotation, offering insight into
supernova neutrino signals.

Together, these models provide a comprehensive framework for studying supernova neutrino
detection, covering a wide range of astrophysical phenomena, allowing comparisons and
understanding of supernova physics. To ensure consistency and provide a standard reference
throughout this thesis, the Bollig 2016 model with the 27 M⊙ progenitor is used as a
benchmark. This approach allows for a coherent comparison across different scenarios and
provides a deeper understanding of how specific parameters influence outcomes.

Models usually include four neutrino flavors: electron neutrinos (νe), electron antineutrinos
(ν̄e), and a combined category for muon (µ) and tau (τ) neutrinos, and their antineutrinos,
represented as νx and ν̄x, respectively. The luminosities and energy spectra of each flavor are
characterized by different models. Another important aspect is that the time evolution of
these fluxes is also unique in each simulation. The mean energy distribution for each neutrino
flavor over time is shown in the left panel of Figure 4.2, while the luminosity distributions for
different flavors are shown on the right. For a comparison of ν̄e luminosities see Figure 4.1.

The apparent variations in the peaks observed in Figure 4.1 may suggest significant differences
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between the models. However, this can be deceptive since the initial timing of the models is
arbitrary. In addition, amplitude variations are dependent on distances, which can lead to
different models producing analogous signal patterns. Thus, distinguishing between models
is complex, and methods for doing so will be addressed in Chapter 6.

Figure 4.2: The mean energy distributions (left) and the bolometric luminosity distributions (right)
of different neutrino flavors as a function of time for the Bollig 2016 model with a 27 M⊙ progenitor.

4.2 Expected Supernova Signals in XENONnT

The investigation of neutrino signals from supernovae relies on precise modeling and simula-
tion techniques to predict observables such as prompt scintillation (S1) and proportional
scintillation (S2) signals in dual-phase LXe TPCs such as XENONnT. This section outlines
the methods and tools employed to simulate and project the observables associated with
supernova neutrinos.

The expected interaction rates at different recoil energies and times for various supernova
models, which form the basis of the signal simulation, are discussed in Section 4.2.1. First,
a simplified approach to modeling the expected signals is presented, followed by a more
advanced technique.

The basic modeling approach, described in Section 4.2.2, uses neutrino fluxes from the
luminosity curves of a selected supernova model. For each recoil energy, the resulting
photon and electron yields are calculated using semi-analytical models in the Noble Element
Simulation Technique (NEST) [149]. Detector effects and the final expected signal are then
estimated statistically to provide an initial understanding of neutrino interactions in xenon
detectors.

In Section 4.2.3, more detailed simulation techniques are introduced using the fuse (Frame-
work for Unified Simulation of Events) toolkit [150], which integrates detailed microphysics
and detector models. This advanced framework enables deeper statistical analysis, including
survival probabilities, detection efficiencies, and signal generation probabilities, allowing
refined predictions and insights into the detector response to supernova neutrinos.
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Figure 4.3: The expected differential interaction rates in XENONnT for Bollig 2016 model with
27 M⊙ at 10 kpc are shown for individual neutrino flavor fluxes as well as the sum over all fluxes. On
the left (right) panel, rates are integrated over all possible recoil energies (times) and shown as a
function of time (recoil energy).

4.2.1 Differential Interaction Rates

Neutrinos from CCSNe are expected to interact with the xenon atoms within the XENONnT
TPC, causing the xenon nuclei to recoil with varying energies according to their interaction
cross–sections, leading to different observable signals. The number of neutrinos arriving on
Earth decreases as a function of the distance from the source. For example, the neutrino flux
of a supernova at 10 kpc will be reduced by a factor 1048 arriving on Earth compared to the
flux at the source. The differential rate of these neutrino interactions can be expressed as

d2R

dERdtpb
=
∑
νβ

NXe

∫
Emin

ν

dEν f0
νβ

(Eν , tpb)
dσ

dER
(Eν , ER), (4.4)

as a function of post-bounce time tpb and recoil energies ER, where Emin
ν is the minimum

neutrino energy required to produce a recoil of energy ER, f0
νβ

is the initial neutrino flux for
flavor β, dσ/dER is the differential cross–section for neutrino scattering that produces recoil
energy ER, and NXe is the number of xenon targets.

To accurately simulate and analyze the supernova interactions within the XENONnT TPC,
the time-integrated differential rates were computed first. This approach allows for the
investigation of the cumulative effect of neutrino interactions over the duration of the
supernova event and the extraction of the recoil spectrum shown in the right panel of
Figure 4.3. The differential rate of recoil events at a given recoil energy, integrated over time
from t0 to tf , is given by:

dR

dER
=
∑
νβ

NXe

∫ tf

t0
dtpb

∫
Emin

ν

dEν f0
νβ

(Eν , tpb)
dσ

dER
(Eν , ER). (4.5)
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Additionally, the differential rate of recoil events per unit time, integrated over all possible
recoil energies, was derived, providing the total interaction rate over time, which is crucial
for assessing the signal timing characteristics. This is expressed as:

dR

dtpb
=
∑
νβ

NXe

∫ Emax
R

Emin
R

dER

∫
Eν

min

dEν f0
νβ

(Eν , t) dσ

dER
(Eν , ER) (4.6)

where Emin
R and Emax

R are the minimum and maximum recoil energies detectable by the
detector. This integral provides the total rate of interactions per unit time, shown in the left
panel of Figure 4.3 for the benchmark model, accounting for all neutrino energies and all
detectable recoil energies.

Both the recoil spectra and the time distributions are needed to understand the detector’s
response to supernova interactions. They allow for the calculation of expected signal rates
and their distribution over time and energy. The total integrated rates shown in Figure 4.3
were used to determine the number of expected interactions. It is important to note that
these expected interactions vary depending on the supernova’s distance and the detector’s
energy threshold. The comparison of the total expected interactions among the various
models examined is shown in Figure 4.4. Although in reality the experiments have an energy
threshold, the rates were calculated down to 0 keV, implying a perfect detection sensitivity,
represented by blue bars. The same figure also uses a more realistic 0.7 keV detection
threshold to recalculate the expected counts, marked with black bars.

In practice, the energy threshold for detection is not a sharp cut–off. Instead, detection
efficiency gradually increases with recoil energy, starting lower at low energies and approaching
full efficiency at higher levels. It is noticable that, while some models show higher expected
interaction counts when all interactions are considered, the numbers change when an energy
threshold is applied. This indicates that a significant fraction of interactions in these models
occur below the assumed energy threshold. The distribution of the number of expected
interactions as a function of the energy threshold is also shown in Figure 4.5.

Although the overall anticipated interaction rates are informative, examining the temporal
and energy distribution of these interactions can lead to a better understanding of the signal
characteristics. The next section describes simulations that employ various supernova model
profiles as input to explore each model in greater depth.

4.2.2 Approximate Modeling of Neutrino-Induced Signals

A simplified approach can be used to approximate the expected signal after an interaction.
Starting from the recoil energy ER, the average number of quanta (photons Nph and electrons
Nel) produced can be estimated as

⟨Nph⟩ = ER × Ly(ER), ⟨Nel⟩ = ER × Qy(ER) (4.7)

where Ly(ER) is the light yield, and Qy(ER) is the charge yield at recoil energy ER.
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Figure 4.4: Expected number of interactions in XENONnT for different supernova models at 10 kpc,
computed by integrating eq. (4.5) (or eq. (4.6)). The blue bars assume perfect detection efficiency
down to 0 keV interactions. The largest number of interactions is expected from the Fornax 2021 model
with 26.99 M⊙ progenitor, while the lowest numbers are obtained from the Nakazato 2013 model
with 30 M⊙, shen EOS, 100 ms revival time and 0.004 metallicity progenitor. A more conservative
step function energy threshold is applied for the same calculation, and the expected interactions
above 0.7 keV are shown with the black bars. The exact numbers in both cases are also shown next
to each bar.

The number of photons detected by the PMTs is then approximated using a binomial
distribution with the photodetection efficiency g1:

NP E = Binomial(Nph, g1), (4.8)

and the S1 signal is modeled by a Gaussian distribution centered on NP E with variance
proportional to

√
NP E :

S1 = Gauss(NP E , α
√

NP E). (4.9)

For the S2 signal, the survival probability of electrons depends on the electron lifetime τ ,
drift velocity υd, and the distance ∆z they travel:

psur = exp
(

− ∆z

υdτ

)
, (4.10)

with the number of surviving electrons Ñel sampled as:

Ñel = Binomial(Nel, psur). (4.11)

Finally, the S2 signal is modeled with a Gaussian distribution around the surviving elec-
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Figure 4.5: Number of expected interactions in XENONnT above a specified detection threshold
(step function). The number of expected counts decreases more rapidly for some models due to a
significant fraction of neutrinos having lower energies, resulting in lower expected recoil energies.

trons:
S2 = Gauss(Ñel, β

√
Ñel). (4.12)

By applying these processes over the recoil energy distribution and accounting for interaction
times, a simplified approximation of the detector’s response to neutrino interactions can be
obtained.

The coefficients α and β used in this basic modeling approach to estimate the signal
distributions of S1 and S2 are generally derived from experimental data, providing a simplified
view of signal generation in dual-phase LXe TPCs. This approximate modeling serves as
an introduction to the essential dynamics of how neutrino interactions generate observable
signals within the detector. By offering a foundational understanding, this method sets the
stage for the more sophisticated simulations discussed in the next section, which incorporate
non-linear effects such as electric field distortions and light collection efficiencies. These
advanced simulations give a more accurate and comprehensive picture of the detector response,
improving our ability to interpret supernova neutrino signals.

4.2.3 Advanced Simulation Techniques

Although simplified models offer a basic understanding of neutrino interactions and how the
observed signals such as S1 and S2 are generated, more advanced simulations are essential to
accurately capture the complexities of the real detectors. These simulations account for key
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detector properties, such as light collection efficiency (LCE), photoelectron gain, and spatial
variations in response, all of which influence the observed signals.

For this purpose, the fuse framework was developed for the XENONnT experiment. This
tool generates realistic detector signals by incorporating data-driven characterization and
fine-tuning detector parameters based on real calibration measurements, allowing for detailed
simulations of nonlinear detector effects like electric field distortions and proper S1 and S2
signal propagation.

The simulation chain, processed by straxen, ensures consistency by processing both simulated
and real data in the same manner. This approach provides a detailed output, including
accurate S1 and S2 signal areas, spatial distributions, and time profiles.

fuse can initiate simulations at two distinct levels, each focusing on different aspects of the
interaction and detector response:

• Microphysics Simulation: This step simulates the initial physical processes at the
interaction site using parameters such as position, time, energy deposition, and type of
interaction. The simulation chain integrates NEST to generate the appropriate number
of quanta based on energy deposition and local electric field conditions. These quanta
are then passed to the next level for detector physics simulations.

• Detector Physics Simulation: In this stage, the detector response to the generated
quanta is determined. This includes simulating the drift of electrons in the TPC under
the influence of the electric field, light scattering and reflection within the detector, and
other physical processes. The quanta, along with information about the interaction
time and position, are combined with auxiliary files representing detector-specific
conditions to produce realistic detector signals.

Simulations can be initiated from either level using an instructions file containing interaction
parameters. Figure 4.6 illustrates the steps involved in microphysics simulation, while
Figure 4.7 shows the process for detector physics simulation.

The figures illustrate the structure and workflow of the microphysics and detector physics
simulations used in the XENONnT experiment. The microphysics simulation includes light-
and charge-yield computations followed by the integration of various simulation volumes.
The detector physics simulation involves stages from electron drift and extraction to timing,
scintillation light production, and photon propagation, including handling delayed electrons.
These simulations ensure detailed and accurate modeling of the physical processes and
responses in the XENONnT experiment.

To simulate supernova neutrino CEνNS interactions, the expected interaction numbers at a
given distance along with the time and energy profiles were obtained for each SN model as
described in Section 4.2.1. An instruction file containing the required information for each
interaction was created and used as input for fuse simulations. The simulated data were
processed with the standard processing software, straxen. The final data products are then
have the same format as the background data. The area histograms of the S1 and S2 signals
using sample background data were compared with the simulated signals of the Bollig 2016
model with a 27 M⊙ progenitor in Figure 4.8.
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Figure 4.6: Steps involved in the fuse microphysics simulation. The simulation generates quanta
using NEST based on energy deposition and the local electric field at the interaction site. This
process forms the foundation for realistic signal generation in the detector. Figure is adapted from
[150].

Figure 4.7: Steps involved in the fuse detector physics simulation. The two main observable signals
in the XENONnT TPC, S1 and S2, are simulated by propagating the results from the microphysics
simulations. The S1 signal is simulated by propagating the light within the detector geometry until it
is captured by one of the PMTs. For the S2 signal, the drift of electrons to the liquid-gas interface and
their extraction to the gaseous phase under specific electric field conditions are simulated. Additionally,
the simulation can separately consider delayed electrons. Figure is adapted [150].
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Figure 4.8: Probability density distributions for the S1 and S2 areas of a randomly sampled
background data and a simulation using Bollig 2016 model with a 27 M⊙ progenitor.

In conclusion, fuse offers an advanced tool for generating realistic simulations. These
advanced simulations are crucial for predicting detector responses and refining our under-
standing of the underlying physics driving these interactions. Realistic simulations can help
define data selection to discriminate against the background and study our sensitivities for
detecting and identifying a potential supernova signal within the real data stream.

For detailed supernova studies within the XENONnT TPC, a custom software package called
snax was developed. This suite integrates supernova modeling, interactions with xenon
atoms, and advanced simulations to study the supernova neutrino interaction in XENONnT
TPC.

4.3 SNAX Software Package

The SuperNova Analysis in XENONnT (snax) software package was designed to facilitate
the investigation of supernova models and their interactions with xenon nuclei. It is available
as an open–source software on GitHub [151], making it accessible for collaborative research.
By bridging the supernova models from snewpy to the fuse simulation kit, snax brings
together all aspects of supernova analysis in the XENONnT detector. The primary functions
of snax include:

• Retrieving Supernova Models: snax provides an interfacte to fetch supernova
models from snewpy and constructs a higher level snax model for analysis.

• Computing Interactions: It computes the expected interactions between the super-
nova neutrino flux and the target atoms by solving differential equations discussed in
Section 4.2.1 and the cross–sections based on the target atom.
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• Generating Simulation Instructions: snax generates simulation instruction files
for the fuse toolkit, and provides tools to easily track and manipulate simulations.

The textttsnax was developed to assist with analysis in XENONnT, but its modular design
allows for extended use. The current version implements the xenon and argon isotopes
as different targets, which can be selected to study variations in experimental setups.
Additionally, it supports studying different target masses and source distances, and provides
an easy way to examine various form factors. Different supernova models can also be easily
integrated.

4.3.1 SNAX Model and Target

Using a model from snewpy, a higher-level object called the snax model was built with
snax. Once a snax model object is created, the fluxes in the two-dimensional parameter
space (simulated time and neutrino energy) was computed for each flavor using eq. (4.3).
Furthermore, the parameters of the supernova models in snewpy can be easily investigated
within the snax model.

An example showing the flux density as a function of the neutrino energy and time generated
by snax is presented in Figure 4.9 left and right panels, respectively. For each processed
model, snax assigns a unique deterministic hash code and caches the computed fluxes,
allowing easy access and retrieval at a later time.

Figure 4.9: Comparison of neutrino energy spectra and time distribution of flux density for the
Bollig 2016 model with a 27 M⊙ progenitor. Energy spectra of electron neutrinos (left) at various
time intervals. The plot displays the normalized flux density as a function of neutrino energy, E, for
different times, ranging from 0.1 seconds to the final time step of the simulation. Each line style
represents a different time, with the color gradient indicating the progression of time from early
to late stages. Time distribution of the flux density for different neutrino flavors (right) at a fixed
neutrino energy of 5 MeV. The plot shows the normalized flux density as a function of time on a
logarithmic scale. Each line style and color represents a different neutrino flavor, highlighting the
temporal evolution of the flux density for each flavor.

To compute the interactions of these supernova neutrinos with matter, snax introduces
a target object. The Xe and Ar atoms are predefined along with their isotopes in snax.
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Figure 4.10: The squared Helm form factor for the most abundant argon isotope and the corre-
sponding cross–section probabilities for different neutrino and recoil energies.

However, users can provide any other target to compute interaction cross–sections. The
target isotope determines values for the parameters defined in the form factor, such as A and
Z, as well as cross–section probabilities. The properties of xenon isotopes are summarized in
Table 2.1.

Given the choice of the target isotope, the Helm form factor is first calculated in snax and
subsequently used to compute the cross–sections as discussed in Section 2.1.4. An example
of the Helm form factor along with the cross–section calculated for the most abundant xenon
isotope (131Xe) was shown in Figure 2.3. Similarly, Figure 2.4 presents the individual form
factors for the isotopes listed in Table 2.1 as well as three argon isotopes. As discussed in
Section 2.1.4, the specific target isotope with which a neutrino interacts significantly affects
the cross–section and, consequently, the recoil energy.

For future neutrino-nucleon interaction studies in DM experiments, additional noble elements
may be incorporated. Argon, for instance, is already available as an option in snax. The
squared form factors for various argon isotopes were displayed in the bottom panel of
Figure 2.4, and cross–section probabilities as a function of neutrino and recoil energies
are presented in Figure 4.10. Additionally, users can select a specific isotope to isolate
interactions with that isotope, enabling detailed analyses of isotope-specific effects. By
default, snax samples targets based on the natural abundance of each isotope.

4.3.2 SNAX Interactions and Simulation Instructions

To create and investigate the interactions between a selected neutrino flux and a target,
snax implements an Interaction object where a model flux and a specific target are coupled.
This coupling is characterized by the specifed distance and target mass. For a given snax
model and a specified target, snax can compute the differential interaction rates at each
time and for each recoil energy and flavor, considering the distance to the supernova and the
total target mass of the experiment, following the equations defined in Section 4.2.1. This
allows tracking of the interactions on all interaction sites, including the time of interaction,
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neutrino energy and flavor, the interacting isotope, and the resulting recoil energy. Having
the interactions as a standalone object enables the study of different scenarios such as for
different distances, different target masses, or different fiducialization volumes.

The distance scaling follows an inverse square relation to determine the expected number of
interactions. For every ton of xenon, there are approximately 4.6 × 1027 xenon atoms. These
parameters can be adjusted within the snax to explore various scenarios. This flexibility
allows for the consideration of future next-generation DM observatories with larger volumes,
such as DARWIN or XLZD [73, 74].

The expected number of interactions with each neutrino flavor, assuming a supernova at
10 kpc, is computed for all models considered, using snax and shown in Figure 4.11 for
XENONnT–size experiment of 5.9 tons. The total expected interactions are also shown
assuming perfect detection efficiency.

Figure 4.11: The total expected number of interactions for a 5.9 tons detector for all selected models,
assuming the progenitor is located at 10 kpc. The expectations are shown for individual neutrino
flavors as well as the total expected interactions. For simplicity, the snax index of each model is
displayed on the y-axis next to the model name. These indicies can be referenced to obtain exact
progenitor parameters in Table 4.1.

It is important to note that, while some models predict fewer total interactions, the energies
and timing of these interactions are crucial. For example, models predicting a failed supernova,
such as Nakazato models with snax id3 and id4, may forecast fewer interactions overall,
but the time span for these neutrino interactions is relatively short. This results in higher
interaction rates over a short period of time, which can make detection easier. The expected
number of interactions as a function of the target mass and the distance to the supernova
is shown in Figure 4.12 for the Bollig 2016 model with a 27 M⊙ progenitor. The plot
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Figure 4.12: Expected interactions for the Bollig 2016 model with a 27 M⊙ progenitor. The counts
are scaled for distance according to the inverse square law for neutrino flux and by the target mass
based on the number of xenon atoms. The masses for the current XENONnT experiment and a
potential 50-ton next-generation DM experiment are indicated with red dashed and dotted lines.

includes the volume of the XENONnT experiment and a potential 50-ton volume for future
next-generation DM experiments.

The interactions are computed in several steps. First, the total number of expected interac-
tions at a given distance is calculated by integrating the individual neutrino flavor fluxes
over all times and energies, considering only the active target mass of 5.9 tons of xenon.

Next, since the flux and mean energy of each neutrino flavor vary over time (as shown in the
right panel of Figure 4.9), the interactions are calculated separately for each neutrino flavor.
The interaction time is first sampled from the total flux distribution of a given flavor, which
was integrated over all energies. Then, for each interaction, the neutrino energy is sampled
based on the corresponding energy distribution for that flavor at the given time (see the left
panel of Figure 4.9).

If no specific isotope is requested, an isotope is randomly sampled for each interaction based
on its natural abundance. By retaining individual neutrino flavor information throughout
the process, this method provides a more accurate recoil energy spectrum while preserving
key distinctions in flux and energy distributions that could otherwise be lost in a flavor-blind
CEνNS interaction. By performing this stepwise sampling and retaining the information for
individual neutrino flavors, the expected recoil energy spectrum is ensured to be accurate,
even though the final CEνNS interaction with xenon isotopes is flavor-blind.

The events from a supernova flux are expected to have uniform spatial distributions within the
TPC, and snax provides functionality for uniform sampling within the XENONnT geometry.
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Moreover, its flexibility allows for different sampling methods for position distribution, timing,
and electric fields, which then determine the charge and light yields of NEST. The sampled
time and recoil energy distributions can be used to create simulation instructions at the
microphysics level, as described in Section 4.2.3. For convenience, snax also provides a
method on the interaction object to generate simulation instructions and immediately call
fuse to create simulations in a single line of code.

Furthermore, it is often desired to simulate more than one realization of the model at a given
distance. Thus, snax offers a method to simulate multiple realizations of the same model
by spacing the times between each supernova burst event by a specified interval to avoid
overlap. This approach allows generating a single simulation file, which is computationally
favorable, containing multiple supernova realizations to enhance statistical accuracy.

Typically, for each specific supernova model, 200 realizations were simulated within the
XENONnT detector volume. In each simulation, the number of interactions was sampled
based on the model’s interaction rates, and the interactions were uniformly distributed in
the detector volume. After running the simulation chain, the average number of generated
S2 signals is shown in Figure 4.13, along with the expected number of interactions assuming
0 keV (perfect detection efficiency) and 0.7 keV (conservative cutoff step function).

As expected, the underlying energy distribution of the interactions plays a crucial role. For
example, while the Nakazato model with a 50 M⊙ progenitor is expected to have fewer
interactions than the Bollig and both Sukhbold models with 27 M⊙ progenitors with perfect
detection efficiency, the observed counts with the XENONnT experiment are actually higher
for the Nakazato model. This discrepancy highlights the impact of the detection efficiency
and energy thresholds on the observed interaction rates.

The snax package also offers a function for the salting process detailed in Section 5.1.2. For
this, the user specifies the simulated data together with the background data and chooses
how many realizations to sample. Additionally, the user specifies a minimum separation time
between different injections to avoid overlapping supernova signals. The salting function
then identifies and samples the specified number of realizations from the hundreds produced
for each model. For instance, the user can request to inject 50 supernova bursts into a
5-hour-long background run with a minimum separation of 2 minutes between each injection.
The tool randomly selects 50 realizations from the simulated data file, with sampling allowing
one to select the same realization multiple times. Then it identifies the appropriate time
ranges in the background and selects injection points by sampling the requested number of
times. To avoid complications from signals at the edges of a run, the tool does not place a
supernova signal in the first or last minute of the background data. If the requested sampling
is not feasible, such as attempting to inject 10 supernova realizations into a 1-hour run with
10-minute separations, the tool samples as many points as possible with the specified time
separation. In this example, it would sample 5 time points, thus injecting only 5 realizations
instead of the requested 10. Each sampled realization is then referenced to the corresponding
timestamps, and the data iss sorted by time again. This ensures that each realization is
salted on top of the background data.

The tools presented in this chapter, including snewpy, fuse, and snax, have been used to
generate simulations at various distances with different supernova models. These simulations
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Figure 4.13: The total expected interactions are shown for both a 0 keV (perfect detection efficiency)
and a more conservative 0.7 keV energy threshold, as referenced in Figure 4.4. The figure also displays
the average number of detected S2 signals from the simulations representing each observed interaction,
with the 1σ Gaussian standard deviation of the detected counts in 200 repeated simulations as error
bars. As expected, due to the finite detection efficiency, not all interactions lead to a detectable signal.
The observed counts from the simulations fall between the predicted counts for a perfectly efficient
detector and those for a detector with an energy threshold as a step function at 0.7 keV. The average
observed counts are also presented next to each bar.

provide the foundation for the analysis in subsequent chapters. In the next chapter, the
focus shifts to examining the simulated signals and comparing them with the real detector
background data. Subsequent sections explore the methods used to identify these signals
within the background and evaluate the significance of the detections. Ultimately, an analysis
framework for supernova detection and the sensitivity of the XENONnT experiment to
various supernova models is established.
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In the previous chapter, we examined supernova neutrino emission models and simulated
their interactions in the XENONnT detector, establishing an expected signal framework.
In this chapter, we focus on developing analysis strategies to effectively identify supernova
neutrino interactions within the XENONnT data, covering techniques for signal selection,
background suppression, and prompt supernova identification. We also discuss methods to
assess the significance of the observed signals. In Section 5.1 the background model and
the salting method are introduced, followed by the analysis of the salted data in high–level
signals. In Section 5.2 signal identification methods are discussed and finally in Section 5.3
expected signal significances are presented.

This analysis primarily focuses on promptly detecting supernovae rather than precisely
identifying each interaction. However, selecting interactions and reconstructing the supernova
light curve are crucial and will be addressed later, requiring careful investigation of each
signal.

5.1 Analyzing TPC Data

In this section, we discuss methods for analyzing interactions within the XENONnT detector,
building on the supernova signal simulations introduced in Chapter 4. To effectively capture
supernova signals within the regular XENONnT data stream, we begin by investigating
the background model in Section 5.1.1. Simulated supernova signals are then added to the
sampled real background data following the procedure in Section 5.1.2 to allow studying the
characteristic signal signatures under realistic conditions.

This section presents the analysis of the high–level data structures of XENONnT: the peak
(Section 5.1.3) and the event–level data (Section 5.1.4). Peak–level data includes detailed
signal features and are used for data selection using both traditional methods and machine
learning approaches. This dual–level analysis approach combines the benefits of each data
type, offering a comprehensive view of supernova signals.

5.1.1 Background Model

The sensitivity and detection capabilities of the XENONnT experiment for low–energy
nuclear recoil interactions were discussed in Chapter 2. XENONnT, being an ultrapure and
highly sensitive detector designed to search for low–energy recoils from WIMPs, is also well
suited for detecting CEνNS interactions from supernovae, as these events are expected to
result in nuclear recoils within the same energy range.

The background in XENONnT within the same supernova energy region is dominated by
single–electron signals arising from delayed electron emissions [107, 106]. These delayed
electrons are caused by photoionization of impurities caused by S1 and S2 light, producing
signals with S2 areas similar to those expected from supernova interactions. Understanding
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these background components is essential for mitigating their effects on the supernova
detection.

As mentioned in Section 2.2.1, increased photoionization activity in SR1 caused changes
in signal rates. To illustrate the changes in background S1 and S2 signal rates, two hours
of data were randomly selected from both SR0 and SR1 runs, and the rates are shown in
Figure 5.1. Note that in this figure, no data selection was applied; therefore, the raw signal
counts were high. For the purpose of supernova neutrino search, this chapter primarily
addresses the most recent detector conditions, i.e. SR1. The analysis was optimized to reflect
these conditions while also monitoring the behavior under SR0 conditions.

Similarly, the evolution of how the S1 and S2 signal rate would look like during a supernova
burst is shown in Figure 5.2, where the rates are calculated using a rolling window of 1-second
and smoothed for illustration. The figure shows the average rate of the model with a 1σ

deviation around the mean using 100 simulations. The analysis aims to develop signal
selection criteria that optimize the signal-to-background ratio.

5.1.2 The Salting Method

The evolution of the signal rate is the primary indicator of a supernova burst, as the
background is expected to be stable within a selected range in the S1 and S2 signal region,
while in a supernova burst the signal rate is expected to exhibit a sharp increase (e.g. see
Figure 5.2). The optimal way to investigate rates over time is by examining the rate evolution
in a rolling time window.i To better understand the impact of the size of the rolling window
on the examination of the rate evolution, simulated data was used and the rates in different
rolling windows were calculated using the width 0.5, 1 and 3 seconds. This is shown in
Figure 5.3 where the rate evolution of the signal is shown for three different sizes, and the
upper panel displays the individual time stamps as simple lines. The rates were computed
by opening a backward window at the time of a given peak, counting the number of peaks
within the window, and then moving to the next peak. Consequently, the rates start at zero
and build up to a maximum at the peak of the supernova burst. The size of the chosen
rolling window is crucial; a window longer than the duration of the burst would smooth
out the features and obscure the data, whereas a window too short would not represent the
shape of the actual supernova flux.

The background rate is expected to be stable throughout the collection of data within the
selected region. Therefore, the choice of rolling window size should not affect background rates.
For comparison, the rate evolution within different rolling window sizes for a minute–long
background data from SR1 is shown in Figure 5.4.

To analyze supernova signals under realistic conditions, simulated supernova signals are
superimposed onto existing background data using the snax tool in a process called salting.
This approach, detailed in Chapter 4, allows for a data-driven study of signal relationships

iBinning the data is inefficient in such studies, as the bin size and placement can significantly alter the
results, potentially causing the signal to be missed. This was also discussed in [147].



78 5. Supernova Detection with XENONnT

Figure 5.1: S1 and S2 signal rate evolutions over randomly sampled 2 hours long real background
data in SR0 and SR1. The S2 signal rates are shown at the top figure while the S1 signal rates are
shown at the bottom figure. The rates were computed in 10 second rolling windows and smoothed
with a 30–minute averaging for better illustration. Also shown are the average signal rates and 1σ
deviation around the mean assuming a Gaussian distribution. No data selection was applied.

and the detection sensitivity of XENONnT. The salted data, incorporating simulated S1 and
S2 signals at the peak level, provide a realistic framework for supernova burst analysis.

Figure 5.5 illustrates the salting process, where the black data points represent the background
around a given mean rate, and the red points indicate the supernova signals injected into the
dataset. The figure shows how the superposed data would look in the data stream. In the
salted data, each signal is marked to indicate which ones were part of the real background
and which were originating from the injected supernova simulations.
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Figure 5.2: S1 and S2 rate evolution in the Bollig 2016 model with a 27 M⊙ progenitor. The bands
show 1σ deviation around the mean, extracted from the slread of 100 simulated supernova bursts.

Figure 5.3: Peak rate evolution of a simulated signal. The upper panel shows the exact registered
time of each peak, and the lower panel shows the peak rate evolution using different window sizes.
For comparison, the rates are shown in 0.5, 1, and 3 second rolling windows. Although the total
number of peaks remain the same, the shape of the signal changes based on the selected window size.
For small window sizes the signal shape cannot be accurately constructed and for larger window sizes
the features are washed out.

Following the salting procedure, 26 background runs that span in total about 90 hours were
sampled from the SR1 data and salted with a total of 2194 individual supernova bursts across
13 different progenitors from 4 modelsii. The process flow chart is also shown in Figure 5.6.
The details of the runs and the injected supernova progenitors are listed in Table 5.1. The
number of injections was automatically determined by the snax tool, taking into account the
duration of the sampled runs and the predefined minimum interval between each supernova
injection. Notice that each model was used to salt 2 randomly sampled background runs.
The initial set of salted data was prepared with a minimum separation of 3 minutes between

iiTo investigate behavior under SR0 conditions, five runs with run id 025423, 025424, 025425, 025426, and
025427 were also sampled. These runs span approximately 4 hours, from 2021-07-13 16:58 to 2021-07-13
21:04, and were salted using the Bollig 2016 benchmark model.



80 5. Supernova Detection with XENONnT

Figure 5.4: The peak rate evolution in rolling windows of 0.5−, 1−, and 3− seconds, in SR1.
Notice here no data selection is applied and the rates are shown for all peak types.

Figure 5.5: Illustration of the salting procedure. The upper panel shows the time stamps of each
signal as black lines while the lower panel shows the rate evolution of these signals. For this illustration,
the background (black) was also simulated by sampling times around a selected mean rate, while
the supernova signal was simulated from the model and shown in red. The figure highlights the
superposition of the two signals.

injections, whereas the second set was prepared with a 2–minute separation to enhance
statistics.

After the salting procedure, additional features were derived from the salted data to enhance
the analysis. One such feature was proximity information, which includes the number of
nearby signals occurring both before and after a given signal, as well as the time intervals
between them. Another enhancement involves subtyping, which extends beyond conventional
S1 and S2 classifications by incorporating temporal and spatial relationships, along with the
area of the signal. This method identifies specific interaction types, such as delayed electron
signals, lone S2 signals, and photoionization signals, enabling targeted data selection. By
focusing on subtypes associated with physical interactions, the analysis can more effectively
isolate relevant signals while minimizing background events.
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Figure 5.6: Steps to prepare salted data for analysis: a) Supernova models are collected from snewpy.
b) Interactions are computed, and samples for multiple supernova bursts are created using snax.
c) Realistic TPC simulations for each supernova realization are generated with fuse. d) Sampled
background data and simulated supernova data are combined (salting) using snax.

Run ID Run duration Nr. of injections Model name snax id Progenitor mass
053243 3.00 hr 60 Bollig 2016 1 11.2 M⊙
050048 0.77 hr 23 Bollig 2016 1 11.2 M⊙
052156 5.00 hr 100 Bollig 2016 2 27.0 M⊙
046920 2.00 hr 60 Bollig 2016 2 27.0 M⊙

053493 3.00 hr 90 Fornax 2021 2 13.0 M⊙
052376 5.00 hr 100 Fornax 2021 2 13.0 M⊙
053256 3.00 hr 60 Fornax 2021 15 26.99 M⊙
050074 6.00 hr 180 Fornax 2021 15 26.99 M⊙

053125 5.00 hr 100 Nakazato 2013 2 13.0 M⊙
047661 3.00 hr 90 Nakazato 2013 2 13.0 M⊙
053252 3.00 hr 60 Nakazato 2013 13 30.0 M⊙
047635 3.00 hr 90 Nakazato 2013 13 30.0 M⊙
053258 3.00 hr 60 Nakazato 2013 14 30.0 M⊙
047344 3.00 hr 90 Nakazato 2013 14 30.0 M⊙
047634 3.00 hr 60 Nakazato 2013 15 30.0 M⊙
053246 3.00 hr 90 Nakazato 2013 15 30.0 M⊙
052963 5.00 hr 150 Nakazato 2013 20 50.0 M⊙
047574 3.00 hr 60 Nakazato 2013 20 50.0 M⊙
047636 3.00 hr 90 Nakazato 2013 20 50.0 M⊙

052921 5.00 hr 100 Sukhbold 2015 3 9.6 M⊙
048470 2.73 hr 81 Sukhbold 2015 3 9.6 M⊙
051818 5.00 hr 100 Sukhbold 2015 2 27.0 M⊙
047630 3.00 hr 90 Sukhbold 2015 2 27.0 M⊙
049327 6.00 hr 120 Sukhbold 2015 1 27.0 M⊙
046765 2.00 hr 60 Sukhbold 2015 1 27.0 M⊙
047572 3.00 hr 60 Sukhbold 2015 4 9.6 M⊙
046934 2.00 hr 60 Sukhbold 2015 4 9.6 M⊙

Table 5.1: Details of the salted SR1 runs, including the run ID, run duration, number of injected
supernova bursts, supernova model, Snax index, and progenitor mass. For the complete parameters
of the progenitor, refer to Table 4.1.
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5.1.3 Analysis of the Peak–Level Signals

Physical interactions in the TPC typically generate S1 and S2 signals, if either of them
is missing, a higher level event data can not be built. Furthermore, the construction of
event–level data requires constituent peaks to have a minimum 2–fold PMT coincidence for
S1 signals, and a minimum 100 PE area for the S2 signal (A(S2) > 100 PE). Therefore, not
all interactions generate an event. However, low–energy interactions will often still generate
a peak–level signal with only S2 conuterpart.

The primary distinction between the CEνNS signal from a supernova and the background is
that a supernova represents a burst event, resulting in a considerable number of interactions
in a short time and a specific region of interest defined by the main signal properties. In
contrast, background signals in the same region are mostly due to delayed electrons, which
can often be identified.

To mitigate these background signals and highlight the embedded supernova signal, salted
datasets outlined in Section 5.1.2 were used. It is important to note that the data filtering
procedures described in the following sections were not optimized to select supernova–like
signals with the highest purity but aim to build a generic framework capable of identifying
any supernova burst while yielding the lowest possible false supernova alarm rates. This
false alarm rate (FAR) is influenced by both the signal selection and the burst identification
(also referred to as trigger) mechanism discussed in the next section.

The most commonly used data cleaning techniques based on peaks are detailed in Sec-
tion 5.1.3.1. Although these methods provide valuable information, advanced machine
learning techniques, explained in Section 5.1.3.2, were ultimately used to categorize each
signal into supernova origin or background noise. The trigger algorithm then processes
the signals that were classified as supernova origins to detect supernova signatures. The
signal selection threshold and trigger parameters were globally tuned using all salted data,
as elaborated in Section 5.2.

5.1.3.1 Standard Methods for Data Filtering

In general, to distinguish signals from supernova interactions amid background events, various
features of the data were analyzed at different processing levels, each offering unique insights.
Event–level data, constructed using both S1 and S2 signals, provides information to identify
physical interactions. However, for low–energy recoils, such as those expected from low–mass
WIMP interactions or CEνNS from astrophysical sources, event–level reconstruction is often
challenging. Traditionally, searches at these energy scales rely on peak–level data, such as
S2-only signal analysis [46, 106]. However, incorporating S1 signals alongside S2 can offer
an additional layer of information, particularly for detecting sharp rate increases indicative
of supernova bursts. Using both types of signals, detection capabilities can be significantly
improved. Consequently, as a foundational step, the properties of all signal types were
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examined to identify features that effectively discriminate between supernova signals and
background noise, establishing a robust framework for data filtering.

Analyzing the characteristics of the signal in the salted data indicates that background noise
can be significantly reduced by selecting signals based on signal area and the relation to
surrounding peaks. The signal filtering procedure should not be optimized to fit a particular
model, as the main objective is the rapid identification of any supernova model, which may
exhibit diverse characteristics. It is important to recognize that the salted data assume a
supernova signal at 10 kpc; however, more distant supernovae will produce fewer interactions,
leading to potentially sparser detections over time. Over–tuning parameters, such as the
time to the next peak, could be counterproductive under these conditions. To avoid this, a
minimalistic approach to signal selection is adopted.

The distinct populations identified through subtyping are shown in Figure 5.7, illustrating
both background and simulated supernova signal distributions for SR0 (upper left) and SR1
(lower left) prior to any data selection. Initially, only signals with specific subtypes were
considered for analysis, focusing on those most relevant to expected neutrino interactions.
The subtypes included in the analysis are the following:

• DE : Delayed electron signals.

• lonePS2 : Lone primary S2 signals.

• PS2 : Primary S2 signals.

• S1 : Primary S1 signals.

Other subtypes were excluded because of their irrelevance to neutrino interactions, rarity,
or association with detector effects. A summary of excluded subtypes and their reasons for
exclusion is presented in Table 5.2.

Table 5.2: Excluded signal subtypes and reasons for exclusion.

Subtype Reason for Exclusion
isoDE, isoS1, isoPS2 Isolated signals unlikely to result from neutrino

interactions.
loneS1, sloneS1, junk Misclassified or background signals unrelated to

physical interactions.
S1PH, S2PH, slS1PH, fakeS2PH Signals related to photoionization, likely caused by

detector impurities.
fakeS2olS2, S1olS2, S2olS2 Rare subtypes involving secondary signals near

larger S2 signals, infrequently associated with neu-
trino interactions.

This approach ensures that the analysis focuses on the most relevant signal subtypes while
systematically excluding those that are either irrelevant or unlikely to correspond to genuine
neutrino interactions. Notice that low–energy nuclear recoil interactions primarily generate
single- and double–electron signals, but this region also overlaps with delayed electron
signals. Consequently, a selection criterion was employed to reduce background events by
eliminating very-low area signals, despite the fact that this results in a considerable loss
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Figure 5.7: Population distribution of different subtypes before and after applying the traditional
cuts. The upper panels show the different populations in SR0: before cuts (left) and after cuts (right).
The lower panels show the distributions in SR1: before cuts (left) and after cuts (right). For each
figure, respective data salted with the same benchmark Bollig model is shown.

of signal. Nevertheless, neutrino interactions will continue to produce some higher–energy
signals that remain useful for identification purposes.

Subsequent signal selections were based on various parameters, including signal area,
widthiii, time to the preceding signal (t_to_prev_peak), number of competing signal counts
(n_competing), and x–y positions (through fidicuialization). Figure 5.8 illustrates the dis-
tributions of the number of competing counts and the time to the preceding signal. These
distributions are shown for both background signals (black) and simulated supernova signals
(red) in the salted SR1 dataset. The figure highlights the distinct characteristics of signals
with background and supernova origins, providing a basis for data–selection strategies using
these parameters.

Similarly, Figure 5.9 presents two–dimensional distributions of the signal area versus the signal
width in the salted SR1 data set. The upper panels depict the distributions of background
signals, whereas the lower panels show those of simulated supernova signals. These figures
highlight the distinct signal distributions, showing how area and width parameters can
differentiate background from supernova signals.

Data selections were designed to maximize the signal-to-background ratio within the chosen
parameter space while avoiding over-optimization specific to the benchmark model. By
maintaining generality, the criteria are kept sufficiently broad to ensure sensitivity to other
iiiThe width in the context of XENONnT analysis is defined as the range where the are of the signal reaches

50% (range_50p_area) or 90% (range_90p_area) of its total area.
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Figure 5.8: Distributions of the number of competing signals and the time to the preceding signal for
selected subtypes, prior to applying any data selection. The black histograms represent background
signals, and red histograms represent simulated supernova signals.

Figure 5.9: Two-dimensional distributions of signal area versus width for selected subtypes. The top
panels show the distribution of background signals, while the bottom panels show the distribution of
simulated supernova signals.

supernova models. Separate tuning was performed for SR0 and SR1 to account for their
distinct detector conditions. The final selection criteria are summarized in Table 5.3, while
Table 5.4 presents survival probabilities, indicating the percentage of signals retained for
each selection step.

Before applying the signal selections, the raw signal rates for both the SR0 and SR1 data,
salted with the benchmark model, are shown in the upper panels of Figure 5.10 with blue
lines. After selecting specific subtypes and applying the signal selection, the final rates are
shown in the lower panel of each figure with red lines. Here, the rates were computed within
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Table 5.3: Final signal selections for SR0 and SR1. The described parameters are; TPC radius, the
width of the signal, number of competing signals, time to previous signal, and the signal area.

Subtype Parameter SR0 Selection SR1 Selection
All Fiducial radius ≤ 58 cm ≤ 58 cm
s1 range_50p_area ≤ 85 ns -
s1 n_competing - ≤ 10

pS2 t_to_prev_peak ≥ 7 × 104 ns ≥ 7 × 104 ns
DE area ≥ 50 PE ≥ 40 PE
DE n_competing ≤ 4 ≤ 4
DE range_50p_area - ≥ 800 ns

Table 5.4: Final signal acceptances for SR0 and SR1. Individual signal acceptances are calculated
using N − 1 method.

Subtype Parameter Signal
(SR0)

BG
(SR0)

Signal
(SR1)

BG
(SR1)

All FV radius 71% 6% 72% 81%
s1 range_50p_area 99% 29% - -
s1 n_competing - - 99% 15%

pS2 t_to_prev_peak 97% 56% 97% 75%
DE area 89% 3% 99% 71%
DE n_competing 98% 54% 98% 81%
DE range_50p_area - - 96% 29%

Total - 48% 0.05% 47% 0.15%

1–second rolling windows.

Notably, the raw signal rates are quite high, primarily due to background events near the
walls of the TPC, which are heavily reduced with the fiducial volume selection. After applying
signal selection, the average rates in both salted datasets reduce to 8.2 Hz and 11.1 Hz for
SR0 and SR1, respectively. The average rates, along with the Gaussian standard deviation
1 σ, are also shown in Figure 5.10. It is important to note that while the average rates are
provided, the rate increases at the injection points are quite clear and usually exceed 40 Hz,
hinting at a high detection significance for supernova signals.

Traditional data selection based on signal characteristics offers an intuitive way to distinguish
the supernova signal from the background within the region of interest (ROI). This approach
typically involves one–dimensional filtering, where a value is selected based on whether it falls
above or below a specific threshold. Employing subtyping and applying different selections
for various subtypes makes the selection process multidimensional. By tailoring selections to
each subtype, it is possible to differentiate between supernova signal and background data
more accurately. Conditional selection, where a selection on one feature is applied only if
another feature meets certain criteria, further enhances this discrimination. For example,
a cut in peak area might be applied only if the peak width falls within a specific range,
leveraging the relationships between different features, but this can potentially introduce
correlations in the data that should be carefully studied.

Improved signal and background discrimination can be achieved by employing machine
learning methods such as decision trees, which will be explored in the next section. Decision
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Figure 5.10: The total peak rates in SR0 (upper) and SR1 (lower) before and after applying the
cuts based on traditional analysis. Notice in both cases the rates are heavily reduced and background
is significantly mitigated. In the filtered data, each vertical rate increase corresponds to an injected
supernova signal which was not visible before applying the data selection.

trees handle complex interactions between multiple features simultaneously, offering greater
accuracy in identifying supernova signals. They build on the concept of conditional selections
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by creating a hierarchical structure, where each decision node applies a selection based on
one feature, and subsequent nodes refine the selection based on additional features. This
approach constructs a model with high discrimination power that efficiently separates the
signal from the background noise.

5.1.3.2 Data Selection with Machine Learning Techniques

Looking for efficient ways to leverage signal parameters, we note that while some features
have known correlations, such as signal area and extracted electrons, others, such as delayed
electron correlations with large S2 signals, are not as straightforward. Traditional methods
attempt to decode these relationships, but machine learning models, particularly decision
trees, offer deeper insights by classifying data from simulations and identifying complex
patterns that traditional approaches might miss.

A decision tree splits data into smaller subsets (or leaves), based on parameter thresholds,
continuing this process until predefined conditions, such as a minimum number of samples
per leaf or a desired accuracy, are met. For this analysis, a binary classification model
based on decision trees, XGBoostiv (eXtreme Gradient Boosting), was employed. Trained on
the salted SR0 and SR1 data described in Section 5.1.2, XGBoost constructs an ensemble
of decision trees sequentially, where each tree aims to correct the errors of the previous
one. This iterative process minimizes the loss function and improves the overall predictive
accuracy.

The salted data were organized in a tabular and sequential format, where each row represents
a peak and includes various features such as area, width, and proximity to adjacent peaks.
Temporally relevant information, such as the number of nearby signals, the temporal distances
to the previous and the next signal, and the rates, was incorporated in each row to allow
individual signal characterization and to facilitate random sampling for analysis. To avoid
potential bias, certain details, such as the exact time of interaction, interaction ID, or labels
added during the salting procedure, indicating the origin of the signal, were intentionally
excluded. Although subtype information also contributes to classification, it was derived
from other parameters that the XGB model, in principle, can independently infer. Moreover,
subtype information is not part of the primary data processing pipeline in the XENONnT
experiment and must be computed separately, a process that is computationally intensive.
For this study, both the SR0 and SR1 datasets were analyzed with and without subtype
information. It is worth noting that subtypes can still be calculated post-detection to improve
the selection purity of the identified signals.

The most significant features, determined by their contribution to the total discrimination
power of the model, are shown in Figure 5.11 for SR0 (top) and SR1 (bottom). In this figure,
it can be seen that proximity information and subtypes (when applicable) are some of the
most important features.
ivIn this study, XGBoost and XGB are used interchangeably.
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Figure 5.11: The feature importance scores from the XGB models trained on different datasets.
The upper panel shows the salted SR0 data with (without) subtype information on the left (right),
while the bottom panel shows the salted SR1 data with (without) subtype information on the left
(right). Features like the number of competing signals (n_competing), time to the nearest peaks
(t_to_nearest_peak), and signal types (type/subtype) are often among the most important features.
The feature importances are computed based on their impact on accurately classifying a signal to its
true origin. It can be seen that the proximity information is always important, and similarly, the
subtype information is always in the top five most important features, when available.

Decision trees were used to classify the peaks into two labels: supernova or background
signals. For SR1 data without subtype information, the XGB model was configured to
perform binary classification. The model was designed to capture complex interactions
within the data by setting the learning rate to 0.1 and limiting the tree depth to 12. To
reduce the risk of overfitting, only 80% of the samples and features were used in each iteration
of the boosting process. Additionally, regularization techniques were employed to constrain
the model’s complexity. A subset of the background data was randomly sampled to ensure a
balanced dataset between background and supernova signals. The model reached its optimal
performance after 71 iterations. The performance of the model, assessed using a logarithmic
loss function, is illustrated in Figure 5.12.

The model assigns an XGB prediction score to each peak, ranging from 0 to 1, indicating
the likelihood that the peak originates from a supernova (1) or a background (0). The
distribution of the predicted labels is shown in Figure 5.13. This figure shows the labels
in the salted SR1 data along with the distributions of the true underlying classes. Note
that the y–axis is on a logarithmic scale. A selection was defined based on these predicted
labels. A dashed vertical line at 0.9 is shown to indicate a conservative selection in which
the peaks with an XGB prediction of 0.9 or greater were kept. Allowing for lower confidence
predictions increases coverage and the true positive rate in the final data; however, this
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Figure 5.12: The evolution of the logarithmic loss function that XGB model is minimizing. The
curves are shown for both the training set and the validation set. The model trains on the 70% of
the total data containing a balanced number of each class, at each iteration another 15% of the data
is used to validate and penalize the model’s performance. The classification parameters are taken as
final when the performance in the validation set stops improving.

also increases the false positive rate as more background events are identified as signals. In
contrast, strict selection limits background leakage and improves the purity of the selected
data, but also misses some potential signals, leading to an increase in false negatives. The
true positive and false positive rates as a function of the XGB prediction cut are also shown
in Figure 5.13. The chosen value of the XGB prediction cut is discussed in the following
sections together with the trigger parameters.

As shown in Figure 5.11, proximity–related features of a peak play a key role in distinguishing
supernova signals from background noise. This observation is consistent with the expected
characteristics of a supernova signal, which manifests as a burst of neutrino interactions
occurring within a short time frame. Consequently, the time intervals between registered
signals are significantly shorter compared to those of regular background events.

The signal and background acceptances for each model are summarized in Table 5.5. For
comparison, the signal acceptances shown in Table 5.4 for the traditional selection, are also
listed. In both cases, the XGB model performs better in identifying the supernova signal,
but also allows for a greater percentage of the background. Although the difference may
seem minor, it can still be significant given the high signal rates.

Table 5.5: Final signal acceptances for SR0 and SR1 using XGB-based data selection and the
traditional data selection.

SR0 SR1
model Signal BG Signal BG
XGB with subtype 82.3% 0.1% 78.8% 0.08%
XGB without subtype 80.9% 0.5% 81.7% 0.8%
Traditional Selection 48% 0.05% 47% 0.15%

The confusion matrices, which illustrate the predicted percentages for each class, are shown
in Figure 5.14 for SR0 (left column) and SR1 (right column), with the results from the
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Figure 5.13: The distribution of predicted labels along with the true population. The model shown
here does not use subtype information. Shown for the SR1 data salted with the benchmark Bollig
model. The XGB model is trained with a subset of the same data. The true positive and false positive
rates are shown for XGB predictions between 0.1-0.99.

XGB model with subtype information (upper row) and without (lower row). In all cases,
more than 90% of both supernova and background signals were correctly identified. For
SR1, incorporating subtype information improves background identification accuracy by
approximately 5% and supernova signal identification by about 3%. Unexpectedly, for SR0,
the inclusion of subtype information slightly reduces the accuracy of true label predictions.
This discrepancy may be due to the comparatively smaller sample size of the salted SR0
dataset.

Comparing the performance of models is not as straightforward, and another metric, called the
precision–recall curve, is used. The Precision–Recall (PR) curve is a graphical representation
that is used to evaluate the performance of a binary classification model, especially when
dealing with unbalanced datasetsv. It plots precision (the ratio of true positive predictions
to the sum of true positive and false positive predictions) against recall (the ratio of true
positive predictions to the sum of true positive and false negative predictions) at various
threshold settings. The PR curve is particularly useful for understanding how well the model
performs in terms of both identifying positive cases and minimizing false positives. A high
area under the curve (AUC) in a PR graph indicates both high recall and high precision,
suggesting that the classifier effectively identifies positive instances while minimizing the
number of incorrect positive predictions. The PR curve for the XGB prediction for salted

vIn classification models, an unbalanced dataset occurs when one class significantly outnumbers others,
potentially biasing the model to predict the over-represented class. This can result in high accuracy for
the dominant class, even without meaningful parameter analysis
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Figure 5.14: Top: Confusion matrix for SR0 (left) and SR1 (right) with subtype information.
Bottom: Confusion matrix for SR0 (left) and SR1 (right) without subtype information.

SR0 data with and without subtype information is shown in Figure 5.15, again indicating
superior performance when subtype information is provided.

Figure 5.15: Precision–Recall (PR) curve shown for two different types of treatment; with subtypes
and without subtypes. The precision is defined as the ratio of total true positives to sum of all
positive predictions, and the recall is defined as the ratio of true positives to sum of all real true
labels. The average precision calculated as the AUC are also shown, indicating a better classification
performance when the subtype information is included.
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The models are tuned to recover all artificially injected supernova signals while minimizing
FAR, without trying to achieve the highest purity in the selected data. Once the signal is
detected, a detailed event-by-event selection can be performed. Injections used in model
tuning are sampled from the Bollig 2016 model with a 27 M⊙ progenitor at 10 kpc. Since
different models, progenitors, or distances can vary the signal shapes, the objective was to
develop a generic XGB model that identifies supernova–like signals.

After selecting the signals with a conservative XGB prediction≥ 0.9 threshold, the remaining
signals were sorted by time to investigate the rate evolution. It should be noted that even if
a high number of background peaks were labeled with a high XGB prediction, they might
not be in the same time–vicinity and therefore do not mimic a supernova burst. The rates
before applying the selection are shown in blue in the upper panels of Figure 5.16 for the
XGB models using subtype information for the SR0 and SR1 data. The final rates after
applying the XGB prediction cuts are shown in red in the same figure. In both SR0 and
SR1, the injected supernova signals are clearly visible as a sharp rate increase over distinct
times after applying the XGB prediction cuts. The same comparison is made for the XGB
model without subtype information and is presented in Figure 5.17. It can be observed that,
in both cases, the injected supernova signals remain clearly identifiable after applying the
XGB selection. Furthermore, the computational cost of processing subtypes for SR1, which
was not readily integrated into the existing workflow, makes its inclusion impractical for this
stage of the analysis. Therefore, the XGB model without subtype information was chosen for
further analysis. However, subtype information can still be computed posteriorly to enhance
confidence in data selection if needed.

The rate evolution of the surviving peaks, along with their XGB prediction scores, was used
to identify supernova signals in the data stream. For this purpose, the software trigger
described in Section 5.2 was used. Once a potential supernova signal region is identified,
the raw data within the vicinity of the trigger can be obtained and further investigated.
Hence, precise peak selection and trigger settings were tuned together to efficiently detect
the hidden signal within the noise.

5.1.4 Event Level Analysis

As described in Chapter 2, the higher–level processing of the data from the XENONnT
experiment leverages the full potential of dual–phase TPCs. Events are reconstructed by
pairing of S1 and S2 signals, providing a complete picture of the interaction. This allows for
a discrimination between electronic recoils and nuclear recoils based on the signal ratio of
S2/S1. Here, the characteristics of the supernova and background signals at the event–level
are described and a basic area selection and filtering is introduced.

The area distribution of the supernova signals in the simulations compared to the background
is shown in Figure 5.18. The ROI at the event level is defined in the area distribution,
considering only events with an 1 PE < A(S1) < 100 PE paired with an S2 peak with
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Figure 5.16: Total peak rates before and after applying the XGB model with subtype information
for SR0 (top) and SR1 (bottom). The blue lines represent the peak rates before applying the XGB
selection, while the red lines show the rates after applying the XGB prediction cut at 0.9. The
horizontal dashed lines and the shaded areas correspond to the mean, µ, and 1σ standard deviation
reported in the figure. The sharp rate increases indicate the presence of injected supernova signals.

100 PE < A(S2) < 3000 PEvi. This region overlaps with the nuclear recoil signals expected
from low–energy interactions, where the expected number of background events is low.

The average number of simulated events for each model is shown in Figure 5.19 along with
the average number of events after the area selection. The average number of event counts for
the SR1 background is also presented for a 10–second window, using the background event
data for the 26 runs listed in Table 5.1 used for salting. Before selection, the background
viNote that, prior to any selection, events are reconstructed only if their S2 signal area exceeds the lower

threshold of 100 PE.
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Figure 5.17: Total peak rates before and after applying the XGB model without subtype information
for SR0 (top) and SR1 (bottom). The blue lines represent the peak rates before applying the XGB
selection, while the red lines show the rates after applying the XGB prediction cut at 0.9. The
horizontal dashed lines and the shaded areas correspond to the mean, µ, and 1σ standard deviation
reported in the figure. The sharp rate increases indicate the presence of injected supernova signals.

rates were relatively high, but selecting the appropriate region of interest significantly reduces
the event rates.

The average event count distribution within a 10–second window in all these runs is shown
in Figure 5.20 both before and after the area selection. This figure shows that in the region
of interest, the counts of background events were on average µ = 1.98 ± 1.33 in a 10–second
window for the 26 runs considered. This is significantly lower than the expected counts from
the models at 10 kpc. Note that the supernova models usually have shorter times, thus
the expected counts register in shorter times, which means that the compared background
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Figure 5.18: Comparison of the area distributions of S1 and S2 peaks that compose an event for
background (left) and signal (right) events. The signal events combine simulated signals from all
models.

Figure 5.19: Average number of simulated events for each model and the average number of events
after area selection, compared with SR1 background counts for a 10–second window. The error bars
indicate the 1σ standard deviation from the mean computed over the different simulations of the
same model. For the background the error bars represent the standard deviation over all the rolling
windows in the considered data.

counts within 10–seconds are conservative.

As discussed in the previous sections, the detected signal will be a superposition of the
supernova signal and background. Therefore, the salted datasets described in Section 5.1.2
were used to build events with the XENONnT standard processing framework. This event–
building process pairs the S1 and S2 signals based on their timing proximity, which means that
processed events may include signals of different origins (i.e. pairing a simulated supernova
peak with a real background peak). However, it is easy to identify the time regions where
supernova injections occur by examining the event–rate evolution over time.
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Figure 5.20: Average background event count distribution within a 10–second window for SR1,
shown both before (left) and after (right) area selection.

Figure 5.21 shows this evolution of the event rate within a 19–minute interval, highlighting
seven injected supernova bursts. The figure compares the event rates before any selection
(top) with rates after applying a basic area selection (bottom), where only events with
1 PE < A(S1) < 100 PE and 100 PE < A(S2) < 3000 PE were considered.

Figure 5.21: Event rate evolution within 19–minute interval showing seven injected supernova bursts.
The top panel shows the event rates before any event selection, while the bottom panel displays rates
after applying a basic event selection of 1 PE < A(S1) < 100 PE and 100 PE < A(S2) < 3000 PE.

The results demonstrate that the supernova signal stands out against the background, even
with the basic area selection criterion. However, to reduce the false positive supernova
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identification, an additional data selection is applied to eliminate events with excessive noise
preceding large S2 signals. This selection focuses on rejecting events where significant noise,
R, occurs before the main S2 signal, which can distort the true S2 area and misrepresent the
event. The selection was based on the ratio of noise before the S2 defined as the total area
before the main S2 signal, A(bmS2), subtracted by the S1 area, to the total area, adjusted by
the time difference between the S2 signal, t(S2), and the event’s start, t′. This is expressed
as

R = (A(bmS2) − A(S1))
(A(S1) + A(S2)) · (t(S2) − t′) · 106 . (5.1)

The selection threshold of 0.04 was determined using radon calibration data. Events with a
relative noise value divided by the time range less than or equal to 0.04 are kept for further
analysis.

5.2 Supernova Hunt: Prompt Identification Techniques

Prompt signal identification within the data is essential to recognize possible supernova
occurrences. Signal processing methods are used to locate signal–peaks, i.e. supernova
bursts, in one-dimensional data arrays, providing a reliable and adaptable approach to
identify potential supernova signals. This prompt identification process, often referred to as
the trigger, initiates further analysis by flagging periods of interest as potential supernova
signals for closer investigation.

The peak finding functions identify signal–peaksvii by analyzing local maxima that satisfy
specific conditions. An illustration of the trigger mechanism applied to a supernova signal
superimposed on background data is shown in Figure 5.22. These functions allow for
the customization of various parameters to tailor the peak finding process to the specific
characteristics of the dataset. The key parameters for peak detection include:

• Height: Specifies the required height of the signal. Peaks that do not reach the
specified height are ignored.

• Threshold: Sets the required vertical distance to neighboring points to qualify as a
signal–peak. This filters out smaller identified peaks that are not significantly different
from their surroundings.

• Distance: Defines the minimum horizontal distance (in terms of sample points) between
neighboring signals. This helps avoid detecting multiple closely spaced signal–peaks as
separate events.

• Prominence: Measures how much an identified signal–peak stands out due to its
intrinsic height and relative position to other peaks. This helps in identifying peaks
that are prominent relative to their surroundings.

viiTo avoid confusion between the peak–level signal of the experiment such as S1 and S2 type signals, the
overall shape of the burst is referred to as signal–peak.
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• Width: Specifies the width of peaks at a specified height relative to their prominence.
This is useful for identifying broader peaks.

Figure 5.22: Illustration of the trigger mechanism based on the evolution of the signal rate over
time. A signal–peak must exceed a specified threshold to pass the trigger algorithm. Additional
parameters, such as the height of the highest peak and the width of the signal, are also evaluated to
determine whether the signal–peak qualifies as a potential supernova candidate.

The trigger algorithm aims to capture potential supernova signatures in both peak–level and
event–level data with slightly different treatments discussed in Sections 5.2.1 and 5.2.2 for
peak–level data and in Section 5.2.3 for event–level data. The rate evolutions that contain the
time and rate information at each detected data point were used for the trigger. The trigger
algorithm identifies the highest rate signal that satisfies the determined set of conditions
within a specified range. Following the identification of a trigger time, all data around this
time are clustered using a window that extends 5 seconds backward and 7 seconds forward,
selecting all data within a 12-second interval around the trigger time.

An example of the clusters generated by the trigger algorithm in the benchmark–salted
dataset using peak–level data is shown in Figure 5.23. Here, all triggered times are aligned
so that their highest points coincide. Similarly, the stacked rate evolution plots for all other
models are shown in Figure 5.24.

Large S2 signals can saturate the data buffer, causing the DAQ to release this overflow
and register artifact signals that mimic single–electron signals, potentially resulting in false
positives. These artifacts are identified by the high–energy vetoes of the detector and
labeled as DAQ busy. Upon inspection of the false positive triggers within the background
data, a correlation between DAQ busy times and false positive identifications was observed.
Therefore, to further refine the detection process, DAQ busy veto cleaning is applied. The
DAQ busy-veto-tagged peaks were clustered in 2 second intervals, and the data in this
interval were rejected, effectively removing false triggers caused by this effect. An illustration
of this cleaning process is shown in Figure 5.25.

The analysis framework was optimized to accurately identify signal–peaks corresponding to
potential supernova bursts while minimizing false positives. Although the initial parameters
are tuned using the salted data for supernova bursts simulated at 10 kpc, a loose selection
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Figure 5.23: Rate evolution curves for the peaks from the benchmark model. The signal–peaks are
triggered using the algorithm defined in text, then the rate curves are stacked on their highest peak
rates.

was made to account for fainter signals. This ensures that all potential supernova signals
were identified even if it produces a higher false–positive rate. Further mitigation of these
false positive signals is discussed in Section 5.2.2.

5.2.1 Triggering with the Peak–Level Data

This section describes how the supernova signal–peak was identified and false–positive triggers
were mitigated using the peak–level data. At the peak–level all salted data containing different
models were used to tune the XGB prediction and prominence parameters to ensure that
all injected supernova bursts were captured with the highest accuracy. The prominence
parameter of the peak-finding algorithm was chosen as the main parameter to tune due to
its definition, which includes the comparison of the relative height of adjacent data points,
an advantageous characteristic for handling variable backgrounds.

The cumulative duration of all the salted background data is about 90 hours, and a total of
2194 supernova realizations were injected from the 13 models. A range of distinct values
for the XGB prediction and the prominence parameter of the trigger was systematically
examined using a sample of 328 hours of raw background data and all salted background
data, and the resulting true positive and false positive counts are subsequently compared in
Figure 5.26.

Finally, a selection was made to keep the entire signal with an XGB prediction equal to or
greater than 0.95, and to trigger the activation, the prominence value was set to 16, with a
width parameter corresponding to 100 ms. This configuration is intentionally loose to ensure
high coverage, allowing for 121.6 false positives per week in this dataset, which will later be
reduced.
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Figure 5.24: Triggered clusters across all salted datasets using the models considered in this study,
excluding the benchmark model, which is presented separately. Notably, the failed Nakazato supernova
models, characterized by their zero revival times, exhibit sharper and more distinct shapes. This
behavior arises from the rapid increase and abrupt cutoff in neutrino fluxes for these models.

Figure 5.25: The peak rate evolution of three false positive peak clusters are shown along with the
XGB prediction of the label of each peak. The purple shaded region corresponds to the clustered
DAQ busy veto time intervals. If these signals are clustered within 2 seconds, they are treated as one
busy region, and the data falling in this region are removed.
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Figure 5.26: Grid scan analysis illustrating the performance of prominence and XGB prediction.
The left panel quantifies the weekly false positive counts for each configuration assesed by the sampled
∼ 2 weeks of background data, while the right panel depicts the true positive rate as a percentage of
successfully triggered supernova out of the total 2194 injections.

Examples of correctly identified supernova signals are shown in Figure 5.27, while three
false positive samples in the salted dataset are shown in Figure 5.28. By examining the
characteristics of false and true positives, a secondary filtering can be performed on the
clustered data by the trigger algorithm. The identified characteristics and the secondary
false positive mitigation layer are discussed next.

5.2.2 Post-Trigger Refinement Using Convolutional Neural Networks

Despite passing the XGB selection criteria and satisfying the peak finding algorithm’s
conditions, false positives often exhibit distinct characteristics compared to true positives,
making deep–learning based classification a valuable tool for enhancing trigger reliability.
To improve the reliability of supernova signal detection and reduce false positive rates, a
Convolutional Neural Network (CNN) architecture was trained using 91 SR1 background
datasets combined with 26 salted datasets. These datasets, which amounts to more than 15
days of livetime, was used to study the characteristics of false positive triggers.

The examples of true and false positive identifications shown in Figures 5.27 and 5.28 highlight
key characteristics that aid in discrimination. The upper panels show the rate evolution for
all S1 and S2 signals that meet the XGB selection criteria, while the lower panels show the
spatial distribution of S2 signals. In particular, false positives exhibit a higher ratio of S1
signals within the clustered data. Furthermore, examination of the third example in the
false positive selection shown in Figure 5.28 reveals that it likely results from muons crossing
the TPC and mimicking a supernova–like signal. Unlike true supernova signals, which are
uniformly distributed, this false positive is spatially concentrated in a single location. Finally,
the average XGB predictions for the signals in false–positive clusters are significantly lower,
as indicated by the color bars. Although tightening the XGB prediction threshold could
reduce the false–positive rate, this approach risks missing true signals, particularly from
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Figure 5.27: Examples of correctly identified supernova signals in the salted datasets using the
benchmark model. The top panel shows the rate evolution for three injected signals, while the bottom
panel displays the x–y distribution of the S2–type peaks. The XGB prediction for each peak’s label
is color–coded in both figures. The x–y distribution of the supernova signal is uniformly distributed,
as expected.

more distant supernovae. Instead, the lower–XGB prediction signals can be kept, but the
information can be used in further classification. These observations suggest that further
discrimination within the triggered signals is possible. To train the CNN model, the following
steps were taken:

1. Data Preparation: The rate evolution data were interpolated to maintain uniform
data shapes across samples and included a standardized XGB prediction label.

2. Position Distribution: The spatial distribution was quantified by counting peaks in
16 angular slices for each sample.

3. Peak Types: The S1/S2 signal number ratio was included as an additional feature,
providing information on signal characteristics.

In the initial configuration, the XGB selection threshold was intentionally set at a loose
value of 0.95, with the peak finding algorithm configured with a prominence value of 16 and
a width of 100 ms. This configuration successfully identified all 2194 injected supernova
signals at 10 kpc with 100% accuracy, but also resulted in 520 false positives in these 91
background runs. Then these true and false positives were used to train the CNN model.

The training process involved splitting the data into a ratio of 80/20, with 80% used for
training and 20% reserved for testing. During each training epoch, 80% of the training data
was used to learn, while the remaining 20% validated the model. The training continued
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Figure 5.28: Examples of false positive identifications in the combined salted datasets. The average
XGB predictions are lower than those in Figure 5.27. Additionally, the number of peaks shown in the
bottom panel is fewer for the first and second examples, indicating that most peaks in the cluster are
S1 type since the positions are constructed for S2 signals. The third selected cluster at time 15:31:10
is most likely a muon, with the x–y distribution clustered at the position of interaction.

until either a predefined number of epochs was reached or the validation performance
plateaued. To prioritize the accurate detection of supernova signals, a custom loss function
was defined, assigning a weight of five times to true positives compared to false positives.
This approach penalized the misclassification of true supernova signals more heavily than
the misclassification of background signals.

The custom loss function, Lweighted BCE, was defined as:

Lweighted BCE(ytrue, ypred) = 1
N

N∑
i=1

weight(ytrue,i) · BCE(ytrue,i, ypred,i), (5.2)

where the weight function was defined as:

weight(ytrue) =

1.0 if ytrue = 0 (background)
5.0 if ytrue = 1 (supernova)

(5.3)

and the binary cross–entropy (BCE) loss is given by:

BCE(ytrue, ypred) = − (ytrue · log(ypred) + (1 − ytrue) · log(1 − ypred)) . (5.4)
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In this formulation, ytrue represents the true class (0 for background, 1 for supernova)
and ypred represents the predicted probability that the sample is a supernova. The loss is
computed for each sample in the batch, weighted by the class–specific penalty, and then
averaged over the batch to obtain the final loss value.

The model consists of the following key components:

• Input Layers: The network has three input layers:

1. Main Input Layer: Processes the rate evolution data, consisting of three features;
time, rate, and XGB prediction labels, each sampled at 200 intervals within the
triggered cluster.

2. Additional Input Layer: Captures the spatial distribution of the signals,
represented by a 16–dimensional vector containing the x-–y position information
of the signals within the cluster.

3. Secondary Input Layer: Provides a single feature representing the S1/S2 signal
ratio for the cluster.

• Convolutional Layers: The main input data was processed through two 1D convolu-
tional layers, each followed by a pooling layer:

1. Conv1D Layer 1: 32 filters, kernel size of 3, Rectified Linear Unit (ReLU)
activation, followed by max pooling layer.

2. Conv1D Layer 2: 32 filters, kernel size of 3, ReLU activation, followed by batch
normalization and max pooling layers.

• Dense Layers: The output of the convolutional layers is flattened and combined with
the additional input features through fully connected (dense) layers:

1. The flattened output from the Conv1D layers is passed through a dense layer with
32 units and ReLU activation, followed by a dropout layer.

2. The additional x–y input features were processed through two dense layers with
32 and 16 units, respectively.

3. The S1/S2 ratio was processed through a dense layer with 32 units.

• Concatenation and output: The outputs from the dense layers are concatenated
and passed through a final dense layer with 1 unit, using a sigmoid activation function
to produce the binary classification output (supernova or background signal).

For the final test 20% of the total data is used. The classification of the CNN model is shown
in Figure 5.29, after applying a selection at a conservative 0.5 the model successfully classifies
all supernova signals in the correct category and in the final dataset correctly identifies
515 of the 520 false triggers as background. The remaining 5 false positives are shown in
Figure 5.30. Following this, the 592 background runs for SR1 were evaluated, covering over
83 days of livetime from 2022-07-29 to 2023-08-08. Initially, there were 1395 false positive
signals; however, after applying CNN–based selection, 1221 of these false alarms were filtered
out, resulting in 174 remaining triggers.



106 5. Supernova Detection with XENONnT

Figure 5.29: Predicted classes for initial triggers. The logarithmic y-axis shows a clear distribution,
with class 1 representing supernova signals and class 0 representing background signals, accurately
categorized by the CNN model.

Figure 5.30: The remaining clustered data after peak–level triggering and CNN–based selection.
These background signals persist due to the peak shapes and features resembling those of supernova
signals.

The filtering results, true positives and false positives as a function of the XGB prediction
threshold are shown in Figure 5.31, both before and after applying the CNN filter. The left
y-axis represents the true positive rate as a percentage, while the right y-axis indicates the
total number of false positives.

It is important to note that the CNN model was trained on data with an XGB prediction
threshold of 0.95 or higher, making it less effective when applied to data selected with
lower thresholds. The figure demonstrates that stricter peak selection criteria (higher XGB
prediction thresholds) reduce the number of false positives but at the cost of lower true
positive rates. For example, up to a threshold of 0.95, the true positive rate remains at
100%, while false positive rates gradually decrease. However, even at a stringent threshold
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of 0.99, some false positives persist. Additionally, there was one missed supernova signal
at a threshold of 0.94 after CNN classification, probably due to additional allowed signals
influencing the rate evolution curves, causing the signal–shape to resemble the background,
thus being rejected by the CNN model.

Figure 5.31: True positive (TP) rates and false positive (FP) counts as a function of the XGB
prediction threshold, shown before and after the application of CNN classification. The left y-axis
represents the TP rate as a percentage, while the right y-axis shows the total FP count. The CNN
model was trained using data with an XGB threshold of 0.95 or higher.

It is worth mentioning that although significant improvements were made to the initial
triggers, incorporating more data in training could further fine–tune the model and improve
its discrimination ability. The role of the event–level trigger in further minimizing the false
positive rate will also be addressed in Section 5.2.3. In Section 5.3 we also discuss how the
combined analysis at different processing levels and the data from the outer detectors can
increase the significance of the detection.

5.2.3 Triggering with the Events Level and Time Matching

A similar triggering mechanism can be applied to event–level data. As discussed in Sec-
tion 5.1.4, while signal rates are lower compared to peak–level data, the use of event–level in-
formation provides significantly better background suppression. The events were constructed
from salted peaks to explore the characteristics of supernova signal at the event–level. Since
event–level data are inherently cleaner, no strict tuning is required. A basic selection based
on the area of signals that make up the event, along with a selection to remove noise as
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described in Section 5.1.4 is performed. Finally, before searching for the supernova signature
in the event rate, the DAQ busy regions were filtered out.

To detect signals despite the reduced rates, the prominence parameter of the trigger was
decreased. The SR1 background runs were analyzed at the event–level using a trigger width
of 0.5 seconds and a prominence value of 2. The trigger was applied to the salted events,
and the detected clusters were aligned at their highest points and presented in Figure 5.32
for the benchmark model. Aligned signal rates for both peak–level and event–level data are
displayed for comparison.

Figure 5.32: Stacked rate evolution of the benchmark model (Bollig 2016) showing peak–level signal
(left) and event–level signal (right) after applying the data selection. Notice that the rates are much
lower at higher level data, as only combined signals are allowed to build events, and further selection
is applied aftwerward.

Initially, 4 false positive triggers are identified, along with 2193 true positive detections, with
one true injection missing. The false positive triggers are shown in Figure 5.33.

Subsequently, the entire set of triggers at both the peak and event levels is temporally aligned
within a 5–second margin of time to analyze trigger times and identify matching triggers, that
is, to find common triggers. The initial peak–level trigger dataset comprises 2368 triggers,
of which 2194 are true positives and 174 are false positives. The initial event–level trigger
dataset includes 2197 triggers, including 2193 true positives and 4 false positives. When
aligning these datasets within a 5-second tolerance, 2194 matching triggers are identified.
The temporal discrepancies between these matching triggers are illustrated in Figure 5.34
for all data, and also only for the benchmark Bollig model with 27 M⊙ progenitor.

Although the triggering times may align, the construction of the events from the S1 and S2
signals can cause the assigned time of the event, and consequently the trigger time, to differ
by up to a few seconds. In addition, various data selections yield different final signal shapes
in which the position of the highest point varies.

In the final matching triggers, 3 out of the 4 false event level triggers are rejected. The
surviving trigger is matched with a false positive trigger in the peak level data, as shown in
Figure 5.35, which most likely corresponds to the muon crossing discussed earlier.
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Figure 5.33: False positive signals in events. The area of the circles indicating the positions of
the events in all panels are scaled by the interaction times, where the smaller circles indicate earlier
interactions. It can also be seen that the majority of the surviving events are at the edges of the
detector indicating possible emissions from the walls of the detector.

Additionally, we examined the injected supernova burst recognized at the peak level but
absent at the event level. The triggering cluster at the peak level and the corresponding
region at the event level are presented in Figure 5.36. The events that accumulate around
this region largely fail to meet the event selection criteria and are significantly diminished.
The remaining events do not form a pattern that activates the signal detection algorithm.

In conclusion, supernova models located at a distance of 10 kpc from Earth are typically
detectable within the XENONnT TPC data. This study demonstrates that there are two
primary approaches to investigating the signatures of neutrino interactions, each offering
distinct advantages. Event–level analysis provides a cleaner dataset with minimal false
positives. However, it is important to note that events are only constructed from peaks that
meet specific criteria, such as a minimum S2 area of 100 PE, and a minimum three–fold
detection of the S1 signal. As a result, when the interaction rates are lower, such as those
that are expected from distant supernovae, or the S1 and S2 signals do not meet these
conditions, the events may be significantly reduced, potentially leading to challenges in
detection. In such cases, peaks that do not form events can still be utilized to identify the
supernova burst. To ensure robust detection, a smart strategy involves monitoring both
peak- and event–level data and comparing them.
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Figure 5.34: Time differences between matched peak and event level triggers. Top panel shows the
matched data for all identified signals, bottom, shows only the identified signals from the benchmark
Bollig 2016 model with a 27 M⊙ progenitor. Typically, times align within half a second, but
discrepancies can extend to a few seconds. For the benchmark model discrepancies between the
matching signals are less.

5.3 Quantifying the Significance of Observations

This section discusses the significance of each observation around the identified supernova
burst. Local detector signal activity was estimated using background signal rates just before
the identified supernova region. The clustered region around the trigger time was compared
with this average background rate. Local significances, which highlight the likelihood of
random background fluctuations in the signal region, were derived using the likelihood ratio
test (LRT).

LRT compares the likelihood of two hypotheses: the null hypothesis (H0), where only
background is present, and the alternative hypothesis (H1), where both signal and background
are present.

The general expression for significance Z within the LRT framework is given by
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Figure 5.35: The peak (left) and event (right) rate evolution and the corresponding x–y distribution
of the only surviving false positive event. It can be seen that the clustered data is a muon crossing.
The area of the circles indicating the positions of the S2–peaks in both panels are scaled by the
interaction times, where the smaller circles indicate earlier interactions.

Z =
√

2 ln
(L(data | H1)

L(data | H0)

)
, (5.5)

which quantifies the extent to which the observed signal diverges from the background in
terms of Gaussian standard deviations σ. Typically, the value of the specified test statistic
is conveyed through Gaussian deviations employing the normal distribution. A deviation
exceeding 3 σ, which encompasses 99.87% of the signal, would signify the presence of an
evidence of non–standard signal within the data. Consequently, an observation exceeding 5 σ

(corresponding to 99.99% of the whole signal) from the mean indicates a discovery. However,
in this context, the LRT serves as an intermediate test statistic that is subsequently converted
to Gaussian significances for each observed data point, thereby allowing for an interpretation
of the magnitude of deviation from the background, and should not be treated as evidence
or discovery in the general sense.

In cases where both signal and background are present, the Poisson likelihood for the data
under the alternative hypothesis is:

Lalt = (s + b)ne−(s+b)

n! (5.6)

where s is the expected signal, b is the expected background and n is the number of observed
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Figure 5.36: The true signal injection using the Nakazato 2013 model with the 50 M⊙ progenitor.
The left panel shows the peak rate that triggers at the peak level, while the right panel displays the
resulting events in the same region, where many events do not meet the trigger conditions at the
event level and thus are not displayed here.

events. For the null hypothesis, the Poisson likelihood is:

Lnull = bne−b

n! . (5.7)

Calculating the likelihood of each data point (n = 1) and defining the statistic of the
likelihood ratio test statistic λ as the logarithmic likelihood ratio of these two hypotheses,
the relation in eq. (5.9) is obtained.

λ = −2 ln
(Lnull

Lalt

)
(5.8)

= 2
[
(s + b) ln

(
s + b

b

)
− s

]
(5.9)

This test statistic λ quantifies the likelihood of the observed data under the alternative
hypothesis relative to the null hypothesis. In practical applications, background uncertainties
(σb) frequently arise. To address this issue, Glen Cowan’s formula [152] expands the standard
LRT by integrating the σb,
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This modification adjusts the likelihood ratio to account for the uncertainty in the background.
The significance Z is then defined as the square root of the test statistic. Substituting the
expression for λ into the equation for Z, we obtain the following formula for significance:

Z =

√√√√2
(

(s + b) ln
(

(s + b)(b + σ2
b )

b2 + (s + b)σ2
b

)
− b2

σ2
b

ln
(

1 + σ2
b s

b(b + σ2
b )

))
(5.11)

This expression provides a detailed explanation to which extent the observed signal deviates
from the null hypothesis, characterized by the anticipated background signal and its associated
uncertainty, thus offering a thorough method for rejecting the null hypothesis in the case of
significant deviations.

The process is illustrated in Figure 5.37 where the 12 seconds around the identified supernova
burst peak was selected. The mean local background signal rate and a signal region containing
68% of the total signal (corresponding to the Gaussian 1 σ interval) were computed within
the last ∼ 1.5 minutes before the identified supernova region, shown with the dashed line
and the shaded area. For visualization, only the last 20 seconds are shown. The significance
values shown on the right y–axis were calculated using eq. (5.11) to estimate the probability
that the observed signal deviates from the observations of only the background scenario.
The maximum local significances of each observation at different data processing levels are
discussed next.

Figure 5.37: The peak rate evolution around an example trigger region is depicted. The mean and
standard deviation were calculated using 2 minutes of background data leading up to the signal;
however, only the last 20 seconds are illustrated. The signal region was selected as the 5 seconds
before and the 7 seconds after the triggering peak. The rates and their corresponding significance, Z,
are shown on the left and right y–axes, respectively.



114 5. Supernova Detection with XENONnT

5.3.1 Analyzing Peak and Event Level Significances

By employing signal rates obtained from both peak and event–level analyses as data inputs,
we ascertain the local significances of the detected signals. A comparasion of the identified
signal–peaks at both levels, is presented in Figure 5.38. This figure additionally provides
the computed local significance value for each signal. The comparison shows that the signal
rates for both data levels have comparable values of local significance.

Figure 5.38: Example of the signal rate evolution and the calculated local significances at peak
(left) and event (right) level of the same detected signal–peak. The local mean background signal
rates and 1 σ deviations are also shown.

At peak–level, background rates were measured locally within 1.5 minutes preceding the
signal, and a Gaussian error was calculated based on the background signal in this interval.
An illustration of this process is presented in Figure 5.37 for a triggered signal in salted data
using the Bollig 2016 benchmark model of with a 27 M⊙ progenitor. Local significances are
calculated for all true triggers at the peak level for each model. The significance values at
the highest peak rates are collected and presented in Figure 5.39.

For event–level analysis, a simpler approach was adopted using a fixed mean and standard
deviation calculated from all runs and used to compute significances for all triggered clusters.
Upon applying the selection, the event–level background rates become significantly lower
and more stable. The background rate for each run was calculated individually, and the
mean rates were compiled and presented in Figure 5.40. This figure also displays the overall
mean and standard deviation across the considered background runs. It is important to note
that while the runs are carried out in sequence, they are not necessarily consecutive due to
interruptions and calibrations between different runs.

Analogously to Figure 5.39, the local significances derived from the event–level analysis were
compiled, and the corresponding highest values were aggregated. The distribution of these
significance values is illustrated in Figure 5.41, providing a visualization of the highest local
significances observed in all events analyzed.



5.3. Quantifying the Significance of Observations 115

Figure 5.39: Distribution of maximum local significances within clustered data around peak–level
triggers for various models. Black hole models show the highest significances due to their sharp rate
rise within less than a second, but high significances are observed across all models.

Figure 5.40: The mean rates in events for each run after applying the basic event selection. The
average rates per background run are displayed individually together with the average of all mean
rates (blue line) and the standard deviation througout the considered runs (blue band).

In summary, the results from both peak–level and event–level analyses demonstrate that
statistically significant deviations from the background can be observed across all supernova
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Figure 5.41: Distribution of maximum local significances within clustered data around event–level
triggers for all models (upper left), as well as for each model considered in this work.

models. The local significance values for the various models consistently show signals that
stand out well beyond the typical background fluctuations, suggesting that the XENONnT
detector is capable of identifying supernova neutrinos under realistic conditions.

At peak level, models involving black hole formation, in particular the Nakazato model
(id=14 ) with the 30 M⊙ progenitor with Shen EOS, exhibit the highest significance due to
their sharp rate increase within a short time frame, as observed in Figure 5.39. The total
expected interaction rates from this model can reach up to 300 Hz (see Figure 5.24) as all
expected interactions are registered in less than a second.

In a similar manner, event–level analysis, while exhibiting lower overall rates and more stable
background conditions, provides an additional layer of verification for the detected signals.
The compiled background rates, as shown in Figure 5.40, confirm that the event–level data
is less prone to background fluctutations. This results in consistently high local significance
values, as demonstrated in Figure 5.41.

Overall, the XENONnT detector demonstrates the ability to reliably distinguish neutrinos
from a supernova at 10 kpc from the background signal, whether through peak or event–level
analyses. Future improvements, such as optimizing the event selection criteria and extending
the analysis to additional models, could further enhance the detector’s capabilities and



5.3. Quantifying the Significance of Observations 117

potentially increase the significance of the observed signals.

5.3.2 False Alarm Rates and Combined Significances

It was demonstrated that the simulated supernova signals from all models at 10 kpc can be
successfully identified within the background data. However, despite the application of data
selection criteria, supernova burst identification methods, and the rejection of false positives
using a CNN model, a residual number of false positive triggers persists. In peak–level
analysis, 174 false positives remain after the final CNN-model selection. At the event level,
only one of these 174 false positives remains, while three additional false positives were found
exclusively in the event–level data.

Although there is potential for further refinement in background mitigation and trigger
algorithm optimization, anticipated FAR, based on current background observations, can be
evaluated across various distances. In addition, alternative strategies to reduce false alarms,
such as simultaneous analyses of the three detectors (TPC, muon veto, and neutron veto),
warrant exploration.

While the extended LRT provides a method for quantifying the significance of individual
signals in the data, combining these significances across different detectors and analysis
levels requires a unified statistical framework. To address this, we transition to an approach
based on the FAR. This perspective not only ensures consistency in combining significances
from different analysis methods, such as peak and event–level data, but also facilitates the
integration of expected observations from the muon and neutron veto detectors.

The anticipated FAR for any detector can be estimated based on the observed background
signal rates. In scenarios with low counting statistics, if the expected background signal
rate is given by λ, the probability of observing k events can be described by the Poisson
distribution. This probability, denoted as P (≥ k, λ), represents the likelihood of observing
at least k events when the expected mean number of events is λ.

In scenarios where the experiment is repeated multiple times, such as counting the signal
every second and expecting a consistent background rate around the mean, a correction
factor known as the trial factor (N) must be introduced. The trial factor accounts for the
number of independent trials conducted during the observation period. The frequency with
which the background process mimics the observed signal, known as the imitation frequency
(Fim), (or FAR), can be calculated as the probability P (≥ k − 1, λ) multiplied by the trial
factor N :

Fim = P (≥ k − 1, λ) · N. (5.12)

The use of k − 1 in this equation is due to the nature of the counting process, which typically
begins once the first data point is observed. Therefore, the probability calculation is based
on observing at least k − 1 events.
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The inverse of the imitation frequency, as a function of the total observed signal counts, is
shown in Figure 5.42 for both peak–level and event–level analyses. The average background
rates in each case were estimated from the entire SR1 dataset, after applying data selection
and excluding regions where the CNN model rejected a trigger. Although local background
rates may vary slightly from these estimates in the peak–level analysis, this assumption
provides a reliable approximation of the imitation frequency.

Figure 5.42: The inverse of the imitation frequency for the observed counts in both peak- and event-
level analysis for a 10 seconds rolling window. The dashed and dotted red lines show the 1 week and
1 day marks. The shown data points for each panel represent the time it would take for the given
detector background to imitate the observed counts. The expected total counts for the benchmark
Bollig model with 27 M⊙ progenitor is also shown with the vertical gray dashed line.

In Figure 5.42, the dotted and dashed lines represent the time intervals of one year and one
week, respectively. The inverse imitation frequency at a given observed count represents
how long it would take, on average, for the background to mimic a signal with that many
observed counts, based solely on upward Poisson fluctuations at the specified mean rate.

For example, as shown in the right panel of Figure 5.42, observing 30 counts in a 10-second
window, when the average background rate is 1.03 Hz, could occur approximately once per
week without any additional signal. This result arises because of the large number of trials in
a day, where the number of trial windows is given by the total seconds in a day multiplied by
the mean background rate. Thus, even a seemingly high count could be due to background
fluctuations alone, depending on the rate and number of trials. However, for considerably
larger observed counts, the required imitation time is greater than a few decades, indicating
that the observed signal almost certainly contains an additional signal source or a systematic
effect.

It is important to note that this study employs a 10-second window to estimate the total
expected background counts as well as the total counts within the same window size around
the supernova signal. This implies that, with an optimized time window, the observed signal
counts in the vicinity of the supernova region would yield a higher signal-to-background
ratio and align with lower imitation frequencies. Furthermore, it should be noted that while
the study presumes that the background rates adhere to a Poisson distribution around
the observed mean, this may not consistently be the case due to the varying detection
conditions.



5.3. Quantifying the Significance of Observations 119

Figure 5.43: The inverse imitation frequency as a function of supernova distance, shown for both
peak–level and event–level counts. The observed counts are averaged over all injected supernova
signals in the background within a 10-second window, which is positioned around each trigger to
maximize the counts within the window. As the distance to the supernova increases, the expected
counts decrease, making it more likely for the background to mimic the observed signal at higher
distances.

As the expected number of neutrino interactions decreases with increasing distance of the
supernova, the imitation frequency can be recalculated for different distances. Using the
Bollig reference model with a 27 M⊙ progenitor, the observed counts are scaled accordingly
for supernovae at varying distances. The inverse of the imitation frequency as a function of
distance is shown in Figure 5.43.

This figure should be interpreted as follows: for a supernova located at 20 kpc, the counts
it would generate correspond to an imitation frequency of approximately once per week at
the nominal background rate. The closer the supernova, the higher the expected counts,
leading to longer time intervals before the background could mimic such counts. This implies
that if the desired FAR is not more than once per week, supernovae located beyond 20 kpc
become increasingly difficult to distinguish from the background at the peak–level, as the
background itself can produce similar counts more frequently than once per week. This
underlines the expected fact that for distant supernovae, distinguishing true signals from
background fluctuations becomes more and more challenging.

For a specified background rate, there exists a threshold for the observed count that determines
the false alarm limit. This study establishes the limit to one false alarm per week following
the suggestions of SNEWS. Such rates as demonstrated in Chapter 3 correspond to very
low false coincidences to issue a SNEWS alert to the network. In the context of peak–level
analysis, this threshold is equivalent to observing 110 counts within a 10-second interval.
Exceeding this count within the specified time frame implies the potential presence of an
additional signal, such as a supernova, beyond the ambient background noise.

A probability can be defined to quantify whether the observed signal is more likely from
an additional source rather than Poisson fluctuations in the background. This probability
increases as the observed count exceeds the set threshold. In contrast, if the total observed
count Ntot falls below the threshold, the probability of detecting a true signal decreases.
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Figure 5.44: Detection efficiencies for various FAR, once per week, once per day, and ten times per
day, based on observed signal counts in 10-second windows. The left panel represents the peak–level
analysis, while the right panel shows the event–level analysis. Expected signal counts are derived
from the Bollig model with a 27 M⊙ progenitor and scaled for different distances. A higher FAR (e.g.,
ten times per day) results in a lower detection threshold, allowing supernovae at greater distances
with fewer counts to trigger detection, thus increasing the probability of detection. In contrast, a
stricter FAR (e.g., once per week) requires a higher minimum count, making detection more likely
only for closer supernovae.

The probability of detecting a signal greater than the threshold count c (in this example,
110 counts) is given by P (c ≥ Ntot). This probability provides a measure of confidence in
distinguishing a supernova signal from background fluctuations.

The detection efficiencies for different FAR, for example once a week, once a day, and ten
times a day, are illustrated in Figure 5.44. The analysis is presented for data from both the
peak level (left panel) and the event level (right panel). The expected signal counts for each
case were derived from the Bollig model with a 27 M⊙ progenitor and scaled according to
the distance within the 10-second observation windows.

A higher FAR (e.g., ten times per day) implies a lower detection threshold, meaning that
even supernovae at greater distances, which generate fewer signal counts, could still trigger
an alert. This results in a higher probability of detection. Conversely, a stricter FAR (e.g.
once per week) requires a higher minimum number of observed counts, limiting detection to
supernovae that are closer and produce stronger signals.

This suggests that the detection of supernovae at greater distances is possible by lowering
the required total observed counts and permitting a higher FAR, such as ten times per
day. However, setting the FAR at such a high threshold would result in an impractically
frequent number of alarms, many of which may not correspond to true supernova signals. To
address this, a more effective strategy is to incorporate a coincidence analysis across multiple
detectors.

Since event–level data are a higher level of processing derived from peak–level signals, they
are not treated as completely independent signals. However, as discussed in Chapter 2, the
XENONnT detector is equipped with two outer veto detectors, muon veto and neutron veto,
which can also detect neutrino interactions from supernovae via inverse beta–decay, IBD. In
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this analysis, the estimated background event rates after data selection for the muon and
neutron veto detectors derived in [110] are used.

By forming a coincidence between the three available detectors, it is possible to significantly
reduce the FAR while still maintaining high sensitivity to distant supernova events. This
approach is analogous to the r–fold coincidence technique discussed in Chapter 3, where the
combined FAR Fcomb is calculated by considering simultaneous detections across multiple
detectors. The combined rate for an r–fold coincidence between n detectors can be expressed
as:

Fcomb = (C(n, r) + 1) × Fd1 × Fd2 × . . . × Fdr × δt(r−1) (5.13)
= (C(3, 3) + 1) × FT P C × FMV × FNV × δt2 (5.14)

where C(n, r) is the binomial coefficient representing the number of ways to choose r out of
n detectors, Fd1, Fd2, . . . , Fdr are the individual imitation frequencies for each detector, and
δt is the coincidence time window. By combining the information from all three detectors,
the strategy greatly enhances the overall detection reliability and reduces the chance of false
alarms while still preserving the ability to detect supernova signals from greater distances.
For example, by anticipating one alarm per week in each of these detectors and requiring
that all alarms coincide within a 10-second window, the combined FAR would be reduced to
once about every 351 million years. Even for an alarm rate of once a day, the coinciding
false alarm in a 10-second window is expected to occur once every hundred thousand years
assuming that upward fluctuations are purely of statistical origin.

For this study, the values for the expected background rates in each of the two veto detectors
and the expected average supernova neutrino signal in a 10-second window were taken from
[110] and are listed in Table 5.6. Consequently, the inverse of the imitation frequencies for
the veto detectors was computed and shown in Figure 5.45.

µ veto n veto
BG rates 3 Hz 0.05 Hz
SN counts 70 8

Table 5.6: Background rates and expected average supernova counts within a 10-second window for
muon (µ) and neutron (n) vetoes. The numbers are from [110].

Ultimately, the combined FARs are shown in Figure 5.46. It can be observed that the inverse
of the imitation frequency decreases with increasing distance for all analysis, indicating
that the time needed for the background to statistically fluctuate upward and imitate the
expected signal count at the given distance becomes shorter. Until about distances of 23
kpc, combined analysis has a lower FAR, beyond which the FAR of the TPC dominates.

At large distances the expected counts from the reference supernova model become increasingly
negligible, meaning that most of the observed counts are from the background. In this
scenario, where the expected signal is extremely low due to the great distance, it becomes
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Figure 5.45: The inverse of the imitation frequency for different observed values in a 10 seconds
rolling windows for both muon and neutron vetoes. The dashed and dotted red line shows the 1 week
and 1 day marks. The shown data points for each detector represent the time it would take for the
given detector background to have a statistical fluctuation up to the observed counts.

Figure 5.46: The FAR as a function of distance shown for TPC peak–level data, muon and neutron
veto data, and the combined analysis. The combined analysis shows a reduction in the FAR until
about 23 kpc compared to individual detectors. At larger distances the FAR of the TPC dominates,
as the expected counts in the two veto detectors at these distances become lower than the mean
background rates.

more probable for background fluctuations to mimic a signal. Background events, which
naturally fluctuate, are more likely to form clusters with at least the average number of
counts, leading to an increase in the FAR. As a result, the FAR tends to flatten at these
greater distances. When the expected FAR for an individual detector falls below the duration
of the coincidence window, multiple false alarms can occur within the same coincidence
window. This causes the combined analysis curve to fall below the individual detector curves,
as overlapping false alarms reduce the effectiveness of coincidence–based suppression.

This study demonstrates that with a requirement of one false alarm per week, all three
detectors can independently identify the benchmark supernova model at distances up to
10 kpc, and only the TPC can detect it up to nearly 20 kpc with a high confidence when
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the expected FAR is set to once a week. A combined analysis, which requires a coincidence
between the three detectors within a 10-second window, can extend the detection range
and effectively reduce the frequency of false alarms caused by background fluctuations. The
distances at which each analysis method expects counts that are comparable to the counts
expected from the background once a week, once a day, and ten times a day are shown in
Table 5.7. The values show that when a combined analysis is performed, the supernova can
be confidently identified up to 22.5 kpc when the expected FAR is set to once per week.

TPC µ veto n veto Combined
1/week 21.7 kpc 15.1 kpc 11.3 kpc 22.5 kpc
1/day 22.7 kpc 15.7 kpc 12.2 kpc 23.4 kpc
10/day 21.5 kpc 14.9 kpc 10.9 kpc 22.3 kpc

Table 5.7: The expected distances at which each detector and the combined analysis generate given
FARs purely from the background. For distances closer than stated, the analysis method would
identify the observed signal as a supernova. For greater distances, the observed counts may be
confused with background fluctuations.

Furthermore, the signal might be missed on either of the detectors for several reasons, such
as calibration or maintenance. In these cases, a coincidence between the remaining two
detectors can still be formed. This is shown in Figure 5.47.

Figure 5.47: Imitation frequencies for 2- and 3–fold combination of detector systems.

It is crucial to emphasize that the TPC remains central to supernova detection due to its
sensitivity to the expected burst of neutrino interactions. The analysis conducted at the
peak–level archival data reveals a higher FAR than predicted by the average background rates
in the TPC. However, event–level analysis demonstrates a significantly lower FAR, with only
four irreducible false alarms observed over 85 days of data. This contrast underscores the
inherent trade-offs between peak–level and event–level analyses: the former’s intentionally
relaxed trigger parameters, designed to maximize detection efficiency, and the latter’s
more stringent criteria for enhanced precision. Temporary detector conditions, capable of
generating nonstandard signals that mimic a supernova, also contribute to this discrepancy.
While there is room for refining the data selection criteria and enhancing the discrimination
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capabilities of the CNN model, the overall results indicate that even when one detector
exhibits a higher false positive rate, the probability of coinciding false positives across multiple
detectors remains low at close distances.

The identification of increased signal rates within the TPC represents an improtant step in
supernova detection. As demonstrated, TPC data alone can provide a statistically significant
signal that stands out against background fluctuations, offering a robust mechanism for iden-
tifying supernova neutrinos. However, combining the observed signals from other detectors,
such as the muon and neutron vetoes, or integrating results from separate analyses of TPC
data products and different processing levels, can further enhance detection significance.
This approach not only strengthens confidence in the detection of supernova events but
also extends the reach of the experiment to observe lower-count supernova signals with
comparable significances, solidifying the TPC’s position as a crucial instrument in the field
of multimessenger astrophysics.
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The previous chapters discussed the physics of supernovae, describing how neutrinos from
these cataclysmic stellar explosions travel across the cosmos to be detected on Earth. In
particular, the focus was on how direct DM detectors like XENONnT are sensitive to these
neutrino signals through CEνNS. Detailed signal analysis methods within the XENONnT
framework were presented, including the development of a robust software trigger designed
to promptly identify potential supernova signals in the data stream and report them to
SNEWS.

This chapter builds on these findings, exploring avenues for improvement, alternative scenarios,
and the exciting prospects of future DM experiments. In Section 6.1, the multimessenger
role of the XENONnT experiment in the SNEWS network is discussed. Possible extensions
and enhancements of the current study, including advanced signal selection and modeling
techniques, are discussed in Section 6.2. In Section 6.3, the potential of next-generation DM
experiments to contribute to supernova neutrino detection is highlighted.

6.1 XENONnT as a Multimessenger Player

As previously discussed, the imminent Galactic CCSN will be pivotal for multimessenger
astrophysics, providing signals such as neutrinos, gravitational waves, and electromagnetic
radiation. Neutrinos will reach Earth first, well ahead of electromagnetic signals, allowing
the formation of an early alert. In preparation of capturing this cosmic event, several
neutrino observatories and DM detectors, including XENONnT, have been developing
analysis frameworks.

As established in Chapters 4 and 5, XENONnT can contribute to the formation of coincidence
alerts within the SNEWS network by providing observation timings for the detected CEνNS
signal from a CCSN. This capability underscores the multifunctionality of the experiment.
As SNEWS is evolving from SNEWS 1.0 to SNEWS 2.0, the XENONnT detector is fully
integrated into the network and ready to receive these alerts. Soon, it will also be able to
provide prompt automated observations of potential supernovae and take part in the global
effort of the early detection of a supernova.

The SNEWS network integration involves three aspects: reacting to SNEWS alerts, sending
periodic heartbeats to maintain server connection, and sending an observation message when
a potential supernova signal is detected. The details of these three aspects are as follows:

• Reacting to alerts: XENON Collaboration has established a protocol for the actions
required when an alert is received. As part of this thesis, a wrapper software package,
supernova_communications, was developed to interface with snews_pt and snews_cs.
This package manages credentials and establishes connections to SNEWS alert topics,
enabling the monitoring and retrieval of supernova alerts. Upon receiving an alert, it
generates an internal notification and sends messages to shifters on-site and relevant
online channels. The shifters on site should label and promptly process the data at the
time of the alert for further analysis.
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• Sending heartbeats: The XENONnT experiment is the first DM detector to send
frequent signals (heartbeats) to SNEWS 2.0. These heartbeats help evaluate system
latency and identify network and Internet stability issues during development. For this,
we first identify the operational mode of the experiment; modes such as calibration or
maintenance indicate inactivity, while others indicate activity. Then, this information
is automatically converted into a heartbeat message and sent to SNEWS every 10
minutes.

• Sending observation messages: XENONnT already uses an online data monitor
for data quality checks. This tool is being expanded to include automated, prompt
supernova identification. The new functionality will simultaneously search event- and
peak-level data for supernova neutrino interactions following the framework described
in Chapter 4 . If detected, an observation message will be sent to the SNEWS network
using the supernova_communication package. Based on this study, the recommended
strategy is to monitor the TPC data at both high and low levels, together with the
data from the outer veto detectors. Any coincidence between peak- or event-level
data and an outer veto detector signals high confidence and triggers an automatic
message to SNEWS. If only one detector triggers while others remain operational, the
tool calculates local significances to assess whether the signal is due to background
fluctuations. A message is sent to SNEWS only if the background-only hypothesis is
rejected. Every message to SNEWS also notifies shifters on site and the XENONnT
multimessenger team by text, email, and Slack. False observations can be retracted
from the SNEWS server.

6.2 Possible Improvements of the Study with XENONnT

The analysis of supernova neutrino interactions in XENONnT was covered in Chapter 5.
Although the analysis framework presented here demonstrates efficacy in examining models
in current settings, there is still potential for improvement and additional discussion. On the
basis of experience gained throughout this thesis, this section presents several recommenda-
tions for potential future extensions of the study, along with some preliminary assessments
for some of these extensions.

6.2.1 Determining the Onset of the Signal

Identifying the onset of the signal, t∗, is important, especially for multilateration purposes
[135]. The local significances of each observed signal around the triggered time were discussed
in Section 5.3, where the asymptotic formula for the likelihood-based test statistic was used
for the calculation. Within [153], the authors propose alternative models that aim to improve
the quantification of significance while simultaneously offering a robust method to identify
the onset of the signal. The method uses hypothesis testing to identify the signal and its
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onset. For hypothesis testing, a test statistic ℓ was computed on the observed data. The
significance level of observing the test statistic under a specified hypothesis H is given as

p(ℓ) =
∫ inf

ℓ
P (ℓ′|H)dℓ′, (6.1)

and the corresponding z–score
z(ℓ) = Φ−1(1 − p(ℓ)), (6.2)

where Φ is the cumulative normal distribution, indicating the number of Gaussian standard
deviations from the mean expected signal.

There are two proposed test statistics; simple number count in a given time bin (Counting
Analysis, CA), and Shape Analysis (SA), which is model dependent. The test statistic for
the CA, ℓCA, is defined as the total counts, n, as

ℓCA(t∗, ∆t, ti) = n ≡
∑

i

w(ti − t∗, ∆t), (6.3)

where w is a window function equal to 1 within the time window ∆t and 0 outside, here i

indexes each detected event in the dataset. The test statistic for the SA is defined through a
log likehood ratio test between the alternative (Halt) and the null hypothesis (H0) as

ℓSA(t∗, ti) = log P (ti|Halt)
P (ti|H0) =

∑
i

log
(

1 + S(ti − t∗)
B(ti)

)
(6.4)

where S and B are signal and background counts at a given time ti respectively.

To evaluate each method, a dedicated software [154] was used. Initially, an average rep-
resentation of the supernova models was constructed by employing all simulated signals
derived from the respective model. Since each burst simulation was drawn from the selected
supernova model incorporating a Poisson fluctuation, and the detector effects were propa-
gated in the fuse simulation, this representation accounts for both statistical and systematic
fluctuations. Two examples of average model representations are shown in Figure 6.1 for the
Bollig model with a 27 M⊙ progenitor, and for comparison another from the Fornax model
with a 26.99 M⊙ progenitor. Note that for both models, a signal distance of 10 kpc are used.

Subsequently, the test statistics ℓCA and ℓSA are evaluated in proximity to the detected time
of the signal–peak. The left panel of Figure 6.2 displays the observed rates along with the
expected background-only hypothesis and the alternative hypothesis, which anticipates the
average model counts in addition to the expected average background counts. The right
panel of Figure 6.2 illustrates the evolution of the test statistic (eqs. (6.3) and (6.4)) and the
z–score (eq. (6.2)) as a function of time.

When using SA, if the observed signal shape matches the underlying model of the SA, the
significance will improve greatly compared to that of CA (lower right panel of Figure 6.2).
However, this approach introduces model dependence. The scope of such a study can
be broadened by developing a generic supernova model to explore the evolution of the
test statistic across various models within this framework. CA, in contrast, is similar to
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Figure 6.1: The average model inferred from the simulated data after all data selection is applied. The
error bands represent the 1σ standard deviation around the average based on the all the simulations
of a given model.

Figure 6.2: Left: The observed signal counts shown as grey bins and rate evolutions (solid blue line)
along with the expected rate evolution from the null (dashed green line) and alternative hypothesis
(solid green line) are overlaid on top. Rates are not shown on the y–axis explicitly. Right: The test
statistic and the z-score as a function of time for both CA and SA. The Bollig model with 11 M⊙
progenitor is used in this example. The dashed horizontal line and the intersecting vertical line
represent a predetermined threshold of 3σ z-score and the associated time value at the intersection of
the SA z–score.

the asymptotic likelihood ratio tests discussed in previous chapters but tends to suffer
from upward fluctuations in response to increases in detector background rates. Moreover,
the software presently exhibits certain limitations, particularly in the form of numerical
computation errors occurring at high levels of significance. However, both methodologies
provide a robust and reproducible mechanism for the quantification of signal significance. By
establishing a predefined z–score threshold, a coherent understanding of the onset time of the
signal can be achieved. This approach can be further refined in future studies by applying
corresponding SA to improve the reliability of signal identification and onset determination.
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6.2.2 Trigger Performance at Different Distances

This work focuses mainly on supernova signals at 10 kpc and builds a framework for the
identification of the signal at this distance. While 10 kpc is a likely distance for the next
galactic CCSN, it is important to expand the study by evaluating the detection capabilities
at farther distances as well. The trigger algorithm is based on the rate of count evolution
rather than on the signal amplitude alone. Although the number of interactions decreases
with distance, detection can still be achieved through rate evolution curves, allowing the
system to trigger supernova alerts even for more distant sources.

To test this, the observed counts in the 2194 simulated supernova bursts from all the models
used in this study were scaled to mimic observations from further distances, adjusting for
the expected decrease in event counts. The same trigger algorithm developed for 10 kpc was
applied to assess detection performance at these larger distances. The results are presented
in Figure 6.3 as a bar graph for each model and in Figure 6.4 as a percentage of the signals
recovered as a function of different distances. At distances up to 20 kpc, all Nakazato black
hole models (id13, id14, and id15, corresponding to the 30 M⊙ progenitor with LS220, shen,
and togashi EOS, respectively) are identified with 100% efficiency. At 20 kpc, Nakazato id13
misses one injected supernova burst signal, while id14 and id15 maintain 100% efficiency.
At 25 kpc, Nakazato id15 identifies all but one signal, while id14 achieves the same level of
efficiency at 30 kpc. The identification of other models gradually decreases.

Figure 6.3: The percentage of recovered supernova signals for each model considered in this study.
Different bars represents the signal at different distances. All simulated models are identified when
they are at 10 kpc and the number of identification decreases with increasing distance.

The performance of the trigger algorithm is influenced by three key components: signal
selection, trigger parameters (such as prominence), and the tuning of the CNN classification
model. Variations in signal selection can alter the shape of the final rate evolution curves,
potentially causing the current trigger algorithm to perform suboptimally. The trigger
parameters, optimized for supernova signals at 10 kpc, were calibrated to detect signal
amplitudes and widths characteristic of such a distance. Adjusting these parameters could
improve performance for signals at other distances. Lastly, the CNN classification model,
trained to identify true signal–peaks based on 10 kpc simulations, may not generalize
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Figure 6.4: The percentage of triggered supernova for a given model as a function of distance. Most
of the Nakazato black hole models (id13, id4, and id15) can be identified even at greater distances
due to their unique signatures where the signal rate increase is sharp.

effectively to signals from greater distances. A more flexible signal selection, paired with
adapted trigger parameters and a CNN model designed to handle a broader range of distances,
could significantly enhance trigger performance for supernovae at larger distances.

6.2.3 Further Remarks

Effects of Higher Drift Field: In XENONnT, the electric drift and extraction fields
are generated using three parallel electrodes: the cathode, gate, and anode. Initially, the
drift field was set at approximately 100 V/cm but was later reduced to 23 V/cm due to a
short circuit [93]. The strength of the electric field plays a crucial role in predicting both
the light and charge yields in nuclear recoil interactions, as illustrated in Figure 6.5 using
NEST simulations. Furthermore, the drift field affects the likelihood of electrons surviving as
they travel through the LXe medium, due to potential capture by electronegative impurities
dispersed in the LXe. Because of the high xenon purity of XENONnT, electron lifetimes
(> 10 ms) are longer than the maximum drift time of 2.2 ms [93], minimizing electron losses
during detection.

Although the lower drift field has had minimal impact on electron survival rates in XENONnT,
higher drift fields could improve charge yield, potentially leading to improved signal detection.
Furthermore, a higher drift field also improves the NR/ER discrimination, especially for
low–energy nuclear recoils. Understanding these effects is helpful for future DM experiments,
which may operate at different field strengths. Although this analysis focuses on the current
setup, simulating the detector response under higher drift fields could provide valuable
insights for future upgrades and the potential replacement of electrodes in XENONnT.

Improved Signal Selection: The exact supernova model is unknown, and the analysis
should be robust against variations in models. The identification of a potential supernova
signature in the XENONnT background data starts with signal selection. The current study
uses the complete SR1 dataset in conjunction with 2194 simulated CCSN burst signals
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Figure 6.5: The expected light and charge yield under different electric fields as predicted by NEST.
The number of quanta shown as a function of recoil energy.

derived from 13 progenitors across 4 supernova models, all at a distance of 10 kpc. While
the signal selection is optimized on the salted data with Bollig 2016 model (27 M⊙), the
subsequent optimization of supernova burst detection, incorporates the full set of simulated
data to ensure the analysis remains robust against variations in models. The goal is to isolate
supernova signatures more efficiently by employing both conventional methods and decision
tree-based techniques.

Although recoil energy spectra across models are similar, the variability in time profiles sug-
gests that future improvements should consider minimizing model-specific time dependencies.
Similarly, adjusting the time-proximity for more distant supernovae, which is expected to
result in fewer interactions, could further enhance the selection process.

Improvements to the CNN-based identification system would reduce reliance on strict back-
ground suppression, provided that the remaining background signals remain distinguishable
from supernova light curves. The training sample can be expanded to improve the discrimi-
nation power of the model.

Supernova Search During Calibration: An important extension to this study could
involve analyzing the detector’s response during calibration runs. As long as the rate
evolution of the background and supernova signal can be modeled, an additional trigger
can be built. Although these calibration periods less than 10% of the primary data-taking
phases, conducting a separate supernova search during these runs could increase the live
time of the experiment for the supernova search. This approach would reduce the likelihood
of missing a potential supernova event by extending the periods in which signals are actively
monitored.

Additionally, the existing framework could be modified to prioritize signals from the veto
detectors during calibration runs. In this case, if a supernova-like signal is detected by
the veto detectors, the system could immediately trigger a warning to SNEWS, even if no
coincident signal is observed in the TPC. This would maximize the detector’s utility across
all operational phases.
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6.3 Supernova Physics with Next Generation DM Experiments

The sensitivity of the XENONnT experiment and similar size DM experiments to neutrinos
originating from CCSN has been demonstrated in the previous chapters. The experiment has
a high chance of detecting the next CCSN event within the Milky Way. Furthermore, the
current analysis framework employed by XENONnT for the detection of galactic supernovae
was optimized for a supernova at 10 kpc. Nonetheless, the same framework can still identify
supernova signatures from most models (including the benchmark Bollig model with 27 M⊙
progenitor) more than 40% of the time up to 20 kpc, and in cases of failed supernovae more
than 60% of the time up to 30 kpc.

Next–generation dual–phase noble liquid DM experiments are projected to use a target mass
of about 50 tons [74]. These experiments are expected to observe supernova signals with
statistics similar to those of existing neutrino observatories during a supernova event [47].

Although prompt detection of the forthcoming galactic CCSN is essential for initiating
early alerts and enabling multimessenger observations, it simply marks the beginning of a
deeper scientific exploration. Upon identification of neutrino interactions emanating from
the supernova, an extensive investigation can ensue. As discussed in [47], the improved
statistical data from next–generation DM detectors will enable detailed reconstruction of the
neutrino light curve, allowing for a more precise evaluation of theoretical models and the
rejection of those that are inconsistent with observed supernova behavior. Also, as additional
data become available, such as distance estimates from electromagnetic observatories and
flavor-specific data from other neutrino observatories that are otherwise degenerate, more
detailed investigations can be conducted. For example, distance information can assist in
resolving ambiguities among different progenitor models, whereas single-flavor data, when
combined with the total energy emitted in neutrinos, can be employed to constrain neutrino
properties.

6.3.1 Expected Number of Interactions

Assuming that the forthcoming DM experiments will employ 50 tons of liquid xenon in
its active volume, it is possible to compute the expected number of interactions. For the
same Bollig benchmark model with 27 M⊙ progenitor, the differential interaction rates for
each flavor, along with the total numbers, are presented in Figure 6.6 as functions of time
(left) and recoil energy (right). Furthermore, in Figure 6.7, the integrated total number of
interactions of the supernova burst is shown for each progenitor considered in this study.

The number of detected events will be influenced by the detection efficiencies and background
suppression in future experiments. However, for a supernova at 10 kpc, it is generally
expected that around a thousand interactions will be observed. This is comparable to the
detection numbers projected by current neutrino observatories (a comparison of estimated
total interactions can be found in Table 4 of [118]).
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Figure 6.6: The differential interaction rates of the Bollig model with a 27 M⊙ progenitor as a
function of time (left), and as a function of recoil energy (right), shown for each neutrino flavor and
the total. The rates are scaled for 50 tons of target mass and a supernova progenitor at 10 kpc.

Figure 6.7: Total expected neutrino interactions from a supernova at 10 kpc for each model considered
in this study for a next generation 50 ton target. The individual total counts for each neutrino flavor
are also shown. For the identifier id, see Table 4.1.

The models with the highest and lowest expected number of interactions were scaled for
different distances and shown in Figure 6.8, indicating that at least 100 interactions are
expected within the Milky Way and a non-zero number of interactions are expected from a
supernova in the large (∼ 50 kpc) and small (∼ 60 kpc) magellanic clouds.
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Figure 6.8: Expected number of interactions for a next-generation DM experiment with 50 tons of
liquid xenon. The models predicting the highest (Fornax model with 26.99 M⊙ progenitor, Fornax
id15) and lowest (Nakazato model with 13 M⊙ progenitor, Nakazato id2) expected counts are shown
as a function of distance.

6.3.2 Likelihood Ratio Tests for Model Discrimination

With sufficient statistical data, it becomes possible to evaluate the evolution of an observed
signal compared to theoretical models. In the following, a simplified analysis is presented.
To exclude a model based on the observed data, the expected count distribution in different
time bins was computed and scaled. The total observed count, N , was fixed, and the models
were scaled to match the total predicted counts at different distances.

This analysis was performed using binned data in two approaches: linear and logarithmic
binning. Linear binning ensures uniform intervals (here, chosen as 100 ms), which are suited
for simpler a comparison, while logarithmic binning is ideal for capturing the finer details in
the signal shape, especially during early phases. Figure 6.9 illustrates the expected counts for
two Bollig models with progenitor masses of 11 M⊙ and 27 M⊙, using both binning methods.
To assess the ability to discriminate between these models, toy Monte Carlo simulations were
generated. For each simulation, 100,000 events were sampled for each bin from a Poisson
distribution, where the mean of each distribution was given by the underlying model. In this
example, the model with a 27 M⊙ progenitor was used to sample the data ni, and expected
counts λi were computed for both 11 M⊙ and 27 M⊙ progenitors. The likelihood that each
sampled data point belongs to a particular model, L, was calculated by multiplying the
Poisson probability P of sampled counts in each bin, ni, with the expected mean λi for that
bin,

L =
N∏

i=1
Pi(ni|λi). (6.5)
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For computational efficiency, the negative log-likelihood is subsequently calculated,

− ln(L) = −
(

N∑
i=1

ln (Pi(ni|λi))
)

. (6.6)

An example of the sampled data is shown in Figure 6.9, along with the Poisson probabilities
for each data point based on the expectations of both models, displayed in the subpanels
below each graph. The log-likelihood value for this particular sample is also provided in the
same figure.

Figure 6.9: Linearly (left) and logarithmically (right) binned counts over time for both progenitors
are shown as histograms. Sampled data from the Bollig model with a 27 M⊙ progenitor is included
in the plots. The logarithm of the Poisson probabilities for each bin are displayed below each graph:
red for the model with a 27 M⊙ progenitor, and blue for the model with a 11 M⊙ progenitor.

It is important to note that the log–likelihood value alone is not sufficient to reject a
model; a comparison of the log-likelihood distributions of the two models, which reveals
their similarities or differences, is also needed. As shown in Figure 6.10, the distribution
of log–likelihood values for each Monte Carlo sample is plotted, from which the statistical
power of the test (its ability to distinguish between models) can be derived. Power of a
test is the probability of correctly rejecting a false null hypothesis. A test with high power
is more likely to distinguish between competing models based on observed data [152]. In
this case, the observed log-likelihood values for the two models show significant differences,
indicating that the test has a high discrimination power.

To evaluate the test power, a critical value was chosen based on the null hypothesis distribution
(e.g., Bollig model with a 27 M⊙ progenitor). This critical value was chosen to match a
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Figure 6.10: Distribution of negative log-likelihood values from toy Monte Carlo samples under
different model assumptions. The red distribution corresponds to the Bollig model with a 27 M⊙,
while the blue corresponds to the Bollig model with a 11 M⊙. The left panel shows results for the
linearly binned analysis, and the right panel shows results for the logarithmic binning. In all cases,
the sampled data is based on the Bollig 27 M⊙ model.

predefined significance level, typically α = 0.05, corresponding to 5% false positive rate, such
that

− ln Lcrit = percentile(− ln Lnull, 100 × (1 − α)). (6.7)

Once this critical value is determined, the statistical power β, can be calculated as the
probability that the log-likelihood value for the alternative hypothesis (e.g., Bollig model
with a 11 M⊙ progenitor) exceeds the critical value.

Power = β = P (− ln Lalt > − ln Lcrit). (6.8)

In the given example, the log-likelihood test against the Bollig model with 11 M⊙ progenitor
has a rejection power of 100% for the linearly binned analyses and a power of 99.6% for
the logarithmically binned analyses, meaning that any observation of a log-likelihood value
above the given critical value can allow to reject the alternative hypothesis. Here, the slightly
better power of the linearly binned analysis can be attributed to the high counts in the first
bins where for the alternative model, Poisson probabilities are lower.

In Figure 6.11 log-likelihood distributions of several other models are shown. For this sampled
dataset (from Bollig model with 27 M⊙ progenitor, id2, shown in dashed orange distribution),
the log-likelihood test can reject all models with a 100% power except for the following three
models: Bollig model with 11 M⊙ progenitor (id1, green distribution), Sukhbold models with
9.6 M⊙ (id3, light blue distribution) and 27 M⊙ (id1, dark blue distribution) progenitors.
The rejection power for these models is listed in Table 6.1 for both linear and logarithmically
binned cases.

It is important to emphasize that this is a simplified analysis based on several assumptions,
including the precise knowledge of the signal’s onset. In this analysis, the models were
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Figure 6.11: Distribution of negative log-likelihood values from toy Monte Carlo samples based on
different model expectations. Bollig models (id1 and id2 ) correspond to progenitors with masses of
11 M⊙ and 27 M⊙, respectively. Sukhbold models (id1 and id3 ) represent progenitors of 27 M⊙ and
9.6 M⊙. The left panel shows results for the linearly binned analysis, while the right panel shows the
logarithmic binning. The sampled data is always based on the Bollig 27 M⊙ model.

Bollig id1 Sukhbold id1 Sukhbold id3
Linear scale (%) 99.9% 21.0% 99.0%

Logarithmic scale (%) 99.3% 26.0% 77.0%

Table 6.1: Rejection power of the log-likelihood test statistic against different models. When tested
with samples from Bollig model with a 27 M⊙ progenitor, all models except these three can be
rejected with 100% power.

aligned by matching the peak signal rate and binning data from the first event. However,
in reality, accurately identifying the first event is important for a binned analysis to be
reliable. Unbinned strategies, where the initial time is treated as a free parameter, could
be explored in future studies. Additionally, this analysis neglects any potential background
contamination, assuming only Poisson fluctuations in the observed counts. The effects of
detection efficiencies and signal survival probabilities were similarly ignored. Since the recoil
energy spectra are assumed to be similar across models, the reductions due to detection
efficiencies and signal selections can be treated as uniform scaling in distance. As such, once
the total count N is observed, this reduction can be treated as a distance scaling factor.
Furthermore, following the supernova event, electromagnetic observatories are expected to
provide a distance estimate within hours, which will enhance the precision of log-likelihood
tests and facilitate easier model discrimination.
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Summary and Final Remarks

Supernovae are some of the most fascinating phenomena in the universe, responsible for
the synthesis of elements crucial to life on Earth. Despite significant progress in the last
decades, including the SN1987A, the explosion mechanism of supernovae remains poorly
understood. DM detectors, designed primarily to search for rare interactions, are also
sensitive to neutrinos emitted during these cosmic events through CEνNS.

We have developed methods to effectively select supernova signals against background noise.
Our XGB selection technique, utilizing advanced feature engineering, achieves a signal
survival rate of 78.79%, while reducing background acceptance to just 0.08%. Given the short
duration of a supernova burst, clustering of surviving peaks is instrumental in identifying
the signal. Peak-finding algorithms have been optimized to detect all considered supernova
models at 10 kpc.

To address false positives, we implemented analysis frameworks for multiple data levels,
including a layer of Convolutional Neural Networks to reject spurious signals. Additionally,
our statistical analysis shows that coincidence detection with outer veto detectors significantly
increases the significance of observed signals, reinforcing the confidence in a true supernova
detection.

Our study demonstrates that XENONnT’s TPC data is highly likely to detect supernova neu-
trino signals under various assumptions, including different supernova models and distances.
The analysis framework can identify the benchmark Bollig model with 100% accuracy up to
15 kpc, and has a non-zero detection probability extending to the edge of the Milky Way.
For supernova events within 10 kpc, all models are identified with 100% accuracy, and the
detection probability increases for closer distances, ensuring that any supernova within this
range will be detected with high confidence.

The SNEWS is undergoing a major upgrade, introducing new tools such as the SNEWS
Publishing Tools and the SNEWS Coincidence System, both developed in this work. These
improvements enhance coordination between observatories and experiments. XENONnT, as
the first DM experiment integrated into the SNEWS network, is fully operational; receiving
alerts, sending heartbeats, and soon automating the transmission of observation messages to
the network.

Looking ahead, there are exciting prospects for future work. Next-generation DM detectors
with larger target masses will provide higher statistics during a supernova explosion, enabling
the reconstruction of supernova light curves and the ability to rule out theoretical models.
Since the CEνNS channel provides flavor-blind information, combining these data with
observations from large neutrino observatories such as IceCube could offer new insights into
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neutrino properties. Distance estimates from electromagnetic observatories will further refine
model assumptions and facilitate deeper investigation into supernova physics.

In 1987, only 24 neutrino events were detected from a supernova with three observatories.
Since then, remarkable advancements have been made, and current experiments are well
positioned to capture valuable data from the next galactic supernova. This time, the
multimessenger approach will allow us to explore stellar evolution, nuclear processes, and
neutrino physics with unprecedented precision.
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AC Accidental Coincidence

AFT Area Fraction Top

API Application Programming Interface

AUC Area Under the Curve

BAO Baryonic Acoustic Oscillations

BNL Brooklyn National Labaroty

CC Charged Current

CCSN Core Collapse Supernova

CEνNS Coherent Elastic Neutrino Nucleus Scattering

CLI Command Line Interface

CMB Cosmic Microwave Background

CNN Convolutional Neural Networks

CS Coincidence System

DAQ Data Acquisition

DM Dark Matter

EOS Equations of State

ER Electronic Recoil

FAR False Alarm Rate

fuse Framework for Unified Simulation of Events

GCN Gamma–Ray Coordinates Network

IBD Inverse Beta Decay

INFN Istituto Nazionale di Fisica Nucleare

JINST Journal of Instrumentation

LAr/GAr Liquid/Gaseous argon
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LNGS Laboratori Nazionali del Gran Sasso

LRT Likelihood Ratio Test

LXe/GXe Liquid/Gaseous xenon

LZ LUX-ZEPPLIN

MMA Multi-Messenger Astronomy

NC Neutral Current

NEST Noble Element Simulation Technique

NR Nuclear Recoil

PE Photoelectron

PMT Photomultiplier Tube

PNS Proto-Neutron Star

PR Precision Recall

PT Publishing Tools

QCD Quantum Chromodynamics

ReLU Rectified Linear Unit

ROI Region of Interest

RSG Red Super Giant

S1 Prompt Scintillation Signal

S2 Proportional Scintillation Signal

SCiMMA Scalable Cyberinfrastructure to support Multi–Messenger Astrophysics

snax Supernova analysis in xenon

SNEWS Supernova Early Warning System

SR Science Run

TPC Time Projection Chamber

UDP User Datagram Protocol

VOEvents Virtual Observatory Events
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WIMP Weakly Interacting Massive Particle

XGB eXtreme Gradient Boost
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