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Abstract

Transient sources of gravitational waves (GWs), lasting up to a few seconds, can be cate-
gorized into well-modeled compact binary mergers and minimally-modeled GW bursts.
Possible sources of GW bursts include known phenomena, such as core-collapse su-
pernovae (CCSNe) and gamma-ray bursts (GRBs), along with unclassified astrophysical
events. In the advanced detector era, the LIGO-Virgo-KAGRA (LVK) collaboration has
detected over 100 GW transients, and the number continues to grow at an average rate
of one detection per day in the ongoing fourth observing run. Despite the large number
of detections, no minimally-modeled GW bursts have been detected to date; compact bi-
nary mergers between black holes and neutron stars remain the only confirmed sources
of GWs. Due to the complex and unpredictable nature of GW bursts, their detection
and characterization require methods that make minimal assumptions about the signal
source and morphology. The BayesWave algorithm is a well-established Bayesian burst
analysis method within the LVK community. In anticipation of minimally-modeled GW
burst detections as the global detector network expands, this thesis studies the burst de-
tection and characterization performance of BayesWave with multi-detector networks.

Instrumental glitches are transient, non-Gaussian power spikes in the detector data,
of non-astrophysical origins. Much like GW bursts, glitches typically last a few sec-
onds and can occur across a broad range of frequencies. For this reason, glitches can
potentially mask or mimic burst signals, resulting in false alarms. BayesWave employs
a Bayesian framework to jointly characterize GW signals and glitches. The detection
statistic is given by the log Bayes factor between the coherent signal model and the
incoherent glitch model, lnBS ,G; positive values of lnBS ,G indicate a preference for
the signal model, and vice versa. A previous study shows that lnBS ,G of astrophysi-
cal events increases as the detector network expand, but the study does not account for
false alarms caused by glitches in real observing scenarios. In this thesis, the impact
of glitches on the multi-detector burst detection performance of BayesWave is assessed,
using data from the first half of the third observing run (O3a). BayesWave’s performance
with the LIGO Hanford-Livingston (HL; two-detector) network is compared to that of
the HL-Virgo (HLV; three-detector) network in terms of detection efficiency, measured
using receiver operating characteristic (ROC) curves. Measurements of the O3a noise
background show that the false alarm probability is, on average, an order of magnitude
lower in HL compared to HLV. As a result, an analysis using phenomenological wave-
forms of binary black holes (BBH) as representative GW burst sources yields similar ROC
curves with HL and HLV, indicating comparable overall detection efficiency, despite the
higher lnBS ,G observed with HLV. A separate analysis finds that 18 GWs resembling
compact binary mergers detected during O3 are also detected with comparable astro-
physical significance in HL and HLV. Altogether, the study concludes that BayesWave’s
burst detection performance does not improve with larger detector networks at O3 sen-
sitivity, as the increased glitch rate undermines the advantage of increased lnBS ,G.
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Our understanding of CCSNe explosion mechanisms and their GW signatures re-
mains incomplete. Hydrodynamical instabilities, such as the standing accretion shock
instability (SASI) and neutrino-driven convection, are theorized to be the key explosion
drivers, and simulations suggest that they emit low-frequency (≲ 250Hz) GWs. There-
fore, the detection of low-frequency GWs, or lack thereof, is useful for constraining CC-
SNe explosion mechanisms. The dedicated-frequency framework developed in this thesis
aims to enhance the detection of frequency-specific signatures, by performing band-
passed BayesWave follow-up analyses on GW burst candidates detected by the comple-
mentary algorithm, coherent WaveBurst (cWB). The primary goal is to study whether
low-frequency (LF) follow-up, limited to ≤ 256Hz, can detect GW signatures associated
with CCSNe explosion mechanisms, under O3 observing conditions. The dataset consists
of GWs extracted from five CCSN simulations, each exhibiting varying strengths of low-
frequency emissions attributed to the SASI and neutrino-driven convection. The study
finds that CCSNe with stronger low-frequency GW emissions are more readily detected
by the LF follow-up analysis with BayesWave, and successful LF detections are useful
for constraining CCSN explosion mechanisms. Another application of the dedicated-
frequency framework is to enhance detection significance. An illustrative study is con-
ducted on the loudest trigger during SN 2019fcn. Since the trigger exhibits minimal
power below 256 Hz, it is followed up using a high-frequency (HF) BayesWave analysis,
limited to ≥ 256Hz. The HF analysis reduces the trigger’s false-alarm rate by approxi-
mately a factor of four compared to the initial full-band analysis.

According to Einstein’s theory of general relativity, GWs consist of two tensor po-
larization modes, namely plus (+) and cross (×). BayesWave offers two tensor-polarized
signal models: (i) the elliptical polarization model (E), where the + and × polarizations
are exactly 90◦ out of phase, and (ii) the relaxed polarization model (R), which does not
have this restriction. As the global detector network expands, GW polarizations can be
measured with increasing accuracy. In light of future detector advancements, a multi-
detector network analysis of BayesWave’s performance in characterizing elliptical and
non-elliptical GW burst polarizations is presented, using design sensitivity curves of fu-
ture upgrades of the LIGO, Virgo and KAGRA detectors. Non-precessing and precessing
BBHs are used to represent elliptical and non-elliptical GW signals, respectively. The
performance of E relative to R is evaluated by plotting the log Bayes factor lnBR,E as a
function of the overlap OR,E , where OR,E = 1 indicates full agreement between E and R
reconstructions, andOR,E = 0 indicates no agreement. For non-precessing or minimally-
precessing signals, we find OR,E > 0.98 and lnBR,E < 0, as E is preferred over R for its
simplicity. In contrast, for strongly precessing signals, R provides more accurate signal
characterization than E, yielding OR,E < 0.98 and lnBR,E > 0. As the detector network
expands, OR,E decreases for strongly precessing signals, and lnBR,E becomes increas-
ingly positive. The analysis is repeated for O3 BBH events, with all events yielding
lnBR,E ≤ 0, except GW200129_065458 which is known to have anomalous properties,
possibly precession or a coincident glitch. These findings suggest that lnBR,E , together
with OR,E , can indicate deviations from the strict elliptical polarization assumed by E.
The non-precessing and precessing BBHs are also used to demonstrate how Rmeasures
the polarization content of GW bursts in terms of Stokes parameters. The measurement
accuracy improves with larger detector networks, and for sufficiently large networks
(three or more detectors), the accuracy is not affected by signal morphology.
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Preface

This thesis is an original work of the author (Y. S. C. Lee) reporting research done alone
or in collaboration with other authors. This section provides a chapter-by-chapter sum-
mary of the author’s contributions and the publication status of all material.

Chapter 1 is a comprehensive literature review written by the author for this thesis. It
is an original work of the author, with editing from A. Melatos and M. Millhouse,
and has not been submitted for publication. All figures and tables are the work of
the author, unless stated otherwise in the captions.

Chapter 2 is a comprehensive review of the methods and applications of the BayesWave

algorithm [1, 2], which is the main focus of this thesis. This chapter contains repro-
duced and adapted materials from Y. S. C. Lee, M. Millhouse, and A. Melatos, Phys-
ical Review D 103, 062002 (2021) [3] and Y. S. C. Lee, M. Millhouse, and A. Melatos,
Physical Review D 103, 082002 (2024) [4], both of which were written primarily
by the author, with scientific input and editing from the co-authors. Reproduction
and adaptations to the original texts are summarized as follows:

• Sections 2.1 is partially reproduced from Section II.A of [4].

• Section 2.2.1 is partially reproduced from Section II.A of [4].

• Sections 2.2.2-2.2.4 are reproduced verbatim from Sections II.B.1-II.B.3 of [4].

• Section 2.4.1 is partially reproduced from Section II.C of [4].

• Section 2.4.2 is adapted with substantial rewording from Section IV.A of [3].

• Section 2.5 is adapted with substantial rewording from Section IV.B, Section
VI.A, Appendix B and Appendix C of [3].

The calculations, methods, and figures in Sections 2.4.2 and 2.5 originally appeared
in the thesis submitted for the degree of Master of Science (Physics) at The Uni-
versity of Melbourne, awarded to the author in 2020. The adapted content is in-
cluded in this thesis for completeness, and where relevant, the respective sources
are acknowledged through in-text footnotes. Sections not listed above are original
works of the author, with editing from A. Melatos and M. Millhouse, and have not
been submitted for publication. All figures are the work of the author.

Chapter 3 is published as Y. S. C. Lee, M. Millhouse, and A. Melatos, Physical Review D
103, 082002 (2024) [4]. This work was written primarily by the author, with scien-
tific input and editing from the co-authors. The coherent WaveBurst (cWB) team
produced the background trigger list used in this study; the names of responsible
team members are listed in the Acknowledgements section at the end of this chap-
ter. Section II of Ref. [4] is excluded from this chapter, as it has been incorporated
into Chapter 2 of this thesis. All figures and tables are the work of the author.
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Chapter 4 is submitted to Physical Review D as Y. S. C. Lee, M. J. Szczepańczyk, T. Mishra,

M. Millhouse, and A. Melatos (2025)1. This work was written primarily by the au-
thor, with scientific input and editing from the co-authors. M. J. Szczepańczyk
collated and analyzed the GW waveforms for the core-collapse supernova models,
and performed all necessary cWB analyses for the study with methodological in-
put from T. Mishra. This chapter also includes Appendix 4.A1, which is an original
work of the author, with editing from A. Melatos, and has not been submitted for
publication. All figures and tables are the work of the author.

Chapter 5 is published as Y. S. C. Lee, S. Doshi, M. Millhouse, and A. Melatos, Physical
Review D 111, 082002 (2025) [6]. This work was written primarily by the author,
with scientific input and editing from the co-authors. S. Doshi conducted the anal-
ysis for the results shown in Table 5.1 and Figure 5.5. This chapter also includes
Appendices 5.A3 and 5.A4, which are original works of the author, with editing
from A. Melatos, and have not been submitted for publication. All figures and
tables are the work of the author.

Chapter 6 summarizes the work in Chapters 3–5. It includes some exploratory future
directions for the work in this thesis. It was written by the author, with editing
from A. Melatos. All figures and tables are the work of the author.

The author contributed to two other publications during their PhD candidature, which
are not included for examination in this thesis, but are listed below for completeness:

• A. Mandlik et al., Monthly Notices of the Royal Astronomical Society, 532, 2644
(2024) [7] describes the upgrades to the Molonglo Observatory Synthesis Telescope
(MOST) and its performance in the UTMOST-NS pulsar timing program, as well
as in searches for single-pulse radio transients (e.g. fast radio bursts). The author
worked with Chris Flynn to develop the MOST flux density calibration pipeline.

• L. Dunn et al., Monthly Notices of the Royal Astronomical Society, 541, 1792 (2025)
[8] presents results from the UTMOST-NS pulsar timing program. The author
worked with Chris Flynn to develop the MOST flux density calibration pipeline.

The author also led the development of an undergraduate computational physics
activity that introduces Bayesian inference and its applications in gravitational-wave
astronomy, delivered as part of the subject Laboratory and Computational Physics 3
(PHYC30021) at the University of Melbourne, and funded by the Laby Foundation. This
work is published as Y. S. C. Lee, J. K. H. Thong, and Y. Bu, Proceedings of The Australian
Conference on Science and Mathematics Education (2023) [9] during the author’s PhD
candidature. This work is not included for examination in this thesis.

The author acknowledges funding support from the Australian Research Council
(ARC) Centre of Excellence for Gravitational Wave Discovery (OzGrav) (project num-
bers CE170100004 and CE230100016), and from The University of Melbourne (Women
in Physics Award and Jean Laby Women in Physics Travel Award). The author is also
supported by a Melbourne Research Scholarship.

1Chapter 4 was submitted to Physical Review D before this thesis was examined, and thus does not
include minor revisions and the additional appendix recommended by the reviewer in the published article:
Y. S. C. Lee, M. J. Szczepańczyk, T. Mishra, M. Millhouse, and A. Melatos, Phys. Rev. D 112, 082006 (2025) [5].
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Chapter 1

Introduction

1.1. A brief history of transient astronomy

Excerpted from Rumi’s poem ‘This body is a rose’: “Each form you see has its unseen
archetype. If the form is transient, its essence is eternal". Indeed, astronomical transients,
despite their brevity, reveal the most violent and energetic processes to ever exist, and
leave significant imprints in our understanding of the universe. Transient astronomy
has a rich history that spans centuries. One of the earliest documented astronomical
transients is the unprecedented appearance of a ‘guest star’, potentially a supernova (SN
185), observed by Chinese astronomers in the 2nd century [10]. In the 11th century,
events like SN 1006, the brightest supernova recorded to date [11], and SN 1054, the
supernova associated with the infamous Crab Pulsar [12, 13], were observed and docu-
mented by various civilizations. Centuries later came Tycho Brahe’s supernova SN 1572
and Kepler’s SN 1604 [14], leading up to the first telescopic observation of extragalactic
supernovae in 1885 (SN 1885) [15]. Despite various misinterpretations of the transient
origins at the time of observation, documentations of these events provide invaluable
insights to modern astronomy, e.g. the frequency of galactic supernovae [16], and the
characterization of Type Ia supernovae [17].

Over the last century, transient astronomy has progressed significantly alongside
technological advancements. The observation of transients is no longer limited to those
that are nearby (galactic) or visible to the naked eye. With the aid of ground- and space-
based telescopes, astronomers are now observing transients on a daily basis, across all
wavelengths of the electromagnetic (EM) spectrum. In addition to supernovae (SNe),
other examples of transient sources detected to date through EM observations include,
but are not limited to, gamma-ray bursts (GRBs) [18], active galactic nuclei (AGNs) [19],
tidal disruption events (TDEs) [20] and fast radio bursts (FRBs) [21]. Altogether, EM
observations, transient and perpetual, have significantly improved our understanding
of the universe from our very own solar system to the cosmic microwave background.
Nevertheless, EM astronomy is limited by light-matter interaction, i.e. EM waves are
readily absorbed and/or scattered by materials like dust and gas. This results in the loss
of information, especially when propagating across large cosmic distances.

On 14th of September 2015, the Laser Interferometer Gravitational-wave Observa-
tory (LIGO) detectors in the USA observed the first merger between two black holes
(GW150914) [22, 23] through the perturbations in the fabric of spacetime, i.e. ‘gravita-
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tional waves’ (GWs). GW150914 is the first direct detection of gravitational waves, and
also an astrophysical transient without EM counterparts. GWs are a unique astrophys-
ical messenger because it propagates unobstructed through spacetime at the speed of
light, and carries information of the emitting source. That is, GWs offer a new observa-
tional window to the universe, enabling the study of obscured astrophysical sources and
source interiors that were previously inaccessible through electromagnetic observations.
There exists a diverse array of GW-emitting sources, encompassing both transient and
persistent phenomena, but we restrict our attention to the former in this thesis. Much
like EM transients, GW transients are also produced by cataclysmic sources. In fact, EM
and GW emissions sometimes come hand in hand, e.g. the binary neutron star merger
GW170817 [24, 25], thus advancing multi-messenger astronomy. Compact binary coa-
lescences (CBCs) like GW150914 and GW170817 are the most common sources for GW
transients, so they are well-understood and robustly modeled. Other potential GW tran-
sient sources include, but are not limited to, SNe and GRBs. However, these sources
are often challenging to model due to their inherent complexity and unpredictability.
Although CBCs remain the only transient GW sources detected to date, the detection
of other transient sources is highly-anticipated by the GW community. In light of this
prospect, this thesis focuses on the methods of detecting and characterizing GW tran-
sients with minimum assumptions.

The rest of this chapter serves as an overview of the theory and background relevant
to the topics explored in this thesis. In Section 1.2, we expand on the discussion of
GW transient sources, and summarize the search efforts and detections made to date. In
Section 1.3, we discuss the geometrical origins and properties of GWs. We also derive the
physically-motivated solution to demonstrate how GWs are generated by sources such as
those discussed in Section 1.2. In Section 1.4 we discuss the current designs, operational
status and future plans of ground-based GW detectors, along with the adverse impacts
of noise transients (glitches) in practical observing scenarios. In Section 1.5 we overview
the methods for detecting well-modeled and minimally-modeled GW transients. Finally,
in Section 1.6, we outline the structure for the remainder of this thesis.

1.2. Gravitational-wave transients

1.2.1. Gravitational-wave transient sources

Figure 1.1 illustrates the classification of GW sources based on their signal duration and
the extent to which they can be modeled. The left-hand column displays the two types of
GW transients: CBCs, which are well-modeled, and bursts, which are poorly constrained
or unmodeled. These sources emit signals ranging from a few milliseconds to several
weeks, and are useful for studying the behavior of matter and the nature of gravity in
extreme conditions.

CBCs are by far the most common type of transient GW sources [26]. As its name
suggests, a CBC consists of two compact objects, e.g. black holes (BH) and neutron stars
(NS), spiraling toward each other and ultimately merging. The systematic orbital decay
of CBCs produce the characteristic inspiral-merger-ringdown GW waveform that can
be accurately modeled using general relativity [27].

There is also a wide variety of predicted transient GW sources, including but not lim-
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Figure 1.1: Types of GWs. The left-hand column shows transient GWs, with durations
ranging from milliseconds to several weeks; their sources are discussed in Section 1.2.1.
The right-hand column shows persistent GWs, with durations ≳ 1 yr; their sources are
discussed in Section 1.2.3. [Graphics credit: Shanika Galaudage].

ited to: core-collapse supernovae (CCSNe) of massive stars [28], GRBs [29, 30], FRBs [31],
binary neutron star (BNS) post-merger remnants [32], astrophysical glitches in isolated
pulsars [33], and highly eccentric binary black holes (BBHs) [34]. However, the com-
plex and non-deterministic nature of these sources makes it difficult to produce accurate
models for the GW signals. These anticipated but poorly-constrained sources, along
with any unclassified GW transients, are collectively referred to as (unmodeled) GW
bursts.

1.2.2. Summary of gravitational-wave transient searches and detections

Searches for transient GW signals from well-modeled CBCs and generic burst sources re-
quire different techniques. The former relies on template-based matched filtering, while
the latter requires minimally-modeled analyses which make few assumptions about the
source origins. These techniques are discussed in further detail in Section 1.5. Here, we
provide an overview of the efforts by the LIGO-Virgo-KAGRA (LVK) collaboration in
searching for GW transients and the detections made to date.

The Advanced LIGO and Advanced Virgo detectors have completed three observing
runs—O1, O2 and O3 —between 2015 and 2020. The CBC search results from these runs
are presented in the Gravitational-Wave Transient Catalogs (GWTCs) [35–38]. A total
of 93 CBCs have been detected by the end of O3, including the first detection GW159014.
These detections predominantly consists of binary black hole (BBH) mergers, along with
two confirmed binary neutron star (BNS) mergers and at least1 two neutron star-black

1Detections such as GW190814 [39] confirm the presence of compact objects within the mass gap of
2.5M⊙−5M⊙. The classification of the mass-gap object, and hence the type of CBC, remains ambiguous.
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hole binary (NSBH) mergers. Every CBC detection refines our understanding of the
underlying population of compact objects and the distribution of their properties, e.g.
mass, spin, merger rates [40–42]. However, some events with exceptional properties
offer additional astrophysical insights. We summarize these events and their implica-
tions in chronological order, from top to bottom, in Table 1.1. The last entry of Ta-
ble 1.1, GW230529, is the first published detection from the ongoing fourth observing
run O4 [43]. The number of detections in O4 has not been finalized, but the total num-
ber of observed GW events are expected to exceed 200 by the end of the observing run,
currently scheduled for the 7th of October 2025.

The LVK collaboration has also conducted all-sky searches for GW bursts. These
searches make minimal assumptions about the source properties, such as the source
direction, the event epoch and the signal morphology. For each observing run (O1-
O3), the searches for short-duration (≲ 1 s) and long-duration (2−500 s) bursts are car-
ried out separately, using minimally-modeled burst analysis pipelines optimized for the
respective duration. The short-duration searches spans a broader frequency range of
32Hz ≲ f ≤ 4096Hz [44–46], while the range of the long-duration searches are limited
to 24Hz ≤ f ≤ 2048Hz [47–49]. None of the searches find statistically significant ev-
idence for non-CBC GW bursts. However, they report the burst sensitivity of existing
detectors by conducting searches using injected astrophysical and ad-hoc waveforms.
The sensitivity of the most recent (O3) short-duration search peaks at 70Hz. Using the
50% detection efficiency at false-alarm rate (FAR) 1 per 100 years as the detection bench-
mark, short-duration searches can detect galactic sources at 10 kpc that radiate energy
as little as ∼10−10M⊙c

2 [46]. The sensitivity of the long-duration search, on the other
hand, peaks at ∼150Hz. With the same detection benchmark, but a less stringent FAR
of 1 per 50 years, the O3 long-duration search can detect sources up to 10 kpc that emit
a minimum energy of ∼10−9M⊙c

2 [49]. For reference, the energy radiated by the BNS
GW170817 is estimated to be > 0.025M⊙c2, and it was detected by the CBC searches
with a FAR of 1 per 8× 104 years, at a distance of ∼40 Mpc [24].

1.2.3. Other gravitational-wave sources

The right-hand column of Figure 1.1 displays the two types of persistent GWs. In con-
trast to transients, persistent GW sources produce long-lasting signals that span last for
years rather than seconds. Rapidly-rotating neutron stars with non-axisymmetric defor-
mations are expected to produced quasi-monochromatic2 and well-modeled continuous
waves (CWs) signals [50, 51]. Persistent GWs can also arise from the superposition of
GW signals from various cosmological and/or astrophysical processes across the uni-
verse, collectively known as the stochastic GW background [52]. Unlike CWs, this type
of GW is poorly-modeled because its sources ranges from inherently stochastic (e.g. pri-
mordial GWs from inflation, cosmic string defects), to an assortment of deterministic but
unresolved GW sources (e.g. supermassive BH binaries, stellar-mass CBCs, CCSNe) [53].

In the remainder of this thesis, we restrict our attention to short-duration GW tran-
sients lasting up to a few seconds. We do not consider long-duration (≳ 2 s) transients
or persistent GWs further.

2In this context, quasi-monochromatic refers to GWs whose frequency remains approximately con-
stant over timescales of years.
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LVK run Event name CBC type Notes/Implications Ref(s).

O1 GW150914 BBH

• First direct detection of GWs
• Evidence for formation of heavy BHs

(≳ 25M⊙)
• First tests for general relativity and

merger rate inference

[22, 23,
54–56]

O1 GW170817 BNS
• First BNS and first GW detection with EM

counterparts [24, 25]

O2 GW170104 BBH

• Evidence of black-hole spin misalignment
with orbital angular momentum provide
insights into BH formation channels

[57]

O2 GW170814 BBH
• First three-detector detection, enabling

tests for GW polarizations [58]

O3a GW190412 BBH

• Asymmetric component masses
(30.1+4.6

−5.3M⊙ and 8.3+1.6
−0.9M⊙)

• Evidence for higher-order multipoles
[59, 60]

O3a GW190425 BNS
• Second BNS, but without EM counterpart
• Heaviest observed BNS system [61]

O3a GW190521 BBH

• BBH with heaviest progenitor
• Merger remnant is an intermediate-mass

BH
[62]

O3a GW190814 Ambiguous

• Merger between BH and a mass-gap
object (heaviest NS or lightest BH)

• Potentially a new class of CBC
[39]

O3b
GW200105 &
GW200115

NSBH

• First two confirmed NSBH detections
• Uneven component masses enable tidal

disruption studies
[63]

O4a GW230529 Ambiguous
• Merger between NS and a mass-gap object
• Constrains mass-gap merger rate [43]

Table 1.1: List of exceptional GW detections and their implications. The suffixes ‘a’ and ‘b’
after O3/O4 respectively indicate the first and second halves of the corresponding observing
runs. The events above are selected for having dedicated LVK discovery papers.
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1.3. Theory of gravitational-wave sources

We now discuss how GWs emerge from the framework of general relativity. First, in
Section 1.3.1, we derive GWs from Einstein’s field equations (EFEs) using the linearized
theory. In Section 1.3.2, we discuss how the tensor GW polarizations arise as a solution to
the EFEs in the linearized theory of general relativity. This provide the underlying theory
for Chapter 5, where we explore the prospects of characterizing of tensor polarizations
with GW bursts. In Section 1.3.2, we derive a physically motivated solution for GWs
within the framework of linearized theory, which reveals their physical origins and lays
the groundwork for the discussion of GW extraction from CCSNe in Chapter 4.

1.3.1. Linearized theory

The emergence of GW from general relativity finds its roots in the EFEs:

Rµν −
1
2
gµνR =

8πG
c4 Tµν . (1.1)

The left-hand side of Equation 1.1 comprises the space-time metric gµν , plus its first and
second derivatives through the Ricci tensor Rµν and the Ricci scalar R. The right-hand
side comprises the gravitational constant G, the speed of light c and the stress-energy
tensor Tµν . Altogether, Equation 1.1 relates the local spacetime curvature, to the local
density and flux of energy and momentum. It is challenging to obtain exact solutions to
the EFEs due to their nonlinearity. Fortunately, however, GWs are produced by astro-
physical sources (e.g. compact binary mergers and supernovae) where the gravitational
fields are weak. Since the spacetime is flat in the absence of gravity, the metric for weak
gravitational fields can be modeled as the Minkowski metric ηµν plus a small perturba-
tion term hµν , i.e.

gµν = ηµν + hµν ,
∣∣∣hµν ∣∣∣≪ 1. (1.2)

The weak-field solutions can then be approximated by expanding the EFEs to linear
order of hµν . We summarize the derivation below.

To linear order in hµν , the Riemann curvature tensor is given by

Rαµβν =
1
2

(
∂µ∂βhαν +∂ν∂αhβµ −∂µ∂νhαβ −∂α∂βhµν

)
(1.3)

In the linearized theory, ηµν is used to raise and lower indices. Thus the Ricci tensor,
obtained by contracting the first and third indices, becomes

Rµν := Rβµβν =
1
2

(
∂µ∂

βhβν +∂ν∂
βhβµ −∂µ∂νh−□hµν

)
, (1.4)

where h is the trace hµµ = ηµνhµν and □ is the flat space D’Alembertian operator, i.e.
∂µ∂µ = ηµν∂µ∂ν). Similarly, the Ricci scalar is given by

R = Rµµ = ∂σ∂γhσγ −□h. (1.5)

Combining Equations 1.1, 1.4 and 1.5, and keeping only the linear order terms of hµν ,
we obtain the set of linearized EFEs:

∂µ∂
αhαν +∂ν∂

αhαµ −∂µ∂νh−□hµν − ηµν
(
∂σ∂γhσγ −□h

)
=

16πG
c4 Tµν . (1.6)
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Equation 1.6 can be simplified further using appropriate coordinate transformations.
First, we show that linearity of Equation 1.2, and hence Equation 1.6, are preserved under
the coordinate transformation xµ→ x′µ = xµ + ξµ, if

∣∣∣∂µξν ∣∣∣ is approximately the same
order as

∣∣∣hµν ∣∣∣≪ 1. Consequently, the metric as in Equation 1.2 transforms as [64]:

gµν → g ′µν = ηµν + hµν − (∂µξν +∂νξµ) +O (h∂ξ) +O (∂ξ∂ξ) . (1.7)

Since h and ∂ξ are small, the last two terms of g ′µν in Equation 1.7 are negligible. Thus,
the coordinate transform essentially resulted in the transformation of the metric pertur-
bation:

hµν → h′µν = hµν − (∂µξν +∂νξµ). (1.8)

Under such transformation, the linearity of Equation 1.2 is preserved because
∣∣∣∂µξν ∣∣∣≪

1. Now we define the trace-reverse field

h̄µν = hµν −
1
2
ηµνh, (1.9)

such that the inverse gives

hµν = h̄µν −
1
2
ηµν h̄ (1.10)

with h ≡ ηµνhµν = −h̄. Since h is small, the trace-reverse field satisfies the transfor-
mation properties above. Substituting Equation 1.10 into Equation 1.6 results in the
following simplification:

−□h̄µν +∂µ∂
αh̄αν +∂ν∂

αh̄αµ − ηµν∂σ∂γhσγ =
16πG
c4 Tµν . (1.11)

By gauge freedom, we can also choose the four gauge transform functions ξµ to satisfy
the Lorentz gauge condition ∂ν h̄µν = 0. As a result, the last three terms of Equation 1.11
vanish, reducing it to a simple wave equation

□h̄µν = −16πG
c4 Tµν . (1.12)

1.3.2. Gravitational-wave polarizations

Since GWs propagate across large distances to reach the earth-bound detectors, it is more
relevant to consider the far-field EFEs in vacuum, where Tµν = 0:

□h̄µν = 0. (1.13)

Equation 1.13 implies that GWs in vacuum travel at the speed of light and follow a plane-
wave solution. The solutions are derived as follows.

For the transformation hµν → h̄µν as in Equation 1.8, gauge freedom allows us to
choose any four ξµ that satisfy the Lorentz condition ∂ν h̄µν = 0 and thus Equation 1.13.
For a GW propagating in the z-direction with angular frequencyω, there exists a space-
like Lorentz gauge which reduces the plane-wave solution of the 4 × 4 perturbation
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Figure 1.2: Effects of GW polarizations on a ring of free-falling particles, for a wave prop-
agating in the z-direction (out of page). The plus (+) and cross (×) tensor polarizations
are shown in orange, the vector-x and -y polarizations are shown in green, the scalar
breathing (b) and longitudinal (l) polarizations are shown in purple.

metric tensor to:

h̄µν(t, z) =



0 0 0 0

0 hb + h+ h× hx

0 h× hb − h+ hy

0 hx hy hl


µν

cos
[
w

(
t − z

c

)]
. (1.14)

Equation 1.14 represents the most general solution for GWs consistent with Einstein’s
equivalence principle, where gravitational interactions are fully described by the cou-
pling of matter to a space-time metric tensor [65]. The six degrees of freedom in Equa-
tion 1.14, represented by the symbols hP with subscripts P ∈ {+,×,x,y, l,b}, correspond
to the amplitudes of the linear polarization modes permitted by generic metric theories
of gravity [66]. The subscripts + and × denote the tensor plus and cross polarization
modes; x and y denote the vector-x and -y polarization modes; l and b denote the longi-
tudinal and breathing scalar polarization modes. Figure 1.2 illustrates the effect of each
polarization mode as the GW propagates through a ring of free-falling particles [67, 68].

In general relativity, the divergence of Tµν is zero, consistent with the Bianchi iden-
tities, which ensure the conservation of energy and momentum. As a result, the metric
perturbation h̄µν must also be transverse and traceless. These requirements, together
with the Lorentz conditions ∂ν h̄µν = 0, imply that h̄µν must remain invariant under a
further coordinate transformation xµ→ x′µ = xµ + ξ̄µ. This coordinate transformation

8



gives rise to the trace-reverse field transformation:

h̄µν → h̄′µν = h̄µν − ξ̄µν , (1.15)

where ξ̄µν = ∂µξ̄ν + ∂ν ξ̄µ − ηµν∂ρξ̄ρ. By gauge freedom, we can require that □ξ̄µ = 0.
Since the flat space D’Alembertian commutes with ∂µ [69], setting □ξ̄µ = 0 leads to
□ξ̄µν = 0, i.e. Equation 1.13 is preserved under the above transformation. This additional
transformation imposes four more constrains on h̄µν , in addition to ∂ν h̄µν = 0. Three
of the transform functions ξ̄ i can be chosen so that h0i = 0, for the spatial components
i ∈ {1,2,3}. This simplifies the Lorentz condition of the time component (µ = 0) to
∂0h00 +∂ih0i = ∂0h00 = 0. Since h00 is time-independent and does not contribute to the
emission of GWs, we can conveniently set h00 = 0 without loss of generality. With hµ0 =
0 for all µ, the overall Lorentz gauge condition reduces to ∂i h̄ij = 0. This divergence-free
condition on the spatial coordinates implies that the only non-zero spatial components of
the metric perturbation are those transverse to the direction of propagation. The fourth
transform function ξ̄0 is chosen such that the trace satisfies hµµ = hi i = 0, and hence
h̄µν = hµν . Altogether these conditions define the transverse-traceless (TT) gauge. In
this gauge, the metric perturbation for a GW propagating in the z-direction reduces to

hTT
µν (t, z) =



0 0 0 0

0 h+ h× 0

0 h× −h+ 0

0 0 0 0


µν

cos
[
w

(
t − z

c

)]
. (1.16)

In other words, general relativity predicts that GWs are fully characterized by the two
tensor polarization modes: + and ×. We present a method to measure the tensor polar-
ization content of GW bursts in Chapter 5 of this thesis.

1.3.3. Generation of gravitational-waves

So far we have only discussed the geometrical origin and properties GWs. Nevertheless,
the EFEs in Equation 1.12 are crucial for understanding the physical mechanisms that
produce GWs. We discuss their implications below.

As noted earlier, the Bianchi identities guarantee the conservation of energy and
momentum within the EFEs. Moreover, since the EFEs are linear in hµν , they can be
solved using a Green’s function, G(x,x′) which satisfies

□xG(x − x′) = δ4(x − x′), (1.17)

where x and x′ can be treated physically as the positions of the observer and the emitting
source respectively. By analogy to electromagnetism, the appropriate solution is the
retarded Green’s function:

G(x,x′) = − 1
4π|x − x′ |

δ

[
c

(
t − |x − x

′ |
c

)
− ct′

]
, (1.18)
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Figure 1.3: Illustration of the coordinate system which results in Equation 1.20. The
green star indicates the center of the source.

because GWs also travel at a finite speed, i.e. the speed of light c. The resulting solution
to Equation 1.12 is

h̄µν(t,x) =
4G
c4

∫
d4x′

1
|x − x′ |

Tµν

(
t − |x − x

′ |
c

,x′
)
. (1.19)

Let r be the radius of the source, D be the distance to the source and the vector n be
the direction at which the wave propagates (see Figure 1.3). Then for a faraway source,
i.e. D ≫ r , we can write ∣∣∣x − x′∣∣∣ ≃D − x′ · n̂. (1.20)

For non-relativistic sources3, Tµν is only non-vanishing inside the source, i.e. when
x′ · n̂ ≲ r ≪D . Thus, one can expand the stress-energy tensor as follows

Tµν

(
t − D

c
+
x′ · n̂
c
,x′

)
=

[
Tµν +

x′ini

c
∂tTµν +

1
2c2

(
x′ix′jninj

)
∂2
t Tµν + · · ·

]
ret
, (1.21)

where the subscript ‘ret’ implies that tensor Tµν and its derivatives are evaluated at the
retarded time t −D/c. Substituting Equation 1.21 into 1.19, we obtain:

h̄µν(t,x) =
4G
Dc4

∫
d4x′Tµν

(
t − D

c
,x′

)
, (1.22)

where we have approximated 1/ |x − x′ | ≈ 1/D , keeping only the terms of orderO(1/D).
The energy-momentum conservation condition can be explicitly written as ∂0T

00 +
∂iT

i0 = 0, where the indices 0 and i denote the time (t) and spatial (x) coordinates

3A source is non-relativistic if the typical velocity of particles within the source is v≪ c. The frequency
of motion is given by ω ∼ v/r , so for non-relativistic sources, the radiated wavelengths λ ∼ r(c/v) are
much larger than the size of the source, r .

10



respectively. Combining this with Gauss’ theorem and noting that the surface integral
of T µν vanishes at D ≫ r , it can be shown that Equation 1.22 is equivalent to [70]

h̄µν(t,x) =
2G
Dc4 M̈µν

(
t − D

c

)
. (1.23)

Here, M̈µν is second-order time derivative of the mass quadrupole moment tensor, viz.

M̈µν
(
t − D

c
,x′

)
= ∂2

0

∫
d3x′T 00

(
t − D

c
,x′

)
xµxν . (1.24)

For non-relativistic sources in the weak-field limit, one can disregard contributions from
the kinetic energy, potential energy, and other comparable terms of the particles consti-
tuting the source. As a result, T 00/c2 reduces to the rest mass density and the quadrupole
moment becomes proportional to the moment of inertia. The monopole and dipole mo-
ments do not contribute to the generation of GWs, because their respective time deriva-
tives vanish as a result of energy and momentum conservation.

Equation 1.23 shows that GWs, to the lowest order, are produced by a time-varying
moment of inertia. In other words, GW sources must entail asymmetries in their mass
distributions. For a binary with equal component masses M , orbital separation R and
orbital angular frequencyω ∼

√
GM/4R3, the second time-derivative of the quadrupole

moment can be approximated as M̈(t − D/c) ∼ Mω2(2R2). Using Equation 1.23 and
assuming the source parameters of GW150914, i.e. M ∼ 30M⊙ and D ∼ 400 Mpc, we
can estimate strain amplitude as h ∼ 10−21, whenR is 10 times the Schwarzschild radius.
This simple exercise reveals that the space-time perturbations caused by GWs, upon their
arrival at Earth, are exceedingly small. Therefore, detectable GW sources are restricted
to compact objects with a large and rapidly varying moment of inertia, such as those
discussed in Section 1.2.

1.4. Ground-based gravitational-wave detectors

The passage of GWs through space-time causes fluctuations in the relative distance be-
tween two fixed points. That is, the strain amplitude can be physically measured as

h =
∆L
L
, (1.25)

where ∆L is the change in spatial distance between the two points and L is the reference
distance when GWs are absent. As shown above, GW amplitudes are on the order of
h ∼ 10−21, so physical detectors with L ∼ 1 km must be capable of measuring ∆L with
a precision on the order of 10−18 m. Achieving this level of precision in ground-based
GW detectors requires advanced laser interferometry and noise mitigation techniques.

In Section 1.4.1, we outline the design and technologies employed by current ground-
based interferometric GW detectors to achieve the sensitivity needed to detect the an-
ticipated GW sources. In Section 1.4.2, we overview the existing GW observatories, the
plans for future-generation detectors and how the expanding global detector network
enhances GW detection and characterization. In Section 1.4.3 we discuss the types of
unexpected transient noise artifacts (glitches) that have been observed in GW detectors,
and how they affect transient GW detections.
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1.4.1. Detector design

The current second-generation ground-based GW detectors are modified Michelson in-
terferometers with kilometer-scale arms. Figure 1.4 shows a simplified setup of a mod-
ified Michelson interferometer. The recombination of laser beams from the orthogo-
nal arms at the beam splitter produces time-evolving interference patterns, revealing
changes in the differential arm length ∆L(t) = Lx(t) − Ly(t) caused by a passing GW.
Conventionally, the detectors use a laser with wavelength of λlaser = 1064 nm, due to
its stability in terms of amplitude, frequency and beam geometry [23]. Therefore, the
sensitivity of a standard Michelson interferometer with arm lengths L ∼ 1 km can be
estimated as h ∼ λlaser/L ∼ 10−9. This sensitivity is far from what is needed to detect
the anticipated GWs with h ∼ 10−21.

Existing detectors implement several modifications to the Michelson setup to achieve
desirable GW detection sensitivities. Below, we outline some of the key technologies:

(1) Fabry-Peŕot cavity. According to Equation 1.25, the strain sensitivity can be
improved with increasing detector arm length L. While it is not feasible to con-
struct an exceptionally large detector, it is possible to increase the effective arm
length Leff by increasing the optical paths of the laser. This is achieved using a
Fabry-Peŕot resonant optical cavity enclosed between two partially reflective test
masses, as illustrated in Figure 1.4. By allowing the light to traverse back and forth
multiple times within the cavity before exiting, the power inside the cavity, as well
as the effective optical path, is increased by up to a factor of 103, i.e. Leff ∼ 1000
km. The increase in Leff is limited by the requirement that it must not exceed the
wavelength λGW ∼ c/fGW of the target GW with frequency fGW , to ensure that
the reference cavity length remains unaffected by the metric perturbation.

(2) Power-recycling cavity. The overall laser power can also be enhanced before en-
tering the Fabry-Peŕot cavities. This additional resonant power buildup is achieved
with a power-recycling cavity, formed using partially transmissive mirrors, and
placed between the laser source and the beam splitter (see Figure 1.4). The LIGO
power-recycling cavities as of O4 increases the circulating power by up to a factor
of 50 [71]. The impact of increased power on sensitivity will be discussed shortly.

(3) Signal-recycling cavity. Laser light consists of photons that are subject to quan-
tum fluctuations, that is, the arrival times of photons at the photodetector are
inherently random. This randomness gives rise to shot noise, which cannot be
eliminated but can be counteracted. One way to do so is by increasing the laser
power (as described above), which reduces the impact of quantum fluctuations
relative to fluctuations from a GW signal. Another way to counteract shot noise
is by amplify the signal response, which increases sensitivity to ∆L(t). This is
achieved by placing a signal-recycling cavity between the beam splitter output
and the photodetector. The mirrors in the signal-recycling cavity can be adjusted
to target specific frequency bands [72]. Currently, the detectors are tuned to be
sensitive across a broadband frequency range of ∼20−5000 Hz [73].

The combined use of the recycling cavities, as described in (2) and (3), is known as dual
recycling [74]. This is the state-of-the-art technology employed in the second-generation
ground-based GW detectors.
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Figure 1.4: Simplified schematic of a modified Michelson interferometer with arm
lengths Lx = Ly = 4 km (not to scale). This figure is adapted from Figure 3 of Ref. [23];
the laser input and cavity power values are updated to be consistent with the perfor-
mance summary of the Advanced LIGO detectors in O4 [71].

We can now estimate the detector sensitivity with the above technologies imple-
mented. First, we assume a Poisson-distributed photon arrival time. That is, if the
photodetector is expected to collect Nphotons over time τ , the fluctuations are given by
N 1/2

photons. Therefore, the minimum detectable change in path length is given by [75]:

∆L ∼
N 1/2

photons

Nphotons
λlaser. (1.26)

Secondly, we set τ ∼ 1/fGW so that Nphotons depends on the frequency of the gravita-
tional wave that we aim to detect; larger τ will cause the noise fluctuations to mask the
GW signal. With this assumption, we can write

Nphotons ∼
Pcavity

(hplanckc/λlaser)
1
fGW

, (1.27)

where Pcavity denotes the circulating laser power inside the Fabry-Pérot cavities, and
hplanck is the Planck constant (not to be confused with the GW strain h). With λlaser =
1064 nm, fGW = 300 Hz, and Pcavity = 300 kW as depicted in Figure 1.4, we obtain
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Figure 1.5: Representative O4b amplitude strain density (ASD) curves of the LIGO Han-
ford, LIGO Livingston, Virgo and GEO600 detectors. The ASD curves, measured as a
function of frequency in units of Hz−1/2, display the daily temporal median sensitivity
of each detector, calculated on the 23rd of June 2024 where all four detectors were ac-
tive concurrently. These curves are obtained from the Gravitational Wave Open Science
Center (GWOSC) [81].

Nphotons ∼ 1021, and hence ∆L ∼ 10−17 m. Given the effective optical path is also
increased to Leff ∼ 1000 km, we achieve h ∼ ∆L/Leff ∼ 10−23, which meets the required
sensitivity for detecting GWs with h ∼ 10−21.

1.4.2. Global gravitational-wave observatories

There are currently five operational large-scale GW observatories around the world: the
Advanced LIGO Hanford (H) and LIGO Livingston (L) detectors in the United States, each
with 4 km arms [76]; Advanced Virgo (V) in Italy [77] and the Kamioka Gravitational
Wave Detector (KAGRA, K) in Japan [78], each with 3 km arms; and GEO600 in Germany
with 600 m arms [79]. The HLV network and GEO600 were active throughout O4b,
which lasted 355 days, concluding on the 1st of April 2025; representative sensitivity
curves of the active detectors during the run are shown in Figure 1.5. KAGRA has been
offline due to the impact of the 2024 Noto earthquake and is undergoing commissioning.
The third and final phase of O4 is scheduled to begin in June 2025, with plans for KAGRA
to rejoin by the end of O4 (∼ October 2025) [80].

The ground-based GW detector network is set to expand further in the coming decades,
with the commissioning of LIGO-India [82] already underway. Third-generation detec-
tors like Cosmic Explorer [83] in the United States and Einstein Telescope [84] in Europe
have also been proposed. These next-generation detectors are expected to cover a simi-
lar frequency range to current detectors, but aim to improve sensitivity by up to an order
of magnitude through longer arm lengths.

A larger and more sensitive global detector network has many advantages, including
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but not limited to:

• Increased signal-to-noise ratio (SNR) and sensitivity volume. The overall
network SNR for a network comprising I detectors is given by [85]:

SNR2
net =

I∑
i=1

SNR2
i . (1.28)

This can be approximated as SNRnet ∼
√
I SNRIFO, assuming each detector con-

tributes the same SNRIFO. For a single detector, the SNR scales with the source
luminosity distance as SNRIFO ∼ 1/DL [86]. Consequently, for a network of I de-
tectors, SNRnet ∼

√
I /DL, i.e. for the same DL, the SNR is amplified by a factor of√

I . In other words, a network with I detectors can detect sources up to
√
I times

farther than a single detector. Altogether, increasing I amplifies the SNR across
all GW detections, and consequently the search volume V ∝D3

L .

• Increased sky coverage. Assuming GWs follow the predictions of general rela-
tivity, a detector’s unique antenna pattern functions, F+ and F×, govern its sensi-
tivity to the plus and cross polarization modes. The overall response of a single
detector can then be expressed in the time domain as

h(t) = F+(α,δ,ψ)h+(t) +F×(α,δ,ψ)h×(t), (1.29)

where α, δ and ψ respectively denote the right ascension, declination and the po-
larization angle4 relative to the detector axes. Equation 1.29 suggests that adding
more detectors with different orientations and at various geographical location in-
creases sky coverage, i.e. the network sensitivity broadens, covering a larger area
of the sky [89].

• Better characterization of GW polarizations. Since each detector has its own
response described by Equation 1.29, increasing the number of detectors creates
additional simultaneous equations for the signal response. Provided the detectors
are not co-aligned, increasing the number of detectors improves our ability to dis-
tinguish between GW polarizations [90].

• Improved sky localization. Sky localization is achieved by triangulating the
time delays between multiple detectors. Therefore increasing the number of de-
tectors and the spatial separation between detectors improves the accuracy of sky
localization [90–92].

• Increased duty cycle and detection confidence. The duty cycle, during which
at least two detectors are observing simultaneously, increases with a larger net-
work. Consequently, the rate of coherent multi-detector observations increases,
and the agreement between detectors strengthens the detection confidence [90].

However, in real observing scenarios, GW detectors are subject to unexpected noise tran-
sients (glitches). As more detectors are added, the frequency of glitches is also expected
to increase, which could potentially offset some of the improvements described above.
We discuss the properties and adverse impacts of glitches in the following section.

4The polarization angleψ is the angle of rotation of between the GW polarization basis and the detector
axes [87, 88].
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1.4.3. Glitches in gravitational-wave detectors

As demonstrated in Section 1.4.1, GW detectors are sensitive to fractional changes in
distance as small as 10−23. Therefore, they are susceptible to a wide range of instrumen-
tal and environmental noise sources. Spectral analysis of the GW detector noise floor,
such as the one shown in Figure 1.5, reveals that thermal noise, seismic noise and quan-
tum noise are the primary long-term contributors to broadband frequency noise [73].
There are also persistent and elevated narrowband noise (spectral lines), which are typ-
ically of instrumental, environmental or calibration origin [93]. Most noise sources in
the existing GW detectors are well-understood, and thus, can be accurately modeled
and subtracted [94]. Nevertheless, transient noise with non-Gaussian spectral features
can also arise from unforeseen sources, e.g. anthropogenic activities, weather changes,
instrumental defects or malfunctions, and occasionally, unknown origins. These non-
stationary and non-Gaussian transient noise artifacts are called glitches [95].

Figure 1.6 shows the time-frequency structure of several common glitch morpholo-
gies observed in the LIGO detectors. As illustrated, glitches manifest as short bursts of
excess noise in the GW data stream, typically lasting less than a few seconds, and can
span a wide range of frequencies, from narrowband to broadband. The transient and un-
predictable nature of glitches pose challenges to the detection of GW transients, because
they can mimic or mask real astrophysical signals, resulting in false-alarm or low con-
fidence detections. Glitches in close proximity to or overlapping with GW signals can
also bias parameter estimation, if they are not accurately modeled and subtracted, e.g.
GW170817 on the characterization of tidal deformability [97] and GW200129_065458 on
the inference of spin-precession [98].

Glitches are common occurrences throughout the three LVK observing runs, and
various efforts have been put into the characterization and mitigation of glitches [99–
102]. During O3a, the Advanced LIGO and Virgo detectors operated with improved
sensitivities compared to O2, but the average glitch rate in the LIGO detectors increases
from ∼0.1 per minute in O2 to ∼0.5 per minute in O3a [36]. Despite the higher glitch
rate, the number of detections during the 6-month O3a run surpassed those of the 8-
month O2 run by a factor 5. This observation raises a nontrivial question of how the
rate of glitches affects the overall GW detection performance, and whether the impact
differs between a smaller and larger detector networks. At first glance, one might assume
that a larger detector network with improved sensitivity would naturally have higher
detection efficiency. However, this is not necessarily true, as the higher glitch rates
in larger detector networks may significantly lower the detection confidence, resulting
in reduced detection efficiency. Since glitch rates and their impact on multi-detector
network performances cannot be predicted using models, answering the above question
require empirical studies. We explore this topic more thoroughly in Chapter 3.

1.5. Detecting gravitational-wave transients

Previously in Section 1.2.2, we noted that searches for well-modeled CBCs and poorly-
constrained GW bursts require different analysis techniques. In Section 1.5.1, we discuss
the matched-filtering approach for CBC searches, and in Section 1.5.2, we overview the
minimally-modeled analyses used for detecting and characterizing GW bursts.
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Figure 1. Example time–frequency spectrograms [80] for a selection of LIGO glitch
classes. The glitch classes here are relatively common and illustrate the range of mor-
phologies different glitch classes can have. The spectrograms in each row are shown
with a different time duration. Top left: Tomte is a short-duration glitch with a char-
acteristic triangular morphology. Top right: Blip is another short-duration glitch, but
covers a broader frequency range than Tomte and has a tear-drop morphology. Middle
left: Whistles have a characteristic V, U or W shape sweeping through higher frequen-
cies (!128Hz).Middle right: Fast Scattering (also known as Crown) appears as one or
more arches, each ∼0.2–0.3s in duration. Bottom left: Scattered Light (also known as
Slow Scattering) appears as longer-duration (∼2.0–2.5s) arches, with multiple arches
often being stacked on top of each other. Bottom right: Extremely Loud are high-SNR
triggers that saturate the spectrogram. Exemplar spectrograms for eachGravity Spy class
are given in figure A1.

2.3. The training sets

The original LIGO data set used to train the Gravity Spy CNN was created by detector-
characterisation experts and Gravity Spy volunteers. It initially contained 7718 glitch samples
from 20 classes prevalent in the detector during O1 and the preceding engineering runs [39].
These classes includedNoGlitch, for when no significant excess power is visible in the Gravity

5

Figure 1.6: Time-frequency spectrograms of common glitch morphologies observed in
the LIGO detectors. The horizontal axes, representing time in seconds, scales differently
in each panel. The Tomte, Blip and Whistle glitches are short-duration (∼0.1−0.25 s)
glitches, while the Fast Scattering, Scattered Light and Extremely Loud glitches have
comparatively longer durations (∼1−2 s). Each of the short- and long-duration glitches
also cover different frequency ranges. This figure is reproduced directly from Ref. [96].

1.5.1. Matched filtering for well-modeled signals

Matched filtering involves cross-correlating a set of predicted waveforms (templates)
with the detector data, to identify the template that most closely matches (overlaps)
with the data. We outline the methodology below.

In the absence of glitches, the Fourier-domain detector data d̃(f ) is given by the
superposition of stationary Gaussian noise ñ(f ) and possibly a signal h̃(f ), viz.

d̃(f ) = ñ(f ) + h̃(f ). (1.30)

Since the Gaussian noise is uncorrelated across the spectrum, one can write:〈
ñ(f )ñ∗(f ′)

〉
=

1
2
δ(f − f ′)Sn(f ), (1.31)

17



where ñ∗ denotes the complex conjugate of ñ, ⟨· · ·⟩ denotes the ensemble average over
many noise realizations, δ denotes the Dirac-delta function and Sn(f ) denotes the one-
sided noise power spectral density (PSD). Sn(f ) is called the one-sided PSD because
ñ∗(f ) = ñ(−f ) for real detector output, implying that Sn(f ) = Sn(−f ). That is, Sn(f ) is
an even function across all Fourier frequencies, which also explains why the factor of
1/2 in Equation 1.31 is necessary.

Now let us define a real-valued filter K(t) with Fourier transform K̃(f ). If a signal
h(t) is present in the time-domain data, the convolution theorem allows us to write its
filtered value as

S =
∫ ∞
−∞
dt h(t)K(t) (1.32)

=
∫ ∞
−∞
df h̃(f )K̃∗(f ), (1.33)

where h̃ denotes the Fourier transform of h. Using the properties of noise as in Equa-
tion 1.31, we obtain

⟨N ⟩2 =
∫ ∞
−∞

∫ ∞
−∞
df ′df

〈
ñ(f )ñ∗(f ′)

〉
K̃(f )K̃∗(f ′) (1.34)

=
1
2

∫ ∞
−∞
df

∣∣∣K̃(f )
∣∣∣2Sn(f ). (1.35)

The SNR is then given by

SNR2 =
S2

⟨N ⟩2
. (1.36)

Our goal now is to find an optimal K(t) that maximizes the SNR. The Cauchy-Schwarz
inequality states that∣∣∣∣∣∫ ∞

−∞
df A(f )B(f )

∣∣∣∣∣2 ≤ ∫ ∞
−∞
df |A(f )|2

∫ ∞
−∞
df |B(f )|2. (1.37)

Since Equation 1.33 is equivalent to

S =
∫ ∞
−∞
df

h̃(f )√
Sn(f )

K̃∗(f )
√
Sn(f ), (1.38)

the SNR (Equation 1.36) can be maximized by expressing S2 as the right-hand side
of Cauchy-Schwarz inequality (Equation 1.37) with A(f ) = h̃(f )/

√
Sn(f ) and B(f ) =

K̃∗(f )
√
Sn(f ). This results in [103]:

SNR2 =

∫∞
−∞df

|h̃(f )|2
Sn(f )

∫∞
−∞df

∣∣∣K̃(f )
∣∣∣2Sn(f )

1
2

∫∞
−∞df

∣∣∣K̃(f )
∣∣∣2Sn(f )

(1.39)

= 2
∫ ∞
−∞
df
h̃(f )h̃∗(f )
Sn(f )

(1.40)

= 4Re
∫ ∞

0
df
h̃(f )h̃∗(f )
Sn(f )

(1.41)

=
〈
h̃
∣∣∣ h̃〉 . (1.42)
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Equation 1.41 reveals K̃(f ) = 4h̃(f )/Sn(f ) as the filter that maximizes the SNR when
extracting a signal embedded in Gaussian noise. Equation 1.41 is otherwise known as the
noise-weighted inner product, and is more compactly represented as in Equation 1.42.

Matched-filtering aims to find a signal template h̃T(f ) that maximizes the SNR by
correlating it with the observed data d̃(f ). In other words, it seeks to maximize the
overlap between h̃T and d̃, given by [104]

O =

〈
h̃T

∣∣∣ d̃ 〉√〈
h̃T

∣∣∣ h̃T

〉〈
d̃
∣∣∣ d̃ 〉 , (1.43)

where O is normalized to range from −1 (perfect anticorrelation) to 1 (perfect match).
To achieve this, one needs a set of phenomenologically modeled templates (template
bank) that spans a wide range of signal parameters. The spacing of signal parameters
is optimized to maximize coverage of the parameter space while also keeping computa-
tional costs within reasonable limits [105, 106]. Therefore, matched-filtering is only suit-
able for detecting GW sources with well-constrained parameter spaces, such as CBCs.
The matched-filter pipelines used for the CBC searches in the GWTCs [35–38] are: Py-
CBC [107, 108], the GStreamer LIGO Algorithm Library (GstLAL) [109, 110], the Multi-
Band Template Analysis (MBTA) [111] and the Summed Parallel Infinite Impulse Re-
sponse (SPIIR) pipeline [112, 113]. This thesis focuses on methods for detecting generic
bursts, discussed in Section 1.5.2, so matched-filtering is not considered further.

1.5.2. Minimally-modeled analyses for generic bursts

The detection and characterization of GW bursts, where the signal models are poorly-
constrained or unavailable, rely on analyses that make minimal assumptions about the
signal source and morphology. However, minimally-modeled analyses are more sus-
ceptible to glitches than matched filtering due to their increased flexibility. Therefore,
to effectively distinguish astrophysical signals from glitches, these analyses must cross-
correlate data from multiple detectors. Additionally, to ensure consistent and reliable
search results, the LVK all-sky searches for GW bursts employ multiple minimally-
modeled analyses to perform independent searches. Since the analysis pipelines are sen-
sitive to different regions of the parameter space, combining multiple pipelines also im-
proves the search sensitivity across a wider range of signals. Although analysis pipelines
are not optimized to target a particular type of burst source, they are optimized to detect
signals of specific durations. The short-duration burst searches [44–46] are conducted
using three algorithms: coherent WaveBurst (cWB) [114–116], omicron-LIB (oLIB) [117]
and BayesWave [1, 2]. The long-duration burst searches [47–49] use the all-sky Stochas-
tic Transient Analysis Multi-detector Pipeline (STAMP-AS) [118–120], the X-pipeline
Spherical Radiometer (X-SphRad) [121, 122], as well as the long-duration configuration
of cWB. Low-latency (real-time) analyses in O4 are conducted using cWB and MLy [123].

Minimally-modeled analyses are usually performed in the time-frequency plane, where
regions with coherent excess power across the detector network are reconstructed using
generic mathematical frames, e.g. wavelets, that can dynamically adapt to changes in
time and frequency. Table 1.2 summarizes the variety of methods and detection statis-
tics used by the above-mentioned LVK search pipelines, demonstrating the versatility of
minimally-modeled analyses.
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Pipeline Burst duration Method Detection statistic

cWB
[114–116]

Short & long

Adaptive signal characterization
using multi-resolution wavelet
transforms. There are currently
two versions of cWB:

(i) cWB-2G uses the Wilson-
Daubechies-Meyer wavelet
transform [124]

(ii) cWB-XP uses the WaveScan

transform based on Gabor
wavelets [125]

All versions of cWB
up to and including

cWB-2G use the
excess-power

statistic.

cWB-XP uses both
excess-power and

cross-power
statistics.

MLy
[123]

Short

Low-latency convolutional neu-
ral network (CNN) analysis with
Pearson cross-correlation to dis-
tinguish correlated signals from
uncorrelated glitches.

CNN score

oLIB
[117]

Short

Hierarchical analyses to identify
incoherent and coherent power.
Signals and glitches are modeled
using sine-Gaussian wavelets.

Joint likelihood
ratio of Bayes

factors.

BayesWave

[1, 2]
Short

Independent reconstruction of
signals and glitches using sine-
Gaussian wavelets.

Signal-versus-glitch
Bayes factor

STAMP-AS
[118–120]

Long

Cross-power time-frequency map
reconstruction. Triggers are de-
termined by pixel clusters that ex-
ceed a nominal SNR threshold.

Network
cross-power SNR

X-SphRad
[121, 122]

Long

Frequency-domain cross-power
analysis of spherical harmonics;
evaluates power across various
angular scales, corresponding to
different degrees of homogeneous
polynomials (ℓ ≥ 0).

Power ratio between
ℓ > 0 modes and

ℓ = 0

Table 1.2: Overview of the minimally-modeled analysis pipelines used in LVK burst searches.
The columns, from left to right, display: (i) the name of the burst pipeline, (ii) the burst
duration the pipeline is configured for, (iii) a summary of the pipeline method, and (iv) the
detection statistic.
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1.6. Thesis outline

This thesis studies the performance and applications of the minimally-modeled analysis
algorithm, BayesWave [1, 2], in detecting and characterizing short-duration GW bursts.
Henceforth, unless stated otherwise, any mention of GW bursts refers to short-duration
bursts. The rest of this thesis is structured as follows.

In Chapter 2, we detail the methods of the BayesWave algorithm, analyze the behav-
ior of its detection statistics, and provide a comprehensive literature review of BayesWave’s
diverse applications.

In Chapter 3, we assess the impact of glitches in practical observing scenarios, on the
multi-detector GW burst detection efficiency of BayesWave. We find a counterintuitive
result, where the three-detector LIGO-Virgo network does not outperform the LIGO
two-detector network in burst detection efficiency with BayesWave during O3. This is
because the increased detection sensitivity of the three-detector network is offset by the
higher glitch rate.

Low-frequency (≲ 250 Hz) GWs emitted by CCSNe are known to have implications
for deducing the physical mechanisms driving their explosions. In Chapter 4, we propose
a dedicated-frequency follow-up framework using a hierarchical analysis pipeline con-
sisting of cWB [114–116] and BayesWave, to explore the detectability of low-frequency
GW emissions under observing conditions similar to O3. We use the HL configuration
in this study guided by the results from previous cWB studies and the BayesWave effi-
ciency analysis in Chapter 2. We find that dedicated low-frequency follow-up analyses,
limited to the range 32−256 Hz, can be used to constrain the explosion model of a CCSN
candidate if a successful detection is made.

In Chapter 5, we shift our focus from current observing scenarios to explore the
prospects of BayesWave in characterizing tensor GW burst polarizations using the global
ground-based detector network, once the LIGO, Virgo and KAGRA reach their target
sensitivities. Specifically, we compare the performance of BayesWave’s relaxed (R) po-
larization model with the default elliptical (E) polarization model, and find that R is
preferred for the characterization of signals with pronounced non-elliptical polariza-
tions. We also show that R can measure burst polarization content in terms of Stokes
parameters, with improved accuracy as the detector network expands.

We conclude in Chapter 6 with summaries of the above works and discussions on
future research directions.
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Chapter 2

The BayesWave algorithm

This chapter contains reproduced text from Section II of [4]:

Y. S. C. Lee, M. Millhouse, and A. Melatos,
Physical Review D 109, 082002 (2024).

and calculations, methods, and results adapted with substantial rewording from [3]:

Y. S. C. Lee, M. Millhouse, and A. Melatos,
Physical Review D 103, 062002 (2021).

Parts of the adapted and reproduced text from [3] and [4] are combined with
supplementary text and figures, to produce a coherent description of the Bayes-
Wave algorithm and its applications. The adaptations and reproductions are
detailed in the preface. Where relevant, sources of adapted texts and materials
are acknowledged through in-text footnotes. Notations from the original texts
are updated to match the rest of this thesis. This chapter also contains original
work of the author that has not been submitted for publication.

2.1. BayesWave Overview

The BayesWave algorithm is designed to adaptively reconstruct non-stationary and non-
Gaussian transients in the data, using models with variable dimensions. As discussed in
Section 1.5.2, BayesWave is suitable for analyzing generic GW bursts because it makes
no a priori assumption about its source or waveform morphology. The algorithm is
designed to target GW bursts with durations of up to a few seconds. A novel feature
of BayesWave that sets it apart from other GW burst analysis algorithms is its ability
to jointly characterize instrumental transients (glitches) and astrophysical signals. The
name BayesWave expresses the two key concepts underpinning the algorithm: (i) wave-
form reconstruction using sine-Gaussian (also known as Morlet-Gabor) wavelets, and
(ii) the implementation of Bayesian inference to discriminate signals from glitches.

This chapter outlines the fundamental principles and applications of the BayesWave

algorithm. Section 2.2 describes the models for data reconstruction. Section 2.3 overviews
the methods for sampling the model parameters. Section 2.4 discusses the role of the
Bayes factor as BayesWave’s detection statistic. Section 2.5 discusses the scaling behav-
ior of the Bayes factor. Finally, in Section 2.6 we review the applications of BayesWave

in the existing literature.
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2.2. Modeling the data

2.2.1. Sine-Gaussian Wavelets

For a given detector i, the data di(t) at time t can consist of up to three components: the
GW signal hi(t), which is bounded in t for burst sources; glitches gi(t), which are also
bounded in t; and random detector noise ni(t), which is present continuously. That is, in
general, the data can be expressed as di(t) = hi(t)+gi(t)+ni(t). BayesWave reconstructs
the transient, non-Gaussian features, i.e. hi(t) and/or gi(t), by summing a set of sine-
Gaussian wavelets. Figure 2.1 shows a visualized example of how the GW150914 time-
domain signal is represented as a sum of five wavelets.

A single sine-Gaussian wavelet in the time domain takes the mathematical form

Ψ (t;λ) = Ae−(t−t0)2/τ2
cos[2πf0(t − t0) +φ0] , (2.1)

with τ =Q/(2πf0) andλ = {t0, f0,Q,A,φ0}. The symbols t0, f0,Q,A,φ0 denote the cen-
tral time, central frequency, quality factor, amplitude and phase offset of the wavelet re-
spectively, collectively known as the intrinsic parameters. One reason for choosing sine-
Gaussian wavelets over other basis frames1 is due to its flexibility in the time-frequency
domain, making them well-suited for modeling arbitrarily-shaped signals and glitches.
The sine-Gaussian wavelet also has an analytic Fourier representation

Ψ̃ (f ;λ) =
√
πAτ
2

e−π
2τ2(f −f0)2 {

ei[φ0+2π(f −f0)t0] + e−i[φ0+2π(f +f0)t0]e−Q
2f /f0

}
, (2.2)

so the BayesWave analysis can be performed entirely in the frequency domain. This is
useful because, in the frequency domain, the time-delay operator simplifies to a phase
shift (see Equation 2.3). Representations of bursts and glitches in the time-frequency
domain can be achieved using a non-orthogonal sine-Gaussian wavelet frame, with the
implementation of systematic priors. We discuss this further in Section 2.3.

The BayesWave algorithm offers four independent models for data reconstruction,
namely (i) the GW signal plus Gaussian-noise model, S , (ii) glitches plus Gaussian-noise
model, G (iii) Gaussian-noise model,N and (iv) signal plus glitches plus Gaussian-noise
model, or in short, the joint model J . The properties of each model are described in the
following subsections in the same order. While the applications of J are not explored
in this thesis, its description is included here for completeness.

2.2.2. Signal model, S
Recall that the five intrinsic parameters of a sine-Gaussian wavelet can represented with
a single parameter vector λ = {t0, f0,Q,A,φ0}. If a real GW signal is present in the
data of a multi-detector network, we expect it to be coherent across all detectors in the
network, albeit with different signal-to-noise ratio (SNR) and polarization per detector
depending on the sensitivity and orientation of the detectors respectively. Therefore

1
BayesWave reconstruction has been empirically shown to improve when chirplets with time-evolving

frequency content are used instead of sine-Gaussian wavelets. However, using chirplets results in less
effective signal and glitch separation through Bayes factor comparison [126].
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Figure 2.1: Visualization of BayesWave waveform reconstruction using sine-Gaussian
wavelets. The top panel shows individual sine-Gaussian wavelets, each of different
colour, used in the reconstruction of the first detection event GW150914 in the time-
domain. The bottom panel shows the resulting BayesWave waveform (black) from sum-
ming the wavelets in the top panel, overlaid on the actual data (grey); the residuals (pink)
are obtained by subtracting the waveform from the data. The vertical axes in both figures
show the time-domain whitened strain amplitude, which is the inverse Fourier transform
of the frequency-domain amplitude normalized by the Gaussian noise PSD.

when reconstructing the data using the signal model, the same wavelet parameters are
used across all detectors in the network. The set of intrinsic parameters for the signal
model (S ) is given by λS = λ1∪λ2 · · ·∪λNS , whereNS denotes the number of wavelets
used in the signal reconstruction. These parameters are geocentric, meaning they are
measured at a reference point located at the center of the Earth.

Since the signal models represent astrophysical GW signals, allNS wavelets used in
the reconstruction also share a set of extrinsic parameters Φ = {α,δ,ϵ,ψ}. The symbols
denote the right ascension, declination, ellipticity and polarization angle of the GW in
order of appearance. The complete set of signal model parameters is then given by
θS = λS ∪Φ .

The geocentrically measured signal waveforms, parameterized by λS , can be pro-
jected onto the i-th detector using the detector’s unique time-delay ∆ti(α,δ), along with
the antenna beam pattern response functions F+

i (α,δ,ψ) and F+
i (α,δ,ψ) of the plus (+)

and cross (×) polarizations2. Mathematically we write [85, 88]

h̃i(f ;λS ,Φ ,NS ) =
(
F+
i h̃+ +F×i h̃×

)
e2πif ∆ti , (2.3)

where h̃p denotes the Fourier transform of the time domain geocentric GW signal, hp(t)

2The antenna pattern functions F+ and F× are typically periodic functions of time due to the diurnal
rotational motion of Earth [127]. However, the time dependence is omitted here with the assumption that
the antenna patterns are constant over the short duration of GW burst. This assumption is conventional
across all burst searches.
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for polarization p. The version of BayesWave used in Chapters 3 and 4 assumes elliptical
polarization such that the ellipticity parameter ϵ maps h̃+ to the cross polarization h̃×
via

h̃× = ϵh̃+e
iπ/2, (2.4)

and h̃+ is expressed as a linear combination of sine-Gaussian wavelets in the frequency
domain as in Equation 2.2:

h̃+(f ) =
NS∑
n=1

Ψ̃ (f ;λn). (2.5)

Alternative signal polarization models offered by BayesWave are discussed in Chapter 5.

2.2.3. Glitch model, G
Unlike GW signals, instrumental glitches and noise are uncorrelated across the detector
network. Therefore the glitch model uses independent sets of wavelets to reconstruct
glitches in each detector. LetNGi denote the number of wavelets and λGi = λi1∪λ

i
2 · · ·∪

λi
NGi

be the set of wavelet parameters used in the glitch model reconstruction of detector
i. We can then write the glitch model for the i-th detector as

g(λGi ,NGi ) =
NGi∑
n=1

Ψ̃ (f ;λin). (2.6)

Thus for a network with I detectors, the complete set of glitch model wavelet parameters
is given by θG = λG1∪λG2 · · ·∪λGI . Note that the glitch model does not include extrinsic
parameters for projecting the non-Gaussianity between detectors, because glitches are
non-astrophysical and independent in each detector [85].

2.2.4. Gaussian-noise model,N
In contrast to S and G which model non-Gaussian transient components of the detector
data, BayesWave also offers a Gaussian-noise model N which treats the data as pure
Gaussian noise. This model is used to characterize the stationary detector noise floors,
i.e. PSDs3. Gaussian noise sources in the LIGO and Virgo detectors can be classified
into three broad frequency bands: (i) seismic noise (∼10 Hz), (ii) thermal noise (∼10-200
Hz) and (iii) quantum (photon) shot noise (≳200 Hz). Moreover, various aspects of the
detector apparatus including mirror suspensions, calibration lines, and the AC electrical
supply are recurrent sources of high-power, narrow-band spectral lines. The N model
uses the BayesLine algorithm [128], integrated within BayesWave, to collectively char-
acterize these noise features in the detector PSDs. BayesLine employs cubic splines to
model smooth broad-band noise and Lorentzians for narrow-band line-like features. The
mathematical details of BayesLine are incidental to this thesis, a complete description can
be found in Ref. [128].

The S , G and J also incorporateN to model the PSDs alongside the wavelet models
for non-Gaussian feature(s), and are therefore known as composite models [1].

3The PSD is related to the ASD as PSD= ASD2
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2.2.5. Joint model, J
TheS andGmodels introduced above are disjoint hypotheses where BayesWave assumes
the detector data contains either signals or glitches but not both. When glitches occur
near a candidate GW signal, analyses using signal-only (S ) model in BayesWave may
include coherent excess power from the glitches across the network causing the inferred
waveform to deviate from the actual signal. The glitch-only (G) model, on the other hand,
treat the power spikes in the detectors independently in order to remove excess noise
from the individual detector data. Thus the disjoint models may infer both the nearby
glitch and signal as a single non-astrophysical power spike or mistaken as a section of
the signal as a glitch, resulting in removal of signal power.

The joint (J ) model reconstructs the data with a presumption that both a signal and
glitches can occur simultaneously. It considers coherent features in the detectors as part
of the signal and uncorrelated excess power in independent detectors as glitches. Al-
together one can write a complete set of joint model parameters as θJ = {θS ∪ θG}.
The model is shown to improve the fidelity of BayesWave’s waveform reconstruction.
In a test study [2], the joint model accurately recovered both the GW signal and instru-
mental glitch separately, regardless of the overlap in time. The J model is used by the
LVK community to subtract glitches overlapping with a CBC signal [98, 102, 129]. In
this context, where the signal source is known (e.g. CBC), the wavelet-based S model
is replaced with phenomenological waveforms to improve detection sensitivity. We do
not discuss J further in the remainder of this thesis.

2.3. Sampling of model parameters

Given the joint data d = {d1, · · · ,dI } of a multi-detector network comprising detectors
1, · · · ,I , one can infer the posterior probability p(θM|d,M) of a modelM parameterized
by θM via Bayes’ theorem:

p(θM|d,M) =
p(θM|M)p(d|θM,M)

p(d|M)
. (2.7)

Here, p(θM|M) denotes the prior distribution of the model parameters θM for M ∈
{S ,G,N }, p(d|θM,M) denotes the likelihood function and p(d|M) denotes the model
evidence, given by

p(d|M) =
∫
dθMp(θM|M)p(d|θM,M). (2.8)

In essence, the evidence is the likelihood of producing the data d from the hypothe-
sis M marginalized over the parameter space of θM, so it is otherwise known as the
marginalized likelihood [85].

BayesWave uses a trans-dimensional Reversible-Jump Markov Chain Monte Carlo
(RJMCMC) algorithm to sample the model parameters, which includes the number of
wavelets (i.e. model complexity) and the wavelet parameters. The RJMCMC requires a
likelihood function and model parameter priors. We overview these key components in
the two following subsections, along with the techniques used to implement the RJM-
CMC in Section 2.3.3. We then discuss how the wavelet parameter posteriors are used
to construct a waveform posterior that represents the data, in Section 2.3.4.
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2.3.1. The likelihood function

In BayesWave, the likelihood function is given by [1, 130]

p(d|θM,M) =
1

det(πC)
e−r̃

TC−1r̃, (2.9)

where r̃ = d̃ − h̃ − g̃ is the Fourier domain residual upon subtracting the GW signal h̃
and glitch g̃ models from the data, r̃T is the conjugate transpose of r̃, and C is the noise
covariance matrix.

The likelihood function in Equation 2.9 is defined under the assumption that r̃ is
consistent with the Gaussian-noise ñ modeled byN , where the noise is temporally sta-
tionary and uncorrelated across all frequencies. As a result, C is a diagonal matrix, viz.
for a single detector with PSD Sn(f ),

Ckℓ = Sn(fk)δk,ℓ. (2.10)

Here, δk,ℓ denotes the Kronecker delta function and the subscripts k,ℓ denote the indices
of the discrete frequency samples. For multi-detector networks, C becomes a block di-
agonal matrix by construction, but the overall matrix remains diagonal because noise in
the detectors are also expected to be independent from one another.

2.3.2. Model parameter priors

The model parameters include the number of wavelets, the intrinsic wavelet parame-
ters and extrinsic parameters for the signal model. By default, the current version of
BayesWave [2] uses an empirical prior for the number of wavelets, N .

p(N ) =
4
√

3N

2πb2
(
3 + N

b

)4 (2.11)

with b = 2.9. Equation 2.11 is derived using an analytic fit to the N -distribution of
the 500 most significant background triggers from BayesWave’s all-sky burst analysis
of O1 data [44]. Alternatively, if preferred, one can still opt for the flat N prior, as in
the original BayesWave configuration [1]. The range of N is adjustable for the S and G
models, but the Gaussian-noise modelN insists that N = 0.

All intrinsic wavelet parameters, except for the wavelet amplitudeA, have flat priors
covering the range: t0 within a user-selected time window, typically 1s and centered on
the time of the candidate event; f0 within the analysis frequency band, e.g. 20−1024 Hz;
Q ∈ {0.1,40} by default, but adjustable by the user; and φ0 ∈ {0,2π}. Similarly for the
extrinsic parameters of S : the source location prior is uniform across the sky, α ∈ {0,2π}
and sinδ ∈ {−1,1}; the flat priors for polarization angle and ellipticity respectively cover
the range φ ∈ {0,π} and ϵ ∈ {0,1}. If the source has been localized through other meth-
ods, such as EM observations, BayesWave provides the option to fix the sky location,
which can help the sampler produce more accurate estimates of other parameters.

The wavelet amplitude prior is derived from a physically-motivated SNR prior, con-
strained by the SNR of real GW observations. The amplitude of a glitch wavelet in a
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single detector with PSD Sn(f0) can be estimated from its SNR using

A2 ≃
2
√

2πf0Sn(f0)
Q

SNR2. (2.12)

Equation 2.12 also applies to a signal wavelet. However, in a network with I ≥ 2 detec-
tors sharing the same signal wavelet, the detector-dependent Sn(f0) in Equation 2.12 is
replaced by the network average:

Sn(f0) =

 I∑
i=1

F2
+,i + ϵ2F2

×,i
Sn,i(f0)


−1

. (2.13)

Here, Sn,i(f0) and Fp,i respectively denote the PSD and antenna pattern functions for po-
larization p of the i-th detector. Observations of astrophysical signals and instrumental
glitches have shown that low SNR events are more common than louder ones. However,
one also has to consider that low amplitude, i.e. low SNR (≲ 3), wavelets have minimal
impact on the likelihood and have a lower chance of being accepted into the sampling
chain. Altogether, the prior should disfavor wavelets with either very high or very low
SNRs. To achieve this, the SNR prior is constructed to peak at a nominal SNR∗ = 5, with
the probability decreasing asymmetrically from the peak: the decrease is steeper at low
SNRs (< 5) than at high SNRs (> 5). However, loud astrophysical signals are less com-
mon than loud instrumental glitches [44], so BayesWave uses separate SNR priors for
the signal and glitch models. The prior distribution for the glitch model is given by [2]

p(SNR|G) =
SNR

2SNR2
∗
(
1 + SNR

2SNR∗

)3 , (2.14)

and the prior for the signal model is

p(SNR|S) =
3SNR

4SNR2
∗
(
1 + SNR

4SNR∗

)5 . (2.15)

Equation 2.15 (signal prior) falls off faster as SNR−4, compared to SNR−2 in Equation 2.14
(glitch prior), reflecting the lower probability of astrophysical signals relative to instru-
mental glitches at high SNRs. Furthermore, the SNR−4 scaling in the signal model prior
is consistent with the SNR distribution of astrophysical sources [86].

2.3.3. Posterior sampling with the RJMCMC algorithm

Using a transdimensional-RJMCMC algorithm, the number of wavelets used in BayesWave

models along with the wavelet parameters are sampled on the fly to accommodate the
intricacies of the data. While RJMCMC facilitates the detection of generic GW bursts
without a priori knowledge of the waveform model, it is the most computationally de-
manding aspect of BayesWave. Run times for a single event can range from hours to
days, depending on analysis settings e.g. number of sampler iterations and duration of
the data being analyzed. Below, we outline the various techniques used by BayesWave

to improve sampling efficiency.
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Maximization during burn-in

The initial state of the sampling chain is arbitrarily defined. Thus the sampler requires
a ‘burn-in’ period to reach a stationary state where it accurately reflects the target (pos-
terior) distribution. Samples from the burn-in period are discarded to ensure that the
final distribution is independent of the chain’s initial state. In BayesWave, t0, φ0 and
A for each wavelet is maximized during the burn-in period, to accelerate signal/glitch
identification and convergence to the target distribution.

Parallel tempering

BayesWave also implements parallel tempering [131] to speed-up convergence. Using
this approach, Markov chains at different temperatures T run in parallel. The tempera-
ture scales the likelihood function of each chain, viz. p(d|M)→ p(d|M)1/T for model
M. This scaling suggests that hotter (high T ) chains have flatter likelihood functions
and are able to explore more of the prior volume, whereas colder chains are better for
exploring localized peaks. A Metropolis-Hastings algorithm then is used to initiate state
exchange between hot and cold chains. A successful exchange allows colder chains to
escape local minima by adopting states discovered by hotter chains, while hotter chains
can refine their exploration using states from colder chains. Altogether, parallel temper-
ing ensures efficient and thorough exploration of the parameter space. In Section 2.4, we
discuss how parallel tempering also facilitates the evaluation of the BayesWave model
evidences.

Fisher matrix proposals for wavelet parameters

Another way of improving sampler efficiency is to ensure that the proposed (trial) pa-
rameters has a high acceptance rate. BayesWave leverages the Fisher Information Matrix
(FIM) to construct custom proposal distributions for updating wavelet parameters while
maximizing the acceptance rate. The FIM Γ of sine-Gaussian wavelets is known analyti-
cally; in terms of the five intrinsic parameters {t0, f0,Q,A,φ0}, it is expressed as follows:

Γ = SNR2



4π2f 2
0 (1+Q2)
Q2 0 0 0 −2πf0

0 3+Q2

4f 2
0
− 3

4Qf0
− 1

2f0
0

0 − 3
4Qf0

3
4Q2

1
2Q 0

0 − 1
2f0

1
2Q 1 0

−2πf0 0 0 0 1


.

(2.16)

By definition, the elements of the FIM for a wavelet Ψ are given by Γmn ≡
(
∂Ψ
∂λm
| ∂Ψ∂λn

)
.

That is, the FIM encodes information on the local curvature of the wavelet parame-
ter likelihood. One can therefore improve convergence by proposing jumps along the
eigenvectors of the FIM, towards regions of higher likelihood [1]. In BayesWave, the
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multivariate Gaussian proposals used to draw updates to the wavelet parameters are
constructed using the FIMs:

q(y|x) =
detΓ
(2π)2 exp

(
−1

2
Γij∆x

i∆xj
)
, (2.17)

Here, ∆xi = xi − yi denotes the displacement in the intrinsic parameter i, where xi and
yi are the values before and after the update respectively.

Proposals for extrinsic parameters are also generated using FIMs. However, the sig-
nal model derivatives with respect to the extrinsic parameters cannot be expressed an-
alytically due to degeneracies between the parameters and non-Gaussian, multimodal
likelihood distributions. Thus, the FIMs are evaluated numerically using finite differ-
ence approximations [1]. With two-detector networks, sky locations are poorly con-
strained. Thus to accelerate convergence, proposals for sky location are further con-
strained within a degenerate ring which preserves the constant time-delay between the
two detectors. As the detector network expands, the sky-ring proposal becomes less ef-
fective in facilitating convergence. However, this is not a major concern, because conver-
gence improves naturally as the source location is better constrained with the addition
of more detectors.

Trans-dimensional and within-dimension proposals

BayesWave also leverages domain knowledge to construct two custom proposals for sam-
pling trans-dimensional moves (adding or removing a wavelet) and within-dimension
moves (simultaneously adding and removing a wavelet): (i) a data-driven {t, f ,Q} (TFQ)
proposal [2], and (ii) a proximity proposal [1]. We detail their formulation and motiva-
tion below.

The TFQ proposal guides the placement of wavelets in the {t, f ,Q} space. To con-
struct the TFQ proposal, we first consider a constant-Q transform, which produces a map
of the excess power relative to the average detector noise floor in the {t, f } (TF) space, at a
fixed Q [132, 133]. This TF excess-power map can be converted into a two-dimensional
probability density function (PDF) by normalizing it to the total power. Similarly, by
stacking constant-Q transforms at multipleQ values and applying an overall normaliza-
tion, one constructs the TFQ proposal: a three-dimensional PDF from which the wavelet
parameters (t0, f0,Q) are drawn. The TFQ proposal facilitates trans-dimensional moves
by preferentially adding wavelets to regions with high power and removing wavelets
from regions with low power in the TFQ space. For within-dimension moves, the new
wavelet is also fairly drawn from the TFQ proposal to replace the removed wavelet.

Burst sources like CBCs and CCSNs, as well as instrumental glitches, are known to
produce localized cluster(s) of power in the time-frequency plane. Therefore, compact
clusters of wavelets are generally preferred over scattered wavelets. However, favoring
clustered wavelet configurations could lead to over-clustering, i.e. placing unnecessary
wavelets that overlap extensively in both time and frequency with others. To balance
these considerations, BayesWave employs a proximity proposal that encourages place-
ment of new wavelets near an existing cluster while minimizing their time-frequency
overlap. To construct the proximity proposal, we first define the Gaussian-like PDF of a
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wavelet in the time-frequency space:

pGaussian(t, f ) =
1

2πσf σt
e
−(∆f 2/2σ2

f +∆t2/2σ2
t )
, (2.18)

where ∆f = f0 − f , ∆t = t0 − t, σt = τ and σf = 1/πτ . To promote clustering, the prob-
ability of wavelet placement in the time-frequency plane should be high near existing
wavelets, while to minimize overlap, it should be low in regions already occupied by
other wavelets. This PDF is represented using a hollowed-out Gaussian:

p(t, f ) =
1

2πσf σt(µ2 − ν2)

(
e
−(∆f 2/2σ2

f +∆t2/2σ2
t )/µ2
− e−(∆f 2/2σ2

f +∆t2/2σ2
t )/ν2

)
, (2.19)

where µ > ν controls the width of the PDF, and ν controls the width of the hollowed-
out region. Equation 2.19 is, however, only valid for a single wavelet. For a BayesWave

model with N wavelets, the proximity proposal for the (N + 1)-th wavelet is given by:

qproxi(t, f ) =

(1−γ)
N

N∑
n=1

pn(t, f )

+
γ

VTF
, (2.20)

where pn(t, f ) denotes Equation 2.19 for the n-th wavelet. The second term in Equation
2.20 is a uniform density component that allows for some degree of unbiased explo-
ration across the entire time-frequency volume VTF. The fractional contributions of the
hollowed-out Gaussians and the uniform density component to the proximity proposal
are quantified by 1 − γ and γ respectively. The BayesWave proximity proposal adopts
the values µ = 2, ν = 0.5 and γ = 0.5.

When adding or replacing a wavelet, the custom proposals only initialize the param-
eters {t0, f0,Q}; the remaining parameters, A and φ0, are sampled from their respective
priors. For the signal (S ) model, the new wavelet inherits the same extrinsic parameters
as the existing wavelets. If the signal model does not have any wavelets yet, the extrinsic
parameters are drawn from their respective prior distributions.

2.3.4. Waveform posteriors

So far, we have discussed how BayesWave samples the posterior distributions of the
wavelet parameters. Ultimately, however, we are interested in the reconstructed wave-
form and its overall properties. For each sample in the posterior, BayesWave sums the
wavelets with the corresponding parameters to produce a signal or glitch waveform.
The signal waveform shown in Figure 2.1 is one of the many reconstructions from
BayesWave’s waveform posterior. To visualize the waveform posterior, the top panel
of Figure 2.2 shows eight arbitrarily chosen waveform samples, each with a different
color, for the same event (i.e. GW150914). However, BayesWave wavelet parameters,
and hence waveform posteriors, can have up to 106 samples. Thus, to summarize the
overall distribution of waveform samples, BayesWave calculates the median and the 50%
and 90% credible interval (C.I.) bounds at every time step4 ti of the waveforms h(ti). An
example of this, also for GW150914, is shown the bottom panel of Figure 2.2.

4The interval of the time steps is determined by the user-selected sampling rate.
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Figure 2.2: Visualization of the waveform posterior. The top panel shows eight time-
domain waveform samples, each of different color, from the BayesWave signal waveform
posterior of GW150914. The bottom panel shows the median (solid black curve), the 50%
credible interval (C.I., blue shaded bands) and the 90% C.I. (pink shaded bands) of the
same waveform posterior as in the top panel.

2.4. Bayesian model selection

2.4.1. Bayes factor as detection statistic

Given two models M1 and M2, one can measure which of the two is more strongly
supported by the data d, by computing the (posterior) odds ratio. This process is called
model selection. According to Bayes’ theorem, the odds ratio is given by

p(M1|d)
p(M2|d)

=
p(M1)
p(M2)

p(d|M1)
p(d|M2)

. (2.21)

The right-hand side of Equation 2.21 comprises the prior odds between M1 and M2,
and their evidence ratio

B1,2(d) =
p(d|M1)
p(d|M2)

, (2.22)

otherwise known as the Bayes factor. Assuming equal prior probability, i.e. p(M1) =
p(M2), one can perform model selection directly using the Bayes factor. B1,2(d) > 1
suggests thatM1 is more strongly supported by the data and vice versa.

BayesWave uses the log Bayes factor, lnBS ,G, between the S and G models to quan-
tify its confidence in distinguishing between GW signals and instrumental glitches. In
other words, lnBS ,G is the detection statistic of BayesWave. However, obtaining model
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evidences directly from the integral in Equation 2.8 is computationally expensive, espe-
cially for complex and highly parameterized models. To overcome the computational
challenges, BayesWave combines the parallel-tempered RJMCMC algorithm [131] and
thermodynamic integration [134] to obtain the evidences required for the lnBS ,G calcu-
lation. Implementations of these methods are detailed in Appendix 5.A1.

2.4.2. Occam penalty
5

A unique property of the Bayes factor is that it inherently accounts for model complex-
ity during model selection. When two competing models fit the data equally well, the
Bayes factor penalizes the more complex model for potential overfitting. This behavior
reflects Occam’s razor, which posits that simpler explanations are generally preferred.
The mathematical interpretation of this Occam penalty is detailed below.

Let θMAP denote the maximum a posteriori (MAP) value, i.e. the mode of the pos-
terior distribution p(θ|d,M). For strong detection candidates with SNR ≳ 10, the inte-
grand of the model evidence in Equation 2.8 is expected to peak around θMAP. One can
then apply the Laplace-Fisher approximation to estimate the model evidence as [85]

p(d|M) ≃ p(d|θMAP,M)p(θMAP|M)(2π)D/2
√

detC. (2.23)

In Equation 2.23, p(d|θMAP,M) is the MAP likelihood; p(θMAP|M) is the prior evaluated
at the MAP parameter values; D is the model dimension; and detC is the determinant
of the full covariance matrix C for the N wavelets used in waveform reconstruction6.
If the parameter spaces of all N wavelets overlap minimally, the full covariance matrix
becomes block-diagonal, and its determinant simplifies to

detC =
N∏
n=1

detCn, (2.24)

where Cn denotes the covariance matrix of a single wavelet. Consequently, C can be
approximated as the inverse of the N -wavelet FIM Γ , allowing detC to be replaced by
1/ detΓ [135].

We now interpret the physical significance of the factors in Equation 2.23. Assuming
uniform priors over all intrinsic wavelet parameters, the second factor in Equation 2.23
simplifies to p(λMAP|M) = 1/VM, where VM is the total intrinsic parameter space vol-
ume. By definition, detCmeasures the variance of the likelihood, and thus

√
detC quan-

tifies the corresponding spread. As a result, the product of
√

detC and (2π)D/2 measures
the volume of the uncertainty ellipsoid, i.e. the posterior volume∆VM, for a given model
M [53, 85, 136]. Collectively, the last three factors of Equation 2.23 represent the frac-
tion of the prior volume occupied by the posterior ∆VM/VM, and Equation 2.23 can be
re-expressed as:

p(d|M) ≃ p(d|θMAP,M)
∆VM
VM

. (2.25)

5This section is adapted with substantial rewording from Section IV.A of Ref. [3], which originally
appeared in the thesis submitted for the degree of Master of Science (Physics) at The University of Mel-
bourne, awarded to the author in 2020.

6The covariance matrix C for the wavelet parameters is not to be confused with the noise covariance
matrix C in Equation 2.9.
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The fraction ∆VM/VM is known as the “Occam penalty factor” [3].
Combining Equations 2.22 and 2.25, the Bayes factor which compares the evidences

between two modelsM1 andM2 is given by:

B1,2(d) ≃Λ1,2(d)
∆V1

V1

V2

∆V2
, (2.26)

whereΛ1,2(d) = p(d|θMAP,1)/p(d|θMAP,2) is the ratio of MAP likelihoods. Equation 2.26
shows that the Bayes factor is depends directly on both the likelihood ratio and the ra-
tio of the Occam penalty factors. If two models occupy the same posterior volume, i.e.
∆V1 = ∆V2 and represent the data equally well, i.e. Λ1,2(d) ≈ 1, the Occam factor sup-
presses the evidence for the model with the larger prior volume, effectively penalizing
it for introducing unnecessary complexity in fitting the data. It is important to clarify
that the Occam penalty is not intentionally imposed, but rather emerges naturally from
the use of Bayes’ Theorem.

To provide intuition on how the Occam penalty facilitates the separation of signals
from glitches in BayesWave, we discuss the model selection problem heuristically as
follows. First, we consider the dimensionality of the signal model (S ), where all detec-
tors share the same intrinsic wavelet parameters, plus four extrinsic parameters. Each
wavelet has five intrinsic parameters (t0, f0,Q,A,φ0), so the dimensionality of S with
N wavelets scales as

DS ∼ 5N + 4. (2.27)

The glitch model (G), on the other hand, does not include extrinsic parameters. However,
each detector has an independent glitch model, characterized by a unique set of intrinsic
parameters. Suppose S and G use the same number of wavelets per detector, i.e. NGi =
NS = N for all detectors i. Then for a network with I detectors, the dimensionality of
G scales as [1]

DG ∼ 5NI . (2.28)

For non-trivial events with N ≥ 1, we observe that DG > DS when I ≥ 2. In other
words, for multi-detector networks, the glitch model generally occupies a larger param-
eter space volume than the signal model, i.e. VG > VS . If S and G fit the data equally
well, viz. ΛS ,G ≈ 1 and ∆VS ≈ ∆VG, then according to Occam’s razor, the preference for
S strengthens as I increases. This behavior is reflected in the Bayes factor:

BS ,G(d) ≃ΛBS ,G(d)
∆VS
∆VG

VG
VS

(2.29)

where, if VG increases more rapidly than VS with increasing I , then BS ,G(d) also in-
creases more rapidly in favor of S . Looking ahead to Chapter 5, we use an analogous
example to compare the preferences between two BayesWave signal polarization models.

2.5. Behavior of detection statistic

The detection statistic lnBS ,G is the fundamental quantifier of BayesWave’s performance
in burst characterization. Ref. [85] derives an analytic expression for lnBS ,G to improve
understanding of the factors that influence BayesWave’s performance in distinguishing
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astrophysical signals from instrumental glitches. The analytic expression reveals that
lnBS ,G primarily scales as

lnBS ,G ∝N ln(SNRnet), (2.30)

with N denoting the number of wavelets used in the reconstruction, and SNRnet de-
noting the overall network SNR, as given by Equation 1.28. The dependence of lnBS ,G
on N , which measures the waveform complexity in the time-frequency plane, distin-
guishes BayesWave from other unmodeled searches, whose detection statistics primarily
scale with SNR. The scaling as in Equation 2.30 assumes a network comprising two GW
detectors. However, the heuristic discussion in Section 2.4.2 suggests that size of the
detector network also affects lnBS ,G. In light of the expanding global detector network,
Ref. [3] generalizes this scaling to accommodate an arbitrary number of detectors, I . In
Section 2.5.1, we rederive the analytic scaling of lnBS ,G with I , following the approach
in Ref. [3]. In Section 2.5.2, we highlight the empirical results from Ref. [3], which are
used to validate the analytic scaling.

2.5.1. Analytic scaling
7

Ref. [85] applies the Laplace approximation, as shown in Equation2.23, to derive approx-
imate expressions for the signal model evidence:

lnp(d|S) ≃
SNR2

net

2
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2
−NS ln(Vλ)+

NS∑
n=1

ln
(

Qn
SNR5

net,n

)
+
DΦ

2
+ln
√

detCΦ

VΦ

, (2.31)

and the glitch model evidence:

lnp(d|G) ≃
SNR2

net
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−
I∑
i=1
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 . (2.32)

In Equations 2.31 and 2.32, Qn ≡ (2π)5/2
√

2Qn
π , and Vλ denotes the prior volume associ-

ated with the intrinsic wavelet parameters. The subscript n denotes the wavelet index
within a wavelet model (either S or G), while i denotes the detector index within G.
Accordingly, SNRnet,n in Equation 2.31 denotes the network SNR of the n-th wavelet in
S ; SNRi,n and NGi in Equation 2.32 respectively denote the SNR of the n-th wavelet and
the total number of wavelets used in Gi . In Equation 2.31, DΦ=4, CΦ , and VΦ denote the
dimension, covariance matrix, and the prior volume of extrinsic parameters respectively.

To derive the scaling of the lnBS ,G with respect to the waveform properties and the
number of detectors I , we begin by simplifying Equations 2.31 and 2.32. The simplifica-
tion is based on the following assumptions introduced in Ref. [85], which apply to loud
candidates with SNR ≳ 10 :

(1) The observed signal strength is comparable across all detectors, so the SNR for
each detector i is given by:

SNRi,n ≈
SNRnet,n√
I

. (2.33)

7This section is adapted with substantial rewording from Section IV.B and Appendix B of Ref. [3],
which originally appeared in the thesis submitted for the degree of Master of Science (Physics) at The
University of Melbourne, awarded to the author in 2020.
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(2) For all detectors i, the glitch model Gi uses reconstruction parameters similar to
those of the signal model S . As a result, both models share the same number of
wavelets per detector, i.e. NGi ≈ N

S ≡ N , and their wavelets also have the same
quality factor, viz. QGi,n ≈Q

S
n ≡Q.

(3) All wavelets have the same SNR, such that

SNRnet,n ≈
SNRnet√
N

. (2.34)

This assumption is supported by empirical observations [85].

(4) Given that NGi is the number of wavelets in the glitch model for a single detector
i, Assumption (2) implies that the total number of wavelets in the glitch model
across a network of I detectors can be approximated as INGi ≈ IN .

Under these assumptions, Equations 2.31 and 2.32 respectively reduce to:

lnp(d|S) ≃
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[
5
2
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and

lnp(d|G) ≃
SNR2
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, (2.36)

with Q ≡ (2π)5/2
√

2Q
π .

By taking the difference between Equations 2.35 and 2.36, one obtains the analytic
expression for the log Bayes factor, lnBS ,G ≃ lnp(d|S) − lnp(d|G), for a network of I
detectors:

lnBS ,G ≃N (I − 1)
[
5
2

+ ln(Vλ)− ln
(
Q
)

+ 5ln
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SNRnet√
N

)]
− 5

2
IN ln(I ) +

(
2 + ln

√
detCΦ

VΦ

)
.

(2.37)

Equation 2.37 demonstrates that lnBS ,G scales primarily with the number of detectors
I , number of wavelets N (waveform complexity), and network SNR, viz.

lnBS ,G ∝ IN ln(SNRnet). (2.38)

The additional scaling factor I distinguishes Equation 2.38 from Equation 2.30.
Equation 2.38 is similar to Equation 2.30 in that lnBS ,G increases with N , indicating

a stronger preference for the signal model over the glitch model as the waveform com-
plexity increases. However, Equation 2.38 further shows that, for a fixed SNR and N ,
lnBS ,G increases with the number of detectors in the network. This behavior is consis-
tent with the heuristic arguments in Section 2.4.2, where adding detectors increases the
dimensionality of the glitch model more rapidly than that of the signal model, thereby
strengthening the preference for the simpler signal model.
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2.5.2. Empirical validation

BBH injections8

Ref. [3] uses simulated BBHs to empirically validate the lnBS ,G scaling given by Equa-
tion 2.38. The analysis dataset comprises 150 non-spinning BBHs, modeled using the
phenomenological waveform approximant IMRPhenomD [137, 138]. The BBHs are in-
jected into Gaussian detector noise, colored by projected PSDs of detector configura-
tions of different sizes, and are recovered using BayesWave. The detector configurations
include the Hanford-Livingston (HL, two-detector), HL-Virgo (HLV, three-detector), and
HL-KAGRA-Virgo (HLKV, four-detector) networks.

Figure 2.3 presents the results from this study. The top left panel shows lnBS ,G as a
function of the injected SNRnet for the HL, HLV and HLKV networks. As expected, all
three networks show a clear trend where lnBS ,G increases with SNRnet. Additionally,
for a fixed SNR, larger detector networks generally yield higher values of lnBS ,G; as
I increases from 2 (HL) to 4 (HLKV), the lnBS ,G also approximately doubles across all
values of SNRnet. This provides evidence that lnBS ,G scales directly with I , in addition
to SNRnet, as predicted by Equation 2.38.

Ref. [3] also explores the impact of SNRnet and I on N , which, in turn, influences
the lnBS ,G. Recall from Section 2.3.4 that, for a single event, BayesWave outputs a wave-
form posterior comprising waveforms constructed with different numbers of wavelets,
N . The median N from the posterior serves as a representative measure of an event’s
waveform complexity. The top right panel of Figure 2.3 plots the medianN as a function
of SNRnet, showing thatN increases systematically with SNRnet across all three detector
networks. This observation is expected because higher SNRs reveal more intricate and
complex structures in the waveform, enabling BayesWave to place more wavelets with
increased confidence. Since the same BBH injections are used across the three detector
configurations, similar linear trends in N versus SNRnet are observed. However, slight
deviations from linearity are also noted at SNRnet ≲ 15 and N ∼ 3 across all configu-
rations. This behavior is primarily due to the prior on N , which is asymmetric around
its peak at N = 3 [2], as described by Equation 2.11. In summary, N is influenced by
SNRnet but not directly by I .

The bottom panel of Figure 2.3 illustrates all components of Equation 2.38: the lnBS ,G
is plotted as a fuction ofN for different I , and the color bars indicate the injected SNRnet
of each injection in the corresponding detector configuration. Injections with SNRnet ≲
15 are typically recovered by BayesWave with N ≤ 3 and lnBS ,G ≤ 50, as low SNR
injections have low-amplitude features that cannot be confidently reconstructed, so no
obvious trends are observed in this regime. In contrast, injections with SNRnet ≳15 are
recovered with N > 3, and as predicted by Equation 2.38, lnBS ,G generally increases
withN , for all three detector configurations. Moreover, for comparable values ofN and
SNRnet, the HLKV network typically yields higher lnBS ,G than HL or HLV, further
emphasizing that lnBS ,G scales with the number of detectors I .

8This section is adapted with substantial rewording from Section VI.A of Ref. [3], which originally
appeared in the thesis submitted for the degree of Master of Science (Physics) at The University of Mel-
bourne, awarded to the author in 2020.
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Figure 2.3: Empirical scaling of the log signal-to-glitch Bayes Factor lnBS ,G, based on
BBH injections. The top left panel shows lnBS ,G versus the injected network signal-to-
noise ratio, SNRnet. Each data point represents a single BBH injection. The top right
panel shows the median number of wavelets used in signal model reconstruction, N
versus SNRnet. The bottom panel shows lnBS ,G versus N , with the three color bars
indicating the SNRnet of BBH injections in the corresponding detector networks. In the
top panels, the horizontal axis corresponds three different network SNRs: (i) for the blue
data points it corresponds to SNRnet of the HL network, (ii) for the orange data points it
corresponds to SNRnet of the HLV network, (iii) for the green data points it corresponds
to SNRnet of the HLKV network. Figures and caption reproduced from Ref. [3].

Sine-Gaussian wavelet injections9

Ref. [3] also uses sine-Gaussian wavelet signals to validate the analytic scaling of lnBS ,G.
Since sine-Gaussian wavelets form the frame of BayesWave reconstructions, all sine-
Gaussian signal injections are expected to require exactly one wavelet (N = 1) for recon-
struction, regardless of SNR. Thus, this test focuses specifically on the scaling behavior
of lnBS ,G with respect to I , without the influence of N .

The analysis dataset consists of 150 sine-Gaussian wavelets, injected as coherent
signals into Gaussian detector noise of the HL, HLV and HLKV networks. All intrin-
sic wavelet parameters, except for A, are uniformly sampled from the following ranges:
t0 ∈ [1.5,2.5] s (with t = 2 s as the center of the BayesWave analysis window), f0 ∈

9This section is adapted with substantial rewording from Appendix C of Ref. [3], which originally
appeared in the thesis submitted for the degree of Master of Science (Physics) at The University of Mel-
bourne, awarded to the author in 2020.
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Figure 2.4: Sine-Gaussian wavelet injections, lnBS ,G versus SNRnet. The solid lines with
colors corresponding to the data symbols are analytic predictions of lnBS ,G given by
Equation 2.39. Figure and caption reproduced from Ref. [3].

[32,1000] Hz, Q ∈ [0.1,40] and φ0 ∈ [0,2π]. The extrinsic signal parameters are
also uniformly sampled from the ranges: α ∈ [0,2π], sinδ ∈ [−π/2,π/2], ψ ∈ [0,2π],
and ϵ ∈ [−0.99,0.99]. The wavelet SNRs are uniformly sampled from the range SNR
∈ [10,50], and the amplitude A is calculated as per Equation 2.12.

Figure 2.4 shows lnBS ,G as a function SNRnet for the sine-Gaussian wavelet injec-
tions across the HL, HLV, and HLKV networks. At fixed SNRnet, it is evident that lnBS ,G
increases with I , as predicted by Equation 2.38. Unlike BBH injections, where N de-
pends on SNRnet, sine-Gaussian injections yield N = 1 for all SNRnet. Therefore, the
differences in lnBS ,G between detector configurations at a fixed SNRnet is entirely at-
tributed to I .

Ref. [3] also compares the analytic and empirical scaling of lnBS ,G with I by fitting
the generalized analytic expression:

lnBS ,G ≈ (I − 1)[5lnSNRnet + a] +
5
2
I lnI + b, (2.39)

to the empirical data shown in Figure 2.4. Equation 2.39 is derived from Equation 2.37
by setting N = 1 and combining the constant terms into a = 5

2 − ln(Vλ) + ln(Q) and

b = 2 + ln
√

detCΦ

VΦ
. The analytic fits as shown as solid curves in Figure 2.4, with colors

corresponding to the respective detector network. The constants, a = −10 and b = 4,
are determined by eye, and the same values are assumed for all fits. The solid curves
are broadly consistent with the data, indicating general agreement between the analytic
and empirical scalings of lnBS ,G with I . However, one should note that the solid curves
represent networks with detectors of equal sensitivity, whereas the data is obtained from
LVK networks comprising detectors with varying sensitivities. Therefore, the analytic
fits should be regarded as rough approximations.
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2.6. Applications of BayesWave

BayesWave is a versatile and well-established tool within the GW burst community,
known for its model flexibility and its ability to distinguish signals from glitches by
incorporating waveform complexity through lnBS ,G. Below, we summarize the various
applications of BayesWave in detecting and characterizing GW bursts and glitches, as
reported in the existing literature:

(1) All-sky search for short-duration GW bursts. As discussed in Section 1.5.2,
BayesWave is one of the three analysis pipelines used in the LVK all-sky short-
duration GW burst searches [44–46]. However, BayesWave is computationally in-
tensive due to the implementation of the RJMCMC sampling, so it is used as a
follow-up to cWB. The hierarchical implementation of cWB and BayesWave has
been shown to increase detection confidence of burst signals with non-trivial (i.e.
non sine-Gaussian) time-frequency structure, with network SNR ≳ 10 [139].

(2) Waveform consistency tests for CBC detections. While matched-filtering is
a robust method for detecting well-modeled CBCs, its effectiveness depends on
the completeness of parameter space coverage by template banks. In other words,
matched filtering is inherently limited by the availability of models, which reflect
our current understanding of the parameter spaces. Minimally-modeled analyses
like BayesWave, on the other hand, use flexible and generic frame functions that
can capture signal properties that extend beyond the scope of the template bank,
or deviate from the predictions of general relativity. Therefore, it is crucial to ver-
ify the consistency between the waveform reconstructions produced by the two
methods. BayesWave is one of the algorithms used to perform waveform consis-
tency tests for the detections reported in the GWTCs [35, 36, 38]. The consistency
between BayesWave and template-based reconstructions is measured using the
overlap, similar to that defined in Equation 1.43 [140].

(3) Glitch subtraction. BayesWave can simultaneously model a signal and glitch,
making it an effective glitch subtraction tool. BayesWave subtracted the glitch
overlapping with the BNS detection GW170817, while preserving the integrity of
the underlying signal [97]. Since then, BayesWave has become one of the leading
tools for glitch removal in the data-processing step before signal parameter esti-
mation, in GWTC-2 and -3 [36, 38]. The performance and impact of BayesWave in
glitch subtraction is also studied extensively in Refs. [98, 101, 102].

(4) Spectral noise estimation. As noted in Section 2.2.4, BayesWave can be used to
model the noise PSD. In the GWTCs, BayesWave is used to model the PSDs for
template-based parameter estimation of CBC detections [141].

(5) Analyzing under-constrained burst sources. In addition to all-sky searches
for generic bursts, BayesWave has also been used to characterize specific types of
unmodeled or under-constrained sources, and set upper limits on their detectabil-
ity. Examples of these sources include BNS post-mergers [142–144], eccentric
BBHs [145, 146], BBH post-merger echoes [147, 148], and CCSNe [46, 149, 150].
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(6) Model-independent parameter estimation. BayesWave signal reconstruction
using sine-Gaussian wavelets cannot be used to infer source-specific physical prop-
erties, e.g. masses and spins of CBCs. However, it can be used to estimate the sky
location and the model-independent central moments of the signal, which includes
the central time, duration, central frequency and bandwidth. The parameter esti-
mation and sky localization performance of BayesWave for BBHs and generic burst
signals, such as sine-Gaussians, Gaussians, and white noise bursts, are studied in
Ref. [151]. The overall performance of BayesWave is shown to improve for signals
that are more localized in the time-frequency plane [152]. Additionally, the impact
of expanding detector networks on BayesWave’s sky localization performance is
studied in Ref. [3].

(7) Model-independent tests of general relativity. BayesWave is used for the
model-independent residual test of general relativity for GW150914 [56] defined
below, as well as for other CBC candidates reported in the GWTCs [153–155].
This approach employs BayesWave to search for excess power in residual data af-
ter subtracting the best-fitting signal template predicted by general relativity. The
presence of excess power, or lack thereof, quantifies the degree of agreement be-
tween the waveforms predicted by general relativity and the observed data.

(8) Study of GW polarizations. The signal model described in Section 2.2.2 com-
prises two tensor polarizations, consistent with the predictions general relativity.
Nevertheless, BayesWave’s signal model can be generalized to include up to six
polarizations, accounting for the scalar and tensor polarizations predicted by al-
ternative theories of gravity. The generalized model is used in Ref. [156] to (i)
study the ability to constrain the presence of scalar/vector polarization in addi-
tion to the tensor polarizations in GW detection candidates, and (ii) place upper
limits on the detectability of scalar/vector polarizations.

In the remainder of this thesis, we study three different aspects of the performance and
applications of BayesWave. In Chapter 3, we assess the multi-detector burst detection
performance of BayesWave in the presence of glitches. In Chapter 4, we explore the
possibility of using BayesWave to detect frequency-specific GW signatures and conse-
quently constrain explosion models of CCSNe. In Chapter 5, we present BayesWave as
a tool for characterizing GW burst polarizations.
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Chapter 3

Impact of noise transients on gravitational-wave burst
detection efficiency of the BayesWave pipeline with

multi-detector networks

This chapter is a reproduction of [4]

Y. S. C. Lee, M. Millhouse, and A. Melatos,
Physical Review D 109, 082002 (2024).

reformatted with the following changes only:

• Section II of Ref. [4] is excluded from this chapter as it has been adapted
and incorporated into Chapter 2 of this thesis.

• The first two paragraphs of Section 3.7.2 are revised and expanded in re-
sponse to suggestions from the thesis examiners.

• The text is styled to match the rest of this thesis.

• Notations are updated to match the rest of this thesis.

• Where necessary, bibliographic records are updated.

3.1. Abstract

Detection confidence of the source-agnostic gravitational-wave burst search pipeline
BayesWave is quantified by the log signal-versus-glitch Bayes factor, lnBS ,G. A recent
study shows that lnBS ,G increases with the number of detectors. However, the increas-
ing frequency of non-Gaussian noise transients (glitches) in expanded detector networks
is not accounted for in the study. Glitches can mimic or mask burst signals result-
ing in false alarm detections, consequently reducing detection confidence. This paper
presents an empirical study on the impact of false alarms on the overall performance of
BayesWave, with expanded detector networks. The noise background of BayesWave for
the Hanford-Livingston (HL, two-detector) and Hanford-Livingston-Virgo (HLV, three-
detector) networks are measured using a set of non-astrophysical background triggers
from the first half of Advanced LIGO and Advanced Virgo’s Third Observing Run (O3a).
Efficiency curves are constructed by combining lnBS ,G of simulated binary black hole
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signals with the background measurements, to characterize BayesWaves’s detection ef-
ficiency as a function of the per-trigger false alarm probability. The HL and HLV net-
work efficiency curves are shown to be similar. A separate analysis finds that detection
significance of O3 gravitational-wave candidates as measured by BayesWave are also
comparable for the HL and HLV networks. Consistent results from the two independent
analyses suggests that the overall burst detection performance of BayesWave does not
improve with the addition of Virgo at O3a sensitivity, because the increased false alarm
probability offsets the advantage of higher lnBS ,G.

3.2. Introduction

The Advanced Laser Interferometer Gravitational-Wave Observatory (LIGO) [76] de-
tectors in Hanford, Washington and Livingston, Louisiana, USA have completed three
observing runs O1, O2 and O3 between 2015 and 2020, two of which were joint observa-
tions with the Advanced Virgo detector in Cascina, Italy [77]. The Kamioka Gravitational
Wave Detector (KAGRA) [78] located in Hida, Japan also came online towards the end
of O3, conducting a joint observation (O3GK) [157] with the GEO600 [79] detector in
Hannover, Germany. As of the three observing runs, around 90 candidate gravitational
wave (GW) events were collectively observed and reported in the Gravitational-wave
Transient Catalogs (GWTCs) [35, 36, 38]. In May 2023, the LIGO-Virgo-KAGRA (LVK)
collaboration began the fourth observing run O4 with the two LIGO detectors. The Virgo
and KAGRA detectors are also expected to join O4 at a later date.

GW events observed so far by the LVK detectors are compact binary coalescences
(CBCs), namely the mergers of binary black holes (BBH), binary neutron stars and neu-
tron star-black hole binaries. CBCs are transient GW events, otherwise known as GW
burst sources. Aside from CBCs, we expect to observe GW bursts from other astro-
physical sources including but not limited to core-collapse supernovae [158–160], pulsar
glitches [161], magnetar bursts1 [162, 163], nonlinear gravitational memory due to low-
mass BBH mergers [164] and cosmic string cusps or kinks [165–167]. In addition, the
possibility exists of GW bursts from astrophysical objects or processes that have not yet
been discovered through electromagnetic observations. By their nature, GW waveforms
of such novel signals are unclassified at present.

Traditionally, GW transient search pipelines use a matched filter [168–171] to com-
pare the data to a bank of waveform templates obtained through various waveform mod-
eling techniques [172–175]. Unlike CBCs, the waveforms of most prospective GW burst
sources vary unpredictably from one event to the next and involve complicated physics
beyond general relativity (e.g. hydrodynamics and neutrino transport). It is challeng-
ing to construct robust models with a few well-defined parameters which predict the
waveforms, so template-based matched-filter searches for unmodeled GW bursts are
impractical.

Several developed and emerging pipelines exist to perform source-agnostic GW burst
searches [117, 121, 123], including but not limited to coherent WaveBurst (cWB) and
BayesWave. The cWB [114–116, 176] burst search pipeline is used for offline analysis

1Magnetar bursts are short bursts (∼ 0.1s) of soft gamma-rays emitted by highly magnetized, isolated
neutron stars. Their physical mechanism is unknown.
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and online, low-latency generation of triggers for electromagnetic followups. Detec-
tion statistics of the cWB algorithm scales with the excess power in the time-frequency
domain. BayesWave uses the transdimensional Reversible Jump Markov Chain Monte
Carlo (RJMCMC) algorithm which adjusts the model dimension in response to the data.
For that reason, BayesWave is computationally intensive and is only used to follow-up
potential GW candidates identified by other search pipelines. In the all-sky GW burst
searches of the three Advanced LIGO and Advanced Virgo observing runs [44–46], cWB
is used to analyze the full dataset and BayesWave is used to follow-up cWB triggers
[1, 2, 136]. Previous studies have shown that hierarchical implementation of cWB and
BayesWave enhances detection confidence [139].

As of O4, the LVK global network comprises of four large-scale detectors. With
the commissioning of LIGO-India well under way [82], the network of GW detectors
is expected to expand in the coming years. The expanding network of detectors with
improved sensitivities increases the duty cycle, sky coverage and the accuracy of sky
localization [90, 177]. However, having more detectors also increases the susceptibility
of the network to transient non-astrophysical disturbances, as noted in O3 [36, 38, 46,
101]. These non-Gaussian instrumental noise transients, otherwise known as “glitches”,
appear as excess power in detector data and can mimic or mask unmodeled GW bursts.
To enable high confidence detections with high astrophysical significance, glitches have
to be identified and mitigated appropriately. Several efforts have been made to identify
and characterize glitches by their origin and/or morphology [96, 99, 178–180]. Three
common glitches in the LIGO-Virgo detectors are termed blip [181], whistle [182] and
scattered light [183]. The whistle and scattered light glitches are of relatively longer
duration (∼ 0.7-2.0 s) and their origins are well-understood. Blip glitches, on the other
hand, are transient power spikes which lasts for∼ 0.1 s and spans a wide frequency band
(∼ 102 Hz), typically of unknown origin. In cases where the glitch origin is unknown,
further investigations are necessary before flagging a glitch and regressing it from the
data to avoid overlooking astrophysical signals [101, 184–190].

The BayesWave algorithm enables the joint detection and characterization of GW
burst and instrumental glitches, with no a priori assumptions of the source or morphol-
ogy. Studies have been conducted to evaluate various aspects of BayesWave’s perfor-
mance with multi-detector networks, including detection confidence, parameter estima-
tion and waveform reconstruction [3, 85, 139, 140, 151]. In Ref. [3], the detection con-
fidence of BayesWave with multi-detector networks is quantified using the algorithm’s
detection statistic: the log signal-to-glitch Bayes factor, lnBS ,G. The study showed an-
alytically that increasing the number of detectors in a network has a positive impact
on lnBS ,G, following derivations in Ref. [85]. The results are verified empirically with
simulated BBH signals. While the outcome is promising, the study does not consider
the increase in glitch rate in an expanded detector network, i.e. it only focuses on the
lnBS ,G of astrophysical events injected into simulated data in the absence of glitches.
This paper generalizes Ref. [3], presenting a fuller analysis of BayesWave’s burst detec-
tion performance with expanded detector networks by accounting for the detector noise
background using real detector data. For noise background measurements, we combine
data from the first half of O3 (O3a) for the LIGO Hanford (H), LIGO Livingston (L) and
Virgo (V) detectors, in particular the HL (two-detector) and HLV (three-detector) net-
works. We compare the overall performance of BayesWave between the HL and HLV
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networks in O3a, noting that Virgo is less sensitive than HL; in contrast, the sensitivities
of all three detectors may be comparable in future observing runs. The performance
of BayesWave is evaluated by comparing the lnBS ,G produced by astrophysical signals
against the respective detector network backgrounds, using two independent injection
sets. A set of simulated BBH signals is used to construct efficiency curves for character-
izing BayesWave’s detection efficiency as a function of detection significance. To check
for consistency, we analyze O3-like CBC signals to measure BayesWave’s detection sig-
nificance of O3 GW candidates from GWTC-2 [36] and GWTC-3 [38].

The rest of this paper is organised as follows. In Section 3.3 we discuss the datasets
used to study BayesWave’s performance: (i) HL and HLV background triggers for back-
ground measurements, (ii) simulated BBH injections and (iii) O3-like CBC waveform in-
jections. In Section 3.4 we present BayesWave’s background measurements. In Section
3.5 we present the results for BayesWave’s efficiency analysis with the simulated BBH
injections, and in Section 3.6 the significance measurements for the O3 GW candidates.
We summarize our findings and discuss avenues for future work in Section 3.7.

3.3. BayesWave efficiency analysis

In standard GW searches, the astrophysical significance of a detection candidate is de-
termined by the frequency of false alarms. False alarms are non-astrophysical events
with detection statistics corresponding to that of GW candidates. To estimate the preva-
lence of false alarms, one can count the number of triggers produced by the detector
background which does not contain astrophysical signals.

Ref. [3] assesses BayesWave’s detection confidence for expanded detector networks
using only the detection statistic lnBS ,G produced by astrophysical events. However as
the global detector network expands, the likelihood of instrumental glitches increases.
The associated increase in false alarm detections reduces astrophysical significance of
detections, thereby reducing detection confidence. Unmodeled burst searches (e.g. with
BayesWave) place fewer constraints on the waveform morphology, and are therefore
confounded more readily by glitches compared to modeled searches (e.g. with a matched
filter) [191–195]. Since the significance of lnBS ,G is influenced by false alarms, we
present a more complete analysis of BayesWave’s performance with expanded detector
networks by considering the impact of detector noise backgrounds on detection confi-
dence.

We use detection efficiency Pdet as a figure of merit to compare the overall per-
formance of BayesWave between the HL (two-detector) and HLV (three-detector) net-
works. Pdet is typically characterized as a function of detection significance by means
of a receiver-operating-characteristic (ROC) curve2, also known as an efficiency curve.
In this study, we use the per-trigger false alarm probability PFA as a measure of signif-
icance. We define PFA as the probability that a trigger measured with a given detection
statistic is a false alarm, and Pdet as the probability of detecting an astrophysical event
with a given significance. Higher PFA indicates low astrophysical significance. There-
fore higher Pdet is achieved, if higher PFA is tolerated. PFA should not be confused with

2Typical ROC curves plot probability of detection (true positives) on the vertical axis and probability
of false alarm (false positives) on the horizontal axis
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the false alarm rate (FAR), which measures the number of false alarms per unit time. We
further discuss the difference in Section 3.4, and explain why we use PFA instead of FAR
in our analysis.

In order to measure PFA, we need to understand the distribution of lnBS ,G produced
by the detector noise background. It is challenging to construct models that can accu-
rately predict the noise background, so we empirically obtain the background distribu-
tion by applying BayesWave to triggers identified by cWB from time-shifted background
data of the HL and HLV networks. The distribution of lnBS ,G produced by the back-
ground triggers is then used to compute PFA. Using BayesWave to recover a population
of injected signals, we obtain a distribution of lnBS ,G for astrophysical events. Combin-
ing lnBS ,G of background triggers and astrophysical injections, we compute Pdet as a
function of PFA to construct efficiency curves. We discuss the methods of constructing
efficiency curves in greater detail in Section 3.5.1.

To study the impact of the noise background on BayesWave’s overall performance
with expanded detector networks, we compare the efficiency curves between the HL and
HLV networks for a synthesized population of BBHs. As a consistency check, we also
analyze a set of O3-like CBC waveforms to measure and compare BayesWave’s detection
significance of O3 GW detection events for HL and HLV. In the following sections, we
detail the background and injection datasets for the analyses.

3.3.1. Background data

In GW data analysis, it is standard practice to use the time-shifting method to create
pseudo-real detector datasets for noise background estimations [44–46, 196–198]. The
time-shifting method introduces artificial time off-sets between the outputs of GW de-
tectors operating in concert. The offsets are much larger than the coherence time (∼10
ms) of any real GW signals between the detectors, determined by the distance between
the detectors and the GW propagation speed. As a result, coincident triggers in the time-
shifted data cannot be astrophysical. By performing time-shifts repetitively on months
worth of detector data, we obtain an artificially extended set of background data with
effective livetimes3 spanning thousands of years. We can use this to estimate PFA by
empirically measuring the fraction of background (i.e. noise-induced) triggers above a
selected detection threshold in the time-shifted background [196].

In the Advanced LIGO and Advanced Virgo all-sky searches for short GW bursts
[44–46], the cWB algorithm is used to analyze the full observational data. Due to the
implementation of RJMCMC, BayesWave is computationally intensive. Thus, BayesWave

is only used to follow-up subsets of cWB triggers. Although Ref. [139] has shown that
the hierarchical implementation of cWB and BayesWave enhances detection confidence
in all-sky burst searches, the aim of our study is to assess the independent burst detection
performance of BayesWave. By convention, we use pre-existing trigger lists generated by
the cWB pipeline [46, 176] to downselect triggers for BayesWave background measure-
ments, but we do not make any claims on cWB’s background and detection efficiency.
We choose to use the trigger list for the first half of O3 (O3a), acquired from the cWB
low-frequency (16−1024 Hz) all-sky analysis of the full time-shifted O3a background
data. The analysis is conducted separately for the HL and HLV networks, on background

3The extended time interval obtained as a result of time-shifting is known as the effective livetime.
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data obtained by applying time-shifts on 104.94-day (HL) and 75.19-day (HLV) segments
of the real-time O3a detector data. The time-shifted background data accumulates 981
years and 573 years of effective livetimes for the HL and HLV networks respectively.

We select triggers by thresholding their cWB detection statistic, ηc, which scales
with the network SNR of the signal present in the data [114, 115]. We arbitrarily nom-
inate ηc,threshold = 7 as the significance threshold, in line with previous work [46, 139].
Triggers below the threshold are presumed to have insignificant impacts on detection
efficiency and therefore excluded from the noise background measurement. cWB iden-
tifies 2 × 103 and 7 × 103 triggers4 with ηc > ηc,threshold in the HL and HLV back-
ground datasets respectively, but thousands of triggers are still too expensive to han-
dle computationally in this paper. A straightforward approach is to increase ηc,threshold,
but that would deliberately exclude low-SNR triggers from the background measure-
ment. To avoid implementing a stricter ηc,threshold, we run BayesWave on a fraction (de-
noted by X) of randomly selected triggers from the full trigger list, all of which satisfy
ηc > ηc,threshold = 7. We setX = 0.45 andX = 0.15 for the HL and HLV datasets respec-
tively to deliver roughly equal numbers of triggers from the two networks. The reduced
HL and HLV background datasets consist of 1008 and 1134 triggers respectively. We em-
ploy BayesWave to analyse the datasets to obtain lnBS ,G for each background trigger.
The BayesWave analysis uses the same settings as the Advanced LIGO and Advanced
Virgo O3 all-sky search for short GW bursts [46] (see Appendix 3.A1).

From the BayesWave analysis, we flag background triggers that are more consistent
with the pure Gaussian-noise model, N than the composite signal plus Gaussian-noise
model S . By definition, the lnBS ,N error bars of these triggers encompass values less
than or equal to zero, i.e.

lnBS ,N −∆ lnBS ,N ≤ 0 (3.1)

where ∆ lnBS ,N =
√

[∆ lnp(d|S)]2 + [∆ lnp(d|N )]2 is the width of the error bars and
∆ lnp(d|M) denotes the uncertainty of the log evidence of model M [1]. For these
Gaussian-noise-like triggers, the lnBS ,G is meaningless as it serves to compare the evi-
dences of models that characterize non-Gaussianity. Nevertheless, these triggers cannot
be discarded from the background measurement as they satisfy ηc > ηc,threshold. There-
fore we assign them with an arbitrarily low detection statistic, lnBS ,G = −500, to indi-
cate minimal astrophysical significance. A total of 268 (218) out of 1008 (1134) HL (HLV)
triggers are assigned lnBS ,G = −500.

We present and discuss the background measurements in Section 3.4.

3.3.2. Injections

In addition to the background measurement, the detection statistic distribution for as-
trophysical signals is required to evaluate BayesWave’s burst detection performance. We
inject waveforms of known morphology and recover them using BayesWave to empiri-
cally measure the distribution of lnBS ,G. Since CBCs are well-understood, we use them
in this study to assess BayesWave’s independent performance with HL and HLV. We

4These counts include triggers from all three search bins used in the cWB O3a low-frequency burst
analysis: LF1, LF2 and LF3. The bins are classified based on trigger morphologies. Classification details
can be found in [46] and [199].
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analyze two different source populations: Injection Set 1 (IS1), comprising phenomeno-
logical BBH waveforms with fixed component masses but uniformly distributed SNR
and extrinsic parameters, and Injection Set 2 (IS2), comprising CBC waveforms with pa-
rameters that resemble real GW events from O3. The following two subsections describe
the objective and properties of each injection dataset in order.

Phenomenological BBH waveforms (IS1)

IS1 consists of simulated BBH waveforms with a choice of parameter space encompass-
ing the range detectable by the Advanced LIGO and Advanced Virgo detectors. The
waveforms are added to temporally spread out segments of HL and HLV data across all of
O3a to reflect practical observation intervals. We use IS1 to characterize BayesWave’s de-
tection efficiency (Pdet) as a function of detection significance (PFA) via efficiency curves
and compare the performance of BayesWave with the HL and HLV networks.

IS1 copies the injection set described in Section V of Ref. [3]. It consists of 1200
simulated BBH waveforms phenomenologically modeled using the IMRPhenomD [137,
138] approximant. The BBH sources are non-spinning, non-precessing and have equal
component masses of 30M⊙. They also have uniformly distributed sky locations, in-
clinations and polarization angles. The distances are randomly sampled such that the
signal amplitude is detectable in simulated HLV data with network signal-to-noise ratio
within range 10 ≤ SNRnet ≤ 50. We use the same injection dataset for both the HL and
HLV networks; we simply exclude Virgo data in the HL analysis. By Equation 1.28, we
expect SNRnet of any given event to be lower in the HL network compared to HLV.

The analysis in Ref. [3] injects and recovers waveforms using projected (simulated)
O4 detector data. However, BayesWave’s background measurements for HL and HLV in
this study are carried out using O3a background triggers as discussed in Section 3.3.1.
In order to measure the Pdet as a function of PFA, detection statistics (lnBS ,G) of the
astrophysical signals must be compared with the background triggers of the same de-
tector data. Thus we inject IS1 into arbitrarily selected segments of HL and HLV data
throughout O3a. The O3a strain data is publicly available at the Gravitational Wave
Open Science Center (GWOSC) [200, 201] and Figure 2 of Ref. [36] shows representative
amplitude spectral densities of the detectors. As with the background, IS1 is analyzed
using the same BayesWave settings as Ref. [46].

Events of IS1 are injected into O3a data with the same distances sampled from the
simulated data. Since O3a data is noisier and has a different characteristic PSD com-
pared to the simulated HLV data, the SNRnet of IS1 events when injected into O3a data
is lower than the referenced range 10 ≤ SNRnet ≤ 50. In order to assess BayesWave’s
performance under conditions relevant to practical searches, events below a designated
detection threshold must be eliminated from the injection data. This is because they
cannot serve as triggers by definition, in the same way that background triggers with
ηc < ηc,threshold = 7 do not count as false alarms. Since this a designated search to as-
sess the stand-alone efficiency of the BayesWave algorithm, independent of cWB, we set
a nominal significance threshold of SNRcut-off = 10 for BayesWave viz. only injection
events with SNRnet ≥ SNRcut-off in both the HL and HLV networks are adequately signif-
icant to be followed-up by BayesWave and included in the efficiency curve analysis. Out
of 1200 injections, 412 non-detection events are filtered out from IS1, leaving 788 events
going forward.
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From the remaining 788 events, BayesWave identifies 157 (89) events consistent with
Gaussian noise in the HL (HLV) network according to the lnBS ,N constraint defined
in Section 3.3.1. These events are retained in the analysis dataset since they satisfy
SNRnet ≥ 10 but as with the background triggers, they are assigned lnBS ,G = −500
to indicate low detection significance.

To show the overall distribution of IS1 events, we plot lnBS ,G versus SNRnet for the
HL (blue circles) and HLV (orange stars) injections in Figure 3.1. The plot shows all
but the lnBS ,G = −500 events to focus on events with astrophysically relevant lnBS ,G.
Injections with comparable SNRnet are evidently recovered with higher lnBS ,G in HLV
compared to HL. This observation is consistent with Ref. [3] where lnBS ,G is analytically
and empirically shown to increase primarily with I .

Despite the astrophysical origin of IS1, BayesWave recovers two of the HL events
with lnBS ,G < 0 , −500 in Figure 3.1, suggesting that the evidence for the ‘incoherent’
glitch model (G) is higher than for the ‘coherent’ signal model (S ). These events are
also not consistent with Gaussian-noise i.e. they have lnBS ,N > 0. This is because the
injected signal power in the frequency domain is only marginally above the sensitivity
threshold in one detector, and is approximately one order of magnitude lower in the
other. Equation 2 shows that the sensitivity of each detector to different sky locations,
at a given time, depends on the antenna pattern functions. Therefore the lnBS ,G < 0
recovery of the two HL injections, caused by the signal power imbalance across the
detectors, is an inadvertent result of mismatched detector sensitivities to the randomly
sampled sky locations at the time of injection. With additional coherent signal power
from Virgo, the HLV-equivalents of these two events are recovered with lnBS ,G ∼ 101.
This argument also applies to IS2 injections, discussed in Section 3.3.2. We present the
results of BayesWave detection efficiency analysis with IS1 in Section 3.5.

O3-like CBC waveforms (IS2)

To check for consistency with IS1, we measure BayesWave’s detection significance for
real GW detection events in terms of PFA, and compare the measurements between the
HL and HLV networks. For this purpose, we implement BayesWave on IS2 consisting
CBC waveforms resembling O3a and O3b GW events from GWTC-2 [36] and GWTC-3
[38] respectively, otherwise known as off-source injected waveforms.

In IS1 the BBH waveforms are sampled from a fixed parameter space and added to
detector data spread out across all of O3a; in IS2 the off-source injections are sampled
from the matched-filter source parameter posteriors for GW detection events and added
into the background data around the event epoch. Off-source injections are used in the
GWTCs to test the consistency5 between matched-filter (template-based) CBC wave-
forms and minimally-modeled waveform reconstructions (e.g. cWB and BayesWave) [35,
36, 38].

5Consistency test are performed by comparing the on-source and off-source match. On-source
waveforms are reconstructed directly from the event data. The match, defined by O = ⟨h1 |
h2⟩/

√
⟨h1 | h1⟩⟨h2 | h2⟩, measures the overlap between two waveforms h1 and h2. ⟨· | ·⟩ is the noise-

weighted inner product [202]. On-source match compares the maximum likelihood waveform from
template-based parameter estimation of the actual event with the point estimate from minimally-modeled
reconstructions; off-source match compares the off-source injections with their respective reconstruc-
tions.

49



Figure 3.1: Log signal-to-glitch Bayes factor lnBS ,G versus network signal-to-noise ratio
SNRnet for IS1. The blue circles (orange stars) correspond to HL (HLV) network injec-
tions; each data point corresponds to a single injection. Gaussian-noise-like events with
lnBS ,G = −500 are not shown.

IS2 comprises off-source injections of 22 independent GW events detected by the
HLV network in O3. We summarize the relevant event properties in Table 3.1. All events
listed in Table 3.1, except for GW200202_154313, are BayesWave waveform consistency
test candidates [36, 38]. GW200202_154313 is excluded from the GWTC-3 consistency
test due to low on-source match, but since the off-source injections for this event are
available there is no reason to exclude it from IS2 for the assessment of BayesWave’s
detection significance. A set of 200 off-source injections is available for each of the 22
GW events [36, 38]. We arbitrarily select 50 out of the 200 off-source injections for each
GW event, totaling 22×50 = 1100 injections in IS2. Even though a fraction of the GW
events are O3b detections, we inject all off-source events into segments of O3a HLV data
to ensure comparability with the O3a noise background described in Section 3.3.1. The
HL data are equivalent to the HLV data with Virgo removed.

As with IS1, only injections above the BayesWave significance threshold are retained
in IS2. The last column in Table 3.1 shows the number of off-source injections that ex-
ceeds the significance threshold i.e. SNRnet ≥ SNRcut-off = 10 for each GW event. There
are four GW events with less than 25 off-source injections (i.e. < 50%) satisfying the sig-
nificance threshold, namely: GW190517_055101, GW190720_000836, GW190828_065509
and GW200219_094415. Since the SNRnet of off-source injections for these four events
are sampled from match-filter network SNR posteriors with medians ≲ 11 (see Table
3.1), they are less likely to satisfy SNRnet ≥ 10. Assessments of astrophysical signifi-
cance for GW events with ≤ 25 off-source injections are unreliable due to insufficient
PFA measurements. Therefore, the four events listed above are excluded from the IS2
analysis. For the remaining 18 GW events, the numbers of injections shown in the last
column of Table 3.1 include events that are more consistent with Gaussian noise than
a GW signal according to BayesWave. As discussed in Section 3.3.1, these events are
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LVK run Event name m1
(M⊙)

m2
(M⊙)

Network
SNR†

# off-source
injections in IS2

O3a GW190408_181802 24.6+5.1
−3.4 18.4+3.3

−3.6 15.3+0.2
−0.3 50

O3a GW190412 30.1+4.7
−5.1 8.3+1.6

−0.9 18.9+0.2
−0.3 48

O3a GW190503_185404 43.3+9.2
−8.1 28.4+7.7

−8.0 12.4+0.2
−0.3 47

O3a GW190512_180714 23.3+5.3
−5.8 12.6+3.6

−2.5 12.2+0.2
−0.4 40

O3a GW190513_205428 35.7+9.5
−9.2 18.0+7.7

−4.1 12.9+0.3
−0.4 49

O3a GW190517_055101 37.4+11.7
−7.6 25.3+7.0

−7.3 10.7+0.4
−0.6 21

O3a GW190519_153544 66.0+10.7
−12.0 40.5+11.0

−11.1 15.6+0.2
−0.3 48

O3a GW190521 95.3+28.7
−18.9 69.0+22.7

−23.1 14.2+0.3
−0.3 44

O3a GW190602_175927 69.1+15.7
−13.0 47.8+14.3

−17.4 12.8+0.2
−0.3 44

O3a GW190706_222641 67.0+14.6
−16.2 38.2+14.6

−13.3 12.6+0.2
−0.4 41

O3a GW190720_000836 13.4+6.7
−3.0 7.8+2.3

−2.2 11.0+0.3
−0.7 24

O3a GW190727_060333 38.0+9.5
−6.2 29.4+7.1

−8.4 11.9+0.3
−0.5 49

O3a GW190728_064510 12.3+7.2
−2.2 8.1+1.7

−2.6 13.0+0.2
−0.4 48

O3a GW190828_063405 32.1+5.8
−4.0 26.2+4.6

−4.8 16.2+0.2
−0.3 48

O3a GW190828_065509 24.1+7.0
−7.2 10.2+3.6

−2.1 10.0+0.3
−0.5 19

O3a GW190915_235702 35.3+9.5
−6.4 24.4+5.6

−6.1 13.6+0.2
−0.3 47

O3a GW190924_021846 8.9+7.0
−2.0 5.0+1.4

−1.9 11.5+0.3
−0.4 36

O3b GW200129_065458 34.5+9.9
−3.2 28.9+3.4

−9.3 26.8+0.2
−0.2 50

O3b GW200202_154313 10.1+3.5
−1.4 7.3+1.1

−1.7 10.8+0.2
−0.4 35

O3b GW200219_094415 37.5+10.1
−6.9 27.9+7.4

−8.4 10.7+0.3
−0.5 13

O3b GW200224_222234 40.0+6.9
−4.5 32.5+5.0

−7.2 20.0+0.2
−0.2 36

O3b GW200311_115853 34.2+6.4
−3.8 27.7+4.1

−5.9 17.8+0.2
−0.2 48

Table 3.1: List of O3 GW events used to generate the off-source injections of IS2. The
columns from left to right show: (i) The LIGO-Virgo-KAGRA (LVK) observing run in
which the event was detected, (ii) event name, (iii) primary component mass m1, (iv)
secondary component mass m2, (v) HLV network matched-filter SNR† and (vi) number
of off-source injections (out of 50) that satisfy SNRnet ≥ SNRcut-off and retained in IS2.
Source parameter values displayed in the table are the median and the 90% symmetric
credible intervals of the Bayesian posterior. Information in this table is copied directly
from Table VI of GWTC-2 [36] (O3a events) and Table IV of GWTC-3 [38] (O3b events).
†The network matched-filter SNR in this table is not to be confused with SNRnet which
denotes injected network SNR of IS1 and IS2 events.
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Figure 3.2: lnBS ,G versus SNRnet for IS2 off-source injections of GW190512_180714
(pink), GW190408_181802 (green) and GW190412 (purple). The vertical dashed lines
in the respective colors at SNRnet = 12.2, 15.3, 18.9 indicate the median HLV network
match-filter SNRs of the GW events (from Table 3.1). The circles and stars correspond
to HL and HLV injections respectively. Gaussian-noise-like events with lnBS ,G = −500
are not shown.

assigned lnBS ,G = −500 to indicate low significance.
Figure 3.2 shows the distribution of off-source injections in IS2 for each GW event

in different colors. To avoid clutter, we show only three arbitrarily selected events with
contrasting HLV network match-filter SNRs from Table 3.1, namely GW190512_180714
(pink), GW190408_181802 (green) and GW190412 (purple). Each circle (star) data point
correspond to an individual HL (HLV) injections. For each GW event in Figure 3.2, the
off-source injection SNRnet are distributed within an approximate range of ±5 from their
respective median HLV network match-filter SNR, indicated by the vertical dashed lines
in corresponding colors. The lnBS ,G also scales with I , consistent with Ref. [3]. Accord-
ing to Table 3.1, the three events in Figure 3.2 also have comparable number of off-source
injections in IS2. However, the number of injections for GW190512_180714 (pink) is
visibly lower than the other two events, because the plot excludes Gaussian-noise-like
events with lnBS ,G = −500. GW190512_180714 has the lowest network match-filter
SNR of the three events, so its offsource injections in both the HL and HLV networks
also have comparably lower SNRnet. Hence, the BayesWave evidences favours the Gaus-
sian noise model more strongly than the signal model for a larger proportion (∼50%) of
GW190512_180714’s offsource injections c.f. ∼0−5% for the other two events.

The comparison of BayesWave’s detection significance (PFA) between the HL and
HLV networks is presented in Section 3.6, for all 18 O3 GW events in IS2.
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3.4. Background measurements

In this section, we discuss the suitability of using PFA (as opposed to FAR) as a signifi-
cance measure for the purpose of our analysis. We then present and discuss the noise
background measurements. Using the dataset described in Section 3.3.1, we obtain the
distribution of PFA as a function of lnBS ,G.

PFA is the probability that a trigger of a given detection statistic (lnBS ,G) is a false
alarm i.e. non-astrophysical. In the context of hypothesis testing, PFA represents the false
positive rate (type I error) and is a dimensionless quantity by definition. In contrast,
FAR measures the temporal frequency of false alarms producing a detection statistic
value equal to or higher than a specified GW candidate event [22]. In other words, FAR
is a time-average quantity which conflates BayesWave’s performance with engineering
factors such as the detector glitch rate. As discussed in Section 3.3.1, BayesWave is not
suitable for a full all-sky search of an observational dataset and is used instead to follow
up triggers identified by other burst search pipelines like cWB. In this study, we measure
BayesWave’s background for the HL and HLV networks using populations of background
triggers arbitrarily downselected from the cWB all-sky analysis of the respective O3a
time-shifted background data. Since PFA is time-independent and marginalizes over the
number of triggers analyzed, it relates directly to how BayesWave is used in this study.
It is therefore more appropriate to compare BayesWave’s performance between the HL
and HLV networks using PFA as a measure of detection significance6.

Figure 3.3 shows the HL and HLV network background as measured by BayesWave

with the background trigger datasets described in Section 3.3.1. PFA, plotted on the ver-
tical axis, is computed as the fraction (i.e. per-trigger probability) of non-astrophysical
triggers in the background exceeding the corresponding lnBS ,G on the horizontal axis.
We restrict the plot to lnBS ,G > −20, the range relevant to real astrophysical signals.
Although not shown in Figure 3.3, triggers with lnBS ,G < −20 are included in the de-
nominators for computing PFA, that is 1008 and 1134 respectively for HL and HLV. To
estimate the uncertainties in our background measurements, we conventionally assume
the detector noise background can be modeled as a Poisson process. The shaded regions
show the 1 σ Poisson uncertainty region for HL and HLV in corresponding colors. In
Appendix 3.A2, we show the implementation of PFA in Poisson statistics as opposed to
FAR, along with the derivation of the Poisson uncertainty regions.

The background measurements show that PFA is higher for HLV than for HL at all
lnBS ,G as the occurrence of background triggers increases with the number of detectors.
As a result, events detected by the HLV network need to attain a higher lnBS ,G in order
to achieve the same significance (PFA) as the HL network. For example, to achieve PFA =
0.1, a HL event requires lnBS ,G = 25.6; c.f. lnBS ,G = 43.1 for HLV. Additionally, lnBS ,G
of the HLV background triggers are higher overall compared to HL. This is because
the increased trigger frequency in HLV results in the increased likelihood of coincident
triggers which more closely resemble coherent signals, and are therefore recovered with
higher detection statistics by BayesWave. Furthermore, the misalignment of the Virgo

6PFA should not be confused with the definition of false alarm probability, FAP = 1−exp(−Tobs ×FAR)
used in other analysis pipelines e.g. PyCBC [108]. FAP is the probability of finding one or more noise back-
ground events with significance equal to or higher than FAR (of a candidate event) within an observation
period Tobs.

53



Figure 3.3: Background measurements for the BayesWave algorithm. The blue (orange)
curve corresponds to the HL (HLV) background measured using the downselected O3a
background triggers described in Section 3.3.1. The shaded bands show the 1-σ Poisson
uncertainty regions for each network in corresponding colors.

detector senses a different signal polarization to the two co-aligned LIGO detectors, thus
imposing a less stringent constraints on signal coherence. This reduces the efficiency of
HLV in discriminating coincident glitches from signals.

3.5. BayesWave detection efficiency with BBH wave-
forms

3.5.1. Constructing efficiency curves

In Ref. [139], the performance of a hierarchical pipeline consisting of cWB and BayesWave

is quantified using efficiency curves, which show the fraction of injected signal wave-
forms recovered above various significance thresholds. We use the same approach in
this work to study the independent performance of BayesWave. Using IS1 described in
Section 3.3.2, we construct efficiency curves for the HL and HLV networks by plotting
Pdet as a function of PFA.

As per Ref. [139], Pdet is calculated as the fraction of astrophysical events recovered
with detection statistic above a threshold. For BayesWave, this threshold is set by the
lnBS ,G corresponding to a user-selected significance i.e. PFA. As noted in Figure 3.3, the
lnBS ,G threshold is higher for HLV than for HL at a fixed PFA. The following example
shows how Pdet is computed for an arbitrary but representative choice PFA = 0.2.

Figure 3.4 shows histograms of lnBS ,G for the HL (blue) and HLV (orange) O3a back-
ground triggers in the top panel, and for IS1 in the bottom panel. The lnBS ,G thresholds
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Figure 3.4: Worked example: computing one representative point on the efficiency curve
for a significance threshold PFA = 0.2. The top panel shows the histogram of lnBS ,G for
the O3a background triggers described in Section 3.3.1. The bottom panel shows the
histogram of lnBS ,G for IS1. The HL and HLV network histograms are color-coded blue
and orange respectively. In both panels, the vertical dashed lines at lnBS ,G = 18.1 (HL)
and 34.2 (HLV) indicates the threshold for PFA = 0.2. The fraction of injections to the
right of the thresholds in the bottom panel yields Pdet = 0.74 (HL) and 0.71 (HLV).

for PFA = 0.2 is set by the background triggers in the top panel. In both panels, we
indicate the thersholds by the vertical dashed lines at 18.1 (HL, blue) and 34.2 (HLV,
orange). With the HL and HLV thresholds established, we turn to the bottom panel of
Figure 3.4 where we compute Pdet as the fraction of IS1 injections detected by HL (HLV)
greater than the threshold, i.e. to the right of the blue (orange) vertical line. We find
Pdet = 0.74 and 0.71 for HL and HLV respectively. The procedure is repeated for PFA in
the range 0 ≤ PFA ≤ 1 to construct the efficiency curves for HL and HLV.

3.5.2. Efficiency analysis

The efficiency curves of IS1 for the characterization of BayesWave’s overall burst de-
tection efficiency is shown in Figure 3.5. The blue and orange curves correspond to
the HL and HLV networks respectively. To indicate the error margins of PFA from the
background measurements, we carry over the 1-σ Poisson uncertainty regions onto the
horizontal axis of the efficiency curves. From the background measurements, we also
noted that the minimum lnBS ,G required to achieve a given significance reduces with
increasing tolerance for PFA. Therefore the efficiency curves show that Pdet increases
with PFA, as more events in IS1 satisfy the reduced lnBS ,G threshold. The cluster of data
points at Pdet = PFA = 1, disjointed from the rest of the efficiency curves, is an artifact
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Figure 3.5: BayesWave efficiency curves constructed using IS1 for the HL (blue) and
HLV (orange) networks. The shaded bands with matching colors are the 1-σ Poisson
uncertainty regions for PFA, same as in Figure 3.3. The region where PFA ≤ 0.4 is shaded
green to indicate astrophysical relevance.

from assigning an arbitrarily low significance of lnBS ,G = −500 to Gaussian-noise-like
events. As discussed in Section 3.3.2, these events occupy 20% (11%) of the HL (HLV)
IS1 injections. Therefore we observe a discrete jump in the fraction of recovered injec-
tions i.e. Pdet of HL (HLV) from 0.80 (0.89) to 1. We also note a gap in the PFA between
the cluster of data points and the point before PFA = 1. This is because the second lowest
lnBS ,G for the HL and HLV IS1 injections are of order −101 according to Figure 3.1.

In order to assess the overall detection efficiency of BayesWave with the HL and
HLV networks, we focus on the region where PFA is low enough to be astrophysically
relevant. We arbitrarily define this region to be where PFA ≤ 0.4 as indicated by the
green shading. In this region, Pdet of HL is generally higher than HLV, but the opposite
is true for PFA ≳ 0.25. By quantifying the ratio between HL and HLV Pdet for all data
points in PFA ≤ 0.4, we find that the HL network is only 1.02 times (i.e. 2%) more
efficient in detecting IS1 injections than the HLV network on average. Hence, there
are no significant differences in BayesWave’s overall detection efficiency with a two- or
three-detector configuration.

To justify our findings, we show the event-wise comparison of lnBS ,G between the
HL and HLV networks for IS1 in Figure 3.6, color-coded according to the SNRnet of
HLV7. The dashed diagonal line indicates where lnBS ,G is equal in both networks. For a
specified detection significance (PFA), the plot can be divided into four quadrants by the
corresponding lnBS ,G thresholds of the HL and HLV networks. Using PFA = 0.2 again
as a representative example, we indicate the HL (HLV) threshold with a blue (orange)

7The HL and HLV network SNRnet are equally representative of the ensemble SNRnet of IS1 (see Figure
3.1). Thus we show only the HLV network SNRnet in Figure 3.6 to avoid clutter.
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Figure 3.6: Log signal-to-glitch Bayes factor, lnBS ,G of the HLV network versus the HL
network for IS1. The color bar shows SNRnet in HLV for each injection. The diagonal line
indicates equal lnBS ,G for both networks. The dashed lines at lnBS ,G (HL) = 18.1 and
lnBS ,G (HLV) = 34.2 indicate the thresholds for PFA ≤ 0.2 with the respective networks.
Gaussian-noise-like events with lnBS ,G = −500 are excluded in this plot.

solid line in Figure 3.6. The quadrants classify IS1 events based on their detectability. A
successful detection in the HL (HLV) network is when the event lnBS ,G is higher than
the detection threshold set by the blue (orange) line. By this definition, events in the top
left quadrant (shaded orange) are detected by the HLV network only; the bottom right
(shaded blue) by the HL network only; the top right by both networks and the bottom left
by neither. We note that a fraction of events (in the blue shaded region) are only detected
by HL despite having higher lnBS ,G in HLV. This is because a successful detection with
the HLV network requires the increased lnBS ,G to satisfy a higher detection threshold to
achieve the same significance as HL. In other words, the advantage of increased lnBS ,G in
larger detector networks is offset by the higher detection thresholds due to the increased
probability of false alarms in the background. This explains why the efficiency curves
are comparable between the HL and HLV networks.

From Figure 3.6, we can also see that SNRnet affects detectability. The top right
quadrant contains events with overall higher SNRnet compared to the other quadrants.
That is, events with higher SNRnet and hence higher lnBS ,G are more likely to be de-
tected by both HL and HLV. The remaining IS1 events with lower SNRnet are distributed
across the other three quadrants where they fall short of at least one of the HL or HLV
detectability thresholds, as indicated by the orange and blue dashed lines respectively.
This is true for all PFA. We discuss the cases where events are only detected by one of
the two configurations. For events detected only by HLV (orange shaded region), it is
straightforward to argue that adding Virgo increases the sensitivity of the network to
the signal that are too low to be detected by HL. Consequently, this increases lnBS ,G and
boosts the detection significance past the required threshold. For the less intuitive case
where events are detected only by HL (blue shaded region), we need to justify for two
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scenarios: (i) where lnBS ,G for HLV is higher than HL and (ii) vice versa. The former
is discussed above. The latter suggests that the removal of Virgo boosts the signal evi-
dence. This occurs when the addition of Virgo introduces non-Gaussian noise artifacts
across the network which outweighs the sensitivity gain for the signal. These effects
matter most for low SNRnet injections.

In summary, the efficiency curves in Figure 3.5 show that BayesWave’s overall burst
detection performance with the HL and HLV networks are comparable in the nominal as-
trophysically relevant range PFA ≤ 0.4. This is because the noisier detector background
of the HLV offsets the advantage of increased lnBS ,G, as revealed by the granular event
analysis in Figure 3.6. Additionally we note that for low-SNRnet injections at any given
significance, adding an extra detector may tip them over or under the detection threshold
unpredictably, due to a hard-to-quantify trade-off between the added noise and added
sensitivity. High-SNRnet injections, on the other hand, are more likely to be detected by
both networks.

3.6. BayesWave detection significance ofO3GWevents

The analysis with IS1 inferred that the overall detection efficiency of BayesWave is com-
parable between the HL (two-detector) network and HLV (three-detector) network. Us-
ing IS2 described in Section 3.3.2, we conduct a consistency test for the results of IS1
by comparing BayesWave’s detection significance of O3 GW events between the two
network configurations.

The off-source injections in IS2 correspond to 18 independent O3 GW events. The
final column of Table 3.1 shows the number of off-source waveforms available for each
event. In order to measure the detection significance of these GW events according to
BayesWave, we first quantify the significance for each off-source injection. This is done
by comparing the recovered lnBS ,G in HL and HLV with the corresponding background
measurements in Figure 3.3. To obtain a single-valued significance measurement for
each GW event, we take the median8 PFA of the corresponding off-source waveforms.
Figure 3.7 shows the median HLV PFA versus that of HL. We use the interquartile range
(IQR), that is the range encompassing the middle 50% of the off-source PFA within each
GW event, to represent the uncertainty in our measurements. The horizontal and verti-
cal gray bars show the IQRs for the HL and HLV PFA measurements respectively. We find
that all data points are within close proximity of the diagonal line where PFA is equal for
HL and HLV. The size of the HL and HLV IQRs are also comparable. This suggests that
BayesWave’s detection significance of O3 GW events are similar for both networks, fur-
ther confirming that BayesWave’s burst detection performance with the HLV network
does not exceed HL when the detector backgrounds are taken into account.

We also note that the median PFA increases with decreasing SNRnet, because the
colors of the points darkens as one moves from the bottom left to the top right of the
plot. According to Figure 3.2, GW events with low network match filter SNR have low
SNRnet off-source injections that are generally more consistent with Gaussian noise.

8We show the median PFA instead of the mean, because the median value excludes any biases in-
troduced by the Gaussian-noise like events with PFA = 1, due to their arbitrarily low detection statistic
lnBS ,G = −500.
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Figure 3.7: PFA of the HLV network versus the HL network for O3 GW events in IS2.
Each point represents a single GW event as shown in the legend and is color coded by the
HLV SNRnet. The PFA and SNRnet shown are the medians of the off-source injections
of the corresponding event; the horizontal (vertical) gray bars span the interquartile
range of the HL (HLV) PFA measurements. The diagonal line indicates equal PFA for
both networks.

Therefore the median PFA of GW events in the top right of Figure 3.7 approaches unity.
This observation is consistent with Figure 3.6, where events with low SNRnet and hence
low lnBS ,G are only detectable by both HL and HLV when higher PFA are tolerated.
Furthermore, the size of the IQRs are within the same order of magnitude as the median
PFA viz. the PFA measurement uncertainties are larger for events with lower SNRnet
off-source injections (top right corner) compared to those with higher SNRnet (bottom
left corner). The wider IQRs suggest that the increased presence of Gaussian-noise-
like injections not only reduces the astrophysical significance, but also increases the
uncertainty in the significance measurements for GW events with low network match
filer SNR.

Altogether IS2 shows that significance measurements with BayesWave is comparable
for the HL and HLV networks, consistent with the findings of the IS1 efficiency curve
analysis. We also find that PFA and the uncertainty in its measurement increases with
decreasing network match-filter SNR.
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3.7. Conclusion and discussion

3.7.1. Summary of results

In practice, the source-agnostic BayesWave algorithm is used in conjunction with other
search pipelines to enhance detection confidence of GW transients. In this work, how-
ever, we study the stand-alone performance of BayesWave with expanded detector net-
works. Detection confidence of BayesWave is assessed using the algorithm’s detection
statistics, the log signal-to-glitch Bayes factor lnBS ,G, which measures the extent of sup-
porting evidence for the signal model over the glitch model. A previous study shows that
lnBS ,G increases with increasing number of detectors, I , in a network of GW interfer-
ometers [3]. However, the study did not account for the increase in glitch occurrence and
the associated increase in false alarm detections, as more detectors are added to the net-
work. This paper extends Ref. [3] with the goal of determining whether BayesWave’s
overall burst detection performance is enhanced or reduced as I increases, when the
detector noise background is taken into account. This is done by measuring the noise
backgrounds produced by BayesWave and comparing the efficiency curves between the
HL (two-detector) and HLV (three-detector) networks.

We obtain the noise backgrounds measurements of BayesWave for the HL and HLV
networks by analyzing non-astrophysical triggers, downselected from the cWB analysis
of the O3a time-slide background data. The background measurements show that per-
trigger false alarm probability PFA is higher in the HLV network than in HL, throughout
the astrophysically relevant range lnBS ,G ≥ −20. This is due to the increased likelihood
of background triggers with an additional detector. We reiterate that the cWB algorithm
is only used to downselect triggers for BayesWave’s background measurements, we do
not investigate cWB’s background and/or detection efficiency in this paper.

For the efficiency curve analysis, we implement BayesWave on a population of non-
precessing and non-spinning phenomenological BBH waveforms (IS1) sampled from a
parameter space detectable by the Advanced LIGO and Advanced Virgo detectors. IS1 is
injected into segments of HL and HLV data spread out across all of O3a, to ensure com-
parability of the detection statistics with the background measurements. The efficiency
curves plots detection efficiency, Pdet, of IS1 events as a function of the per-trigger false
alarm probability, PFA, to characterize BayesWave’s performance over a range of signifi-
cance thresholds. We find similar efficiency curves for the HL and HLV networks within
a nominal significance range with plausible astrophysical implications i.e. PFA ≤ 0.4. In
other words, there are no major differences between BayesWave’s overall performance
with HL and HLV. This counterintuitive finding is justified by event-wise comparison of
lnBS ,G between the HL and HLV IS1 injections in Figure 3.6. The plot reveals that the
advantage of increasing lnBS ,G with I is offset by the increased PFA. Adding more detec-
tors to the network increases the likelihood of noise events (i.e. false alarms). Therefore,
events in larger detecter networks are required to satisfy higher detection thresholds
to achieve the same significance as smaller networks. Additionally, the detectability of
events by the HL and HLV networks at any given significance threshold (PFA) scales
with SNRnet. For events with low SNRnet, the lnBS ,G and hence PFA in each detector
network are more sensitive to subtle changes in detector noise variation. Therefore, the
addition of Virgo can unpredictably tip an event over or under the HL or HLV signifi-
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cance threshold.
To check for consistency with the efficiency analysis, we separately analyze a set of

O3-like CBC waveforms (IS2), otherwise referred to as off-source injections. Parameters
of off-source injections are sampled from the match-filter posteriors of 18 GW events
from O3. We use PFA to quantify BayesWave’s significance for each GW event. This is
evaluated by comparing the lnBS ,G of their respective off-source injections with the O3a
background measurements. The comparison of PFA between HL and HLV reveals that
BayesWave recovers all 18 events with similar significance from both networks. This
result is consistent with the IS1 detection efficiency analysis.

Altogether, this study investigates the impact of glitches on the detection signifi-
cance (PFA) and the overall performance of BayesWave, as a function of I . From two
independent analyses with IS1 and IS2, we conclude that there are no significant differ-
ences between BayesWave’s overall burst detection performance with the HL and HLV
networks. Despite the improvement in detection statistic with the addition of Virgo,
the associated increase in non-astrophysical background triggers raises the detection
statistic threshold which the HLV network need to attain in order to achieve the same
per-trigger PFA as HL. Therefore the HLV configuration, despite having more detectors,
does not have an advantage over HL in terms of detection efficiency. Our findings are
consistent with previous studies [46, 203]. Although expanded detector networks im-
prove accuracy of reconstruction and sky localization of the GW signal, Refs. [46] and
[203] suggest that HL rejects glitches more efficiently compared to HLV and is therefore
preferred in unmodeled burst searches to maximize detection efficiency. This is because
HL comprises only of the co-aligned LIGO detectors with similar sensitivities to GW po-
larization components from all directions, therefore it poses more stringent constraints
on signal coherence across the network. On top of that, the overall strain sensitivity of
Virgo is lower than the two LIGO detectors in O3a, as shown in Figure 2 of Ref. [36]. This
is a reason why the HLV network does not significantly outperform the HL network.

3.7.2. Future work

Although the comparison in this work shows that the HLV network does not surpass HL
in burst-detection efficiency, it does not account for the longer duty cycles of larger net-
works. That is, the HLV network yields more data during which at least two detectors
are simultaneously observing, compared to HL. With Virgo being less sensitive, the de-
tection efficiency of the two-detector HV and LV networks is expected to be lower than
that of HL. Nonetheless, future work could compare the joint performance of HLV’s
two-detector subsets (i.e. HL, HV, and LV) with the standalone performance of HL to
fully leverage the advantages of expanded detector networks.

With the recently approved commissioning of LIGO-India with design sensitivity
planned to match the LIGO detectors [82], it would be also worthwhile for prospective
studies on BayesWave’s detection efficiency to compare HL with network configurations
comprising three or more detectors of equal sensitivities. Furthermore, with improved
detector sensitivity and the expansion of the global detector network, we anticipate an
increase in correlated environmental glitches caused by Earth-scale events, such as light-
ning strikes [204]. Understanding BayesWave’s overall burst detection performance in
the presence of such glitches will be a valuable direction for future research.
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In this work, we use trigger lists generated by the cWB algorithm from the LVK
O3 all-sky burst search [46] to downselect triggers for BayesWave background measure-
ments in this study. However, Ref. [203] conducted the same search using the cWB
algorithm enhanced by machine-learning (ML) which shows improved overall search
sensitivity compared to the standard cWB. We therefore suggest a complementary study
to follow-up on whether the BayesWave background measurements can be improved if
the triggers are downselected from the ML-enhanced cWB trigger list instead.

While BayesWave targets a broad range of unmodeled GW bursts, this study con-
siders only CBC waveforms as they are the only source category detected in the LVK
observing runs to date. One can generalize this study to alternative transient sources
like supernovae and generic white noise bursts, but the analysis presented in this work
is limited to comparing the overall trends of BayesWave’s independent performance be-
tween the HL and HLV networks. We did not study the sensitivity of BayesWave to spe-
cific types of burst signal because BayesWave is not used independently in practice, but
rather to follow-up cWB triggers to enhance detection confidence. With promising out-
looks for the ML-enhanced cWB [203] and O4 in progress, future work should consider
assessing the joint performance of the ML-enhanced cWB algorithm with BayesWave

for different types of burst sources as in Ref. [139].
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3.A1. BayesWave configuration

To assist with reproducibility, we detail the BayesWave settings for the background mea-
surements and injection analyses. The following settings are adapted from the BayesWave

analysis used in the O3 all-sky burst search [46].
To down-select candidates from the cWB trigger list for BayesWave’s background

measurements, we specify the significance threshold, ηc,threshold = 7, as a first cut.
We further reduce the dataset by keeping only a fraction of triggers satisfying ηc >
ηc,threshold. This fraction is denoted by X in the main text.

For the signal injections, we use the O3a calibrated strain data for the LIGO Han-
ford (H1), LIGO Livingston (L1) and Virgo (V1) detectors [200]. The frame calibration
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includes a noise subtraction procedure detailed in Ref. [188]. The Advanced LIGO (H1
and L1) noise subtraction targets noise from beam jitter, detector calibration lines and
the main power grid line (at 60 Hz) [205]. For Advanced Virgo, we use low-latency
(online) strain data which includes subtraction of frequency noise from the input laser,
Michelson noise from displacement of the beam splitter mirrors, amplitude noise from
auxiliary modulation and scattered light noise [206].

For all analyses, we set the low frequency cutoff at 20 Hz by convention [207]. The
sampling rate is set at 2048 Hz to achieve a Nyquist frequency of 1024 Hz. For PSD
estimation i.e. to construct the model N , we employ the BayesLine algorithm. The
BayesWave analysis segment length is set to 4 seconds, even though GW burst signals
(especially CBCs) are typically shorter. This is to ensure that detector noise is relatively
stationary in analysis segment for accurate prediction of the noise spectral density with
BayesLine. Altogether, our search targets GW bursts signals with duration of millisec-
onds up to a few seconds, with frequencies in the 20-1024 Hz frequency band of Ad-
vanced LIGO and Advanced Virgo at O3a sensitivities.

3.A2. Poisson noise background

The Poisson process models a series of randomly occurring events where the average
time between events are known, but not the exact time of arrival of each event. Events
modeled as Poisson process are expected to have a probability mass function given by

P (n,λ) =
λn exp−λ

n!
. (3.2)

Otherwise known as the Poisson distribution, Equation 3.2 measures the probability P of
n number of events occurring within a population for a given rate parameter, λ > 0. In
this context, ‘population’ refers to a group of events in a fixed temporal or spatial inter-
val. By definition, λ is the expected number of events in a given population, independent
of the type of interval specified i.e. it is dimensionless.

3.A2.1. PFA vs. FAR in modelling Poisson noise

The noise background of the Advanced LIGO and Virgo detectors are modeled as a Pois-
son process in the standard LVK GW transient searches [35, 36, 38]. In modelling a
Poisson noise background, PFA and FAR play an analogous role of representing the
rate of noise events, which directly influences the rate parameter λ. In the case of FAR
where rate is measured in units of time, the time of observation Tobs is the interval re-
quired to obtain the expected number of noise events in the background, λ = Tobs×FAR.
Conversely, PFA measures the noise occurrence rate in units of events. Therefore λ =
Nobs×FAR, where the interval is now given by the total number of events observedNobs.
One can then show the relationship between PFA and FAR as PFA = (Nobs/Tobs)×FAR.

3.A2.2. Poisson uncertainty regions of PFA

Since the background triggers used for BayesWave’s background measurements in Sec-
tion 3.4 are subsets of the cWB all-sky analysis of the full O3a time-shifted background
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Figure 3.8: Cumulative number of events versus per-trigger false alarm probability, PFA
for the BayesWave background measurements of the HL (left panel, 1008 triggers) and
HLV (right panel, 1134 triggers) network.

of the LIGO-Virgo network, we can thereby assume the triggers obey the Poisson distri-
bution. Consequently, we can use the standard deviation (σ ) of Equation 3.2 to represent
the error margins of our PFA measurements. We show the derivation as follows.

In the background measurements shown in Figure 3.3, PFA (on the vertical axis) is
computed as the fraction of background triggers recovered by BayesWave with lnBS ,G
exceeding the corresponding threshold, lnB∗S ,G (on the horizontal axis) viz.

PFA =
n(lnBS ,G ≥ lnB∗S ,G)

ntot
, (3.3)

where ntot is the total number of triggers in the background dataset (the population).
The numerator is essentially the expected occurrence of events exceeding lnB∗S ,G, hence
λ = n(lnBS ,G ≥ lnB∗S ,G). One can then derive the 1-σ error margin for counting the
number of events n exceeding lnB∗S ,G from the variance of the Poisson distribution:

σ =

√√√
λ∑
n=1

(n−λ)2P (n,λ) =
√
λ. (3.4)

Combining Equations 3.3 and 3.4, the 1 σ Poisson uncertainty region of PFA for a given
lnB∗S ,G is bounded by

λ−
√
λ

ntot
≤ PFA ≤

λ+
√
λ

ntot
, (3.5)

as indicated by the shaded regions in Figures 3.3 and 3.5.
To check for viability, we plot the cumulative number of triggers against PFA in Figure

3.8 and the shaded regions show the 1-, 2- and 3-σ PFA Poisson uncertainty regions. We
compare our plots to the O3 backgrounds in Ref. [46] measured with inverse FAR. Even
though we use a difference quantity to measure significance, the relative extent of the
shaded regions are comparable. It is therefore appropriate to use the Poisson uncertainty
described above as the error margins for our PFA measurements.
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Chapter 4

Dedicated-frequency analysis of gravitational-wave bursts
from core-collapse supernovae with minimal assumptions

This chapter is a reproduction of

Y. S. C. Lee, M. Szczepańczyk, T. Mishra, M. Millhouse, and A. Melatos,
submitted to Physical Review D (2025)1.

reformatted with the following changes only:

• The text is styled to match the rest of this thesis.

• Appendix 4.A1 is added to discuss how GW signals are extracted from CC-
SNe using the quadrupole approximation. This appendix is not submitted
for publication.

• Where relevant, brief descriptions of Appendix 4.A1 are added to Section 4.5
of the text.

4.1. Abstract

Gravitational-wave (GW) emissions from core-collapse supernovae (CCSNe) provide in-
sights into the internal processes leading up to their explosions. Theory predicts that
CCSN explosions are driven by hydrodynamical instabilities like the standing accre-
tion shock instability (SASI) or neutrino-driven convection, and simulations show that
these mechanisms emit GWs at low frequencies (≲ 0.25kHz). Thus the detection of
low-frequency GWs, or lack thereof, is useful for constraining explosion mechanisms in
CCSNe. This paper introduces the dedicated-frequency framework, which is designed
to follow-up GW burst detections using bandpass analyses. The primary aim is to study
whether low-frequency (LF) follow-up analyses, limited to ≤ 256Hz, constrain CCSN
explosion models in practical observing scenarios. The analysis dataset comprises wave-
forms from five CCSN models with different strengths of low-frequency GW emissions
induced by SASI and/or neutrino-driven convection, injected into the Advanced LIGO
data from the Third Observing Run (O3). Eligible candidates for the LF follow-up must

1A version of this chapter, with minor changes not reflected in this thesis, is published as Y. S. C. Lee,

M. J. Szczepańczyk, T. Mishra, M. Millhouse, and A. Melatos, Phys. Rev. D 112, 082006 (2025) [5].
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satisfy a benchmark detection significance and are identified using the coherent Wave-
Burst (cWB) algorithm. The LF follow-up analyses are performed using the BayesWave

algorithm. Both cWB and BayesWave make minimal assumptions about the signal’s mor-
phology. The results suggest that the successful detection of a CCSN in the LF follow-up
analysis constrains its explosion mechanism. The dedicated-frequency framework also
has other applications. As a demonstration, the loudest trigger from the SN 2019fcn su-
pernova search is followed-up using a high-frequency (HF) analysis, limited to≥ 256Hz.
The trigger has negligible power below 256 Hz, and the HF analysis successfully en-
hances its detection significance.

4.2. Introduction

Core-collapse supernovae (CCSNe) are energetic explosions of massive stars (≳ 8M⊙) at
the end of their lifetimes. CCSNe synthesize heavy elements during the explosion pro-
cess, which are subsequently dispersed into the interstellar medium and inherited by the
next generation of stars. CCSNe are also known to produce compact objects remnants
like neutron stars and black holes; these remnants have been observed by the the Ad-
vanced Laser Interferometer Gravitational-Wave Observatory (LIGO) [76] and Advanced
Virgo [77] detectors. CCSNe play a vital role in stellar formation and evolution, which
has led to extensive theoretical [208] and numerical [209–211] studies of their explosion
mechanisms over the last few decades. It is believed that the initial collapse of the iron
core produces an outward-bound hydrodynamic shock. Left to its own devices, however,
the shock stalls within milliseconds due to energy dissipation, and fails to eject stellar
material [210, 212]. This suggests the existence of a secondary process that revives the
outward progress of the shock [213].

Constraining the explosion mechanisms of CCSNe requires accurate probing of the
stellar interior, before and during the explosion. Electromagnetic signatures of the pre-
explosion dynamics cannot penetrate the atmosphere of the progenitor. Neutrinos and
gravitational-waves (GWs), on the other hand, propagate unscattered and unobstructed
through the stellar atmosphere. Thus they carry information on the physical processes
that drive the explosions. SN 1987A is the only CCSN observed to date accompanied
by neutrino emissions [214–216], providing the first empirical evidence for a neutrino-
driven explosion [217, 218]. Transient GW (burst) emissions due to asymmetrical mo-
tions in and around the compact stellar core are also expected during CCSNe [211, 219].
From the first observing run (O1) to the second half of the fourth observing run (O4b),
the LIGO-Virgo-KAGRA (LVK) collaboration reported nearly 100 published GW detec-
tions [35–38] and over 200 candidates2, but none are associated with CCSNe. The highly
anticipated detection of GWs from CCSNe in the ongoing and upcoming observing runs
incentivizes studies to improve GW burst analysis methods.

Physical processes occurring within CCSNe can be characterized by the frequency of
their GW signatures [211]. Simulations have shown that the standing accretion shock in-
stability (SASI) [220] and neutrino-driven convection [212] contribute to reviving stalled
shock waves, ultimately driving CCSN explosions, and these processes generate low-

2The list of O4 GW candidates is available at: https://gracedb.ligo.org/superevents/
public/O4/.
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frequency signals (≲ 0.25kHz). Low-frequency GWs from CCSNe are therefore use-
ful for constraining the explosion mechanisms. By dividing the frequency range into
two bins above and below 0.25 kHz, Ref. [221] compares the low- and high-frequency
reconstructions of CCSN GWs. The study finds that for CCSN models with stronger
low-frequency emissions, such as SFHx [222] and mesa20 [223], the low-frequency re-
constructions are more accurate than the high-frequency and full-band reconstructions.
This suggests that bandpass analyses could be useful for enhancing detection sensitivity
to frequency-specific GW signatures.

Dedicated-frequency studies to date, such as those in Ref. [221], assume Gaussian
detector noise colored by simulated power spectral densities (PSDs). The results may
differ for real observing scenarios, as the noise PSDs are not precisely known, and the
data contain non-Gaussian noise transients (glitches), which are known to reduce detec-
tor sensitivity of GW bursts like CCSNe [38, 73]. The central goal of this paper is to ex-
plore dedicated-frequency analysis in realistic observing conditions. Standard GW burst
analyses for CCSNe consider the frequency range 32−2048Hz, and different classes of
glitches occupy different regions of the time-frequency plane [96]. Hence one should
ask whether excluding high frequencies from burst analyses can enhance sensitivity to
low-frequency gravitational wave (GW) signatures, and vice versa. To address this ques-
tion, we propose the dedicated-frequency framework which follows-up eligible detection
candidates with bandpass analyses, e.g. the low-frequency (LF; ≤ 256Hz) and high-
frequency (HF; ≥ 256Hz) follow-up analyses. By limiting the band, the outcomes of the
LF (HF) analyses are not influenced by irrelevant HF (LF) glitches. We assess the astro-
physical significance of detection candidates using empirical noise backgrounds drawn
from real detector data.

The dedicated-frequency framework uses a hierarchical analysis pipeline compris-
ing two independent algorithms: coherent WaveBurst (cWB) [114–116, 176, 224] and
BayesWave [1, 2, 85], which are used by the LVK community to characterize generic GW
bursts with minimal assumptions about the source and signal morphology [44–46]. The
performances of cWB and BayesWave with CCSNe have been studied separately in Refs.
[225] and [149] respectively. However, BayesWave is computationally intensive; it uses
a reversible jump Markov Chain Monte Carlo (RJMCMC) algorithm to marginalize over
its model dimensions. Therefore BayesWave is typically used to follow-up cWB triggers.
The hierarchical implementation of cWB and BayesWave improves GW burst detection
significance [139]. Here we present the methodology of the dedicated-frequency frame-
work in the context of the hierarchical pipeline. As noted above, the detection of low-
frequency GW signatures from the SASI and neutrino-driven convection, or lack thereof,
places constraints on the explosion mechanism of a CCSN. Hence the primary objective
of this paper is to study whether the detection of low-frequency GW signatures using the
LF analyses can be used to constrain CCSN models. This study uses GW signals extracted
from five distinct three-dimensional CCSN simulations, each with varying strengths of
low-frequency GW emissions attributed to SASI and neutrino-driven convection. We
also explore whether the HF analysis within the dedicated-frequency framework can
enhance the detection significance of candidates with minimal low-frequency power.
This study is conducted using the loudest trigger from SN 2019fcn. To ensure relevance
to practical observing scenarios, both the LF and HF studies are carried out using real
O3 data.
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The rest of this paper is organized as follows. Section 4.3 discusses the physical
processes within CCSNe, which produce GW signatures at different frequencies. Section
4.4 presents the dedicated-frequency framework in two parts: (i) an overview of the
burst analysis pipelines in Section 4.4.1, and (ii) the applications and workflow in Section
4.4.2. Section 4.5 presents the methods and results of the LF study, demonstrating its
application in constraining CCSN explosion mechanisms. Section 4.6 demonstrates an
application of the HF follow-up using the loudest trigger of SN 2019fcn. We conclude in
Section 4.7, with discussions of future work and broader applications of the dedicated-
frequency framework.

4.3. Gravitational-wave signatures of core-collapse
supernovae

CCSNe occur when stars with mass 8M⊙ ≲M ≲ 100M⊙ enter the final stages of exo-
ergic nuclear fusion [226]. If the iron core of a star exceeds the effective Chandrasekhar
mass (∼1.5M⊙) [227], the gravitational instability triggers core-collapse. The infall of
stellar material compresses the core, forming a protoneutron star (PNS) [228, 229]. Once
the core density exceeds nuclear density, further compression is no longer possible and
a rebound occurs. The rebound process, otherwise known as core bounce, launches
an outbound hydrodynamic shock wave [230]. When the shock encounters the still-
collapsing outer core, it loses energy through the dissociation of heavy nuclei into nu-
cleons and neutrinos [212, 231]. In other words, the outbound shock stalls and fails to
produce an explosion. Therefore, a secondary shock-revival mechanism is required to
trigger the explosion and this remains an active area of research [209, 213].

One way to study the physical mechanisms within CCSNe leading up to their explo-
sion is to analyze the post-bounce GW emissions. The explosion mechanism is strongly
influenced by progenitor rotation (see Ref. [213] and references therein). In this paper,
we focus on slowly-rotating progenitors as they are expected to be the most common
CCSN sources [232]. Their GW emissions exhibit two distinct spectral signatures: (i)
a high-frequency component starting at ∼0.4kHz, which increases in frequency over
time, and (ii) a low-frequency component confined to ≲ 0.25kHz. The two components
are discussed in Sections 4.3.1 and 4.3.2 respectively.

4.3.1. High frequencies

Multi-dimensional numerical models have shown that high-frequency (≳ 0.4kHz) GW
emissions predominantly originate within the PNS [233, 234]. The processes that give
rise to such emissions include sustained Ledoux convection and convective overshoot
(see Ref. [235] and references therein). Sustained Ledoux convection arises from persis-
tent lepton gradients within the PNS [236]. Convective overshoot occurs when Ledoux
convection extends into the stable outer layer [237]. Quadrupolar (ℓ = 2) oscillations
driven by intermittent aspherical accretion onto the PNS [235] also emit high-frequency
GWs. The emission of high-frequency GWs typically commences 0.1−0.2s post-bounce.
In the early stages, the high-frequency emissions are driven by low-order (n = 1,2) g-
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modes3. As the PNS contracts and the equation of state (EOS) stiffens over time, the
frequency of the GW signal increases. In the later stages, the high-frequency GW emis-
sions are associated with the fundamental (n = 0) f -modes on the surface of the PNS
[233, 238]. This evolutionary timeline varies based on the physical properties of the
progenitor star (e.g. mass and rotation), as well as the PNS EOS. Altogether, the high-
frequency GW emissions probe the evolution of the PNS structure and hence the EOS,
but they do not explicitly reveal details about shock revival or the explosion itself.

4.3.2. Low frequencies

Two hydrodynamical instabilities have been identified as plausible shock-revival mech-
anisms: (i) the standing-accretion-shock instability (SASI) [220] and (ii) neutrino-driven
convection [212, 239]. The SASI arises due to asymmetric radial density and velocity
fluctuations, causing the initially spherical shock front to oscillate. The oscillation mod-
ulates the accretion flow, and the aspherical movement of matter results in the emission
of low-frequency (≲ 0.25kHz) GW [234, 235, 240]. GW emissions from SASI dimin-
ish upon the revival of the shock [238, 241]. The convection scenario, on the other
hand, suggests the development of an entropy gradient as the outward shock weakens.
The entropy gradient arises due to neutrino heating in the gain region4, and the out-
flow of hot neutrinos revives the shock. The convective instabilities also modulate the
accretion flow [242], but they produce weaker low-frequency GWs [235]. While the
physical mechanisms behind the low-frequency emissions cannot be fully disentangled,
the observation of low-frequency GW signatures offers insights into the pre-explosion
processes and the timing of shock revival, which are useful for constraining the CCSN
explosion mechanism.

In some slowly-rotating progenitors, Ledoux convection occurring shortly (≲10ms)
after core bounce also emits GWs. This short-lived convection, lasting ≲ 50ms, is other-
wise known as prompt convection and is typically followed by a quiescent phase lasting
∼0.1s, with minimal GW emissions before the onset of the low- and high-frequency
emissions described above. Figure 4.1 shows where the different GW signatures dis-
cussed above are located in the time-frequency plane. Simulations have showed that the
peak GW frequency of prompt convection varies based on the EOS and numerical per-
turbation seeds, with values ranging across 0.1−0.7kHz [219, 234, 238, 243]. Indeed, the
GW emissions of the prompt convection may overlap with the low-frequency emissions
from SASI and neutrino-driven convection. However, as depicted in Figure 4.1, the emis-
sion from prompt convection is temporally distinct and therefore distinguishable from
other low-frequency emissions. Moreover, due to its brief duration, prompt convection
contributes only a small fraction of the overall signal power [235, 238].

4.4. Dedicated-frequency framework

As discussed in Section 4.3, GW signatures at different frequencies probe different in-
terior dynamics of CCSNe. Can one improve the characterization of frequency-specific

3Restoring forces of g-mode oscillations are exerted by buoyancy i.e. gravity.
4The gain region is where the energy gain through neutrino absorption exceeds the energy loss

through neutrino emission [208].
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Figure 4.1: Schematic of GW emissions from CCSNe with slowly-rotating progenitors
in the time-frequency plane. The scales on the axes are representative only. The actual
durations and spectra of the GW signatures vary depending on the physical properties
of the CCSN progenitor, and not all CCSNe will exhibit every signature shown.

GW signatures by ignoring contributions from irrelevant frequency ranges? Here, we
introduce the dedicated-frequency framework, which is designed to follow-up GW burst
detections with bandpass analyses. In Section 4.4.1, we overview the relevant burst anal-
ysis pipelines used in the framework. In Section 4.4.2 we discuss the applications and
workflow of the dedicated-frequency analyses.

4.4.1. Hierarchical burst analysis pipeline

The LVK all-sky burst searches [44–46] implement multiple minimally-modeled burst
analysis algorithms to ensure consistency. Two algorithms are coherent WaveBurst
(cWB) and BayesWave. The hierarchical pipeline, in which BayesWave is used as a
follow-up to cWB, enhances GW burst detection confidence [139], especially for complex
waveforms (e.g. binary black holes and generic white noise bursts) with low signal-to-
noise ratio (SNR).

The cWB algorithm uses the multi-resolution WaveScan transform [125] to compute
excess power and cross-power statistics in the time-frequency data, and employs the
constrained maximum likelihood formalism [115, 244] to reconstruct the signal wave-
forms and sky location. Each identified event is tagged with estimated summary statis-
tics, describing the time-frequency structure, signal strength, and coherence across the
multi-detector network. In order to limit the trigger production due to non-stationary
detector noise, cWB implement vetoes related to some of the summary statistics to re-
duce excess background and false alarms. For example, one may discard triggers with
network cross-correlation coefficient, cc = Ec/(Ec + En), below a nominal threshold
(= 0.5 in this study), where Ec and En denote the coherent signal energy and resid-
ual noise energy respectively [115]. Events passing the summary-statistic vetoes are
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ranked by cWB’s main detection statistic ηc, which is effectively the coherent network
SNR, defined by [224, 245]

ηc =

√
Ec

1 + χ̃2(max{1, χ̃2} − 1)
. (4.1)

The reduced chi-squared statistic χ̃2 = En/NDoF in Equation 4.1 serves as an auxiliary
glitch veto. For coherent signals, χ̃2 is approximately unity because the residual noise
energy En is expected to obey the χ2-distribution, with degrees of freedom NDoF pro-
portional to the number of WaveScan pixels used in the event reconstruction. Conven-
tionally, events with χ̃2 > 2.5 are vetoed [160].

On top of the standard cWB vetoes, we use a machine-learning classification algo-
rithm called eXtreme-Gradient Boost (XGBoost) to further distinguish GW signals and
noise transients, i.e. to reduce false-alarm triggers [224, 245, 246]. The XGBoost model
for generic burst searches is trained on a representative set of background noise events
and stochastic white-noise-burst (WNB) signals5 that do not correspond to any known
GW sources [203]. Signal and noise classification with XGBoost is achieved by apply-
ing additional post-production vetoes on the cWB summary statistics, and the detection
statistic reduces to

ηr = ηcWXGB. (4.2)

In Equation 4.2, WXGB denotes the XGBoost penalty factor, which has a value between
0 (noise) and 1 (signal) [245]. Unless stated otherwise, all cWB analyses in this paper
incorporate the XGBoost optimization and use ηr as the detection statistic.

BayesWave, on the other hand, takes a Bayesian approach when characterizing non-
Gaussian features in the data. The algorithm reconstructs the data d using three inde-
pendent models, namely the coherent signal plus Gaussian noise (S ) model, the inco-
herent glitch plus Gaussian noise (G) model and the pure Gaussian noise model (N ).
The S and G BayesWave models are constructed using sine-Gaussian wavelet frames
[1]. A parallel-tempered Reversible Jump Markov Chain Monte Carlo (RJMCMC) algo-
rithm is used to sample the number of wavelets N and wavelet parameters for model
M∈ {S ,G,N }. The associated Bayesian evidence p(d|M) is then computed using ther-
modynamic integration [136]. Model selection in BayesWave is conducted by comparing
the Bayes factor between the models. The detection statistic of BayesWave is the log
Bayes factor between S and G,

lnBS ,G = lnp(d|S)− lnp(d|G), (4.3)

which scales not only with the network SNR, but also the model complexity quantified
by N , and the number of detectors I , viz. lnBS ,G ∼ O(IN lnSNRnet) [3, 85].

Since the RJMCMC algorithm in BayesWave is computationally intensive, BayesWave

is not used to analyze extended data segments, e.g. all-sky searches. Instead, BayesWave

serves as a follow-up tool for analyzing targeted data segments flagged by other burst
searches. In this work, we first run cWB to analyze the full dataset, and then use
BayesWave to follow up on triggers that satisfy a nominal cWB detection threshold. The

5WNBs are band-limited and temporally localized signals with flat spectra that resemble white noise,
but with power exceeding the average noise floor.
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ηr in cWB compares signals against Gaussian noise, whereas the log Bayes factor lnBS ,G
in BayesWave compares signals against glitches. This sequence of analyses is called the
hierarchical pipeline and is commonly used in the LVK all-sky burst searches [44–46].

4.4.2. Applications and workflow

The dedicated-frequency framework is designed to be a follow-up tool, used exclu-
sively for events that satisfy a benchmark significance criterion (e.g. FAR ≤ 1yr−1).
In other words, the dedicated-frequency framework does not redefine the standard LVK
detection criteria; it follows up standard detections. In this framework, eligible candi-
dates are identified using the standard (full-band) burst analysis which covers the band
32−2048Hz. Once identified, they can be followed up with low-frequency (LF) and
high-frequency (HF) analyses, below and above 256Hz, respectively. The LF-HF bound-
ary can be customized to study different sources and sceintific questions. For dedicated-
frequency follow-ups of CCSNe, the LF and HF analyses distinguish SASI and neutrino-
driven convection (≲ 0.25kHz) from PNS oscillations (≳ 0.4kHz).

The dedicated-frequency framework implements the hierarchical pipeline as fol-
lows. cWB identifies triggers by clustering contiguous time-frequency pixels with co-
herent power exceeding the Gaussian noise floor; a trigger is recorded when the ac-
cumulated SNR of nearby pixel clusters surpasses a nominal threshold. A dedicated
low-frequency search using cWB in its current configuration may not effectively detect
SASI and neutrino-driven convection emissions, especially in broadband signals, due
to insufficient power clustering in the low-frequency range. However, cWB has a low
runtime and well-suited for processing extensive datasets. Therefore, we use the full-
band cWB analysis to identify triggers, and then use BayesWave to follow-up on eligible
(i.e. astrophysically-relevant) triggers with the dedicated-frequency (LF/HF) analyses.
BayesWave is used for the dedicated-frequency follow-ups, because the successive ap-
plication of cWB followed by BayesWave improves detection significance for signals with
non-trivial time-frequency spectrograms [139].

In BayesWave, the coherent signal (S ) and incoherent glitch (G) models are con-
structed by summing a set of continuous sine-Gaussian wavelets. A sine-Gaussian wavelet
is intrinsically parameterized by its central frequency. Therefore, when restricting the
band to LF or HF, we restrict the central frequency prior, not the overall wavelet spec-
trum. Consequently, some wavelet power during an LF analysis may leak into the HF
band, and vice versa. For a modelM ∈ {S ,G,N } parameterized by θM, the Bayesian
evidence is given by

p(d|M) =
∫
dθMp(θM|M)p(d|θM,M), (4.4)

where p(θM|M) is the prior and p(d|θM,M) is the likelihood. In BayesWave, the like-
lihood is calculated in the frequency domain (see Equation 4 in Ref. [85]), which is re-
stricted to match the dedicated-frequency (LF/HF) band.

For real data containing glitches, the BayesWave dedicated-frequency follow-up anal-
yses must be applied to both the background (instrumental noise) and foreground (po-
tential GW) triggers. The background analysis provides false-alarm rate measurements
for assessing the astrophysical significance of foreground detections. In addition to the
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dedicated-frequency follow-ups, BayesWave also performs the full-band analysis on eli-
gible events to provide significance estimates independent of cWB.

We demonstrate applications of the LF and HF follow-up analyses in Sections 4.5 and
4.6 respectively.

4.5. Constraining CCSN explosion mechanisms

The primary motivation of the dedicated-frequency framework is to constrain CCSN
models for eligible detection candidates, in real observing scenarios. The detection of
low-frequency (≲ 0.25kHz) GW signatures, or lack thereof, can help select between
CCSN models and explosion mechanisms. Furthermore, low-frequency GW emissions
fall within the most sensitive frequency bands of existing interferometric GW detectors
like LIGO and Virgo6. In this section, we apply the LF follow-up to simulated GW signals
from five distinct CCSN models, featuring different amplitudes of low-frequency GWs in-
duced by the SASI or neutrino-driven convection. We then assess whether CCSN models
with prominent low-frequency GW signatures achieve higher detection efficiency with
the LF follow-up, compared to those with little to no low-frequency emissions.

In Section 4.5.1, we detail the key features of the five CCSN models used in this
study. The CCSN signals are injected into real O3 data. Noise background measurements
are required to evaluate the significance of burst triggers. We present the background
measurements in Section 4.5.2. In Section 4.5.3, we discuss the properties of the injected
CCSN signals and how we ensure that they are detectable up to a nominal significance
threshold in O3 data. The analysis results are presented and interpreted in Section 4.5.4.

4.5.1. CCSN models

We use the predicted GW waveforms of five three-dimensional CCSN models. The se-
lected models are a subset of those used to test the LVK search sensitivity for GWs asso-
ciated with SN 2023ixf [247], one of the closest CCSNe observed in the last decade. For
this proof-of-principle study, we choose models that represent typical CCSNe, where the
progenitors have solar metallicity and do not rotate [46, 209, 211].

• The SFHx model [222], otherwise known as s15, has a progenitor with zero-age
main sequence (ZAMS) mass equal to 15M⊙ and a soft, i.e. low-pressure, EOS as
described in Ref. [248]. The soft EOS results in more vigorous SASI activity, and
hence strong low-frequency GW emissions (0.05−0.2kHz). The high-frequency
component of the signal reaches up to ∼1kHz and is attributed to the PNS surface
g-mode oscillations. This simulation is truncated ∼0.35s after core bounce.

• The s25 model [238] has a progenitor with ZAMS mass equal to 25M⊙ and as-
sumes the SFHo EOS [248], which differs slightly from SFHx in terms of the mass-
radius relationship. The GW signal starts with distinct low-frequency GW emis-
sions at ∼0.1kHz associated with prompt convection7. This is followed by dis-

6See representative O3 noise curves in Figure 2 of Ref. [38]
7Figure 4 in Ref. [238] shows that the GW energy emitted ≲ 0.1s after core bounce constitutes ≲ 2%

of the total GW energy. That is, prompt convection accounts for only a small fraction of the total signal
power.
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tinct low-frequency emissions (0.05−0.2kHz) associated with SASI, and high-
frequency emissions (0.4−1kHz) associated with the surface f - and g-modes of
the PNS. The simulation is truncated ∼0.6s after core bounce.

• The D15 model [249] has a progenitor with ZAMS mass equal to 15M⊙ and is
simulated using the D-series Chimera code [250]. The GW signal is dominated by
high-frequency emissions peaking at ∼1kHz, largely due to Ledoux convection in
the PNS. There are also secondary emissions below ∼0.25kHz associated with the
SASI and neutrino-driven turbulent convection. The explosion occurs ∼0.5s after
core bounce and the simulation is truncated at ∼0.75s.

• The mesa20_pert model [223] has a progenitor with ZAMS mass equal to 20M⊙
and assumes the SFHo EOS [248]. Precollapse perturbations are introduced through
an aspherical matter velocity field, leading to increased turbulence in the gain re-
gion. The GW signal is dominated by high-frequency components (0.3−1.2kHz)
associated with the PNS contraction, and is accompanied by low-frequency com-
ponents (0.05−0.2kHz) due to convection and the SASI. The simulation is trun-
cated ∼0.52s after core bounce.

• The s18 model [251] has a progenitor with ZAMS mass equal to 18M⊙ and is
simulated using the neutrino hydrodynamics coconut-fmt code [252]. The GW
signal peaks between 0.8−1kHz due to g-mode PNS oscillations. There is minimal
low-frequency emission associated with the SASI. The explosion occurs ∼0.25s
after core bounce and the simulation is truncated at 0.89s.

The extraction of GW signals from CCSN simulations is computationally expensive, so
the simulations of SFHx [222], s25 [238] and mesa20_pert [223] are truncated before the
GW signal is fully developed, i.e. they exclude signals from the shock revival phase.
Appendix 4.A1 details how GWs are extracted from quadrupole moments in CCSN sim-
ulations.

Different SASI signatures are observed for the selected models. The models are listed
above in descending order of low-frequency power, i.e. SFHx waveforms generally have
the strongest LF GW emissions, followed by s25 and so on. We use the continuous
wavelet transform (CWT) [253] to quantify the LF power in each model. To visualize the
process, we show the CWT time-frequency spectrograms of arbitrary selected sample
waveforms from SFHx (left), s25 (middle) and s18 (right) in Figure 4.2. The white hori-
zontal lines at 256Hz divide the LF and HF components below and above the lines. The
horizontal axis in Figure 4.2 shows the time, t, relative to the squared-strain-weighted
central time,

t0 =
1

h2
rss

∫ ∞
−∞
dt h(t)2t. (4.5)

The root-sum-squared (rss) strain amplitude of the + and × polarizations,

h2
rss =

∫ ∞
−∞
dt [h2

+(t) + h2
×(t)], (4.6)

is proportional to the total energy of the GW signal, and serves as a normalization factor
in Equation 4.5. The orange vertical lines in Figure 4.2 indicates t = t0 of each waveform.
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Figure 4.2: CWT time-frequency spectrograms of a sample GW signal for SFHx (left), s25
(middle) and s18 (right). The vertical axis shows the full-band analysis frequency range
(32−2048Hz) and the white horizontal lines at 256Hz indicate the boundary between
LF and HF components, as per the dedicated-frequency framework. The horizontal axis
shows the time t relative to the central time t0 of the signal, and the orange vertical lines
indicate t = t0. The horizontal scales are the same for all three plots, and the approximate
duration of the SFHx, s25 and s18 signals are 350 ms, 625 ms and 900 ms respectively.
The color bar represents the linearly scaled amplitude of the signals; the minimum and
maximum amplitudes in each panel correspond to the values 0 and 1 respectively. The
LF energy divided by the total signal energy is quoted in the bottom right corner of each
plot.

By the definition in Equation 4.5, t0 is the time at which the majority of the signal energy
is concentrated. Visual inspection of Figure 4.2 reveals that the LF features of SFHx (left)
and s25 (middle) are close to t0, suggesting LF emissions for SFHx and s25 contribute
considerably to the total signal power. For s18, on the other hand, t0 roughly aligns
with the peak emission at ∼1kHz, suggesting HF emissions have a stronger influence.
To quantify the extent of LF emissions, we compute the signal energy for frequency
f ≤ 256Hz (i.e. below the white horizontal lines) divided by the total signal energy in the
range 32Hz ≤ f ≤ 2048Hz. For the particular waveforms plotted in Figure 4.2 for the
models SFHx, s25 and s18, the LF contributions are 38.3%, 20.7% and 14.8% respectively.
We repeat this calculation for 175 randomly realized waveforms per CCSN model. We
find that, on average, the LF emissions contribute 36.6%, 19.4%, 18.4%, 16.2% and 14.9% to
the overall signal energy of the SFHx, s25, D15, mesa20_pert and s18 models respectively.

4.5.2. Background measurements

To demonstrate the application of LF follow-ups in realistic observing scenarios, we
inject GW signals from the five CCSN models into O3 data. Real detector data are sus-
ceptible to glitches and are therefore capable of producing false alarm triggers. In order
to assess the significance of triggers produced by an analysis pipeline, one has to empir-
ically measure the noise background, i.e. the rate of false alarms produced by the corre-
sponding pipeline in the absence of GW signals. Trigger sensitivity varies unpredictably
across different analysis pipelines. To address this, cWB first measures the background
for all of O3, and BayesWave independently follows up on the astrophysically-relevant
cWB triggers to evaluate its own background. The independent background measure-
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ments with cWB and the BayesWave follow-up account for the individual strengths and
shortcomings of each algorithm, thereby improving the reliability of their respective sig-
nificance estimates. The background measurements are used to evaluate the significance
of detection candidates in terms of the false alarm rate (FAR), which in turn is used to
assess the eligibility of detection candidates for the dedicated-frequency follow-up.

We use the standard time-shift analysis to conduct the background measurements [196].
That is, we produce artificially extended detector background data by introducing tem-
poral offsets, which are long enough to nullify any meaningful correlations between the
outputs of two or more detectors. We choose to use the data from a two-detector config-
uration, comprising the LIGO Hanford (H) and LIGO Livingston (L) detectors. Previous
works have shown that a three-detector configuration, comprising HL plus Virgo, does
not outperform the HL-only network in terms of detection efficiency in O3 [4, 46, 203].
Altogether we accumulate 605 years of HL background by applying ∼2.4 × 104 time-
shifts on 9.5 days of O3a data8.

cWB background

The cWB background is measured by analyzing the entire time-shifted data set. The
same XGBoost model is used for both the background and foreground cWB analyses. In
this study, the model is trained using: (i) a randomly selected subset (70%) of the back-
ground noise events and (ii) four sets of WNB signals with central frequency, bandwidth
and duration uniformly sampled from overlapping subsets within the ranges [24,2048]Hz,
[10,800]Hz and [0.1,500]ms respectively. The parameters of the WNB training sets are
chosen based on the expected time-frequency volume of GW bursts (see Appendix A of
Ref. [203] for more details). The XGBoost training parameters for this study are similar
to those in Ref. [247].

cWB does not perform the dedicated-frequency follow-ups; it is only used to identify
eligible candidates via the full-band analysis. Therefore, only the full-band background
measurement is necessary. This measurement is conducted using the remaining 30%
(182 years) of data not used for the XGBoost model training, and is shown in the top
panel of Figure 4.3. The FAR is calculated as the number of background cWB triggers
exceeding the corresponding ηr, divided by the total background livetime of 182 years.
The green horizontal line at FAR = 1yr−1 indicates the nominal detection threshold,
below which a cWB trigger qualifies as a detection candidate in this study, corresponding
to ηr = 0.78. That is, a cWB trigger must satisfy ηr ≥ 0.78 to qualify as a LF follow-
up candidate. The reason for choosing the FAR = 1yr−1 threshold is as follows. In
the O3 all-sky burst search [46], an event is considered a significant detection for FAR
≤ 0.01yr−1. However, Ref. [46] shows that typical non-rotating CCSNe with solar-
metallicity, i.e. the models used in this study, are undetectable at such low FARs with O3
detector sensitivities. Therefore, to showcase the applications of the dedicated LF follow-
up for anticipated CCSN detections with existing detector configurations, we arbitrarily
increase the significance tolerance to FAR ≤ 1yr−1.

8We use O3a data because its overall glitch rate is lower than in O3b [38]. More specifically, we leverage
the higher burst detection sensitivity in O3a to produce more detection candidates eligible for dedicated-
frequency follow-ups.
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Figure 4.3: O3a background measurements. The top panel shows the FAR of the back-
ground triggers as a function of the detection statistic ηr, for the full-band cWB analysis.
The bottom panel shows the same but for the BayesWave full-band (purple curve) and
LF (pink curve) triggers, as a function of the detection statistic lnBS ,G. The horizontal
green line at FAR = 1yr−1 (top panel) and the vertical green line at lnBS ,G = 0 (bottom
panel) indicate the detection thresholds for cWB and BayesWave respectively.
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BayesWave background

Eligible cWB triggers are followed up using the full-band and LF BayesWave analyses.
The full-band analysis checks that the cWB trigger is also detected by BayesWave, while
the LF analysis checks for low-frequency GW signatures, or the lack thereof. Therefore,
we must conduct two separate background measurements for BayesWave, one using the
full-band analysis and the other using LF. BayesWave is computationally expensive and
therefore it is impractical to follow-up the entire time-shifted data (cf. cWB). Instead,
BayesWave’s background is measured by following-up cWB background triggers above
a nominal significance threshold. This threshold is the same as the dedicated-frequency
follow-up criterion, FAR = 1yr−1, discussed above. Since triggers with FAR > 1yr−1

are not valid candidates for the LF follow-up, it is unnecessary to quantify their detec-
tion significance; they can be excluded from BayesWave’s background measurements, to
conserve computational resources.

The BayesWave analyses are configured as follows. The analysis segment spans 4
seconds, centered on the event epoch, to provide a sufficiently long data segment for ac-
curate noise PSD estimation. However, burst signals are typically shorter than a second.
Therefore, the time window in which BayesWave is allowed to place signal and glitch
wavelets is limited to 1 second, also centered on the event epoch. The sampling rate
is twice the maximum frequency of the analysis band, e.g. the maximum frequency of
the full-band analysis is 2048 Hz, so the sampling rate is 4096 Hz. This configuration
applies to all BayesWave analyses in this paper, and is similar to that used in Ref. [149]
for CCSNe analysis.

The bottom panel of Figure 4.3 shows the backgrounds measured by BayesWave;
the purple and pink curves show the full-band and LF measurements respectively. The
BayesWave FAR is calculated the same as with cWB, except that ηr is replaced by lnBS ,G.
An event must be more consistent with the signal model than the glitch model to qualify
as an astrophysically-relevant BayesWave trigger, i.e. it must satisfy lnBS ,G > 0. For ref-
erence, the green vertical line in the bottom panel of Figure 4.3 indicates where lnBS ,G =
0. In the full-band and LF background, lnBS ,G = 0 correspond to FAR = 0.68yr−1 and
0.26yr−1 respectively. It is expected that FAR < 1yr−1 for lnBS ,G > 0, because only a
subset of cWB triggers with FAR ≤ 1yr−1 also qualify as BayesWave triggers. Hence-
forth we focus our discussion on the background measurements for lnBS ,G > 0, as they
represent the distribution of false alarms with astrophysically relevant detection statis-
tics.

The LF BayesWave background (pink curve) is approximately an order of magnitude
lower than the full-band background (purple curve) on average. There are two reasons
for this. First, lnBS ,G scales with the SNR, as well as with the number of wavelets N ,
which reflects the model complexity. In the LF analysis, the HF contributions of the
background triggers are disregarded, which reduces the trigger SNRs and the number
of wavelets required for their BayesWave reconstruction; these reductions collectively
result in lower lnBS ,G. Second, for events with minimal LF power, disregarding the HF
contributions can cause the data to become more consistent with the Gaussian noise
model (N ) than with the non-Gaussian signal model (S ). That is, the log Bayes fac-
tor between the signal and Gaussian noise model (lnBS ,N ) includes values below zero
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within its error bars ∆ lnBS ,N , viz.

lnBS ,N ±∆ lnBS ,N ≤ 0. (4.7)

Events that satisfy Equation 4.7 are not astrophysically relevant and are therefore ex-
cluded from the FAR calculation, regardless of their lnBS ,G. With this criterion in place,
17% of the cWB background triggers are excluded from the BayesWave full-band back-
ground measurements, cf. 49% for the BayesWave LF measurements. In other words,
the LF analysis significantly reduces the noise background, which further explains why
the LF background (pink curve) is lower compared to the full-band background (purple
curve).

Overall, the background measurements show that a LF-analysis BayesWave trigger
can achieve the same FAR as a full-band analysis trigger, with a lower lnBS ,G.

4.5.3. CCSN injection properties

As noted previously, only triggers with FAR ≤ 1yr−1 qualify for the BayesWave LF
follow-ups. Therefore we must ensure that the injected CCSNe also satisfy FAR ≤ 1yr−1

in the cWB full-band analysis, to qualify for the LF follow-up study. Here, we discuss
how to use cWB to compute the appropriate signal amplitudes for the CCSN injections.

The detectability of GW bursts at a given FAR is typically quantified by their detec-
tion efficiency, as a function of hrss, defined in Equation 4.6. The detection efficiencies
are evaluated empirically by injecting the same set of signals into detector noise at differ-
ent hrss, and then calculating the fraction of signals that are recovered by the full-band
cWB analysis with FAR ≤ 1yr−1. In the LF analysis, the CCSN signals are injected at
an amplitude hrss,50, corresponding to 50% detection efficiency. This choice aligns with
the benchmark sensitivity used in standard burst searches and ensures that the CCSN
signals are both detectable and eligible for LF follow-up. The model-specific hrss,50 is
evaluated as follows. First, we choose eight approximately uniform hrss values from the
range 5 × 10−23 Hz−1/2 ≤ hrss ≤ 4 × 10−21 Hz−1/2. Then, for each CCSN model, we in-
ject ∼500 signals per hrss value9, and compute the corresponding detection efficiency.
The detection efficiencies as a function of hrss are plotted as discrete data points in Fig-
ure 4.4. The different colors indicate different CCSN models. The hrss,50 for each CCSN
model is obtained by least-squares fitting a cumulative log-normal distribution function
of hrss. Figure 4.4 shows the cumulative log-normal fits as dashed curves in colors corre-
sponding to the data points they are fitting. The hrss,50 value for each model is enclosed
within the parentheses in the legend. These are the hrss values at which we inject the
waveforms for the LF follow-up study.

For an isotropically emitting source, the source distance r scales inversely with the
hrss as [254] (see derivation in Appendix 4.A1):

r2 =
GEGW

π2c3h2
rssf 2

0

. (4.8)

9The number of injections varies across the CCSN models, ranging from 526 to 585 injections, depend-
ing on the number of available waveforms for each model. However, for each CCSN model, the number
of injections per hrss value is the same.
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Figure 4.4: Detection efficiency for events with FAR ≤ 1yr−1 versus signal amplitude
hrss. Each point represents the empirically measured detection efficiency with ∼500 in-
jections. The colored points represent different CCSN models as indicated by the legend,
and the dashed curves in corresponding colors show the least-square log-normal fit. The
numbers in parentheses are hrss,50 (in units of Hz−1/2), i.e. the hrss value that results in
50% detection efficiency, as indicated by the horizontal dashed line.

In Equation 4.8, G and c respectively denote the gravitational constant and the speed of
light, and EGW is the fixed total energy emitted by the GW source. The central frequency
f0 is defined as

f0 =
2

h2
rss

∫ ∞
0
df

∣∣∣h̃(f )
∣∣∣2f , (4.9)

where h̃(f ) = h̃(−f ) denotes the Fourier transform of the real-valued time-domain am-
plitude h(t). Table 4.1 lists the EGW and the peak frequency fpeak of the GW signal
for the five CCSN models. Assuming that fpeak roughly approximates f0, one can use
Equation 4.8 to estimate the source distance r50 corresponding to hrss,50 for each CCSN
model [203]. The hrss,50 from Figure 4.4 and the corresponding r50 are also listed in
Table 4.1. Using 50% detection efficiency at FAR ≤ 1yr−1 as the detection benchmark,
we find that all five CCSN models in this study are detectable at distances no greater
than that of the Galactic Center (8.5 kpc). Among the five models, SFHx has the highest
detectability, reaching distances up to 7.8 kpc; mesa20_pert has the lowest detectability,
reaching only 0.9 kpc.

The source distance estimates in Table 4.1 are broadly consistent with those from the
O3 targeted CCSN search, as reported in Table III of Ref. [160]. Two possible reasons for
the discrepancy in the distance estimates are: (i) our analysis adopts a stricter detection
benchmark of FAR ≤ 1yr−1, whereas Ref. [160] tolerates higher FARs corresponding to
the loudest event associated with each CCSN; and (ii) our estimates are derived from an
all-sky search, whereas Ref. [160] is based on targeted searches. Since Ref. [160] uses a
less stringent detection benchmark, one would expect its r50 estimates to exceed those
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Model
EGW

[M⊙c2]
fpeak

[Hz]
hrss,50

[Hz−1/2]

r50
[kpc]

SFHx 1.1× 10−9 267 1.07× 10−22 7.8

s25 2.7× 10−8 1132 2.06× 10−22 4.9

D15 8.9× 10−9 1102 2.83× 10−22 2.1

mesa20_pert 9.4× 10−10 1103 2.15× 10−22 0.9

s18 1.6× 10−8 818 2.01× 10−22 5.3

Table 4.1: Estimating the source distance r50 corresponding to 50% detection efficiency.
The columns from left to right list: (i) the CCSN models, (ii) the fixed total energy emitted
by the source EGW, (iii) the peak frequency fpeak of the GW signal, (iv) the hrss,50 derived
from Figure 4.4, and (v) the corresponding r50 calculated using Equation 4.8, assuming
that f0 ≈ fpeak.

in Table 4.1. This, however, is not always true; specifically, the r50 for s25 and s18 in
Table 4.1 are further than all corresponding estimates in Ref. [160]. This comparison
suggests that targeted searches do not necessarily provide better sensitivity than all-sky
searches, justifying our use of an all-sky search to minimize bias in our results toward
any particular sky location.

4.5.4. Results and discussion

We inject approximately 350 waveforms per CCSN model at the corresponding hrss,50 (as
per Figure 4.4), into the same 9.5-day segment of O3a data that produced the background
measurements in Figure 4.3. We perform the full-band cWB analysis on the injections to
identify eligible candidates with FAR ≤ 1yr−1 for the LF follow-up analysis. The lowest
fraction of candidates (71% of 384 injections) is obtained for model s25, while the highest
(80% of 378 injections) is for mesa20_pert. For each model, we arbitrarily select 175 of
the eligible candidates, to ensure that all CCSN models have equal-sized datasets for a
fair comparison.

The selected cWB candidates are followed-up using the BayesWave LF and full-band
analyses. For each CCSN model and analysis, we calculate the detection efficiency, de-
fined as the number of candidates recovered with lnBS ,G ≥ 0 by BayesWave, divided by
the total number of candidates (175). The results are plotted in Figure 4.5. As per the
dedicated-frequency follow-up criteria, the detection efficiency for the cWB full-band
analysis must be unity. Therefore, it is unsurprising that the BayesWave full-band anal-
ysis, i.e. the purple crosses in Figure 4.5, yields the same results. However, the detection
efficiencies of the BayesWave LF follow-up analysis are non-trivial. We find that the LF
detection efficiency decreases from left to right across the plot, i.e. as the LF power in
the CCSN model decreases. We note, in particular, that the s18 model, which exhibit
minimal SASI and has the lowest LF power (14.9% of the total power), has the lowest
detection efficiency at 0.10. In contrast, the detection efficiency for SFHx, with 36.6% LF
power and strong SASI emission, amounts to 0.97. That is, the detectability of SFHx with
the LF follow-up is highly likely. However, for s25, D15 and mesa20_pert, which have
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Figure 4.5: Detection efficiency for events with FAR ≤ 1yr−1 for the five CCSN models,
based on the BayesWave follow-up analyses. The pink triangles and purple crosses show
the efficiencies for the LF and full-band analyses respectively. The CCSN models are
displayed on the horizontal axis in order of decreasing LF power, spaced equally from
left to right. The gray dashed line indicates 50% detection efficiency, for reference.

∼10% less LF power than SFHx but still exhibit SASI emissions, the detection efficiency
ranges from 0.5 to 0.75. That is, CCSN models with moderate SASI-related LF emission
have a fair chance of being overlooked in LF follow-up analyses.

Detection efficiency can only be evaluated for injected signals, where both the num-
ber of injected and recovered signals are known. For detections in real data, the true pop-
ulation of signals is unknown, so the fraction of detected and missed signals cannot be
determined. For this reason, detectability is typically quantified by the FAR. Accordingly,
we present a FAR-based analysis of the CCSN injections to demonstrate how LF analysis
results are interpreted for detections in real data. In Figure 4.6, the crosses (triangles)
indicate the median FAR of the 175 injections per model, recovered by the BayesWave

full-band (LF) analysis. The error bars bracket the interquartile ranges (IQRs). CCSN
injections that satisfy Equation 4.7 are not successfully detected by BayesWave. How-
ever, these events cannot be excluded from the FAR analysis, as it would skew the IQRs
and medians. Therefore, in Figure 4.6, the non-detections are assigned the maximum
FAR=1 × 104 yr−1 derived from the cWB background, to reflect minimal astrophysical
significance. The black (orange) horizontal dashed line represents the FAR threshold,
below which an event is considered a successful detection for the full-band (LF) analy-
sis; the FAR threshold corresponds to lnBS ,G = 0. For all five CCSN models, the median
FARs (cross symbols) and the IQRs of the full-band analysis fall below the horizontal
black dashed line. That is,≥ 50% of the waveforms per CCSN model satisfy the full-band
detection threshold. This observation is consistent with the unit detection efficiency for
the full-band analysis in Figure 4.5. The LF-analysis median FAR (triangle symbols), on
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Figure 4.6: False alarm rate (FAR) of the CCSN injections produced by the BayesWave

full-band and LF analyses. The crosses (triangles) show the median FAR of the 175 in-
jections for each CCSN model, obtained using the full-band (LF) analysis. The error bars
indicate the interquartile range (IQR) of the FARs. Non-detections, as defined by Equa-
tion 4.7, are assigned the maximum FAR (1× 104 yr−1) of the cWB background. The LF
error bars for the s18 model are invisible because all injections within the IQR are non-
detections. The black (orange) horizontal dashed line at FAR = 0.68yr−1 (0.26yr−1)
indicate the BayesWave detection threshold for the full-band (LF) analysis, below which
an event is considered a detection. These thresholds correspond to lnBS ,G = 0 and are
derived from the bottom panel of Figure 4.3. As with Figure 4.5, the CCSN models are
displayed on the horizontal axis in order of decreasing LF power, equally spaced from
left to right.

the other hand, increases from left to right. This suggests that CCSN models with less
LF power are generally recovered with higher FAR by the LF analyses, leading to a lower
corresponding detection efficiency, as noted in Figure 4.5. Overall, Figures 4.5 and 4.6
have similar implications for the LF follow-up performance, but Figure 4.6 presents the
results in terms of a measurable quantity for detections in real data.

In summary, we find that the BayesWave LF follow-up analyses detect CCSN models
with higher LF content at lower FAR. On the other hand, the LF follow-up may miss
CCSNe with moderate LF content, so the absence of LF detection does not necessarily
indicate the lack of LF content. Therefore, we conclude that a successful LF follow-up
detection is useful for constraining the explosion model of a CCSN candidate, but the
lack of a detection is inconclusive.
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4.6. High-frequency analysis: loudest trigger during
SN 2019fcn

In this section, we demonstrate another application of the dedicated-frequency frame-
work: to follow-up a potential CCSN GW burst candidate with the HF analysis. We note
in advance that the following illustrative study on the loudest trigger during SN 2019fcn
does not yield astrophysical results. The aim, rather, is to demonstrate by way of a con-
crete example how to apply the HF analysis to astrophysically significant candidates
produced by future GW burst searches.

4.6.1. Selection of a candidate

Ref. [160] presents cWB search results for GW bursts associated with optically observed
CCSNe during O3. The CCSNe are selected based on (i) their optically inferred dis-
tances and (ii) whether there is sufficient GW data to generate a few years of time-shifted
background for significance assessment. For each CCSN event, the cWB search is con-
ducted over a methodically selected time interval, otherwise known as the on-source
window (OSW), which is expected to contain the GW signal up to a specified probabil-
ity (see Refs. [159] and [160] for details). Although no detections were reported from the
searches, the OSW (i.e. non-time-shifted) analysis for each CCSN using cWB produces
a list of triggers. The trigger with the lowest FAR is called the ‘loudest trigger’ and is
considered the most plausible GW candidate for the associated CCSN. It is therefore in-
teresting to apply the dedicated-frequency follow-up to one of the loudest triggers, to
study whether the follow-ups can improve the detection significance in practical observ-
ing scenarios.

In order to choose an illustrative follow-up candidate, we follow up all of the loud-
est cWB triggers in Ref. [160] using the full-band BayesWave analysis. Valid candidates
are those with positive lnBS ,N and lnBS ,G. Among four valid candidates, the loudest
trigger during SN 2019fcn has the highest lnBS ,N (14.7) and the second highest lnBS ,G
(7.5). It also has the lowest cWB FAR (22 yr−1), according to Table II in Ref. [160]; the
FAR is evaluated using a background measured with time-shifted data from the 4.54-day
OSW of SN 2019fcn. Altogether, this trigger is the best available O3 burst candidate
for a dedicated-frequency follow-up, according to cWB and BayesWave. The cWB and
BayesWave full-band analysis reconstructions of SN 2019fcn’s loudest trigger, displayed
in Figure 4.7, show that the signal predominantly comprises high-frequency power with
central frequency f0 ∼ 1kHz. With minimal low-frequency emission, this trigger is well-
suited for the HF follow-up, which focuses on the band where the signal is expected and
suppresses noise from irrelevant frequencies to enhance overall detectability. We reiter-
ate that the trigger is not a realistic candidate due to its high (≥ 1yr−1) FAR. Therefore
the results of the HF follow-up do not have any astrophysical implications. The aim is
simply to demonstrate the methodology.

Figure 4.7 shows that the cWB reconstruction picks up signal power at∼2kHz which
is absent from the BayesWave reconstruction. In contrast, the BayesWave reconstruction
picks up signal power at ∼0.5kHz, which cWB does not. This observation suggests that
cWB and BayesWave are sensitive to different parts of the spectrum, but with only one
event reconstruction, we are unable to reach a definitive conclusion. Analyzing more
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events presents an interesting avenue for future studies.

4.6.2. Background measurements

The cWB background of SN 2019fcn is measured in Ref. [160]. Unlike in Section 4.5, the
background measurement and analysis of SN 2019fcn in Ref. [160] is conducted without
XGBoost and uses an older version of cWB, because the updated methods were not yet
available. We refer the reader to Section IIIB of Ref. [160] for the full description of the
ranking statistic ηc used in this section.

We aim primarily to follow-up the SN 2019fcn trigger using the BayesWave HF anal-
ysis, but for completeness we also follow-up using the BayesWave full-band analysis.
Hence we measure two backgrounds. As before, the BayesWave background measure-
ment follows up cWB background triggers above a nominal threshold. Here, the follow-
up threshold for the full and HF BayesWave background measurements is ηc = 6.7,
i.e. the value at which the cWB full-band analysis recovers the loudest trigger during
SN 2019fcn, as reported in Ref. [160].

The purple and blue curves in Figure 4.8 show the background measured by BayesWave

using the full-band and HF analyses respectively. Although the HF background is lower
than the full-band background, the discrepancy is smaller than that observed between
the LF and full-band backgrounds in Figure 4.3. This makes sense because the fre-
quency range of the HF analysis (256−2048 Hz) overlaps more with the full-band anal-
ysis (32−2048 Hz) than the LF analysis (32−256 Hz). That is, the SNR of the HF triggers
should be similar to the full-band analysis triggers, and the number of wavelets N used
for reconstruction should likewise be similar, as should lnBS ,G. The discrepancy could
also partially be due to the different cWB versions used to measure the backgrounds for
SN 2019fcn and Figure 4.3.

We use the backgrounds in Figure 4.8 to evaluate in Section 4.6.3 the BayesWave

full-band and HF FARs for the loudest trigger during SN 2019fcn.

4.6.3. FAR analysis

Table 4.2 summarizes the detection statistics, ηc and lnBS ,G, recovered by the cWB and
BayesWave analyses respectively, for the loudest trigger during SN 2019fcn. The cWB
full-band analysis results are taken directly from Ref. [160]. The BayesWave FARs are
evaluated by comparing the full-band and HF lnBS ,G values to the corresponding back-
ground measurements in Figure 4.8. First, we note that the BayesWave full-band analysis
achieves a lower FAR (6.4yr−1) than cWB (22.1yr−1). This demonstrates how the hi-
erarchical pipeline enhances detection significance, as previously reported in Ref. [139].
Second, the HF follow-up further reduces the FAR to 4.9yr−1. This is because the HF
follow-up yields higher lnBS ,G = 8.6, cf. lnBS ,G = 7.5 in the full-band analysis. Ac-
cording to Figure 4.8, higher lnBS ,G results in lower FAR. The increase in lnBS ,G with
the HF follow-up is justified as follows. Since the SN 2019fcn trigger has minimal power
below 256 Hz, the HF and full-band signal reconstructions are similar, i.e. they use ap-
proximately the same number of wavelets (medianN = 9). The signal evidence depends
on the volume of the parameter space, V and the subvolume that the model occupies,
∆V [85]; a higher signal evidence is achieved when ∆V /V is larger. If the HF signal
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Figure 4.7: Whitened CWT time-frequency spectrogram of the loudest trigger during
SN 2019fcn. The top panel shows the cWB full-band reconstruction. The horizontal
axis indicates the time relative to the central GPS time of the trigger. The color bars
show the normalized amplitude, defined the same way as in Figure 4.2. The horizontal
line indicates f0 = 1443Hz. The bottom panel shows the same as the top panel but for
BayesWave, with f0 = 1138Hz.
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Figure 4.8: SN 2019fcn background measured using the BayesWave full-band (purple
curve) and HF (blue curve) follow-up analyses. The vertical green line at lnBS ,G = 0
indicates the BayesWave detection threshold.

reconstruction is similar to the full-band reconstruction, then ∆Vfull ≈ ∆VHF. However,
the HF analysis is restricted to a narrower bandwidth than the full-band analysis, so it
follows that VHF < Vfull. As a result, the HF analysis yields higher signal evidence, and
consequently higher lnBS ,G.

To summarize, Table 4.2 demonstrates that (i) the successive application of cWB and
BayesWave reduces the FAR by a factor of 3.4, and (ii) the HF BayesWave follow-up,
limited to 256Hz ≤ f ≤ 2048Hz, further reduces the FAR for the loudest trigger during
SN 2019fcn by a factor of 1.3.

We reiterate that the results in Table 4.2 have no astrophysical significance, because
the loudest trigger during SN 2019fcn is not a real GW burst candidate. The goal in
this paper is to demonstrate concretely how to apply HF follow-up to one representative
event. This method is suitable for following up future detection candidates with marginal
significance (e.g. FAR∼ 1yr−1) and minimal low-frequency (f ≤ 256Hz) power. One
can also adapt the method by adjusting the LF-HF boundary to match other emission
mechanisms.

4.7. Conclusions

GW signals from CCSNe contain spectral signatures which reflect the physical mecha-
nisms that occur within the progenitor star immediately prior to its explosion. In par-
ticular, low-frequency gravitational wave signatures (f ≲ 250Hz), can be used to detect
hydrodynamical instabilities, such as the SASI and neutrino-driven convection, which
are thought to play a crucial role in driving CCSN explosions. In this paper, we intro-
duce the dedicated-frequency framework, designed to characterize spectral signatures
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Full-band HF

Pipeline ηc lnBS ,G FAR
(yr−1)

ηc lnBS ,G FAR
(yr−1)

cWB 6.7 - 22.1 - - -

BayesWave - 7.5 6.4 - 8.6 4.9

Table 4.2: Follow-up analysis output for the loudest trigger during SN 2019fcn. ηc and
lnBS ,G are the detection statistics produced by cWB and BayesWave respectively. The
cWB and BayesWave FARs are estimated independently using the corresponding back-
grounds of the full-band and HF analyses; see Section 4.6.2.

of GW burst detection candidates. The framework uses a hierarchical detection pipeline
comprising two minimally-modeled burst analysis algorithms: cWB, to identify eligi-
ble candidates based on their astrophysical significance, and BayesWave, to follow-up
eligible burst candidates using bandpass analyses. We demonstrate two applications of
the dedicated-frequency framework: (i) to detect GW signatures associated with the
SASI and neutrino-driven convection in CCSNe using a low-frequency (LF) analysis,
limited to the range 32Hz ≤ f ≤ 256Hz; and (ii) to enhance detectability of the loud-
est trigger from SN 2019fcn using a high-frequency (HF) analysis, limited to the range
256Hz ≤ f ≤ 2048Hz.

The LF study uses GW waveforms from five different CCSN models with typical
(non-rotating, with solar metallicity) progenitors: SFHx, s25, D15, mesa20_pert and s18.
These models range from the highest to the lowest LF power, respectively. The wave-
forms are injected into real O3a data, and the distribution of background noise triggers in
the data, i.e. the false-alarm rate (FAR), is measured using a time-shift analysis. The back-
grounds for the cWB full-band analysis, BayesWave full-band analysis and BayesWave

LF analysis are evaluated separately to allow for an independent assessment of detec-
tion significance for each algorithm and analysis band. To qualify for the LF follow-up in
this study, a CCSN injection must satisfy FAR ≤ 1yr−1 according to the full-band cWB
analysis. Hence, the waveforms for each CCSN model are injected at amplitudes corre-
sponding to the 50% detection efficiency (hrss,50) at FAR ≤ 1yr−1. The value of hrss,50
is determined empirically using the full-band cWB analysis. For each CCSN model, 175
injections are chosen arbitrarily from the full list of successful (FAR ≤ 1yr−1) detection
candidates to conduct the LF and full-band BayesWave follow-ups. Figure 4.5 shows that
the LF detection efficiency increases, as the LF power increases. This is because the
LF FAR reduces with increasing LF power, as shown Figure 4.6. The study shows that
detecting CCSN models like s25, D15, and mesa20_pert with the LF analysis is not guar-
anteed, even if they exhibit SASI-related LF emission. That is, an unsuccessful detection
with the LF follow-up does not imply an absence of LF emission. However, the converse
holds true: a successful detection using the LF follow-up indicates the presence of LF
emission and can therefore be used to constrain the CCSN explosion models for real
detection candidates.

To demonstrate another application of the dedicated-frequency framework, we per-
form a HF follow-up analyses of the loudest trigger during SN 2019fcn [160]. The se-
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lected trigger is not a real detection candidate because its cWB FAR does not satisfy
the LVK detection benchmark (FAR ≤ 0.01yr−1); it serves purely to demonstrate the
method in practice, using the best available GW burst candidate from O3. The follow-
up is conducted using the BayesWave full-band and HF analyses, with the noise back-
ground for each analysis measured separately. We find that the full-band BayesWave

follow-up reduces the FAR to 6.4yr−1, down from the initial cWB full-band analysis
FAR of 22.1yr−1. This finding reinforces the result from Ref. [139], that the successive
application of cWB and BayesWave improves detection confidence. Since the SN 2019fcn
trigger has minimal power in the range f ≤ 256Hz, limiting the HF follow-up analyses
range to f ≥ 256Hz reduces false-alarm triggers in the detector backgrounds. The HF
BayesWave follow-up further reduces the FAR from 6.4yr−1 to 4.6yr−1. Altogether we
find that the HF follow-up improves the detection of burst triggers with minimal low-
frequency power. We also note that the BayesWave full-band analysis reconstruction
of the SN 2019fcn trigger reveals non-negligible power at f ∼ 0.5kHz, a feature not
observed in the corresponding cWB reconstruction. Conversely, cWB detects power at
f ∼ 2kHz, yet BayesWave does not. This suggest that cWB and BayesWave may be sen-
sitive to different frequency ranges. While our results do not provide sufficient evidence
to confirm this claim, we recommend exploring the topic further in future work.

In conclusion, the BayesWave LF follow-ups within the dedicated-frequency frame-
work are capable of identifying the presence of LF GW emissions in CCSN detections,
thereby constraining CCSN explosion mechanisms. The HF follow-up for the loudest
trigger during SN 2019fcn demonstrates that it is possible in principle to improve the
detection significance of triggers with minimal LF power.

In this paper, cWB is not used for dedicated-frequency analyses for the reasons dis-
cussed in Section 4.4.2. However, it is an interesting avenue for future work to develop
a framework which allows cWB to infer frequency-specific content of GW bursts in-
dependently of BayesWave, e.g. by analyzing subsets of the full-band reconstructions,
instead of bandpass analyses. The dedicated-frequency framework is a versatile GW
burst follow-up tool, which can improve detection confidence and characterization of
the signal within a specific frequency range. The dedicated-frequency follow-ups can be
tailored to any user-defined frequency range, and may therefore be tuned in the future
to detect other types of burst signals with frequency-specific GW signatures, e.g. bi-
nary neutron-star post-merger remnants [32, 255] (≳1 kHz) and eccentric binary black-
holes [256].
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4.A1. Extracting gravitational waves from CCSNe

In Section 1.3.3 of this thesis, we show that GWs are produced by accelerating matter
with a time-varying quadrupole moment. Consequently, the mass quadrupole approx-
imation M̈µν as shown in Equation 1.24 can be used to extract GWs from the CCSNe
simulations. We outline the methods below.

The first step is to transform M̈µν into the TT-gauge for convenience. Recall that all
time components of the metric perturbation in Equation 1.16 are set to zero. Therefore,
the TT-gauge transformation can be written purely in the spatial coordinates, viz.

hTT
ij = Λij,klhkl , (4.10)

with spatial indices i, j,k, l ∈ {1,2,3}. For a wave propagating in the direction n̂,

Λij,kl(n̂) = PikPjl −
1
2
PijPkl , (4.11)

where Pij(n̂) = δij − ninj is a symmetric and traverse tensor with trace Pii = 2. By this
definition, we can then write

M̈TT
ij = Λij,klM̈kl . (4.12)

For a GW propagating along n̂ = ẑ, one can combine Equation 4.12 and 1.23 to obtain:

hTT
ij =

2G
Dc4


(M̈11 − M̈22)/2 M̈12 0

M̈21 −(M̈11 − M̈22)/2 0

0 0 0


ij.

(4.13)

Equating the spatial components of Equation 1.16 with those in Equation 4.13 yields:

h+ =
G

Dc4 (M̈11 − M̈22) (4.14)

h× =
2G
Dc4 M̈12. (4.15)

Equations 4.14 and 4.15 are used to extract the GWs from the CCSNe models in terms
of their energy distribution. The energy flux of a GW through a unit surface dA is given
by [69]

dEGW

dAdt
=

c3

32πG

〈
ḣTT
ij ḣ

TT
ij

〉
. (4.16)
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The angle brackets ⟨·⟩ denote the temporal average over multiple oscillation periods of
the GW. For GW bursts like CCSNe with duration T , the average is evaluated as follows:〈

ḣTT
ij ḣ

TT
ij

〉
=

〈
2
[
ḣ2

+(t) + ḣ2
×(t)

]〉
(4.17)

=
2
T

∫ T /2

−T /2
dt

[
ḣ2

+(t) + ḣ2
×(t)

]
. (4.18)

Let dA = r2dΩ, where r is the distance to the source and Ω is the solid angle. Then
substituting Equation 4.18 into Equation 4.16 yields

dEGW

dΩdt
=
c3r2

16πG
1
T

∫ T /2

−T /2
dt

[
ḣ2

+(t) + ḣ2
×(t)

]
(4.19)

Since the time-domain metric perturbation can be decomposed spectrally as

hij(t) =
∫ ∞
−∞
df h̃ij(f )e2πif t, (4.20)

Equation 4.19 can be re-expressed as [254]

dEGW

dΩdt
=
πc3r2

4G
1
T

∫ ∞
−∞
df

∣∣∣h̃(f )
∣∣∣2f 2, (4.21)

with
∣∣∣h̃(f )

∣∣∣2 =
∣∣∣h̃+(f )

∣∣∣2 +
∣∣∣h̃×(f )

∣∣∣2. Integrating Equation 4.21 over the signal duration T
and the solid angle Ω yiel ds the total GW energy:

EGW =
πc3r2

4G

∫
dΩ

∫ ∞
−∞
df

∣∣∣h̃(f )
∣∣∣2f 2 (4.22)

For GWs with real amplitudes, i.e. h̃(−f ) = h̃∗(f ), Equation 4.22 becomes

EGW =
πc3r2

2G

∫
dΩ

∫ ∞
0
df

∣∣∣h̃(f )
∣∣∣2f 2. (4.23)

Consequently, the GW energy spectrum is given by [257]

dEGW

df
=
πc3r2

8G
h2

char

∫
dΩ, (4.24)

where hchar is the characteristic strain [103], defined such that h2
char = 4

∣∣∣h̃(f )
∣∣∣2f 2.

In the case of an isotropically emitting source, Equation 4.24 simplifies to [225]

dEGW

df
=
π2c3r2

2G
h2

char. (4.25)

If the isotropic source also emits a narrowband signal with central frequency f0 (as de-
fined in Equation 4.9), the total GW energy can be approximated as

EGW =
π2c3r2

G
f 2

0 h
2
rss. (4.26)
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Chapter 5

Multi-detector characterization of gravitational-wave burst
tensor polarizations with the BayesWave algorithm

This chapter is a reproduction of [6]

Y. S. C. Lee, S. Doshi, M. Millhouse, and A. Melatos,
Physical Review D 111, 082002 (2025)

reformatted with the following changes only:

• The text is styled to match the rest of this thesis.

• Table 5.1 is reformatted to display properly on the page.

• The last paragraph of Section 5.7 is revised and expanded in response to a
suggestion from the thesis examiner.

• Appendix 5.A3 is added to present a supplementary study on how we en-
sure the convergence of BayesWave’s signal evidences for this study. This
appendix is not submitted for publication.

• Appendix 5.A4 is added to discuss the theory of Stokes parameters, for
completeness. This appendix is not submitted for publication.

• Brief descriptions of Appendices 5.A3 and 5.A4 are added to the relevant
sections of the text.

5.1. Abstract

Einstein’s theory of general relativity predicts that gravitational waves (GWs) are tensor-
polarized, with two modes of polarization: plus (h+) and cross (h×). The unmodeled GW
burst analysis pipeline, BayesWave, offers two tensor-polarized signal models: the ellip-
tical polarization model (E) and the relaxed polarization model (R). Future expansion of
the global GW detector network will enable more accurate studies of GW polarizations
with GW bursts. Here a multi-detector analysis is conducted to compare the perfor-
mance of E and R in characterizing elliptical and non-elliptical GW polarizations, using
non-precessing and precessing binary black holes (BBHs) respectively as representative
synthetic sources. It is found that both models reconstruct the elliptical non-precessing
BBH signals accurately, but E has a higher Bayesian evidence than R as it is has fewer
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model parameters. The same is true for precessing BBHs that are reconstructed equally
well by both models. However, for some events with high precession and especially with
three or more detectors, the reconstruction accuracy and evidence of R surpass E. The
analysis is repeated for BBH events from the third LIGO-Virgo-KAGRA observing run,
and the results show that E is preferred over R for existing detections. Although E is
generally preferred for its simplicity, it insists on elliptical polarizations, whereas R can
measure generic GW polarization content in terms of Stokes parameters. The accuracy
of R in recovering polarization content improves as the detector network expands, and
the performance is independent of the GW signal morphology.

5.2. Introduction

The global gravitational-wave (GW) detector network currently comprises four interfer-
ometers, namely the Hanford and Livingston Laser Interferometer Gravitational-Wave
Observatory (LIGO) detectors in the USA [76], the Virgo detector in Italy [77] and the
Kamioka Gravitational Wave Detector (KAGRA) in Japan [78]. With the commissioning
of LIGO-India [82] in progress and the proposals to build next-generation ground-based
interfrometers like the Cosmic Explorer [83] and Einstein Telescope [84], the global de-
tector network will grow in the coming years. Benefits of a larger network include
increased duty cycle, sky coverage, signal-to-noise ratio (SNR) and accuracy of source
localization [90–92].

Larger networks also enable more accurate studies of GW polarization structure.
General relativity (GR) predicts that GWs are a linear combination of two transverse-
traceless tensor polarizations, namely plus (+) and cross (×). Metric theories beyond GR
allow up to six independent polarizations, comprising additional vector modes (x and y)
and scalar modes (b and l) [67, 68]. The overall amplitude of the metric perturbation in
the time domain observed by a detector I is given by [156]

hI (t) =
∑
P

FPI (t,ψ,Ω)hP [t +∆tI (Ω)] , (5.1)

for P ∈ {+,×,x,y, l,b}. In other words, the sensitivity of an individual GW detector to
the amplitude hP of polarization mode P is determined by a unique antenna pattern FP ,
which is a function of time, the source orientation1 ψ and the sky location Ω = {α,δ}
expressed in terms of the right ascension (α) and declination (δ). ∆tI (Ω) is the arrival
time delay between detector I and a nominal reference location.

Long-duration (continuous) GW signals can be used to measure polarizations. In
theory, this can be done with a single detector by searching for the unique t dependence
in FPI (t,ψ,Ω) [258]. Multiple detectors improve polarization detection [259]. Previous
studies focus on persistent sources like a stochastic GW background [260–264] and spin-
ning neutron stars with an asymmetric moment of inertia [265, 266]. To date, however,
these signals have not been detected by ground-based interferometric detectors. In con-
trast, LIGO [76] and Virgo [77] have detected 90 compact binary coalescences (CBCs) up

1ψ is also known as the polarization angle. The standard LIGO-Virgo-KAGRA (LVK) definition of ψ
can be found in Refs. [87, 88].
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to the third observing run (O3) [35, 36, 38], and over 80 detection candidates from the on-
going fourth observing run (O4). Transient GW (burst) signals from CBCs typically last a
few milliseconds to a few seconds, during which FPI in Equation 5.1 is roughly constant.
Since hP is the same for all detectors up to ∆tI , n detectors are required at minimum
to break n polarization degeneracies if ψ and Ω are well-constrained [267]. However,
differential-arm detectors like LIGO, Virgo and KAGRA cannot distinguish between the
two scalar modes (l and b) because the antenna pattern functions are degenerate with
respect to l and b, meaning that only five polarization modes can effectively be disentan-
gled with current detector designs [268]. This is still enough in principle to distinguish
between GR (tensor) and non-GR (non-tensor) polarizations.

This paper focuses on characterizing GR-consistent (tensor) polarization structures.
We employ the BayesWave burst analysis algorithm [1, 2, 85] to detect and characterize
the GW bursts with minimal assumptions. BayesWave provides two tensor-polarized
signal models: the elliptical (E) and the relaxed (R) polarization models [1, 2, 85], repre-
sented as a sum of sine-Gaussian wavelets. E restricts the frequency-domain amplitudes
to h̃× = iϵh̃+ with ellipticity parameter ϵ, whereas R reconstructs h̃+ and h̃× indepen-
dently. In this work, we present an empirical study on the polarization characterization
performance of E and R, for elliptical and non-elliptical GW burst signals. The Bayes
factor between E and R is used to determine the model that best represents the data.
According to GR, nonspinning binary black holes (BBHs) do not precess and emit ellip-
tically polarized GWs [268]. Spinning CBCs, on the other hand, undergo precession if
the component spin vectors orthogonal to the angular momentum vector are nonzero
[269]. The angular momentum vector of precessing CBCs evolves with time, so the
GW polarization is not strictly elliptical. Therefore we use simulated non-precessing
and precessing BBHs to represent the elliptical and non-elliptical GW burst sources re-
spectively. We also quantify how accurately R recovers GW polarization content of the
non-precessing and precessing BBHs in terms of Stokes parameters. This is not possi-
ble with E because the overall polarization is described by a single ellipticity parameter
ϵ. The size of a detector network impacts BayesWave’s signal characterization [3] and
hence also the accuracy of measuring GW polarizations. For example, the Hanford (H)
and Livingston (L) LIGO detectors are approximately coaligned, so their polarization
measurements as in Equation 5.1 are not fully independent. As a result, the HL net-
work provides limited information about the signal polarization structure. Thus we also
compare BayesWave’s polarization characterization performance between the HL (two-
detector), HL-Virgo (three-detector) and HLV-KAGRA (four-detector) networks.

The remaining sections of this paper are organized as follows. Section 5.3 summa-
rizes the BayesWave algorithm and the signal models E and R. Section 5.4 details the
non-precessing and precessing BBH injection sets used in this study. Section 5.5 dis-
cusses the aim and methods of comparing the burst characterization performance of E
and R; the results are presented in Section 5.5.2 and the demonstration of methodology
using real GW events from O3 is presented in Section 5.5.3. Section 5.6 details the meth-
ods to quantify the accuracy of R in recovering GW polarization; the multi-detector
comparison for the non-precessing and precessing BBHs is presented in Section 5.6.3.
We summarize our findings in Section 5.7.
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5.3. BayesWave and Signal Models

BayesWave is a source-agnostic analysis algorithm used by the LVK community to jointly
characterize instrumental glitches and generic GW bursts [35, 36, 38, 44–46]. The algo-
rithm uses a sum of sine-Gaussian wavelets to reconstruct transient and non-Gaussian
features in the data, without prior assumptions about their source. A sine-Gaussian
wavelet is parameterised by its central time t0, central frequency f0, quality factor Q,
amplitude A and phase φ0, packaged into a vector λ. It is expressed mathematically in
the time domain as

Ψ (t;λ) =Ae−(t−t0)2/τ2
cos[2πf0(t − t0) +φ0] , (5.2)

with τ ≡Q/(2πf0). BayesWave uses a trans-dimensional Reversible Jump Markov Chain
Monte Carlo (RJMCMC) sampler to marginalize over the wavelet parameters and the
number of wavelets (i.e. model complexity) needed to fit the data. Although RJMCMC is
computationally expensive, it has enough flexibility to characterize generic GW bursts
without assuming a physically motivated waveform a priori.

BayesWave currently offers four independent phenomenological models: the Gaus-
sian noise model (N ), the signal plus Gaussian noise model (S ), the glitch plus Gaussian
noise model (G), and the joint model (S+G) which simultaneously allows for a signal
and a glitch. S assumes a coherent signal across all detectors in the network, whereas G
is specific to each detector. Detailed descriptions of BayesWave’s models can be found
in Refs. [2, 85]. The model that best describes the data is determined by calculating
the Bayes factor, i.e. the ratio of Bayesian evidences. BayesWave uses thermodynamic
integration to calculate the evidences (see Appendix 5.A1).

In this paper, we focus on comparing two GR-consistent signal models with different
polarization restrictions: elliptical (E) and relaxed (R), with {E,R} ∈ S . We describe these
models in Sections 5.3.1 and 5.3.2 respectively.

5.3.1. Elliptical polarization, E

Equation 5.1 specifies the time-domain response of a GW detector I to a combination
of polarization modes. In GR, the scalar and vector modes are omitted. As BayesWave

calculates the likelihoods in the frequency domain, we rewrite the detector response as

h̃I (f ) =
[
F×I (ψ,Ω)h̃×(f ) +F+

I (ψ,Ω)h̃+(f )
]
e2πif ∆tI (Ω). (5.3)

BayesWave analyzes burst signals much shorter than one day, so the diurnal and annual
variations in FPI (t,ψ,Ω) are negligible, and we can write FPI (t,ψ,Ω) ≈ FPI (ψ,Ω). Equa-
tion 5.3 assumes that GWs travel at the speed of light and are not dispersed [156, 270].
Hence GW signals are coherent across all detectors and can be represented by a single
projected waveform.

In order to disentangle h̃+(f ) and h̃×(f ) from the measurements of h̃I (f ) as in Equa-
tion 5.3, one needs to knowψ andΩ, which are extrinsic parameters of BayesWave signal
model. In general, at least two detectors are required to break degeneracies between the
two polarization modes, and additional detectors are required to constrain ψ and Ω. In
the first observing run (O1) in 2015, only the two LIGO detectors were operating, whose
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arms are approximately parallel, leading to polarization degeneracies. Therefore the first
signal model implemented in BayesWave [1] assumes elliptical polarization (E), where
h̃+ is expressed as a sum of N wavelets and h̃× is proportional to h̃+ and out of phase by
π/2 radians, viz.

h̃+ =
N∑
n=1

Ψ

[
f ; t(n)

0 , f
(n)

0 ,Q(n),A(n),φ
(n)
0

]
, (5.4)

h̃× = iϵh̃+. (5.5)

The ellipticity parameter ϵ takes a value between zero (linear) and one (circular). Alto-
gether E is parameterized by 5N intrinsic parameters from the wavelets plus the four
extrinsic parameters ϵ,ψ, and Ω = (α,δ).

5.3.2. Relaxed polarization, R

The model E has achieved success in reconstructing GW signals like binary black holes
(BBH) [140], binary neutron stars (BNS) post-merger emissions [143, 144], eccentric
BBHs [145], and core-collapse supernovae (CCSNe) [149]. Most CBCs like BBHs and
BNSs are elliptically polarized as in Equation 5.8, whereas generic bursts like CCSNe
[271, 272] are not. Furthermore, E does not hold for CBCs with time-dependent polariza-
tion content, e.g. signals with spin-precession and/or higher-order spherical harmonic
modes (beyond ℓ = |m| = 2).

As Virgo and KAGRA join the global detector network, the task of separating the
+ and × polarizations becomes more pressing. Each detector independently measures
the combinations of polarizations as in Equation 5.3, so expanded detector networks
enable better separation of the polarization modes. In response, BayesWave has been
generalized to support the relaxed polarization model R [2]:

h̃+ =
N∑
n=1

Ψ

[
f ; t(n)

0 , f
(n)

0 ,Q(n),A(n)
+ ,φ

(n)
0,+

]
, (5.6)

h̃× =
N∑
n=1

Ψ

[
f ; t(n)

0 , f
(n)

0 ,Q(n),A(n)
× ,φ

(n)
0,×

]
. (5.7)

The main difference between E and R is that h̃+ and h̃× are reconstructed separately in
Rwithout the restriction imposed by Equation 5.5. However, h̃+ and h̃× are not indepen-
dent as they are both expressed as a sum of the same number (N ) of wavelets, and the
n-th plus and cross wavelets share the same central time t(n)

0 , central frequency f (n)
0 and

quality factor Q(n); only their amplitudes and phases differ. This arrangement is valid
for two reasons. First, h̃+ and h̃× are generated by the same physical processes, so their
time-frequency structure should be closely related [156]. Second, according to Equa-
tion 5.3, the time-frequency structure of a coherent signal should be independent of the
detector; only the amplitude and phase are modified when projected from the reference
location onto the detector. With R, one can also set ψ = 0 in Equation 5.3 without loss
of generality2. Thus the overall dimensionality of R is given by the 7N intrinsic wavelet
parameters t(n)

0 , f
(n)

0 ,Q(n),A(n)
+ ,φ

(n)
0,+,A

(n)
× ,φ

(n)
0,× plus two extrinsic parameters Ω = (α,δ).

2This is because ψ and {An+,An×} are degenerate in Equation 5.3 i.e. the transformation
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5.4. Injection datasets

The two key goals of this paper are (i) to test whether model E or model R reconstructs
more accurately the signals from non-precessing (zero-spin) and precessing (nonzero-
spin) BBHs, and (ii) to quantify how accurately R recovers generic BBH polarizations in
terms of Stokes parameters. We address these goals quantitatively in Sections 5.5 and 5.6
by analyzing two separate sets of simulated injections, one comprising non-precessing
BBHs and the other comprising precessing BBHs. We specify the two injection sets
in this section. A previous study showed that BayesWave’s detection statistic, viz. the
log signal-versus-glitch Bayes factor, scales with the number of detectors in the net-
work [3]. Furthermore, the size of the detector network affects the distinguishability
of polarization modes and hence the accuracy of polarization measurements [267, 270].
So we inject the BBHs into simulated noise of three detector configurations, namely
Hanford-Livingston (HL, two detectors), Hanford-Livingston-Virgo (HLV, three detec-
tors) and Hanford-Livingston-KAGRA-Virgo (HLKV, four detectors) to compare their
performances in characterizing GW burst polarizations.

The non-precessing and precessing BBH injection sets are simulated using the IMR-
PhenomXPHMwaveform approximant [273–276]. Each injection set consists of 200 wave-
forms with sky locations uniformly distributed on a sphere. The main difference between
the two injection sets is the distributions of the dimensionless spin |χC |, where the sub-
script C = 1,2 labels the primary and secondary black holes respectively. The effective
precession spin parameter 0 ≤ χp ≤ 1 is conventionally used to characterize the de-
gree of precession in BBHs [269]. Since χp depends on |χC | (see Appendix 5.A2), we
set |χC | = 0 to obtain χp = 0 for all of the non-precessing BBH injections. For the pre-
cessing BBHs, χC and χp evolve with time. Although we cannot guarantee precession
throughout the coalescence because the motion is too complicated to predict analyti-
cally, we can ensure that the system precesses initially. This is achieved by sampling
uniformly in the domain 0.1 ≤ |χC | ≤ 1 to obtain χp,init , 0 initially at f = 16 Hz for
all precessing BBH injections. Equation 5.38 shows that χp depends only on

∣∣∣χC,⊥∣∣∣ i.e.
spin components orthogonal to the angular momentum vector of the binary system. In
other words, only part of |χC | contributes to χp. Therefore we impose a lower bound of
0.1 on |χC | to avoid obtaining injections with negligible

∣∣∣χC,⊥∣∣∣, and hence χp,init, which
are indistinguishable from non-precessing BBHs.

In this work, we use the non-precessing (precessing) BBHs injections to compare
the performance between R and E for elliptical (non-elliptical) GW signals. There-
fore we need to ensure that the injection sets fulfill their respective polarization re-
quirements. The polarization of non-precessing CBCs is quantified by the ellipticity
ϵ = |h×(t)|/ |h+(t)|, which depends on the inclination angle ι between the line of sight
and the normal to the orbital plane [64], according to

|h×(t)|
|h+(t)|

=
2cos ι

1 + cos2 ι
. (5.8)

Therefore, in theory, all inclination angles except ι = 90◦ produce elliptically-polarized

{F+(ψ,Ω),F×(ψ,Ω)} 7→ {F+(ψ′ ,Ω),F×(ψ′ ,Ω)} for ψ′ = ψ +∆ψ can be fully described by {A(n)
+ ,A(n)

× } 7→
{A(n)′

+ ,A(n)′
× } (see Appendix A of Ref. [259] for more details).
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non-precessing BBHs that are valid for our study. However, the source orientation affects
the radiated power, e.g. ι = 90◦ (edge-on) results in minimum power, and ι = 0◦ or
180◦ (face-on or face-off) results in maximum power [90]. This, in turn, can affect the
distinguishability of the GW polarization modes, so we select ι with caution. For non-
precessing BBHs, ι is fixed throughout the inspiral. In contrast, for precessing BBHs, ι
evolves throughout the inspiral and the polarizations are not related as in Equation 5.8.
Since |χC | of the precessing BBHs is uniformly sampled, some injections are expected
to undergo strong precession, leading to significant deviations from the initial ι, while
others will exhibit minimal precession, maintaining an inclination close to the initial
ι. Although only the strongly precessing BBHs are useful for comparing the E and R
performance between non-precessing and precessing signals, the minimally precessing
BBHs can be used to assess the consistency of E and R compared to the non-precessing
BBHs, provided their ι values are similar. For this reason, we nominally set ι = 45◦

for all non-precessing BBHs and initialize all precessing BBH inspirals with ι = 45◦ at
f = 16 Hz to facilitate the consistency check. The initial ι does not affect the strongly
precessing BBHs, as they are expected to deviate from it regardless.

To compare R versus E fairly, we keep all other parameters fixed across both in-
jection sets. Asymmetric masses are known to amplify precession-related GR effects
[277]. Hence we set the primary and secondary black hole masses to m1 = 40M⊙ and
m2 = 8M⊙ respectively, to achieve a mass ratio of q = m1/m2 = 5 for all injections.
The source distances are chosen to obtain an injected network signal-to-noise ratio
SNRnet = 50 in simulated HLV data. The same distance distribution is used for the HL
and HLKV injections, i.e. the sources have the same inherent loudness, but SNRnet is ad-
justed by removing Virgo contributions and adding KAGRA contributions respectively.
As a result, the HLKV injections have the highest SNRnet, followed by HLV and then HL.
All non-precessing and precessing BBHs are injected into Gaussian noise colored by the
sensitivity curves shown in Figure 5.1. In this paper, with an eye to the future, we use the
same sensitivity curves for Virgo and KAGRA. We also note that SNRnet(HLV) = 50 is a
few factors higher than the BBH detections reported in the Gravitational-wave Transient
Catalogs (GWTCs), where the HLV network matched-filter SNRs is typically ≤ 25 [35,
36, 38]. Therefore the studies presented in this paper are a proof of concept. We do not
use the results to make claims about the polarization properties of existing detections.

For each injection set, we perform two separate BayesWave analyses with the signal
models E and R. To ensure comparability between the two analyses, both analyses are
configured the same. Firstly we assume fixed detector noise curves as in Figure 5.1 for
all the analyses. By convention, we set the lower bound of the analysis frequency range
to 20 Hz, to avoid the high-amplitude noise floor <20 Hz [94]. We choose a sampling
rate of 2048 Hz, where the Nyquist frequency sets the upper analysis frequency bound at
1024 Hz. The overall analysis frequency range is therefore 20-1024 Hz which is sufficient
for the detection of BBHs. The analyzed segments are set to 4 seconds, which is longer
than typical CBC signals (∼1 second), to prevent truncating detectable segments of the
BBH signals.
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Figure 5.1: Simulated amplitude spectral density (ASD) curves of the Advanced LIGO
(SimAdLIGO, red) and Virgo (SimAdVirgo, black) detectors from the LVK Algorithm Li-
brary [278]. SimAdLIGO represents the LIGO Hanford (H) and Livingston (L) detectors,
whereas SimAdVirgo represents Virgo (V) and KAGRA (K) in this study.

5.5. R versus E

Figure 1 of Ref. [2] qualitatively demonstrates that R reconstructs BBH signals with
spin-induced precession more accurately than E, assuming a zero-noise realization. The
figure shows the injected and reconstructed time-domain signal amplitudes for one non-
precessing and two precessing BBHs. Both E and R perform comparably when recon-
structing the non-precessing BBH signal. On the other hand, the amplitudes of the pre-
cessing BBHs are modulated, and E can reproduce the modulations to some extent, al-
though they are represented better byR. However, better reconstruction does not neces-
sarily imply thatR is supported more strongly by the data, once the Occam penalty in the
Bayesian evidence is taken into account. Furthermore, the true signal morphology and
hence the accuracy of reconstruction are unknown when analyzing real, astronomical
data.

In this work, we use the Bayes factor between R and E (lnBR,E) to study whether
there is a preferred polarization model for different signal morphologies. If there is, can
lnBR,E be used to distinguish between elliptical and non-elliptical polarizations? We use
the non-precessing (elliptical) and precessing (non-elliptical) BBH injections described
in Section 5.4 as representative case studies. In Section 5.5.1, we define and justify the
metrics used to compare E and R. The results involving synthetic data are presented
in Section 5.5.2. We also demonstrate how one can compute the relevant comparison
metrics for real O3 events in Section 5.5.3.

5.5.1. Comparison metrics

It is convenient to compute the log Bayes factor (i.e. the log evidence ratio) between R
and E,

lnBR,E = lnp(d|R)− lnp(d|E), (5.9)
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as a basis for model selection. lnBR,E > 0 indicates that R is more strongly supported
by the data d than E, and vice versa. The comparison via Equation 5.9 is valid when the
E and R analyses use the same noise power spectral density (PSD). That is, we assume
the PSD is known and is the same in each analysis. In Appendix 5.A3, we conduct a
supplementary study to identify an appropriate BayesWave sampler setting that ensures
reliable model evidence calculations, to achieve accurate comparisons of E and R.

Our goal is to study how lnBR,E varies as the discrepancy increases between the
signal waveforms reconstructed by E and R. We apply the standard LVK definition of
the network overlap between the signal waveforms hR and hE reconstructed by R and
E respectively [140]:

OR,E ≡
⟨hR|hE⟩√

⟨hR|hR⟩⟨hE |hE⟩
. (5.10)

For a network with I detectors, one has

⟨ha|hb⟩ =
I∑
i=1

⟨h̃ai |h̃
b
i ⟩, (5.11)

and the noise-weighted inner product between waveforms h̃ai and h̃bi of the i-th detector
is given by

⟨h̃ai |h̃
b
i ⟩ = 4Re

∫ ∞
0
df

h̃ai (f )h̃b∗i (f )
Sn,i(f )

. (5.12)

In Equation 5.12, h̃∗ denotes the complex conjugate of h̃ and Sn,i(f ) is the one-sided3

noise PSD of detector i. By definition,OR,E takes values between−1 and 1, whereOR,E =
1 indicates perfect agreement between the E and R waveforms, OR,E = 0 indicates no
agreement and OR,E = −1 indicates anti-correlation.

For simulated injections, network overlaps between the injected and recovered signal
waveforms (Oinj,R and Oinj,E) are typically used to quantify the reconstruction accuracy
of BayesWave’s signal models i.e. they are good performance indicators. Thus we take
advantage of the simulated injections to supplement our understanding about howOinj,R
andOinj,E correlate withOR,E , for different BBH waveforms. We achieve this by evaluat-
ing the overlap ratioOinj,R/Oinj,E as a function ofOR,E , whereOinj,R/Oinj,E > 1 indicates
that R recovers the injected signal more accurately than E. However,Oinj,R/Oinj,E quan-
tifies the relative reconstruction accuracy of the two models. Hence we also present the
results for Oinj,R versus Oinj,E , to compare the absolute reconstruction accuracy of each
model.

To illustrate how the overlaps (OR,E , Oinj,R, Oinj,E) quantify agreement between
waveforms, we show the time-domain signal reconstructions of one non-precessing BBH
and three precessing BBHs with contrasting χp,init in Figure 5.2. The purple and green
shaded regions show the 90% credible interval of the E and R recovered waveforms
respectively. Most of the purple and green shaded regions enclose the injected wave-
form (black solid curves), implying that both E and R reconstructions are comparable
and consistent with the true waveform. This is also reflected in the high overlaps, i.e.

3It makes sense to work with the one-sided PSD Sn,i(f ), because the GW signal and detector output
are real, which implies Sn,i(−f ) = Sn,i(f ). This is also why the Fourier integral in Equation 5.12 only
includes positive frequencies [103].
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Figure 5.2: Injected and recovered time-domain signals for an arbitrarily chosen detector
(LIGO Hanford). The top left panel shows the signal for a non-precessing BBH; the
remaining three panels show signals for precessing BBHs with χp,init = 0.64,0.75 and
0.86. The black solid curves indicate the injected signal and the grey curve indicate
the detector data, which includes both the signal and noise. The 90% credible intervals
for the waveforms recovered by E and R are indicated by the purple and green shaded
bands respectively. OR,E and lnBR,E for each event is shown at the top of the respective
panels and the network overlapsOinj,R andOinj,E are shown in the legends. The overlaps
displayed here are obtained from the HLKV analyses; these four events are injected into
HLKV with SNRnet ≈ 65.

Oinj,E ≥ 0.88 and Oinj,R ≥ 0.90 as quoted in the legends. However, the two precessing
events with χp,init = 0.64 (top right) and χp,init = 0.75 (bottom left) in Figure 5.2 show
qualitatively better reconstructions with R (green) then E (purple). The insets show
that the improvements with R are especially prominent where the amplitudes are mod-
ulated. Quantitatively, we also obtain Oinj,R > Oinj,E for these two events. Due to the
discrepancies between R and E, OR,E is also comparatively lower (0.96 and 0.93) than
for the other two events (0.98 and 0.99). We also find that lnBR,E for these two events
(120.8 and 207.5) exceeds the other two (−43.9 for non-precessing and 42.7 for precessing
with χp,init = 0.86). Altogether OR,E and lnBR,E suggest that the R model is strongly
preferred over E for the two precessing events with χp,init = 0.64 and χp,init = 0.75.
Notably, lnBR,E for the event with χp,init = 0.86 is lowest among the three precessing
BBH examples, despite having the highest χp,init. Furthermore, its signal exhibits mod-
ulations like the other two precessing events, but the inset shows that the modulations
are reconstructed equally well by E and R, yielding Oinj,R ≈ Oinj,E .

To justify the above observations, we analyze the injected polarization content of the
three precessing BBHs (plots omitted for brevity). We find that the χp,init = 0.86 event
has higher circular polarization than the other two precessing events. Therefore, E char-
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acterizes the χp,init = 0.86 event with an accuracy comparable to R. In summary, the
above analysis implies two things. (1) Precessing BBHs evolve towards different inclina-
tion angles (and hence ellitpical polarizations) unpredictably, without a simple connec-
tion to χp,init. This is because it is possible for some BBHs with high initial precession
to evolve into a stable configuration with slowly varying inclination before merging.
Therefore, some BBHs with high χp,init may emit more elliptical GW signals in the later
stages of the inspiral. Conversely, BBHs with low χp,init sometimes exhibit the opposite
behavior. (2) Amplitude modulations in h+(t) and h×(t) do not necessarily imply signif-
icant deviations from elliptical polarization. As a result, E is able to reconstruct some
of the modulations, but R does better in general. These features agree with Figure 1 of
Ref. [2].

5.5.2. Non-precessing versus precessing BBHs

Figure 5.3 presents the R versus E analyses for the non-precessing and precessing BBH
injections, using the comparison metrics described above. The top row plots lnBR,E as
a function of OR,E ; the bottom row plots Oinj,R/Oinj,E as a function of OR,E . All plots
show results from the HL, HLV and HLKV analyses. The comparison ofR and E through
lnBR,E is meaningful, when the event is consistent with the signal model. Therefore
Figure 5.3 only plots events with signal evidences greater than the glitch and/or Gaussian
noise model in the analysis, i.e. events that satisfy lnBR,G > 0 and lnBR,N > 0, and
similarly for E. Less than three of the 200 injections are removed from the analysis per
detector configuration for failing to satisfy these conditions. This is expected, because
all BBHs in this study are injected with high SNR, so noise- or glitch-like events are
scarce. All the removed events have low SNR in one or more detectors, resulting in
higher evidence for the incoherent G model than the coherent signal models R and E.

We first discuss the plots of lnBR,E versus OR,E in the top row of Figure 5.3. In order
to compare how the non-precessing and precessing BBHs are distributed, we segment
both plots in the top row using black vertical and horizontal dashed lines placed atOR,E =
0.98 and lnBR,E = 0 respectively. We set OR,E = 0.98 as the nominal threshold above
which E and R models do equally well in fitting the data4. lnBR,E = 0, by definition,
is where the model evidences of E and R are equal i.e. neither model is preferred over
the other from a Bayesian perspective. The top left plot in Figure 5.3 shows that non-
precessing BBHs are generally found in the bottom right segment, withOR,E > 0.98 and
lnBR,E < 0. This is true for all three detector configurations. The evidence is higher for
E thanR because of the Occam penalty on unnecessary model dimensions ofR. Previous
studies have shown that for high SNR (≳ 10) events, the Bayesian evidence of modelH
can be approximated by [3, 85]

p(d|H) ≃ p(d|θMAP,H)
∆VH
VH

, (5.13)

where p(d|θMAP,H) is the likelihood evaluated at the maximum a posteriori (MAP) pa-
rameter value5 θMAP, and ∆VH and VH are respectively the posterior and prior volumes

4We set the threshold as OR,E = 0.98 instead of OR,E = 1, because the model parameters of E and R
differ, so it is unrealistic to expect their reconstructions to match exactly.

5θ = θMAP is the parameter value at which the posterior p(θ|d,H) peaks.
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Figure 5.3: Performance of R versus E. The top row shows lnBR,E versus OR,E and the
bottom row shows Oinj,R/Oinj,E versus OR,E . In each row, the left panel shows the prop-
erties of the non-precessing BBH injections for HL (dark blue circles), HLV (pink stars)
and HLKV (light blue crosses). The right panel shows the properties of the precessing
BBH injections for HL (purple circles), HLV (orange stars) and HLKV (green crosses).
The horizontal scales are different for the left and right panels, but the same in the cor-
responding top and bottom panels. The three color bars per row apply to the right panels
only; they indicate χp,init of the precessing BBHs for HL, HLV, and HLKV in matching
colors. All non-precessing binaries in the left panels have χp = 0. The dashed lines in
the top row at lnBR,E = 0 (horizontal) and OR,E = 0.98 (vertical) divide the plot into
four quadrants, as do the dashed lines at Oinj,R/Oinj,E = 1 (horizontal) and OR,E = 0.98
(vertical) in the bottom row.

of H. The fraction ∆VH/VH is known as the Occam penalty because it suppresses the
evidence of models with unnecessarily large prior volume. Equations 5.9 and 5.13 can
be combined to give

lnBR,E ≃ ln
p(d|θMAP,R)
p(d|θMAP,E)

+ ln
∆VR
∆VE

+ ln
VE
VR
. (5.14)

We find empirically OR,E > 0.98 ≈ 1 for the non-precessing BBHs. The high OR,E im-
plies that the likelihoods of E and R are similar. As a result, we have p(d|θMAP,R) ≈
p(d|θMAP,E). Thus, the first term on the right-hand side of Equation 5.14 is approx-
imately zero. Likewise the second term is approximately zero, because E and R have
approximately equal posterior volumes. Therefore when the reconstructed waveforms
ofR and E agree closely, lnBR,E depends mainly on the ratio of prior volumesVE/VR. As
discussed in Section 2.1, R has 7N +2 parameters and E has 5N +4. Since all BayesWave

signal models require N ≥ 1, R always has more parameters than E, implying VR > VE .
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Hence for non-precessing BBHs, the simpler model E is preferred. There are no obvious
correlations between lnBR,E and OR,E for the non-precessing BBHs (top left panel of
Figure 5.3). However, as the detector network expands, OR,E generally shifts closer to
unity and lnBR,E becomes more negative. The accuracy of E and R reconstructions, and
hence the similarity of their reconstructions, increases with additional detectors. As a
result, their posterior distributions also become more similar, and the first and second
terms of Equation 5.14 become negligible. Hence lnBR,E depends more on ln(VE/VR)
and becomes more negative.

The top right panel of Figure 5.3 shows lnBR,E versusOR,E for the precessing BBHs.
While most events reside in the bottom right quadrant as with the non-precessing BBHs,
the top left quadrant (OR,E < 0.98, lnBR,E > 0) is populated by 5%, 17% and 20% of the
HL, HLV and HLKV precessing BBHs. In fact there is a visible trend, where lnBR,E
increases, as OR,E decreases, implying that the evidence of R for precessing BBHs in-
creases when the reconstructions of E and R deviate further from one another. We also
note that the color of the data points darken, as one moves from the bottom right to the
top left quadrant, indicating that χp,init increases. In fact, lnBR,E > 0 is generally ob-
served in events with χp,init ≳ 0.5. This is because BBHs with high initial precession are
more likely to maintain precessional motion throughout the inspiral, leading to strong
signal modulations that cannot be modeled by E, thereby strengthening the preference
for R. However, as noted in Figure 5.2, deviations from elliptical polarization do not
connect simply and predictably to χp,init, i.e. signals with high χp,init can evolve into
low-ellipticity signals, and vice versa. Therefore, we also observe some dark-colored
(light-colored) data points in the bottom right (top left) quadrants, that do not follow
the general χp,init color trend. As quoted above, the percentage of events in the top left
quadrant is highest for HLKV, followed by HLV then HL, which suggests that lnBR,E > 0
is more likely with larger detector networks. We also note that lnBR,E increases with
the number of detectors I .

In the bottom row of Figure 5.3, we plot Oinj,R/Oinj,E versus OR,E to compare the re-
construction accuracy of E andR, as their inferred waveforms deviate. As in the top row,
to compare the non-precessing and precessing BBHs, we divide the plots into four seg-
ments by placing vertical and horizontal black dashed-lines respectively at OR,E = 0.98
and Oinj,R/Oinj,E = 1, where E and R reconstruct the injected signal equally well. The
bottom left plot shows that non-precessing BBHs generally fall within the bottom right
quadrant, with OR,E > 0.98 and Oinj,R/Oinj,E < 1, i.e. non-precessing BBHs are recon-
structed more accurately by E than R. This is because non-precessing BBHs are funda-
mentally elliptically polarized, so they are represented adequately by E. The polarization
of R, on the other hand, is not restricted, which is disadvantageous when reconstruct-
ing fundamentally elliptical waveforms like non-precessing BBHs, especially when the
SNR is low. However SNRnet of the non-precessing BBHs used in this study is high
(≳ 40), so E and R perform similarly, i.e. we find 0.95 < (Oinj,R/Oinj,E) < 1. Further-
more we observe a trend in the bottom left plot of Figure 5.3, where Oinj,R/Oinj,E de-
creases with OR,E . Decreasing OR,E indicates that the waveform inferred by R becomes
less elliptical, resulting in lower reconstruction accuracy for the non-precessing BBHs.
We also find that OR,E of HL is generally lower than HLV and HLKV, because HL has
the lowest SNRnet amongst the three configurations. This confirms that R deviates fur-
ther from E as the SNR decreases. In the bottom right panel of Figure 5.3, we see that
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Figure 5.4: Oinj,R versus Oinj,E for the non-precessing (left panel) and precessing (right
panel) BBHs. The blue circles, pink stars and green crosses indicate HL, HLV, and HLKV
events respectively. The three color bars indicate SNRnet per event for HL, HLV and
HLKV in corresponding colors; this applies to both panels. The diagonal grey dashed
lines in both panels indicate Oinj,R = Oinj,E .

Oinj,R/Oinj,E for the precessing BBHs follows similar trends as for the non-precessing
BBHs for OR,E > 0.98. However, the trend changes for OR,E < 0.98, where we observe
that Oinj,R/Oinj,E increases, as OR,E decreases. Note that the horizontal scales in the top
and bottom rows of Figure 5.3 are the same. We infer that events with OR,E < 0.98 and
Oinj,R/Oinj,E > 1 in the top left quadrant (bottom right panel) correspond to those with
lnBR,E > 0 in the top right panel. In other words, when R is favored by model selec-
tion, the reconstruction accuracy of R is also higher than E. This is expected for the
reasons discussed previously, that is, R can reconstruct precession-induced amplitude
modulations of precessing BBHs better than E.

Figure 5.4 shows the event-wise comparison of Oinj,R versus Oinj,E for the non-
precessing (left panel) and precessing (right panel) BBHs. The information presented
in this plot complements the bottom row in Figure 5.3 by explicitly showing the re-
construction accuracy of each signal model, i.e. Oinj,R and Oinj,E , instead of their ratio
Oinj,R/Oinj,E . Figure 5.4 shows that Oinj,R and Oinj,E exceed 0.7 individually for both the
non-precessing and precessing BBHs, in all three detector configurations. That is, both
E and R are able to reconstruct the precessing and non-precessing BBHs signals reliably
in general; but as discussed above, one model can outperform the other depending on
the signal morphology. We find that the HLKV (green) events are reconstructed most
accurately with Oinj,R and Oinj,E generally exceeding 0.85, followed by HLV (exceeding
0.80) and then HL (exceeding 0.70). This makes sense because HLKV events have the
highest SNRnet as indicated by the color bars. This observation, where overlap increases
with SNRnet, is consistent with Refs. [3, 140, 151].

In summary, we compare the multi-detector network performance of the two Bayes-

Wave signal models, R and E, for elliptical and non-elliptical GW burst signals. We use
non-precessing and precessing BBHs to represent the elliptical and non-elliptical signals
respectively. Our analyses find that signal reconstructions byE andR are comparable for
the non-precessing BBHs signals, so the simpler E model attracts a lower Occam penalty
and is typically preferred over R. The same is true for most (≳ 80%) of the precessing
BBHs because, even though the polarizations of all precessing BBHs are non-elliptical to
some extent, most do not deviate far enough from elliptical polarizations to requireR for
accurate signal reconstruction. However, for precessing BBHs with more pronounced
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non-elliptical polarizations, the R reconstruction diverges from E, with the former pro-
viding more accurate representations of the signal. In such cases, R is preferred over
E. This is more commonly observed in BBHs whose precession amplitude is relatively
large, and in larger detector networks. From these results, we conclude that: (i) lnBR,E
and OR,E together can provide indications for non-elliptical polarization, but are insuf-
ficient to distinguish between purely elliptical and slightly non-elliptical signals; and
(ii) R can improve signal characterization of GW signals for non-elliptical polarizations,
especially with expanded detector networks.

5.5.3. Demonstration with O3 data

We extend the lnBR,E versus OR,E analyses to real GW events from O3. The analyses of
simulated BBHs in Section 5.5.2 use Gaussian noise colored by fixed PSDs as in Figure
5.1. In contrast, PSDs for real data are not known a priori, and vary temporally. For the
analysis of real events, we estimate the PSD using the BayesLine algorithm, which uses
an RJMCMC to model the PSDs as a smooth Akima spline with Lorentzians to recon-
struct the narrow-band spectral features [128, 279]. For each event, we use BayesLine

to produce a posterior distribution of the on-source PSD, and use the median of that
posterior distribution as the PSD used in BayesWave’s likelihood calculation for both
the R and E analyses. By using the same PSD estimate, we are able to directly compare
evidences between the two models.

BayesWave signal reconstructions are known to improve with decreasing signal du-
ration [140, 152]; short-duration signals occupy less time-frequency volume, so BayesWave

produces more compact and faithful wavelet representations. Hence, for the R versus E
analysis, we use a subset of O3 events that are sufficiently loud and short for BayesWave

to produce reliable reconstructions. We list the events in Table 5.1. These events are
also used for BayesWave’s waveform consistency tests previously in GWTC-2 (O3a) [36]
and GWTC-3 (O3b) [38]. The O3 events in Table 5.1 also span a range of chirp masses
M = (m1m2)3/5/(m1 +m2)1/5, wherem1 andm2 are the primary and secondary compo-
nent masses. GW signals for low-M mergers last longer in the LVK detector frequency
bands and the components merge at higher frequencies, so longer analysis segments
and higher sampling rates are required to accurately reconstruct the time-frequency
structure. The opposite is true for high-M events. Following the general procedure of
waveform reconstructions in GWTC2 [36] and GWTC3 [38], we use the same settings
for the segment length, sampling rate, and lower frequency bound used in the parameter
estimation analysis presented in the catalogs 6.

The values of lnBR,E and OR,E for each event are listed in Table 5.1. We also plot
lnBR,E againstOR,E in Figure 5.5 to study their mutual correlation. We divide Figure 5.5
into the same four quadrants as in the top panels of Figure 5.3. We find that OR,E for the
O3 events is generally lower than for the simulated BBHs. This is because the SNRs of
O3 events, as shown in the forth column of Table 5.1, are lower than for the simulated
BBHs (SNR∼50), resulting in larger discrepancies between E and R. Nevertheless, we
find OR,E ≳ 0.90 for the O3 events, indicating that E and R reconstructions are still
comparable. Figure 5.5 also shows that we have lnBR,E < 0 for the O3 events, and there

6The parameter estimation configurations (as well as results) can be found via the Online Gravitational-
Wave Transient Catalog: https://gwosc.org/eventapi/html/GWTC/
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Figure 5.5: lnBR,E versus OR,E for O3 events listed in Table 5.1. The different symbols
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extended slightly beyond the maximum (OR,E = 1) to reduce symbol clutter at the right
margin of the frame.

is no obvious trend relating lnBR,E and OR,E . Altogether, the lnBR,E versus OR,E plot
of the O3 events is similar to the non-precessing BBHs in the top left panel of Figure 5.3,
viz. the O3 events are generally more consistent with the elliptically polarized signals
characterized by E, compared to R. However, there are three events that stand out from
the rest, namely GW200129_065458, GW190412 and GW190814, as indicated in Figure
5.5. We discuss them in further detail below.

GW200129_065458 is the only event in Table 5.1 with lnBR,E > 0. Ref. [280] reports
GW200129_065458 as the first CBC detection with spin-precession. However, the LIGO
Livingston detector experienced an instrumental glitch around the time of detection.
Ref. [98] shows, using BayesWave, that the uncertainties in glitch modelling reduces
the evidence for spin-precession. Thus the presence of precession in GW200129_065458
remains ambiguous. The marginally positive Bayes factor (lnBR,E = 0.48±0.35) is also
insufficient to make claims about the preferred polarization of GW200129_065458. On
the contrary, lnBR,E ≈ −12 for GW190412 and GW190814 are more negative than for
other O3 events (lnBR,E ∼ −5) in Table 5.1. The color bar in Figure 5.5 indicates that both
latter events have lowerM than most of the other O3 events and therefore last longer.
Table 5.1 shows that both E andR recover these events with high SNR (∼ 20). Altogether
E and R require more wavelets to characterize GW190412 and GW190814, compared to
other shorter-duration O3 signals. Recall from Sections 5.3.1 and 5.3.2 that E and R have
DE = 5N + 4 and DR = 7N + 2 model parameters respectively. Assuming equal N for
both models, the difference in model dimensions betweenE andR, i.e. DR−DE , increases
with N . Hence for GW190412 and GW190814, where N is large, we have DR ≫ DE .
Since the E and R reconstructions are also similar (OR,E ≈ 0.95), the simpler model E
is favoured over R. We also recognize that GW190814 and GW190412 show evidence of
higher-order multipole moments [60]. The GW signal morphology in the presence of
higher-order multipoles have been shown to deviate from quadrupole-only signals [281,
282]. The change in signal morphology may affect the reconstruction accuracy of E and
R, and consequently the preferred model, an interesting avenue for future work.
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LVK run Event name Detectors Network
SNR M (M⊙) lnBR,E OR,E

Recovered SNR

E R

O3a GW190421_213856 HL 10.7+0.2
−0.4 31.4+6.0

−4.6 −2.27±0.19 0.981 11.1 11.3

O3a GW190521_074359 HL 25.9+0.1
−0.2 32.8+3.2

−2.8 −0.04±0.20 0.998 25.8 25.8

O3a GW190707_093326 HL 13.1+0.2
−0.4 8.4+0.6

−0.4 −4.32±0.04 0.999 10.4 10.0

O3a GW190408_181802 HLV 14.6+0.2
−0.3 18.5+1.9

−1.2 −3.08±0.05 0.958 15.1 14.1

O3a GW190412 HLV 19.8+0.2
−0.3 13.3+0.5

−0.5 −12.88±0.06 0.952 19.1 18.2

O3a GW190503_185404 HLV 12.2+0.2
−0.4 29.3+4.5

−4.4 −3.95±0.04 0.982 12.0 11.4

O3a GW190512_180714 HLV 12.7+0.3
−0.4 14.6+1.4

−0.9 −4.05±0.04 0.991 11.2 11.2

O3a GW190513_205428 HLV 12.5+0.3
−0.4 21.8+3.8

−2.2 −0.01±0.05 0.940 12.8 12.9

O3a GW190517_055101 HLV 10.8+0.5
−0.6 26.5+4.0

−4.2 −2.23±0.04 0.982 10.0 9.7

O3a GW190519_153544 HLV 15.9+0.2
−0.3 44.3+6.8

−7.5 −2.14±0.13 1.000 15.4 15.6

O3a GW190521 HLV 14.3+0.5
−0.4 63.3+19.6

−14.6 −1.93±0.04 0.997 15.2 14.8

O3a GW190602_175927 HLV 13.2+0.2
−0.3 48.0+9.5

−9.7 −2.28±0.17 0.999 13.2 13.1

O3a GW190706_222641 HLV 13.4+0.2
−0.4 45.6+13.0

−9.1 −1.03±0.18 0.988 12.8 13.0

O3a GW190727_060333 HLV 11.7+0.2
−0.5 29.4+4.6

−3.7 −1.63±0.04 0.962 11.9 12.3

O3a GW190728_064510 HLV 13.1+0.3
−0.4 8.6+0.6

−0.3 −2.65±0.04 0.839 8.8 7.6

O3a GW190814 HLV 25.3+0.1
−0.2 6.11+0.06

−0.05 −12.35±0.32 0.950 19.5 19.2

O3a GW190828_063405 HLV 16.5+0.2
−0.3 24.6+3.6

−2.0 −6.65±0.05 0.963 17.0 15.6

O3a GW190828_065509 HLV 10.2+0.4
−0.5 13.4+1.4

−1.0 −1.17±0.12 0.999 6.5 6.3

O3a GW190915_235702 HLV 13.1+0.2
−0.3 24.4+3.0

−2.3 −1.16±0.04 0.990 12.9 13.6

O3a GW190630_185205 LV 16.4+0.2
−0.3 25.1+2.2

−2.1 −1.72±0.05 0.991 14.7 15.0

O3a GW190708_232457 LV 13.4+0.2
−0.3 13.1+0.9

−0.6 −2.97±0.21 0.918 11.8 10.7

O3a GW190910_112807 LV 14.5+0.2
−0.3 33.5+4.2

−4.1 −1.26±0.17 0.995 14.1 14.1

O3b GW191109_010717 HL 17.3+0.5
−0.5 47.5+9.6

−7.5 −1.91±0.05 0.998 17.5 17.5

O3b GW191222_033537 HL 12.5+0.2
−0.3 33.8+7.1

−5.0 −2.23±0.20 0.997 11.7 11.8

O3b GW200225_060421 HL 12.5+0.3
−0.4 14.2+1.5

−1.4 −2.85±0.19 0.997 12.6 12.4

O3b GW191215_223052 HLV 11.2+0.3
−0.4 18.4+2.2

−1.7 −3.78±0.04 0.993 9.9 9.6

O3b GW200129_065458 HLV 26.8+0.2
−0.2 27.2+2.1

−2.3 0.48±0.35 0.984 26.9 27.3

O3b GW200208_130117 HLV 10.8+0.3
−0.4 27.7+3.7

−3.1 −3.02±0.04 0.980 9.6 7.9

O3b GW200219_094415 HLV 10.7+0.3
−0.5 27.6+5.6

−3.8 −4.30±0.20 0.907 12.0 10.2

O3b GW200224_222234 HLV 20.0+0.2
−0.2 31.1+3.3

−2.7 −3.74±0.31 0.997 20.1 20.3

O3b GW200311_115853 HLV 17.8+0.2
−0.2 26.6+2.4

−2.0 −3.41±0.05 0.942 17.4 17.8

O3b GW191216_213338 HV 18.6+0.2
−0.2 8.33+0.22

−0.19 −4.63±0.39 0.992 17.7 16.4

Table 5.1: O3 GW events used in R versus E model selection. The columns from left to right quote: (i)
the LVK observing run in which the event occurred, (ii) event name, (iii) detectors operating at time of
detection, (iv) network matched-filter SNR, (v) chirp massM in units of solar massesM⊙, (v) log Bayes
factor between R and E, lnBR,E , (vi) network overlap between the R and E signal reconstructions,
OR,E , and (vii) network SNR of the signals recovered by E andR. The network matched-filter SNR and
M are copied directly from GWTC-2 [36] (O3a events) and GWTC-3 [38] (O3b events), and quote the
median and the 90% symmetric credible intervals of the Bayesian posteriors, obtained from parameter
estimation pipelines. lnBR,E and its error margins are calculated as per Equations 5.31 and 5.32. The
network matched-filter SNR in this table is not to be confused with SNRnet in the main text which
denotes the injected network SNR for the simulated BBHs.



In summary, we perform model selection between E and R with O3 events. We
find that E and R reconstructions of O3 events are comparable with OR,E ≳ 0.90. As
with the non-precessing BBHs in Section 5.5.2, E is generally preferred over R, implying
that the O3 GW signals are more consistent with elliptical polarizations than otherwise.
The outlier GW200129_065458 reveals that lnBR,E > 0 can indicate anomalous source
properties, which justify further investigation with supplementary analysis pipelines.

5.6. Stokes parameters with R

The physical interpretation of ϵ in E (as in Equation 5.5) is unambiguous when the un-
derlying signal is elliptically polarized and its polarization is constant with time. On
the other hand, R can infer the polarization content of GW signals without constraints.
In this section, we study how accurately R recovers polarization content for signals
with different polarizations, using the non-precessing (elliptical) and precessing (non-
elliptical) BBHs described in Section 5.4. We also study how the accuracy is affected by
the size of detector networks using the HL, HLV and HLKV networks.

Ref. [2] explains how Stokes parameters describe the polarization content of GW
signals. We define the fraction of linear (FL), circular (FC) and total (FT) polarizations
relative to the total signal intensity in Section 5.6.1. In Section 5.6.2, we introduce a
metric to quantify the accuracy between the injected and recovered FL, FC and FT. We
present the results for the non-precessing and precessing BBHs using the HL, HLV, and
HLKV networks in Section 5.6.3.

5.6.1. Stokes parameters

The polarization content of a tensor-polarized GW is described by the four Stokes pa-
rameters [53, 283]

I = |h̃+|2 + |h̃×|2 (5.15)

Q = |h̃+|2 − |h̃×|2 (5.16)

U = h̃+h̃
∗
× + h̃×h̃

∗
+ (5.17)

V = i(h̃+h̃
∗
× − h̃×h̃∗+). (5.18)

Equations 5.15 and 5.18 apply to monochromatic plane waves with linearly-independent
complex amplitudes h̃+ and h̃×. A GW signal, however, is typically modulated in ampli-
tude and frequency, i.e. h̃+ = h̃+(f ) and h̃× = h̃×(f ), so its Stokes parameters decompose
spectrally into functions I(f ), Q(f ), U (f ), and V (f ) of the Fourier frequency f . By
definition, I is proportional to the total intensity; V describes circular polarization; Q
and U together describe linear polarization. Therefore we can measure the polarization
content of GWs through the fractional circular polarization

FC(f ) =
|V |
I
, (5.19)

fractional linear polarization

FL(f ) =

√
Q2 +U2

I
, (5.20)

109



and the total polarization

FT(f ) =

√
Q2 +U2 +V 2

I
. (5.21)

Detailed discussions of the theory underlying these quantities can be found in Appendix 5.A4.
Going forward we refer to the above quantities collectively as the fractional polarizations
FP , for P ∈ {C,L,T}. Stokes parameters are real numbers satisfying I2 ≥Q2 +U2 +V 2,
and 0 ≤ FP ≤ 1.

5.6.2. Accuracy metric: root mean squared residuals, RRMS

For E, the fractional polarizations FP reduce to the following constants: FL = (1 −
ϵ2)/(1 + ϵ2), FC = 2ϵ/(1 + ϵ2) and FT = 1. For R, FP are functions of frequency. We
use the root mean squared (RMS) residuals between the injected and recovered FP , to
quantify the measurement accuracy with R.

In BayesWave, the Fourier frequency fi appearing as the argument of FP (fi) is dis-
crete, with n intervals7. Therefore the root mean square (RMS) residuals between the
injected (inj) and recovered (rec) FP are given by

RRMS(FP ) =

√√
1
n

n∑
i=1

[
FP ,rec(fi)−FP ,inj(fi)

]2
, (5.22)

with 0 ≤ RRMS(FP ) ≤ 1. Lower RRMS(FP ) indicates better agreement between the in-
jected and recovered FP , i.e. higher measurement accuracy, and vice versa. We demon-
strate this in Figure 5.6, which shows the injected (colored dashed lines) and recovered
(solid black line) FP for a representative non-precessing (top panel) and a precessing
(bottom panel) BBH from the injection sets described in Section 5.4. For each BBH, FL,
FC and FT are plotted as functions of frequency in order, from top to bottom. To max-
imize the accuracy, i.e. to minimize RRMS(FP ), we only consider the frequency range
40Hz ≤ f ≤ 400Hz where the GW detector noise floor is lowest, as seen in Figure 5.1.
The two contrasting examples in Figure 5.6 show that FP recovered by HLKV (green)
resembles more closely the injection (black) than HLV (red) and HL (purple). Therefore
one expects RRMS(FP ) to be lowest for HLKV. Using FC (middle row) of the precessing
BBH (bottom panel) as an example, RRMS(FC) of the HLKV, HLV and HL networks is
given by 0.095, 0.321 and 0.810 respectively.

In Figure 5.6, we intentionally choose a precessing BBH with χp,init = 0.77, i.e. sub-
stantial precession, to showcase the difference in polarization content compared to a
non-precessing BBHs, with χp = 0 throughout the signal. For the non-precessing BBH
(top panel), the FP displays little or no frequency dependence. We find FC > FL through-
out the range 40Hz ≤ f ≤ 400Hz, implying that the signal is more circularly polarized
than linearly polarized. In contrast, for the precessing BBH example (bottom panel),
FL and FC fluctuate with frequency, and the linear and circular polarizations dominate
at different frequencies. We find FT = 1 for both the non-precessing and precessing
examples, indicating that the signals are completely polarized at all f .

7For n evenly spaced samples, i.e. ∆f = fi+1 − fi for all i ∈ {1,2, · · ·n}, and for a specified frequency
range fmin ≤ fi ≤ fmax, one can write n = (fmax − fmin)/∆f .
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Figure 5.6: Recovering Stokes parameters. Top panel: injected and recovered fractional
polarizations FL, FC and FT (in order, from top to bottom) as a function of frequency
40Hz ≤ f ≤ 400Hz, for a non-precessing BBH. Bottom panel: as for top panel, but
for a precessing BBH with χp,init = 0.77. Injected FP are graphed as black solid curves.
Recovered FP for HL, HLV, and HLKV are graphed as green, red and purple dashed
curves respectively.
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Figure 5.7: Overall perspective on accuracy: cumulative distribution functions (CDFs)
of Stokes parameter root mean square residuals RRMS(FP ). The CDFs for RRMS(FL),
RRMS(FC) and RRMS(FT) are shown in the left, middle and right columns respectively.
The top and bottom rows display the CDFs for non-precessing BBHs and precessing
BBHs respectively. The CDFs for HL, HLV and HLKV are shown in purple, red and green
respectively; the shaded region in corresponding colors brackets the 2-σ confidence in-
terval (see Appendix 5.A5). The vertical dashed lines indicateRRMS(FP ) = 0.25. Higher
curves imply higher measurement accuracy.

5.6.3. Non-precessing and precessing BBH

Figure 5.7 shows the cumulative distribution functions (CDFs) of RRMS(FL), RRMS(FC)
and RRMS(FT) in order from left to right. The top (bottom) row shows the CDFs for
the non-precessing (precessing) BBHs, and CDFs for the HL, HLV and HLKV networks
are shown in purple, red and green respectively. The shaded regions in correspond-
ing colors indicate the 2-σ confidence intervals derived using the Dvoretzky-Kiefer-
Wolfowitz inequality as described in Appendix 5.A5. We set a practical accuracy thresh-
old of RRMS(FP ) = 0.25, and we only compare the CDFs for RRMS(FP ) ≤ 0.25, i.e. to
the left of the vertical dashed lines, in each panel of Figure 5.7. Higher CDF curves im-
ply lower discrepancies between the injected and recovered FP , that is, FP is recovered
more accurately.

We first discuss the CDFs ofRRMS(FL), in the left column of Figure 5.7. For the non-
precessing BBHs (top left panel), the HL CDF atRRMS(FL) ≤ 0.25 is 0.54. For precessing
BBHs (bottom left panel), it is 0.34. In other words, the FL measurement accuracy of HL
is higher for non-precessing BBHs than for precessing BBHs. The contrast is due to the
different linear polarization content, which we justify as follows. For a given polarization
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fraction FP , we write its average across the frequency range 40Hz ≤ fi ≤ 400Hz as

FP =

∑n
i=1FP ,inj(fi)

n
. (5.23)

The median FL for the non-precessing and precessing BBHs are 0.06 and 0.16 respec-
tively. In Figure 5.6, one can see that FP recovered by HL is generally close to zero,
regardless of the injected FP . Since FL of the non-precessing BBHs is generally lower
than the precessing BBHs, HL recovers FL of non-precessing BBHs more accurately by
coincidence. The HLV RRMS(FL) CDFs, on the other hand, are quantitatively compa-
rable between the non-precessing and precessing BBHs; at RRMS(FL) = 0.25, the HLV
CDFs are respectively 0.22 and 0.26 for the non-precessing and precessing BBHs. The
same is true for HLKV, where the CDFs atRRMS(FL) = 0.25 are the same (0.51) for both
BBHs. These observations suggest that networks with three or more detectors mea-
sure low amplitude linear polarizations more consistently compared to a two-detector
network, i.e. the measurement accuracy is not affected by signal morphology. Further-
more, the CDFs of HLKV (green) are higher than HLV (red) for all BBHs in the range
RRMS(FP ) ≤ 0.25, implying that larger detector networks recover FL more accurately.

Next we discuss RRMS(FC) in the middle column of Figure 5.7. For non-precessing
BBHs (top middle panel), the CDF of HLKV is highest in the practically useful range
RRMS(FC) ≤ 0.25, followed by HLV and then HL. The confidence intervals overlap
marginally, suggesting that the differences in the CDFs are statistically significant. The
same is true for precessing BBHs (bottom middle). At RRMS(FC) = 0.25 the CDF of
HL, HLV and HLKV is 0.0, 0.23, 0.53 respectively for the non-precessing BBHs and 0.01,
0.25 and 0.52 for the precessing BBHs. These values suggest that the CDFs of the non-
precessing and precessing BBHs are quantitatively similar for the same detector net-
works. In other words, the polarization of the signal does not affect the measurement
accuracy, if the same detector configuration is used. Additionally, the CDFs increase
with the number of detectors, which suggests that larger detector networks recover
FC more accurately. We find that for HL, the RRMS(FC) CDF is generally lower than
RRMS(FL), suggesting that HL recovers FC less accurately than FL. The median FC of
the non-precessing and precessing BBHs are 1.0 and 0.97 respectively, higher then FL.
This confirms that HL performs relatively poorly in recovering nontrivial fractional po-
larizations FP . The same arguments apply to RRMS(FT), in the right column of Figure
5.7.

Altogether, we find that BayesWave’s signal model R recovers polarization content
of GW bursts more accurately as the detector network expands. We also find that FP
of non-precessing and precessing BBHs are recovered with comparable accuracy using
networks with three or more detectors, i.e. HLV and HLKV. This observation suggests
that the underlying signal morphology (e.g. precessing or non-precessing) does not af-
fect the performance ofR in recovering polarization content, when the detector network
is sufficiently large.

5.7. Conclusions

The BayesWave algorithm offers two tensor-polarized signal models: the elliptical po-
larization model E and the relaxed polarization model R. This paper studies two aspects
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of their performance: (i) the signal characterization by R compared to E in Section 5.5,
and (ii) the accuracy of R in measuring GW burst polarizations via Stokes parameters in
Section 5.6. The expanding global detector network enables better signal characteriza-
tion and hence more accurate measurements of GW polarizations, so we present multi-
detector network comparisons between the HL (two-detector), HLV (three-detector) and
HLKV (four-detector) networks to study how the network size impacts the performance
of E and R.

Ref. [2] finds quanlitatively that R reconstructs GW burst signals with time-varying
polarization content better than E, using precessing BBHs as an example. However,
model selection does not depend entirely on reconstruction accuracy; R has more model
parameters than E and incurs an Occam penalty in its Bayesian model evidence. In
Section 5.5, we conduct a quantitative study of how the Bayes factor between R and
E (lnBR,E) is related to the discrepancy of reconstructed waveforms between R and E
(OR,E). The analysis uses two sets of simulated BBHs, non-precessing and precessing,
which produce elliptical and non-elliptical GW polarizations respectively. We find thatE
andR reconstruct GW signals from non-precessing BBHs comparably well and therefore
E is preferred over R for its simplicity. We also note that OR,E for non-precessing BBHs
is generally higher with larger detector networks, because additional detectors enhances
SNR and hence improves the reconstruction accuracy for both models. This results in a
stronger preference for E in larger detector networks like HLV and HLKV. Similar trends
apply for precessing BBH, but we find that R is preferred in some cases, especially for
χp,init ≳ 0.5. High χp,init indicates high initial precession, where the GW signals are
more likely to possess time-varying (non-elliptical) polarization, whereupon they are
better modeled byR. As a result, signal reconstructions of E andR generally show larger
discrepancies for high χp,init events, where E is less consistent with the data, and the
preference for R increases. For the precessing BBHs, we also find that the preference for
R increases with larger detector networks, suggesting that additional detectors enable R
to characterize non-elliptical polarizations more accurately. Altogether the results imply
empirically, that lnBR,E and OR,E together indicate reliably when a GW signal deviates
from elliptical polarization. However, the simulated BBHs are injected at unrealistically
high SNR for the proof-of-concept study in Section 5.5.2. Therefore Section 5.5.3 repeats
the study using 32 real GW events from O3. The study finds that E is generally preferred
over R, suggesting perhaps that χp,init is relatively low in most of the O3 events. We
reiterate that lnBR,E and OR,E cannot make definitive claims about the nature of the O3
events, but they can motivate follow-up analyses for events with potentially interesting
properties.

Even though model selection generally prefersE overR, E cannot be used to measure
the polarization content of generic GW bursts because it assumes elliptical polarization
regardless of the true underlying polarization structure. R, on the other hand, is not
restricted to a fixed polarization structure. In Section 5.6, we demonstrate how R mea-
sures generic polarization content, using the same non-precessing and precessing BBHs
as above. We use the frequency-dependent fractional circular (FC), fractional linear (FL)
and total (FT) polarizations derived from the Stokes parameters to quantify polarization
as a function of frequency f for polychromatic GW signals. For FP with P ∈ {C,L,T},
we use the root mean squared residuals RRMS(FP ) to quantify the accuracy of R. As
expected, we find that larger detector networks measure polarization more accurately;
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the overallRRMS(FP ) CDFs of HLKV is higher than HLV by a factor of ∼ 2. We also find
the RRMS(FP ) CDFs for non-precessing and precessing BBHs are approximately equal,
when one observes with either HLV or HLKV, i.e. the accuracy of polarization measure-
ment is independent of signal morphology, when the detector network is sufficiently
large. The inferior consistency and accuracy of the smaller HL network is attributed
to degeneracies stemming from detector alignment. Avenues for future work include
quantifying polarization measurements for other two-detector configurations, e.g. HV
or LV, and comparing their performances to HLV and HLKV. We also recommend look-
ing into reconstructions of unpolarized signals beyond BBHs, e.g. CCSNe and generic
white noise bursts, to understand more fully the performance of R.

How do the results of this paper impact future tests of GR? Various analyses have
been conducted to probe the polarization content of CBC signals by comparing GR mod-
els against alternative theories of gravity [66, 153–155, 284, 285]. Supplementary ap-
proaches are based on generalizing the parameterized post-Einsteinian [286–288] and
null-stream frameworks8 [292]. The null-stream approach does not rely on waveform
templates and has been implemented as a consistency check when analyzing binary
black hole (BBH) mergers in GWTC-2 and -3 [154, 155]. However, this method requires
exact knowledge of the source location and forfeits phase information [154]. By further
generalizing R to allow up to six independent polarization modes, BayesWave offers a
model-independent framework to probe polarizations of GW bursts without the above
limitations [156]. In principle, one can compare the Bayes factor between alternative-
theory (beyond-GR) and GR polarization models. A first demonstration of this approach
is presented in Ref. [56] for GW150914, where BayesWave is used to compare signal
models with purely tensor versus purely scalar polarization; however, this represents
a highly simplified and idealized comparison of purely GR versus purely non-GR po-
larization. Given the strong evidence for the existence of tensor modes [153–155], it is
more informative to compare signal models with mixed polarizations (e.g. tensor plus
scalar for beyond-GR) against pure-tensor (GR) models. Model evidences, however, are
sensitive to the prior volume: one can arbitrarily increase the prior range of a model
to decrease preference for the model, or vice versa. BayesWave generally uses flat pri-
ors for both the intrinsic and extrinsic model parameters [2]. Since R and E are both
tensor-polarized, i.e. they both have exactly two polarization modes, they share simi-
lar parameters and hence similar priors. In contrast, if both the mixed-polarization and
pure-tensor models use flat priors, the larger prior volume of the mixed-polarization
models with more than two polarizations attracts a larger Occam penalty, biasing the
model selection towards the pure-tensor models. As the global detector expands and
more GWs are detected, the priors of nontensorial polarizations are expected to become
better constrained. Therefore the methods presented in Section 5.5 of this paper can be
adapted to distinguish between pure-tensor (GR) and mixed-polarizations (beyond-GR)
models in the future.

8Null streams are linear combinations of detector outputs which are insensitive to tensor polarizations
for a specified sky location. Null-stream fluctuations obey a chi-squared distribution, if the sky location
is known exactly [289–291].
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5.A1. Bayesian model evidence via thermodynamic in-
tegration

BayesWave uses parallel tempering [131] to improve convergence of the RJMCMC to
the target (posterior) distribution. A parallel-tempered MCMC allows multiple Markov
chains with different ‘temperatures’ (T ) to run in parallel, while occasionally letting the
chains exchange positions to improve coverage of the parameter space. Let p(d|θ,H)
denote the likelihood of the data d for a given modelH parameterized by θ. The temper-
ature modifies the likelihood according to p(d|θ,H) 7→ p(d|θ,H)1/T , viz. high T chains
survey more of the prior volume, whereas low T chains explore regions surrounding the
posterior distribution. In addition to improving convergence, the chains can be used to
directly calculate the Bayesian model evidence using thermodynamic integration [136].
The procedure is detailed below.

The model evidence is the likelihood of producing the data d given modelH param-
eterized by θ, which by definition is the likelihood of H marginalized over the domain
of θ, i.e.

p(d|H) =
∫
dθ p(θ|H)p(d|θ,H). (5.24)

p(θ|H) is the prior distribution of θ. By analogy, one can compute the evidence for H
at a given temperature T = 1/β:

Z(β) =
∫
dθ p(θ|H)p(d|θ,H)β , (5.25)

with 0 ≤ β ≤ 1. Z(β) is equivalent to a partition function in a physical system described
by thermodynamic variables. Since the prior is independent of β, Equation 5.25 can be
rewritten as

d
dβ

lnZ(β) =
∫
dθ

[
p(θ|H)p(d|θ,H)β

Z(β)

]
lnp(d|θ,H), (5.26)

using the chain rule
d

dβ
lnf (β) =

1
f (β)

df
dβ
. (5.27)
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According to Bayes’ Theorem, the terms enclosed within the square brackets in Equa-
tion 5.26 collectively represent the posterior probability pβ(θ|d,H) of θ for the chain at
temperature T = 1/β. Therefore the right-hand side of Equation 5.26 is, by definition,
the expectation value of the log likelihood

〈
lnp(d|θ,H)

〉
β for the corresponding β. This

quantity can be evaluated directly from the RJMCMC chain [293]:

〈
lnp(d|θ,H)

〉
β =

1
µ

µ∑
i=1

lnp(d|θi,β ,H). (5.28)

where µ denotes the number of samples in the chain after the burn-in period and {θi,β}
represents the set of samples for the T = 1/β, for i ∈ {1,2, · · · ,µ}.

The model evidence p(d|H) can be interpreted similarly to the Helmholtz free en-
ergy of a canonical physical ensemble [294], i.e. the logarithm of the partition function
lnZ(β). This can be obtained by integrating Equation 5.26 over β:

lnp(d|H) = lnZ(β) (5.29)

=
∫ 1

0
dβ

〈
lnp(d|θ,H)

〉
β . (5.30)

Due to the finite number of parallel tempering chains, the integral 5.30 is evaluated as a
discrete sum in practice and is subject to discretization error. Additionally,

〈
lnp(d|θ,H)

〉
β

is estimated using the RJMCMC marginalization of model parameters and therefore con-
tain statistical errors. It is, however, challenging to estimate these errors analytically. In
BayesWave, the integral of Equation 5.30 is computed at each RJMCMC iteration, which
produces a posterior distribution of lnp(d|H). The expectation value E [lnp(d|H)] and
variance V [lnp(d|H)] of the posterior provide the central value and error estimate of
lnp(d|H) respectively. That is, the log Bayes factor between two models H1 and H2 is
given by

lnB1,2 = E [lnp(d|H1)]−E [lnp(d|H2)] (5.31)

and has an error margin

∆ lnB1,2 =
√
V [lnp(d|H1)] +V [lnp(d|H2)]. (5.32)

5.A2. Precession spin parameter, χp
BBHs are generally characterized by eight intrinsic physical parameters: the component
masses (m1, m2) and the spin angular momentum vectors (S1, S2) [40]. The indices 1
and 2 denote the primary and secondary black holes respectively. For brevity, we write
SC for C = 1,2 when discussing properties that are relevant to both S1 and S2. SC can
be decomposed into spin components that are parallel (SC,∥) and orthogonal (SC,⊥) to
the binary orbital angular momentum vector L:

SC = SC,∥ + SC,⊥. (5.33)

SC,⊥ is otherwise known as the in-plane spin and can be used to approximate the effec-
tive precession of a binary system through a single precession spin parameter χp [269].
We summarize its derivation as follows.
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The leading order of the post-Newtonian precession equation is given by [295]

L̇ =
1
r2 (A1S1 +A1S2)×L, (5.34)

with A1 = 2 + 3/(2q), A2 = 2 + 3q/2, and q = m1/m2 ≥ 1, where r denotes the orbital
separation. Since one has Sc,∥ ×L = 0 by definition, we can rewrite Equation 5.34 as

L̇ =
1
r2

(
A1S1,⊥ +A1S2,⊥

)
×L, (5.35)

to indicate explicitly that the time evolution of L in a precessing system is only driven
by SC,⊥. In a precessing system, the angle between SC,⊥ and L as well as its magni-
tude |SC,⊥| = SC,⊥ change with time. Figure 5 of Ref. [269] shows that the magnitude
|A1S1,⊥+A1S2,⊥| of Equation 5.35 oscillates about a mean value which is consistent over
multiple precession cycles. The oscillation amplitudes is small, so precise modelling of
this quantity is not necessary for accurate description of the waveform. Instead, the
overall in-plane spin magnitudes in Equation 5.35 can be approximated by a single pa-
rameter

Sp =
1
2

[
(A1S1,⊥ +A2S2,⊥) +

∣∣∣A1S1,⊥ −A2S2,⊥
∣∣∣] (5.36)

= max(A1S1,⊥,A2S2,⊥), (5.37)

which effectively represents the mean oscillation amplitude of Equation 5.35. By defini-
tion, Sp is the average between the maximum and minimum in-plane spin contributions
of S1,⊥ and S2,⊥, that is when they are parallel and anti-parallel respectively.

The spin angular momentum SC is conventionally referenced using its dimensionless
counterpart χC = SC/m

2
C , with 0 ≤ |χC | ≤ 1. By analogy one can define a dimensionless

precession spin parameter

χp =
Sp

A1m
2
1

. (5.38)

Note that the primary black hole appears in the denominator of Equation 5.38. This is
done because Sp typically reduces to A1S1,⊥, because the primary black hole spin tends
to dominate, as q increases [276]. For an interpretation relevant to similar-mass binaries,
we refer the reader to Section III of Ref. [269] for further details.

5.A3. Statistical stability of BayesWave model evidences

By default BayesWave uses 20 chains for parallel tempering as described in Appendix
5.A1. Previous studies have shown that 20 chains are sufficient to achieve RJMCMC
convergence, thereby yielding statistically stable estimates of the signal model evidence
lnp(d|S) for events with SNRnet ∼ 20 [1]. However, this is not the case for the sim-
ulated BBH signals described in Section 5.4, with SNRnet∼50. The high SNR of our
injections increases the number of wavelets and the parameter space volume required
to fit the data, so using 20 chains is inadequate for the convergence of the RJMCMC to
the target distributions. Consequently, we obtain unreliable estimates of lnp(d|S), with
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large error margins ∆ lnp(d|S) ∼ 10. To determine appropriate convergence settings
for our high-SNR injections, we experiment with various combination of BayesWave

settings and compare their performances in evaluating lnp(d|S). The settings are se-
lected based on: (i) computational efficiency, and (ii) reliability, i.e. statistically stable
estimates of lnp(d|S) with minimal ∆ lnp(d|S). We present the methods and results of
this supplementary study below.

A conventional approach to test the convergence, and hence the reliability, of stochas-
tic samplers is to repeat the analysis with multiple sampling seeds and ensure that the
outcomes are consistent. In this study, we vary the seed of the RJMCMC sampler to as-
sess the consistency of the lnp(d|S) computed by BayesWave, using different analysis
settings. The dataset consists of six randomly selected HLKV injections. Since HLKV is
the largest detector configuration used in our polarization study, the injected SNRnet is
higher compared to HL and HLV. Therefore, if a setting ensures sampler convergence
for HLKV injections, it should also guarantee convergence for HL and HLV injections.
To conserve computational resources, we conduct the convergence study using only E
and assume that the same convergence settings apply to R.

The number of chains and the number of RJMCMC iterations are two key factors that
affect sampler convergence. Therefore, for each HLKV event, we perform the BayesWave

analysis using five different chain/iteration settings9: (i) 50 chains/4-million iterations,
(ii) 50 chains/8-million iterations, (iii) 60 chains/4-million iterations, (iv) 60 chains/8-
million iterations and (v) 60 chains/10-million iterations. For each setting, we repeat the
analysis with 11 different RJMCMC sampling seeds, taking integer values from 1234 to
1244, inclusive. In total, we perform 11× 5 = 55 BayesWave analyses per event.

We present the results for all six events in Figure 5.8. In each event panel, we plot the
signal evidence estimates for the E model (lnp(d|E); top panel) and the corresponding
error estimate (∆ lnp(d|E); bottom panel) as a function of the chain seed. Results for the
five different BayesWave settings are distinguished by color. An indication of RJMCMC
convergence is when the lnp(d|E) is statistical stable, i.e. independent of the sampling
seed. The vertical axis in the top panels shows the relative deviation from the median
lnp(d|E), calculated across the 55 BayesWave analyses of the corresponding event; the
median value is displayed in the top-left corner of the plot. The 50-chain analyses (blue
and purple) show frequent (2−3 per event) and large (≳20) deviations from the median
lnp(d|E), c.f. the 60-chain analyses (orange, red and green), generally yield uniform
lnp(d|E) across different seeds, with at most one noticeable deviation (≲10) from the
median per event. This suggests that lnp(d|E) estimates with the 60-chain analyses are
more statistically stable compared to the 50-chain analyses. Among the three 60-chain
analyses, the 10-million iterations (green) analyses show the smallest the deviations from
the median lnp(d|E), followed by the 8-million iterations (red), and then the 4-million
iterations (orange). While the deviations are minimized, the 8- and 10-million iteration
analyses take approximately two and four times longer to run than the 4-million iteration
analyses (∼1 day), respectively. Therefore, we establish that the 60 chains/4-million it-
erations setting is the most efficient for obtaining statistically stable lnp(d|E) estimates,
within ±5 of the expected median.

9The number of wavelets N , and thus the parameter space volumes of the signal models (5N + 4 for
E and 7N + 4 for R), scales linearly with the SNR. Therefore, we choose to experiment with 50 and 60
chains for injections with SNRnet∼50, c.f. 20 chains for SNRnet∼20.
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Although we have identified a reasonable compromise, the occasional deviations in
lnp(d|E) estimates, i.e. non-convergence of the RJMCMC, must be addressed system-
atically. In Figure 5.8, the noticeable deviations of lnp(d|E) from the median are as-
sociated with elevated ∆ lnp(d|E). Furthermore, higher ∆ lnp(d|E) generally leads to
larger deviations in lnp(d|E). Thus, ∆ lnp(d|E) can be used as a measure of reliability.
To demonstrate this in practice, we define a nominal threshold at five times the median
∆ lnp(d|E) of the 60 chains/4-million iteration analyses across the 11 chain seeds, as in-
dicated by the gray horizontal dashed lines in Figure 5.8. For the runs with ∆ lnp(d|S)
below the threshold, we observe little to no deviation from the median lnp(d|E). The
converse is true for runs with ∆ lnp(d|E) above the threshold. Moreover, the thresh-
olds are similar across the six events, suggesting that we can set a global ∆ lnp(d|E)
threshold applicable to all events, rather than one specific to each event. For each BBH
injection set described in Section 5.4, we define two thresholds: one for the E analysis,
and another for R. The thresholds are set to five times the median ∆ lnp(d|S) across
the 200 injections, for the corresponding analysis S ∈ {E,R}. For events that exceed
the threshold (∼20 events per injection set, per detector configuration), we repeat the
analysis with more iterations (8 million). All repeat analyses obtain reliable lnp(d|E)
estimates with this setting.

In summary, we find that using a combination of 60 chains and four million RJMCMC
iterations is the most computationally efficient way to obtain reliable model evidences
for SNRnet∼50 signals. We can also use the evidence error estimates of the overall event
population as a nominal reliability benchmark.
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Figure 5.8: Statistical stability tests of BayesWave’s E model evidence estimate, using six
randomly selected HLKV injections. In each event panel, the top plot shows the signal
evidence, lnp(d|E) as a function of the Markov chain seed used in the RJMCMC sampling;
the bottom plot shows the same but for the corresponding error estimate, ∆ lnp(d|E). The
different colors represent the results from different run settings, as indicated by the legend.
The gray dashed lines in the bottom plots indicate the ∆ lnp(d|E) threshold above which
the signal evidence is deemed unreliable. This threshold is placed arbitrarily at five times
the median ∆ lnp(d|E) of the 60 chains/4-million iteration analyses (orange).
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5.A4. Theory of Stokes parameters

Stokes parameters are familiar in the context of electrodynamics [296]. The set of four
quantities provide a convenient and complete description for the state of polarization in
terms of the total wave intensity, fractional (degree of) polarization and the properties
of the polarization ellipse. For completeness, we define the Stokes parameters from first
principle for electromagnetic (EM) waves, and then generalize it to GW applications.

First, we consider two linearly independent and monochromatic EM plane waves
with frequency ω, given by

Ex = ϵxExe
ik·x−iωt (5.39)

Ey = ϵyEye
ik·x−iωt. (5.40)

Ex and Ey are complex amplitudes, k is the wave vector, and ϵx and ϵy are linearly
independent polarization vectors. One can then obtain a general homogeneous plane
wave

E(x, t) = (ϵxEx + ϵyEy)eik·x−iωt (5.41)

propagating in the direction k = kn. The complex amplitudes Ex and Ey can be decom-
posed into:

Ex = Axe
ibx (5.42)

Ey = Aye
iby , (5.43)

whereA and b denote the magnitude and phase, respectively. When bx = by , that is when
Ex and Ey have the same phase, Equation 5.41 describes a linearly polarized wave, with
the polarization vector forming an angle of tan−1(Ey/Ex) with respect to ϵx. Conversely
when bx , by , the wave described by Equation 5.41 is elliptically polarized. In the special
case where Ax = Ay and bx = by ±π/2, the polarization becomes circular. Altogether,
the polarization content of Equation 5.41 can be described fully by four real quantities
{Ax,Ay ,bx,by} and can thus be encoded as a 2× 2 Hermitian polarization matrix:

Jnm = EnE∗m, (5.44)

where Eµ = |ϵµ ·E| = Eµeik·x−iωt and E∗µ is the complex conjugate of Eµ. By the definition
of Hermitian matrices, the polarization matrix can be expressed as a linear combination
of the Pauli matrices10 {σ1,σ2,σ3}:

Jnm =
1
2
Iδnm +

1
2

(Uσ1 +V σ2 +Qσ3)nm (5.45)

=
1
2

 I +Q U − iV
U + iV I −Q

 , (5.46)

10The Pauli matrices are given by

σ1 =

0 1

1 0

 , σ2 =

0 −i
i 0

 , σ3 =

1 0

0 −1

 .
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Figure 5.9: Visualizing polarization states; each locus represents the trajectory traced
by the tip of the electric field vector across one wave period. The left column shows
polarizations corresponding to Q , 0 and U = V = 0 in purple. The middle column
shows polarizations corresponding to U , 0 and Q = V = 0 in pink. The right column
shows polarizations corresponding to V , 0 and U = V = 0 in blue.

where δnm is the Kronecker delta. I,Q,U , V are real coefficients and are collectively
referred to as the Stokes parameters: [283]

I = |Ex|2 +
∣∣∣Ey ∣∣∣2 = |Ex|2 +

∣∣∣Ey ∣∣∣2 (5.47)

Q = |Ex|2 −
∣∣∣Ey ∣∣∣2 = |Ex|2 −

∣∣∣Ey ∣∣∣2 (5.48)

U = 2Re[E∗xEy] = ExE
∗
y +EyE

∗
x (5.49)

V = 2Im[E∗xEy] = i(ExE
∗
y −EyE∗x). (5.50)

Alternatively, in terms of A and b:

I = A2
x +A2

y (5.51)

Q = A2
x −A2

y (5.52)

U = 2AxAy cos
(
by − bx

)
(5.53)

V = 2AxAy sin
(
by − bx

)
. (5.54)

Physically, I is proportional to the intensity of Equation 5.41 and is always positive.
In contrast,Q,U andV , can take both positive or negative values, with the signs convey-
ing physical information about the polarization states. As discussed above, E is linearly
polarized when bx = by ; in the special case where we also have Ax = Ay (Ax = −Ay), E
is linearly polarized at an angle of π/4 (3π/4) with respect to ϵx i.e. the x axis, and the
Stokes parameters areU > 0 (U < 0) andQ = V = 0. This is visualized in the top-middle
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(bottom-middle) panel of Figure 5.9. When Ax , 0 and Ay = 0 (Ay , 0 and Ax = 0), E
is linearly polarized along the x (y) axis, with Q , 0 and U = V = 0. This is visualized
in the top-left (bottom-left) panel of Figure 5.9). With this, we establish that Q and U
characterize linear polarizations. On the other hand, V describes circular polarization,
which we justify as follows. When Ax = Ay and bx = by ± π/2, we obtain Ex = ±iEy .
That is, E traces a circular path in the plane transverse to the direction of propagation.
The Stokes parameters for bx = by+π/2 are V > 0 andQ =U = 0. An observer viewing
the incoming wave face on will see an anticlockwise electric field as depicted in the top
right panel of Figure 5.9. Conversely, for bx = by −π/2, the electric field will rotate in a
clockwise direction, with V < 0 and Q = U = 0, as shown in the bottom right panel of
Figure 5.9. Equations 5.48-5.50 also imply that

I2 ≥Q2 +U2 +V 2. (5.55)

In other words, the total polarized intensity must not exceed the total intensity of the
wave. If the wave is unpolarized, the Stokes parameters are Q =U = V = 0.

By analogy to EM waves, GW metric perturbations h̃µν in the frequency-domain can
be written as a linear combination of polarization basis tensors. Tensor-polarized GWs
have two basis tensors: e+

µν and e×µν , hence the metric perturbation is given by

h̃µν(f ) = h̃+(f )e+
µν + h̃×(f )e×µν . (5.56)

Since the polarization amplitudes h̃+(f ) and h̃×(f ) are analogous to the complex electric
field amplitudes Ex and Ey , the Stokes parameters for tensor-polarized GW are given by:

I(f ) = |h̃+|2 + |h̃×|2 (5.57)

Q(f ) = |h̃+|2 − |h̃×|2 (5.58)

U (f ) = h̃+h̃
∗
× + h̃×h̃

∗
+ (5.59)

V (f ) = i(h̃+h̃
∗
× − h̃×h̃∗+), (5.60)

where we write h̃+ = h̃+(f ) and h̃× = h̃×(f ) for conciseness.
Stokes parameters in Equations 5.47-5.50 are defined for monochromatic plane waves.

In general, EM and GW waves are polychromatic. Therefore the GW Stokes parameters,
given by Equations 5.57-5.60, are functions of the GW frequency f . Consequently, the
fractional linear polarization (as defined in the main text) is also a function of f :

FL(f ) =

√
Q(f )2 +U (f )2

I(f )
. (5.61)

Similarly, the fractional circular polarization is given by

FC(f ) =
V (f )
I(f )

; (5.62)

and the total (degree of) polarization is

FT(f ) =

√
Q(f )2 +U (f )2 +V (f )2

I(f )
. (5.63)
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5.A5. Confidence intervals of cumulative distribution
functions

Dvoretzky-Kiefer-Wolfowitz (DKW) derived an inequality which can be used to compute
confidence intervals for empirically determined cumulative distribution functions (CDF)
[297]. For an empirical CDF, P (x), with n data points, the interval which contains the
true distribution Ptrue(x) with a probability L is given by

Pn(x)− ε ≤ Ptrue(x) ≤ Pn(x) + ε, (5.64)

with

ε =

√
ln

(
2

1−L

)
2n

. (5.65)

The 2-σ confidence intervals in Figure 5.7 of the main text are calculated usingL = 0.95.
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Chapter 6

Conclusions and outlook

This chapter summarizes the key results of the thesis and discuss potential directions
for future research. Section 6.1 reviews the work presented in Chapter 3, in which we
compare BayesWave’s GW burst detection efficiency between a two- and three-detector
configuration in O3. Section 6.2 reviews the applications of the dedicated-frequency
framework proposed in Chapter 4, with an emphasis on its potential to constrain explo-
sion mechanisms with future CCSNe GW detections. Section 6.3 reviews the applications
of BayesWave in characterizing GW burst polarizations, as demonstrated in Chapter 5.

6.1. Assessing burst detection performance of expanded
detector networks in the presence of glitches

GW detectors are susceptible to a broad range of noise. While the sources of the persis-
tent detector noise floors are generally well-identified and characterized, transient noise
events (glitches) have been observed recurrently in the LIGO and Virgo detectors during
the first three LVK observing runs, sometimes with unknown origins. Glitches challenge
the detection and characterization of GW bursts, as their similar time-frequency struc-
tures can mimic or mask burst signals, leading to false alarms or missed detections.

BayesWave is a burst analysis algorithm used widely by the LVK community for burst
searches and waveform consistency tests. The algorithm distinguishes between a coher-
ent signal S and uncorrelated glitches G across the detector network, by comparing their
Bayesian evidences via the Bayes factor lnBS ,G, which serves as the detection statistic.
A novel feature of lnBS ,G is that it scales not only with the signal strength but also the
time-frequency complexity and network coherence of the signal [85], setting BayesWave

apart from other burst analysis algorithms, whose detection statistics depend mainly on
signal strength. Consequently, BayesWave is expected to detect signals with increased
confidence as the detector network expands [3]. However, during O3, the overall glitch
rate in the LIGO detectors is approximately five times higher than in O2 [36]. While the
O3 glitch rate in Virgo is lower than in O2, it remains comparable to that of the LIGO de-
tectors. This raises the question of whether BayesWave continues to perform better with
expanded detector networks at their current sensitivities, in the presence of glitches.
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6.1.1. Summary of results

We address the above query in Chapter 3 of this thesis, by comparing BayesWave’s burst
detection efficiency between a two- and three-detector network in O3. The two-detector
network (HL) comprises the LIGO detectors in Hanford and Livingston, and the three-
detector network (HLV) comprises HL plus Virgo. The detection efficiency Pdet of the
detector configurations is compared as a function of false-alarm probability PFA using
efficiency (ROC) curves. False alarms, by definition, are non-astrophysical triggers in
the detector noise background with detection statistics comparable to that of astrophys-
ical triggers. Since each burst analysis algorithm employs a unique detection statistic,
they characterize false alarms differently and produce varying noise background mea-
surements. The noise background cannot be modeled from first principles at present and
must be measured empirically. The O3 background for BayesWave is measured by ana-
lyzing a subset of triggers identified by the coherent WaveBurst (cWB) algorithm in the
time-shifted O3 HL and HLV data, which ensures the absence of coherent GW signals.
The use of cWB is necessary due to BayesWave’s high computational cost, which makes
it impractical to analyze the full 103-year span of time-shifted data. The background
measurements show that the likelihood of false-alarm detections with BayesWave is gen-
erally an order of magnitude higher in the larger HLV network compared to HL. We then
compare the ROC curves between HL and HLV by analyzing astrophysical BBH signals
injected into the same segment of O3 data that produced the background measurements
above. Although the Pdet of HL is, on average, 2% higher than that of HLV in the as-
trophysically relevant range PFA ≤ 0.4, the ROC curves for both detector configurations
remain comparable overall. As a consistency check, we compare the detection signifi-
cance of 18 O3-like CBC signals measured by HL and HLV, and find that they are also
comparable. Altogether, our results suggest that the increased PFA offsets the advantage
of increased lnBS ,G in larger detector networks. Therefore, a larger network does not al-
ways achieve better detection efficiency than a smaller one. Our findings are consistent
with other burst analyses [46, 203].

6.1.2. A pilot study: detection efficiency dependence on SNR

In Section 3.7.2, we proposed several potential avenues for future work, which include
a comparison of BayesWave’s burst detection performance between HL and a three-
detector configuration with equal sensitivity. The deployment of LIGO-India will fa-
cilitate this study. However, there is a considerable wait time before this can be ex-
plored, as the impact of glitches on detection efficiency can only be assessed using real
observational data, given that glitches cannot be predicted in advance. Therefore, it is
worthwhile to reassess and compare the efficiencies of the HL and HLV networks with
improved sensitivities [71], once the data from the fourth LVK observing run becomes
available, as well as in future runs. In the meantime, we can also consider studying the
dependence of detection efficiency on SNR. We outline the motivation and suggested
methods for this study below.

The detection efficiency study presented in Chapter 3 uses a set of BBHs with mixed
SNRs ranging from ∼10 to ∼50. This dataset and the results are representative of the
collective CBC population, where signals span a range of SNR values (∼5-30 in GWTC-
3). Although HL performs comparably to HLV for this signal population for the mixed-
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SNR population, are there specific SNR ranges where HLV is more sensitive than HL, or
vice versa? If so, would detections be missed if we use only one detector configuration
for the search?

As a first step towards answering this question, we conduct a pilot study using five
injection sets, IS-a, IS-b, IS-c, IS-d, and IS-e, each consisting of 100 BBH signals injected
at SNRnet≈10, 11, 12, 14 and 19 respectively. To minimize SNR variations due to sky
location, all injected BBHs share the same sky location as GW170817. Additionally, to
reduce the impact of the detectors’ diurnal sensitivity cycle on the SNR, the BBHs are
injected into a 6-hour segment of O3 data, where the network sensitivity remains rel-
atively consistent. The left column of Figure 6.1 shows the SNRnet distributions of the
injection sets, and the corresponding efficiency curves are shown in the right column.
We find that the HLV efficiency curves for IS-a and IS-b are generally higher than those
of HL in the astrophyically relevant region PFA ≤ 0.4; the opposite is true for the remain-
ing three higher SNR injection sets. These preliminary results suggest that HLV may be
more efficient than HL at detecting lower SNR signals, and vice versa. A more compre-
hensive study, with careful consideration of sky locations and the physical properties of
the BBHs, is needed to confirm this finding. Assuming that GW sources are uniformly
distributed throughout the universe, their SNR priors are expected to scale as ∼ SNR−4,
i.e. low SNR signals are much more common than higher SNR signals [86]. Therefore, if
HLV can detect low SNR signals more effectively than HL, we should assess the likeli-
hood of missing low SNR signals with HL alone, and consider whether it is worthwhile
to use both configurations in future searches to ensure they are not overlooked.

6.2. Constraining core-collapse supernova explosion
modelswith gravitational-wave burst detections

CCSNe have been studied through EM observations for decades. However, these ob-
servations do not provide insight into the interior of the CCSNe before or during the
explosion, as the pre-explosion EM emissions are unable to penetrate the outer layers of
stellar material. The detection of GW bursts from CCSNe is highly anticipated within the
astrophysics community, for it will enable studies of the CCSN interior, such as the PNS
EOS and explosion mechanisms, for the first time. In Chapter 4 of this thesis, we focus
on constraining CCSN explosion mechanisms through GWs. Various multi-dimensional
hydrodynamic simulations have identified the SASI and neutrino-driven convection as
potential drivers of CCSN explosions. These processes have also been shown to emit
low-frequency GW signatures (≲ 250 Hz). Therefore, CCSN explosion models can be
constrained based on the detection of low-frequency GW emissions, or lack thereof. We
propose the dedicated-frequency framework, a new approach inspired by Ref. [221], for
detecting and characterizing frequency-specific GW signatures. Below, we summarize
methods and applications of the framework.

6.2.1. Summary of results

The dedicated-frequency framework seeks to enhance the detection of frequency-specific
GW signatures using follow-up analyses, limited to a user-selected frequency range.
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Figure 6.1: Detection efficiency dependence on SNR. The rows, from top to bottom, show
the plots for IS-a, IS-b, IS-c, IS-d, and IS-e, arranged in increasing order of overall injected
network SNR (SNRnet). The left column shows the SNRnet distributions of the HL (blue)
and HLV (orange) injections, with the corresponding medians labeled at the top of each
plot. The right column shows the efficiency curves, i.e. detection efficiency Pdet as a
function of false alarm probability PFA. The region PFA ≤ 0.4 is shaded green to indicate
astrophysical relevance.
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The dedicated-frequency analyses are not burst detection tools; they serve as follow-
ups to burst triggers that satisfy the standard GW detection benchmark. The framework
adopts the hierarchical cWB plus BayesWave pipeline, which is also employed in the
LVK all-sky short-duration burst searches [44–46] and has been shown to enhance de-
tection confidence compared to independent cWB and BayesWave analyses. [139]. The
cWB algorithm identifies suitable follow-up candidates, and BayesWave performs the
dedicated-frequency (LF and/or HF) analyses as a follow-up. In this work, we demon-
strate two applications of the dedicated-frequency follow-ups: (i) the LF analysis, lim-
ited to 32-256 Hz, for constraining CCSN explosion models through the detection of
low-frequency GWs associated with SASI and/or neutrino-driven convection, and (ii)
the HF analysis, limited to range 256-2048 Hz, for enhancing detection significance of
burst triggers with minimal power in the low-frequency range.

The LF analysis dataset comprises GW signals from five non-rotating, solar-metallicity
CCSN models: SFHx, s25, D15, mesa20_pert, and s18, listed in decreasing order of low-
frequency (≤ 256 Hz) power. The CCSN models are injected into the HL O3 data, rather
than HLV, informed by results from previous cWB studies and the findings from Chap-
ter 3. We find that the SFHx model, which exhibits the highest low-frequency power,
achieves a 97% detection efficiency. That is, its detection in the LF analyses is almost
guaranteed. In contrast, s18 only has a 10.5% detection efficiency with the LF analyses,
due to the absence of low-frequency GWs induced by SASI/neutrino-driven convection.
The s25, D15 and mesa20_pert models have ∼50-70% LF detection efficiency, suggesting
that the LF analysis may fail to detect CCSN signals with moderate levels of SASI and
neutrino-convection emissions. This result suggests that a non-detection with the LF
analysis provides weak constraints on explosion models, as it is ambiguous whether the
low-frequency GW emissions are missed or genuinely absent. In contrast, a successful
LF detection confirms the presence of low-frequency GW emissions, making it a valuable
tool for constraining CCSN explosion models.

The HF analysis of the dedicated-frequency framework can be used to enhance burst
detection significance. We demonstrate this using the loudest trigger associated with
SN 2019fcn, an optically-observed CCSN during O3. This trigger is a suitable candidate
because it has minimal power below 256 Hz, allowing the HF analysis to reassess its
significance without truncating any signal power. We show that the FAR of the trigger
is reduced from 22.1yr−1 with the full-band cWB analysis to 4.6yr−1 with the BayesWave

HF follow-up.
The dedicated-frequency framework can be extended in several directions. We dis-

cuss possible extensions in Section 6.2.2 and applications in Section 6.2.3.

6.2.2. Dedicated-frequency analyses with cWB

We initially propose to use both cWB and BayesWave for the dedicated-frequency follow-
ups. However, we find that the cWB LF analyses are less efficient at detecting low-
frequency GW signatures compared to BayesWave LF follow-ups. To illustrate this, we
show the cWB results for the CCSN analysis in Figure 6.2, which can be compared with
the BayesWave results in Chapter 4.

The left panel of Figure 6.2 shows the cWB background measurements. Similar to
BayesWave (bottom panel of Figure 4.3), the LF background (pink) is lower than the
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full-band background (purple) because noise events dominated by high-frequency (f ≥
256 Hz) power are suppressed. However, the cWB full-band and LF backgrounds differ
by a factor of 1.5 on average, c.f. BayesWave, in which the LF background is a factor of 10
lower than the full-band background on average. This is because the detection statistic
ηr of cWB scales only with the network SNR, whereas lnBS ,G of BayesWave scales with
both the network SNR and the number of wavelets, i.e. model complexity. Therefore,
limiting the analysis frequency range has less impact on ηr than on lnBS ,G. The right
panel of Figure 6.2 shows the FAR retrieved by cWB, for the same injections as in Fig-
ure 4.6. The horizontal dashed lines at FAR= 1yr−1 indicate the cWB detection thresh-
old, below which an event qualifies as a detection and eligible for dedicated-frequency
followups. Figure 4.6 shows that for the full-band cWB analysis, the median FAR (cross
symbols) and the corresponding IQR1 satisfy FAR < 1 yr−1, confirming that the CCSN in-
jections satisfy the criteria for dedicated-frequency follow-ups. In contrast, for the cWB
LF analysis, the median FAR (triangle symbols) for all models, except SFHx, are above
the FAR = 1yr−1 threshold; the IQRs for all models encompass FAR values greater than
1 yr−1. Moreover, the medians of D15 and mesa20_pert are at the maximum FAR, sug-
gesting that >50% of the signals with moderate low-frequency emissions are missed by
the cWB LF follow-up, c.f. <50% missed by BayesWave in Figure 4.6. Altogether, we find
that LF analyses with cWB are generally less effective than with BayesWave at detect-
ing low-frequency GW signatures for constraining CCSN models. Therefore, we present
only the BayesWave results for the dedicated-frequency follow-ups in Chapter 4.

Nevertheless, we suggest exploring alternative approaches for frequency-specific
GW characterization with cWB, as consistent results from two independent methods
improve reliability of the findings. The cWB algorithm identifies triggers by cluster-
ing power in excess of the average detector noise fluctuations in the time-frequency
domain. Since the data is bandpassed for dedicated-frequency analyses, excess-power
clustering in the time-frequency domain is reduced, thereby diminishing cWB’s signal
characterization performance. Therefore, future work could consider maintaining the
full-band cWB analysis to preserve the accuracy of signal reconstruction, and analyze
specific bands of the reconstructed full-band signal thereafter. We also recommend es-
tablishing metrics to quantify cWB signal characterization performance within specific
frequency bands, for example: (i) to quantify the accuracy of frequency-specific char-
acterization, we can compare the injected and recovered power fractions in a specific
frequency band relative to the full-band signal, and (ii) we can empirically determine
the minimum required fraction of recovered power for a signal, to be considered a suc-
cessful detection within the selected band. In principle, these metrics should also be
applicable to the full-band analyses with BayesWave. Therefore, we suggest exploring
this alternative approach with BayesWave, to assess its potential in complementing the
dedicated-frequency analyses.

6.2.3. Non-CCSN bursts

So far, we have applied the dedicated-frequency framework in the LF (32-256 Hz) and HF
(256-2048 Hz) ranges for characterizing GW signatures of CCSNe. However, there are

1The IQRs of the full-band cWB analysis are not visible in the right panel of Figure 4.6 because the
lower and upper quartiles are exactly at the maximum FAR = 1× 104 yr−1, along with the median.
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Figure 6.2: Dedicated-frequency analysis of the CCSN injections with cWB. The left
panel shows the full-band (purple curve) and LF (pink curve) background measurements
with cWB; the full-band cWB background is identical to that in Figure 4.3. The right
panel shows the same as for Figure 4.6, but for cWB. The horizontal dashed lines in both
panels indicate the cWB detection threshold at FAR=1yr−1. The ηr values corresponding
to FAR=1yr−1 are shown in the legend of the left panel.

other burst sources with frequency-specific signatures that can provide valuable insights
for constraining the properties of these sources.

GWs emitted by BBHs with eccentric orbits can be decomposed into a series of har-
monics. Ref. [256] shows that the frequency of a (2,2) multipole GW signal can be ex-
pressed as

fGW,k = 2fφ + kfr . (6.1)

Here, fφ is the azimuthal frequency, defined by the time taken for the binary to com-
plete one orbit; fr(< fφ) is the radial frequency, defined by the time taken for the bi-
nary to return to apoapsis; and k denotes integer multiples. The GW signal power is
dominated by the zeroth order mode with fGW,0 = 2fφ, which is analogous to a non-
eccentric system where the GW frequency is twice the orbital frequency. Consequently,
the eccentricity can be inferred using the amplitude ratio between the sub-dominant
k , 0 modes and the dominant k = 0 mode, which increases with increasing eccentric-
ity [256]. Since the sub-dominant and dominant modes are distinguishable by frequency,
as shown in Equation 6.1, dedicated-frequency analyses which exclude the dominant-
mode frequency (fGW,0) could improve the characterization of the sub-dominant modes
and facilitate eccentricity inference. This presents an interesting avenue for future work.

Another potential burst source for dedicated-frequency followups is the remnant of
BNS mergers. If the remnant is a quasi-stable NS, it may produce a short-lived (∼10-
100 ms) GW signal with frequencies in the 1-4 kHz range, cause by transient non-
axisymmetric deformations and quadrupole oscillations. Distinct spectral features in the
post-merger GW signal correspond to different physical processes, and the characteri-
zation of these features helps constrain physical properties of the remnant. For example,
the dominant quadrupolar oscillation of the NS remnant gives rise to the primary spec-
tral peak, whose frequency is directly correlated with the radius of a non-rotating NS.
This property, together with the mass, can be used to constrain the NS EOS [255]. If
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the remnant is a BH, the GW spectra will feature a cut-off after the BH formation at
∼2-3 kHz, which can be used to infer the BNS mass ratio, and consequently the extent
of tidal effects during the merger2 [32]; for a fixed total mass, lower cut-off frequencies
correspond to high mass ratio (unequal mass) systems, as stronger tidal effects cause
the BH to form earlier during the inspiral. Dedicated-frequency analyses focused on the
bands containing these spectral features, could improve their characterization and offer
further insights into the physical properties of a BNS and its remnant.

6.3. Characterizing gravitational-wave burst polar-
izations with the global detector network

The expanding network of GW detectors facilitates the decomposition of polarization
content in GW bursts, which in turn can offer valuable insights into the physical and
geometric properties of the emitting source. In Chapter 5, we pivot from the detection
aspect of BayesWave, and explore its prospects in characterizing tensor polarizations of
GW bursts with multi-detector networks of different sizes. BayesWave offers two sig-
nal models —elliptical (E) and relaxed (R) —which are consistent with the tensor GW
polarizations predicted by general relativity. This study focuses on two performance as-
pects of BayesWave: (i) its ability to identify deviations from E through Bayesian model
selection between E and R, and (ii) the accuracy of R in reconstructing tensor GW po-
larizations in terms of Stokes parameters.

6.3.1. Summary of results

For this study, BayesWave analyzes two injection sets: one comprising non-precessing
BBHs, which represent elliptical GW signals with fixed polarization content, and the
other comprising precessing BBHs, which represent non-elliptical signals with time-
varying polarization content. The signals are injected into Gaussian noise colored by the
design sensitivity curves of future upgrades of the LIGO, Virgo and KAGRA detectors,
and analyzed using both the E and R models.

In order to compare the performance between E and R, we evaluate the log Bayes
factor lnBR,E and waveform overlap OR,E between the R and E signal reconstructions.
We find OR,E > 0.98 ≈ 1 for non-precessing BBHs, indicating that the signals are recon-
structed equally well by E and R. We also find lnBR,E < 0, meaning that E is generally
preferred as it has fewer parameters compared to R. The same holds true for mini-
mally precessing BBHs, typically with initial precession spin parameter χp,init ≲ 0.5.
Precessing BBHs with high χp,init ≳ 0.5, in contrast, are more likely to exhibit time-
varying (non-elliptical) polarization which is more accurately modeled by R then E.
Consequently, lnBR,E > 0, indicating a preference for R over E. The preference for

2Asymmetric matter movement in the disk surrounding the BH remnant produces a broadband peak
around 5-6 kHz in the GW spectrum, whose width also reveals the extent of tidal effects during the BNS
merger [32]. However, the amplitude of this peak is approximately an order of magnitude lower than that
of the inspiral signal, and its frequency lies beyond the observing bands (<5kHz) of current-generation
detectors. Detection of this peak would require, at a minimum, kHz-band detectors like the Neutron Star
Extreme Matter Observatory [298].
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R strengthens as the detector network expands, as R can more accurately character-
ize the features of strongly precessing signals. The E versus R analysis is repeated for
a subset of O3 GW events, selected based on their loudness and short signal duration
to ensure reliable reconstructions by BayesWave. We find that E is preferred over R
with −12.88 ≤ lnBS ,G ≤ −0.01 for all O3 events except GW200129_065458, which re-
mains under debate as to whether it is precessing. Although lnBR,E = 0.48 ± 0.35 for
GW200129_065458 does not strongly favor R, it is the only event with positive lnBR,E .
Altogether, the results suggest that lnBR,E andOR,E together can provide indications for
exceptional source properties, such as potential deviations from elliptical polarizations,
especially with larger detector networks.

Using the same BBH injection sets, we assess the accuracy of R in measuring the
fractional circular (FC), linear (FL) and total (FT) polarizations of GW bursts, as defined
by Stokes’ parameters. Using the root mean squared residualRRMS(FP ) forP ∈ {C, L, T}
to quantify the accuracy of measurement, we find that a four-detector network reduces
RRMS(FP ) by approximately a factor of two compared to a three-detector network. In
other words, larger detector networks yield more accurate polarization measurements,
as expected. Additionally, we find that the accuracy of polarization measurements be-
comes independent of signal morphology when the detector network is large enough,
i.e. with three or more detectors.

6.3.2. Future burst polarization studies with BayesWave

In Section 5.7, we discussed the prospects of using BayesWave to test general relativ-
ity through Bayesian model selection. This is only viable once the expanding detector
networks impose tighter constraints on the parameter space of non-GR polarizations.
Another possible extension is to leverage the BayesWave E and Rmodels to enhance the
detection and characterization of targeted burst sources through GW polarizations. This
work is achievable at present for CCSNe, guided by GWs extracted from hydrodynamic
simulations.

Ref. [240] shows that low-frequency (∼100−200 Hz) GWs associated with SASI in
the SFHx [222] CCSN model exhibit strong circular polarizations, V , as defined in Equa-
tion 5.60. The SNR of the full signal is measured in terms of the total intensity I as
defined in Equation 5.57:

SNRI =
I(h+n)√

⟨I(n)− ⟨I(n)⟩⟩2
. (6.2)

Here, I(h+n) is the total intensity of the signal h plus Gaussian noise n, I(n) is the total
intensity of n alone, and ⟨x⟩ denotes the time average of quantity x over the duration
spanned by h+ n. By replacing I with V in Equation 6.2, one measures the SNR of the
circularly polarized component. Ref. [240] shows that SNRV > SNRI , suggesting that
the circular polarization component has a higher detectability than the full signal. As
discussed in Chapter 4 of this thesis, the detection of SASI is useful for constraining
CCSNe explosion models. It is therefore interesting to study the prospects of BayesWave

in detecting and characterizing SASI through the circular GW polarizations.
To give a taste of what is possible, we perform an exploratory study by analyzing 75
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Figure 6.3: BayesWave measurements of SFHx circular polarization with the HLV net-
work. The measurement accuracy, quantified by the RMS residual of the fractional circu-
lar polarizationRRMS(FC), is shown as a function of the injected network signal-to-noise
ratio, SNRnet. The RRMS(FC) is evaluated for the 100−200 Hz band, which is relevant
to the SASI.

SFHx waveforms injected into HLV data3, assuming Gaussian and stationary noise. All
waveforms are injected with hrss = 1.07×10−22 and share the same orientations relative
to the GW detectors, meaning the intrinsic loudness and degree of circular polarization
are identical across all injections. However, the injected network signal-to-noise ratio,
SNRnet, differ because the identical waveforms are injected at different times, and the
network’s sensitivity to the signal’s fixed sky location varies throughout the day. Using
the R model, we quantify the accuracy of circular polarization measurement through
the RMS residual RRMS(FC), as defined in Equation 5.22. Figure 6.3 plots RRMS(FC)
as a function of SNRnet. We find that the residuals RRMS(FC), evaluated for the SASI-
related frequency range 100−200 Hz, are generally double the fiducial accuracy thresh-
old RRMS(FC) = 0.25 established in Section 5.6.3. Moreover, RRMS(FC) does not de-
crease significantly with increasing SNRnet. This suggests that, for SFHx signals with
SNRnet < 45, HLV network lacks the sensitivity needed for accurate recovery of the
circular polarization content associated with SASI. Although higher SNR signals could
be considered, it is more meaningful to focus on realistic SNR values. Therefore, future
studies should consider including KAGRA and/or future detectors, with representative
sensitivities as in Figure 6.4, to explore the potential for improving the accuracy of cir-
cular polarization recovery.

All SFHx injections are recovered with lnBS ,G > 0 and lnBS ,N > 0, indicating that
BayesWave successfully identified the injections as signals using both models S ∈ {R,E}.
Therefore, in addition to the circular polarization analysis, we can compare the perfor-
mance of E and R in detecting and characterizing the full SFHx signal. The left panel
of Figure 6.5 shows an event-wise comparison of the reconstruction accuracy between
R and E, quantified by their overlaps with the injected waveform, Oinj,R and Oinj,E . All
events lie close to the locus Oinj,E = Oinj,R, which implies that R and E characterize the
SFHx waveforms equally well. The color of the data points darkens as one moves from

3Since this is an exploratory study, we use HLV instead of HLKV to conserve computational resources.
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the top right to the bottom left of the plot, indicating that reconstruction accuracy de-
creases with the SNRnet, as expected. The right panel of Figure 6.5 shows lnBR,E as a
function of OR,E . We find that events with lower SNRnet yield lower OR,E due to the
reduced reconstruction accuracy, which consequently results in larger deviations from
lnBR,E = 0. However, at a fixed OR,E , we observe roughly equal numbers of events
above and below lnBR,E = 0; this result makes sense because the SFHx injections are
identically polarized, so there should be no preference bias towards a specific signal
polarization model. The spread in lnBR,E at a fixed OR,E could arise from: (i) the dif-
ference in SNRnet, and (ii) the change in detector orientation relative to the fixed GW
source, caused by Earth’s rotation, which affects the distinguishability of the polariza-
tion modes and hence the signal characterization. Altogether, we conclude that R and
E are equally preferred for the SFHx injections. However, this result only holds for a
particular orientation of the SFHx model. It would be valuable to follow up with an in-
jection set that features uniformly distributed orientations, to determine whether E or
R can improve the overall detectability of the SFHx waveforms.

Another possible follow-up study is to implement the dedicated-frequency frame-
work introduced in Chapter 4, to assess whether BayesWave’s polarization characteri-
zation performance can be improved using bandpass analyses.

6.4. Final remarks

BayesWave is one of the leading burst analysis tools available to the GW community.
This thesis contributes to understanding the performance and applications of BayesWave

in burst detection and characterization. We conclude from Chapter 3 that larger detector
networks do not necessarily improve the sensitivity of BayesWave to bursts due to the
increased presence of glitches. Guided by the results of Chapter 3, we use the two-
detector (HL) network in Chapter 4 to demonstrate how BayesWave, together with cWB,
can serve as a tool for constraining CCSN explosion models. In Chapter 5, we show that
larger detector networks are useful for characterizing GW burst polarizations. We are
excited to see how our work will impact the future of GW burst analysis.
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