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School of Oceanography

Climate change is rapidly changing our oceans at faster time scales than have previously hap-
pened in ’s history. Robust, full ocean observing systems are required for us to understand
these changes and their consequences on the entire system. This work presents continued
progress in the development of technologies that can utilize sound in the ocean as a tool to
observe oceanographic variables, such as temperature. Coherent sound in the ocean contains
information about the environment that it propagates in, and it is possible to use measured
sound propagation to extract this information. Specifically, the sound speed of water is
almost fully determined by the temperature of the water and measuring the sound speed
of the ocean can result in robust measurements of ocean temperature. This work explores
two methods of measuring acoustic propagation for the ultimate goal of oceanographic ob-
servations. The first utilizes coherent ambient sound, such as wind generated surface noise,
to estimate sound propagation, and it is shown that these acoustic measurements can be
utilized to estimate water column temperature. The second method uses a transmitted low
frequency signal that is received across ocean basins. It is shown that this source can be re-
ceived by various single hydrophones and has the potential to be used for future observations
of ocean temperature.
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Chapter 1

INTRODUCTION

Acoustic waves contain information about the environment that they propagate in. Spe-
cific to ocean acoustics, measured propagation can be used to estimate acoustic and oceano-
graphic variables such as sound-speed structure, water temperature, and water velocity [93].
This work presents continued development of two different methods to measure acoustic
propagation in the ocean at different spatial scales. The first method, ocean ambient noise
interferometry, uses coherent ambient sound to passively estimate the Green’s function. Bot-
tom mounted hydrophones in the deep ocean are used to measure arrival times in the Green’s
function with high enough accuracy to sense sub-seasonal fluctuations in a local (∼3 km) en-
vironment. The second method, receptions of low-frequency acoustic transmissions across
ocean basins (∼4000 km), is explored and discussed.

Both methods use the hydrophones of the cabled ocean observatory, the Ocean Ob-
servatories Initiative (OOI). This observatory consists of a diverse suite of oceanographic
sensors, including eleven hydrophones that are located at various depths and environments
in the northeast Pacific Ocean. The data is fully open-access, creating a rich new dataset
of underwater acoustics that can contribute to the open development of science and sensing
technology.

The UNESCO led program, the Global Ocean Observing System (GOOS), recently named
underwater sound as an essential ocean variable [149]. Because of this, there is increased
need and interest to increase PAM infrastructure. The techniques presented and explored
within this thesis aim to leverage existing and future PAM infrastructure to be able to mea-
sure acoustic propagation, alongside ambient sound levels. These measurements of acoustic
propagation could then be used to invert for oceanographic variables such as integrated, deep
ocean temperature.

1.1 Dissertation Organization

This chapter will provides context for the subsequent chapters of this work. In this chapter,
the technique of ambient noise interferometry is explained, a theoretical derivation is pro-
vided, and a discussion of previous results in ocean acoustics is presented. Relevant prior
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work in ocean basin tomography will be presented, and the signal processing methods used
for ocean basin acoustic receptions will be discussed as it relates to positive receptions of the
Kauai Beacon by OOI hydrophones.

In Chapter 2, the statistics of the ambient soundscape, measured for all bottom-mounted
OOI hydrophones, is presented. Understanding the features that are present in the ambi-
ent soundscape informs the technique of ambient noise interferometry, explored in future
chapters, by characterizing what sound sources are being utilized to illuminate the acoustic
propagation. Additionally, the statistics presented in this chapter provide insight into the
noise floor for receptions of the Kauai Beacon.

In Chapter 3, the cross-correlations of ambient sound, measured by two OOI hydrophones,
is investigated over 6 years. The cross-correlations of ambient sound are found to reliably
converge to the empirical Green’s function, containing multiple propagation paths. This is
the first time that ambient noise interferometry has been used to resolve multi-path prop-
agation in the deep ocean. The emergence of the Green’s function and the signal-to-noise
ratio are quantified. Additionally, various features in the cross-correlations throughout the
six years are discussed.

In Chapter 4, a seismic reflection study is used as data of opportunity to experimentally
characterize how surface source locations affect the correlation between two hydrophones.
These results demonstrate that the sources illuminating the acoustic steep angle propagation
paths that reflect off of the bottom or surface of the ocean are illuminated by local surface
sources.

In Chapter 5, acoustic arrival times are estimated from the cross-correlations of ambient
sound. The arrival times are compared to arrival times simulated with the ocean model
HYCOM. A linear inversion model is proposed, and depth averaged water temperature is
estimated over eight years with a high enough accuracy to sense sub-seasonal changes.

In Chapter 6, the potential of using OOI hydrophones to measure ocean basin acoustic
propagation is explored. Acoustic arrivals are simulated and compared to positive recep-
tions of the Kauai Beacon at various OOI hydrophones, over the course of the first year of
transmissions (March 2023 - March 2024).

In Chapter 7, the results of this work are summarized.

1.2 Ocean ambient noise interferometry

In this section, the technique of ambient noise interferometry is explained, a theoretical
derivation is provided and a discussion of previous results in ocean acoustics is presented.

The ocean ambient soundscape is dominated by several source mechanisms. Wind and
rain generated surface sound, marine mammal vocalizations, seismic activity, and anthro-
pogenic sources make up the primary contributors to the soundscape [161, 169, 96, 89, 90, 33].
This ambient sound contains critical information about the ocean environment. The indi-
vidual sources that are present in ocean ambient noise can be used to study these specific
phenomena, such as migration patterns of marine mammals [85, 75, 167] or rain and wind
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patterns [76, 124, 126]. It turns out, however, that the total, diffuse ambient sound field can
also be used to learn information about the ocean. Ambient noise interferometry utilizes the
fact that the spatial coherence of an ambient sound field approximates the channel impulse
response between sensors, and these estimates of acoustic propagation can be used to estimate
water temperature, currents, sound speed structure, and sensor location [172, 49, 140, 121].

For a diffuse sound field, where sound comes from all directions equally, sound waves
that propagate through both receivers will have a constant phase difference and sound waves
that take independent paths to the two receivers will have a non-constant phase difference.
This means that if you take the cross-correlation, all sound that propagates through both
sensors will constructively add together and all other sound will deconstructively interfere
and cancel out. It turns out that, because of this, the time derivative of the cross-correlation
between two points gives the Green’s function at one point as if there was a source at the
other, which is the basis of ambient noise interferometry. This technique has been applied
to various fields such as helio-seismology, ultrasound, seismology and underwater acoustics
[114, 163, 129, 151]

1.2.1 Theoretical derivation

In the following section, a mathematical derivation of the technique of ambient noise interfer-
ometry is presented. Specifically, the derivation will focus on applications to ocean ambient
noise interferometry. The fundamental equation of NI will be derived, and the effect of non-
diffuse sound sources will be explored. This derivation integrates several independent works
[158, 135, 177, 137, 43].

Given the linear acoustic wave equation (equation 1.1), the pressure measured at location
xi, due to a single sound source at location xj and time history s(t) can be represented with
convolution (Equation 1.2), where Gxjxi(t) is the Green’s function characterizing acoustic
propagation from xj to xi, (satisfying equation 1.3), and where ∗ denotes convolution.

∇2
xp(x, t) =

1

c2
∂2p(x, t)

∂t2
(1.1)

p(xi) = sxj(t) ∗Gxjxi(t) (1.2)

(∇2 + k2(xi))Gxjxi(t) = δ(xi − xj)δ(t) (1.3)

The cross-correlation between points in space, x1 and x2 is given in equation 1.4.

〈C12(τ)〉 = 〈p(t+ τ,x1)p
∗(t,x2)〉

=
1

2π

∫ ∞
−∞
〈P (ω,x1)P

∗(ω,x2)〉 ejωτdτ (1.4)
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Assuming a distribution of sound sources with frequency content N(ω,xN), the pressure
measured by a sensor at x1 is given by equation 1.5, where H1(ω) is the frequency response
of the sensor at location x1.

P (ω,x1) = H1(ω)

∫
V

GxNx1(ω)N(ω,xN)dV (x) (1.5)

Plugging equation 1.5 into equation 1.4, you get equation 1.6.

〈C12(τ)〉 =
1

2π

∫ ∞
−∞

H1(ω)H∗2 (ω)×∫∫
V,V ′

GxNx1(ω) 〈N(ω,xN)〉G∗x′Nx2
(ω) 〈N∗(ω,x′N)〉 dV (xN)dV (x′N)ejωτdτ

(1.6)

If noise sources are spatially uncorrelated, then equation 1.7 holds, where S(xN , ω) is the
spatial distribution of the noise spectral density.

〈N(ω,xN)N∗(ω,xN
′)〉 = S(xN , ω)δ(xN − xN

′) (1.7)

Plugging equation 1.7 into 1.6 gives 1.8, where K is the cross-correlation sensitivity kernel
(equation 1.9), and SH(ω) is the cross spectral density of the two sensor responses.

〈C12(τ)〉 =
1

2π

∫
ω

SH(ω)

∫
V

SN(xN , ω)K(xN , ω, |x2,x2)dV (xN)ejωτdω (1.8)

K(xN , ω, |x2,x2) = G(ω,xN ,x1)G
∗(ω,xN ,x2) (1.9)

The cross-correlation sensitivity kernel characterizes the contribution of a specific source
location, xN , to the cross-correlation between two sensors located at x1 and x2 [135, 107].
This definition differs from the definition by Skarsoulis et. al. [135] because the sensor
response is not included in the cross correlation sensitivity kernel. If the noise spectral
density is uniform for all locations (i.e. SN(xN , ω) = SN(ω) for all xN), then you get
equation 1.10, where D(ω) = SN(ω)SH(ω).

〈C12(τ)〉 =
1

2π

∫
ω

D(ω)

∫
V

K(xN ,x1,x2, ω)dV (xN)ejωτdω (1.10)

There are several techniques that have been used to evaluate the volume integral in
equation 1.10. The volume integral can be converted to a surface integral using the divergence
theorem [177], or the asymptotic technique of stationary phase can be used to simplify the
integral for various environments [43, 137]. For a fully diffuse sound source distribution,
both of these methods result in equation 1.11, which is the fundamental equation of noise
interferometry. D(τ) = F−1 {D(ω)}. D(τ) characterizes how the two Green’s functions are
illuminated by the sound sources and sensor responses.
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〈
d

dτ
C12(τ)

〉
= D(τ) ∗ [G12(τ)−G21(−τ)] (1.11)

Given that sound source distributions in the ocean are not diffuse and are usually dis-
tributed along the surface, it is important to quantify how the non-diffuse sound source
distributions affect the estimate of the Green’s function. For the ocean acoustic propagation
explained by rays, it has been shown that sources along the extensions of eigen-rays that
connect the two sensors contribute to the correlation. All other source locations destructively
interfere and cancel out [43, 158, 137]. For acoustic propagation explained by normal modes,
sources within the plane connecting the two sensors and perpendicular to the ocean surface
contribute to the correlation and the depths of the sources illuminate the different mode
shapes [43, 109]. It’s been shown that as long as the sound sources adequately illuminate
the acoustic propagation, the coherence converges to an amplitude shaded Green’s function
(Equation 1.12) [43, 158, 120, 134].〈

d

dτ
C12(τ)

〉
= D(τ) ∗

[
G̃12(τ)− G̃21(−τ)

]
(1.12)

The amplitudes of G̃12(τ) and G̃21(τ) are a function of the sound source statistics, which
are not usually known. However, the phase of the amplitude shaded Green’s functions
remains the same as the actual Green’s functions. From a mode or ray based perspective,
the phase of the signal is what carries the information about the environment (i.e. ray travel
times or specific mode phases). This means that, even if the sound source distribution is not
diffuse, passive acoustic based environmental remote sensing is still possible [43].

1.2.2 Previous experimental results

Green’s functions have been successfully estimated in a diverse set of ocean environments
and illuminating sound sources. [116, 40, 52, 10, 11, 173, 110]. These passively estimated
Green’s functions have also been successfully used to estimate oceanographic variables. Using
two arrays of hydrophones located in the sound channel, changes in water temperature were
measured over a distance of 130 km [173]. An experiment in shallow waters off the coast of
Florida has been able to measure sub-seasonal sound speed structure [177], mode shapes [44],
and flow velocities [50]. This technique has also been used to measure bottom properties
[145, 142, 51, 143].

1.3 Kauai Beacon transmissions

Sound speed is almost linearly related to water temperature and water pressure [77]. The
higher the temperature and pressure, the higher the sound speed. For deep water environ-
ments, pressure increases with increasing depth and temperature decreases with increasing
depth. The resulting typical deep ocean sound speed has a minimum around 1000 m which
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forms a sound channel, where acoustic waves can travel very long distances without inter-
acting with the bottom or surface. Additionally, acoustic absorption is very low at low
frequencies (dropping as low as 0.001 dB

km
around 100 Hz [153]). Because of these factors,

low frequency underwater sound can travel across entire ocean basins [92]. This means that
acoustic signals with relatively low energy can be transmitted and received across ocean
basins at ranges on the order of 4000 km. A source off the coast of Kauai with source levels
similar to blue whale vocalizations [42] has recently begun transmissions every four days. A
similar experimental setup was used in the 1990s and early 2000s to successfully measure
fluctuations in ocean basin travel times which are closely related to deep ocean temperature
[34, 61, 62]. Receptions of the Kauai Beacon have been recently explored for two hydrophone
locations in the Pacific [42]. In chapter 6, the first receptions of the KB by OOI hydrophones
in a diverse set of ocean environments is presented.

Previous ocean basin acoustic measurements utilized large arrays of classified hydrophones,
which were originally implemented for submarine detection during the Cold War [36]. Utiliz-
ing existing infrastructure allowed for a cost-effective method to retrieve acoustic receptions
with large arrays, which enabled more processing gain from beamforming techniques. How-
ever, since the data was classified, it did not allow for the transparent description of the
methods, which might aid in the adoption of these techniques by the greater oceanographic
community. Additionally, the secretive nature of the data sources may have contributed to
a larger distrust and associated controversy around ocean basin tomography experiments
conducted in the 1990s and 2000s [106]. By utilizing existing and future open-access PAM
infrastructure, the methods developed and the exact locations of hydrophones can be pub-
licly available. This will be beneficial for contributing to open scientific development, but
more advanced detection methods will need to be developed since the processing gain will be
lower. Developing methods of processing and inversion centered around single hydrophone
measurements will also allow for larger and more diverse sensor infrastructure to be used for
ocean basin tomography using the KB.

1.3.1 Pulse compression and signal processing

The KB utilizes the concept of pulse compression to spread coherent energy out in time
and frequency, which lowers the required transmit power for positive receptions across the
ocean basin. KB uses a carrier frequency of 75 Hz to transmit a modulated, 1023 bit binary
MLS. The 1023 bit, pseudorandom MLS is generated with 10 shift registers with a wiring
configuration defined by the octal law 3471. (see [53, p. 62] for more information). Each
bit is transmitted with Q=2, meaning that each bit consists of two cycles of the 75 Hz
carrier signal, and the bits are phase modulated by 180°. This results in a bandwidth of the
signal (defined by the first zero crossing) between 37.5 - 112.5 Hz. Figure 1.1 shows a small
section of the transmitted signal in time and the frequency content of the signal, and the
auto-correlation of the signal. The 1023 bit MLS encoded signal is 27.28 s long. The auto-
correlation of a MLS encoded signal is a band limited impulse. This means that the channel
impulse response can be estimated by match-filtering the received signal with a replica of
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Figure 1.1: (a) Section of transmitted signal in time (b) frequency content of the transmitted
signal. (c) Auto-correlation of the MLS modulated signal.

the transmitted signal. The match-filtered output results in a 27 ms wide pulse.
For a single transmission of the Kauai Beacon, the 27.28 s signal is repeated 44 times to

make a 20 min transmission. After match filtering the signal with the 27.28 s replica, the
reception can be averaged together in subsequent 27.28 s sections over the twenty-minute
transmission, and coherent acoustic arrivals will constructively increase the processing gain.
For a fully coherent ocean over the twenty-minute transmission, the maximum theoretical
processing gain is 43.2 dB [42].
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Chapter 2

OVERVIEW OF AMBIENT SOUND USING OCEAN
OBSERVATORIES INITIATIVE HYDROPHONES

Abstract

The Ocean Observatories Initiative (OOI) sensor network provides a unique opportunity to
study ambient sound in the north-east Pacific Ocean. The OOI sensor network has 5 low
frequency (Fs = 200 Hz) and 6 broadband (Fs = 64 kHz) hydrophones that have been record-
ing ambient sound since 2015. In this chapter, I analyze acoustic data from 2015 - 2020 to
identify prominent features that are present in the OOI acoustic dataset. Notable features in
the acoustic dataset that are highlighted in this chapter include volcanic and seismic activity,
rain and wind noise, marine mammal vocalizations, and anthropogenic sound such as ship-
ping noise. For all low frequency hydrophones and four of the six broadband hydrophones, I
will present long-term spectrograms, median time-series trends for different spectral bands,
and different statistical metrics about the acoustic environment. The statistical properties
of the ambient sound presented in this chapter will inform the techniques explored in sub-
sequent chapters. We find that 6-year acoustic trends vary depending on the location of the
hydrophone and the spectral band that is observed. Some locations and spectral bands see
increases in spectral levels while others see decreases in spectral levels over the course of the
6 years. Lastly, I discuss future areas of research that the OOI dataset lends itself to.∗

2.1 Introduction

The Ocean Observatories Initiative (OOI) is an ocean observing network providing data
from more than 800 instruments. The different sensor networks measure physical, chemical,

∗This paper was joint work with co-first-authors John Ragland and Felix Schwock, as well as contributions
from Shima Abadi and Matthew Munson and is available as:
Ragland, J., Schwock, F., Munson, M., and Abadi, S. (2022). “An overview of ambient sound using Ocean
Observatories Initiative hydrophones,” The Journal of the Acoustical Society of America, 151, 2085–2100.
doi:10.1121/10.0009836
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geological, and acoustic data spanning from the air-sea interface to the seafloor. All of the
data that is produced by OOI is available publicly. Public ocean datasets such as OOI play
an important role in understanding the ocean [65]. In this chapter I will be providing an
overview of acoustic data that is available through OOI from 2015 through 2020.

Currently, there are eleven different hydrophones that are part of the OOI sensor network
that have been recording ambient sound from around the north-east Pacific Ocean since 2015.
Five of the hydrophones are low frequency (LF) hydrophones with a sampling rate of 200 Hz.
Six of the hydrophones are broadband (BB) hydrophones with a sampling rate of 64 kHz.
Two of the BB hydrophones are located at depths of 200 m and are positioned in the Sound
Fixing And Ranging (SOFAR) channel. The rest of the BB hydrophones and all of the LF
hydrophones are located on the seafloor. The hydrophones are mounted on a tripod and
approximately are 40 cm off of the seafloor, and no flow-shields are used. These long-term
ambient sound recordings from the OOI network provide the opportunity for many data and
experimentally driven advancements in the field of ocean acoustics. In this chapter, I will
present a long-term statistical analysis of the ambient sound recorded at nine of the eleven
hydrophones, as well as highlight acoustic features that are present throughout the six years
of data presented in this chapter.

Monitoring long-term underwater ambient sound levels has received increasing attention
in past years with more datasets emerging that cover ever larger temporal and spatial scales.
Along with OOI, another ocean observatory that monitors the north-east Pacific is the Ocean
Networks Canada (ONC) observatory †. [58] have evaluated data from the Ocean Noise
Reference Station (NRS) network, consisting of twelve autonomous passive acoustic recorders
distributed across various locations in the Atlantic and Pacific Ocean. Various datasets have
also been used to compare LF sound spectral levels from the 1950s and 1960s to data recorded
during the 1990s and 2000s to analyze the effect of increased shipping activity on underwater
sound [5, 4, 81, 132]. Results seem to be highly dependent on the measurement site but
generally indicate that the increase in ambient noise due to shipping activity has slowed down
in more recent years compared to the the 1950s and 1960s data reported by [115]. These
results were also confirmed by [21] and [39], who used hydrophone volume and line arrays
in their measurement apparatus. Additionally, a statistical analysis of 2 years of ambient
sound data investigating the shipping and whale sound contributions has been conducted in
the Pacific [29]. With its eleven hydrophones recording ambient sound since 2015, the OOI
provides an excellent complementary dataset to this area of ongoing research.

The OOI hydrophone dataset contains many different notable acoustic features. Some of
these features are outlined in detail in section 2.3. A review of previous literature for some
of the pertinent acoustic features is provided below.

Marine Mammals: Due to the difficult nature of directly observing information about
marine mammals, passive acoustic monitoring is one the of the primary tools used for learn-
ing more about marine mammal populations in the ocean. The OOI hydrophone network

†https://www.oceannetworks.ca/

https://www.oceannetworks.ca/
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contains many marine mammal signals that offer the potential for further exploration (see
2.3). Passive acoustic monitoring of marine mammals is a well explored field [15, 170, 68, 85]
that the OOI dataset can contribute to. One of the primary biological features that is present
in the OOI acoustic dataset is seasonal fin whale calls. Fin whale calls and the inter-pulse
intervals of these calls have been extensively explored [147, 138, 133, 161, 139]. While there
are several types of fin whale calls, the most common call consists of a downward swept
signal lasting approximately one second centered around 20 Hz. The presence of energy near
20 Hz can be used to monitor the migration patterns and seasonal fluctuations of fin whale
vocalizations [79, 97]. Fin whale calls contain complex temporal and frequency patterns that
indicate communication between multiple fin whales [79, 138].

Wind and Rain: Two of the six OOI BB hydrophones are accompanied by surface
buoys that continuously record data at the air-sea interface such as wind vectors and rain
rates. Those in-situ meteorological measurements with high temporal resolution (1-min)
provide an excellent opportunity to use the OOI data for studying wind and rain noise in the
northeast Pacific, which has recently been done by [126] and [124]. The results from these
studies complement other studies on wind and rain noise that use long-term and large-scale
hydrophone networks, most notably [69, 169, 76, 59].

Ship Noise: Sound from commercial ships has long been studied to assess its impact on
the oceanic environment and marine life in particular [57, 86, 88]. It is also known that the
acoustic signature of ships depend on a variety of factors such as ship type, size, and velocity
[128, 157, 82, 83, 131, 41]. Since some of the OOI hydrophones are located in the vicinity
of major shipping lanes, a large number of ship passages can be found in the dataset. Ship
types observed in the OOI dataset include merchant ships, research vessels, fishing vessels,
and recreational boats. Very recently, [30] explored the effects of the COVID-19 pandemic
on ship noise using the OOI data.

The remainder of this chapter is outlined as follows: Sec. 2.2 describes the OOI hy-
drophones and data processing framework employed in this work. Sec. 2.3 presents spectro-
grams showing long-term sound spectral levels as well as specific acoustic features that can
be found in the OOI hydrophone data. Sec. 2.4-2.7 then analyze mean spectral level time
series, sound distribution, noise floor time series, inter-hydrophone cross-correlations and
power spectrum covariance matrices extracted from the long term spectrograms. Sec. 2.8
discusses possible areas of future investigation using the OOI dataset. Finally, Sec. 2.9
summarizes the results of this research.

2.2 Experimental setup and data processing

The OOI acoustic dataset consists of 11 hydrophones located off of the north-west coast
of the continental United States. There are 5 low frequency (LF) HTI-90-U hydrophones
(High Tech, Inc., Mississippi, U.S.) and 6 broadband (BB) icListen HF hydrophones (Ocean
Sonics, Nova Scotia, Canada) with sampling frequencies of 200 Hz and 64 kHz, respectively.
For the purpose of this chapter, acoustic data analysis from all LF hydrophones and four
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of the six BB hydrophones will be presented. Two BB hydrophones are omitted because
prolonged, strong interfering signals from other measurement instruments co-located with
the hydrophones obscured the acoustic records. Fig. 2.1(a) shows the geographic location of
the 9 hydrophones. Fig. 2.1(b) shows the measured sound speed profiles for different water
column profilers in the OOI dataset along with the depths of the different hydrophones.
The profiles used to measure the sound speeds are often unreliable at large depths, which
results in gaps in the data. The lighter traces for Axial Base and Oregon Slope are a linear
regression from valid data below the thermoclines. Data availability for the 9 hydrophones
analyzed in this chapter is shown in Fig. 2.2. Table 2.1 shows the depth and location of
all 9 hydrophones.
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Oregon OffshoreOregon Slope

Southern Hydrate

BB hydrophones

LF hydrophones

-1700

-2000

-2800

-2400

-3100

m

131˚W 130˚W 128˚W129˚W 127˚W 126˚W 124˚W125˚W 123˚W

46˚N

30’

46˚N

45˚N

30’

45˚N

44˚N

30’

44˚N

43˚N

30’
100 km0

(a)

(b)

Figure 2.1: (a) Location of broadband (BB) and low frequency (LF) hydrophones in the
north-east Pacific Ocean. The Axial Base location and the Oregon Slope locations have both
an LF and BB hydrophone. (b) Sound speed profiles measured by different OOI profiles and
the depths of the OOI hydrophones.

OOI has a web based data explorer (https://dataexplorer.oceanobservatories.org/) that
has many of the data products easily accessible. Unfortunately, due to the high file size
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Figure 2.2: Data availability for all 9 hydrophones analyzed in this chapter

of the acoustic datasets, hydrophone data is not available through the OOI Data Explorer
and must be accessed through the OOI raw data server (BB hydrophones) or IRIS data
server (LF hydrophones). These data servers save the data in mseed format, and it is not
straightforward to use the raw data server for analysis.

In order to make the OOI acoustic dataset more easily accessible and to expedite the
research process using OOI datasets, I helped develop a public Python package called OOIPy
[127]. OOIPy handles accessing the data from the raw data servers and converts the data into
formats that are within the Python scientific computing framework. OOIPy also has several
data processing methods that aid in the statistical analysis of the acoustic dataset. The
Welch mean and median power spectral density (PSD) estimates using calibrated hydrophone
data can be calculated within OOIPy, and these PSDs can be grouped together to form
spectrograms.

OOIPy also handles the calibration of hydrophone data. For the broadband (BB) hy-
drophones, the frequency responses of the devices were recorded by the manufacturer in a
water tank for frequencies between 0 - 200 kHz. For the low frequency hydrophones a sin-
gle sensitivity value is reported which is valid between 2 - 90 Hz. Calibration data sheets
for individual OOI hydrophones can be found at https://github.com/OOI-CabledArray/

calibrationFiles. The 2 Hz cutoff for the LF hydrophones is the lowest frequency that the
hydrophones are calibrated to, however there does not seem to be a physical filter with this
cutoff present in the data. The 90 Hz cutoff is due to the digital filtering required to down-
sample the acoustic data to a sampling frequency of 200 Hz. This cutoff is characterized by
the response files available for specific hydrophones at https://ds.iris.edu/mda/OO/.

The description of ambient sound and analysis of long-term trends and seasonal patterns
in this chapter is based on the computation of PSD estimates. To do so, the multi-year
acoustic time series obtained from each hydrophone are divided into blocks of 4096 samples
for the BB and 512 samples for the LF hydrophones, whereby adjacent blocks overlap by
50 %. Afterwards each block is multiplied by a Hann window data taper to reduce spectral
leakage and the magnitude square of the fast Fourier transform is computed. That is, for
each block a modified periodogram is estimated. A window length of 4096 samples for the
BB data, combined with a median averaging as described below, was chosen. The window
length was chosen as a trade-off between spectral resolution and robustness against interfering

https://github.com/OOI-CabledArray/calibrationFiles
https://github.com/OOI-CabledArray/calibrationFiles
https://ds.iris.edu/mda/OO/
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Table 2.1: Name, identifier within the OOI data portal (ID), depth, geospatial coordinates,
and type of the 9 OOI hydrophones used in this study.

hydrophone ID depth (m) coordinates type
Axial Base MJ03A 2608 45°49′12.7′′ N 129°44′12.2′′ W LF
Central Caldera MJ03F 1527 45°57′16.8′′ N 130°0′32.4′′ W LF
Eastern Caldera MJ03E 1518 45°56′22.8′′ N 129°58′25.6′′ W LF
Southern Hydrate LJ01 B 774 44°34′9′′ N 125°8′52.5′′ W LF
Oregon Slope MJ01 A 2907 44°30′35.2′′ N 125°24′18.8′′ W LF
Axial Base LJ03A 2598 45°49′0.1′′ N 129°45′15.3′′ W BB
Oregon Offshore LJ01 C 582 44°22′9.9′′ N 124°57′12.8′′ W BB
Oregon Shelf LJ01 D 81 44°38′13.5′′ N 124°18′21.1′′ W BB
Oregon Slope LJ01 A 2888 44°30′54.3′′ N 125°23′24.1′′ W BB

signals, particularly from Acoustic Doppler Current Profiler (ADCP) pings.

The resulting periodograms for each hydrophone are stacked together to obtain long term
spectrograms. As the resulting amount of data is generally intractable for post-processing
and evaluation, different temporal scales can now be achieved by averaging a certain number
of periodograms together to achieve a single (compressed) PSD estimate. The averaging
time applied varies depending on whether a ”global” representation of the data or a detailed
view on a specific acoustic feature was desired. For the long-term spectrogram in Fig. 2.3
and 2.4, for example, averaging was conducted over 15-min periods, which is equivalent to
28 124 and 702 periodograms for the BB and LF hydrophones, respectively. Furthermore,
median averaging is always employed instead of mean averaging to mitigate the effect of
outliers [125], which are particularly strong for the BB hydrophones due to ADCP pings.
The resulting spectral estimates can therefore be regarded as Welch median PSD estimates
[168, 125]. It is noted that the frequency dependent sensitivity correction and the median
averaging over multiple periodograms is conveniently implemented in OOIPy.

Due to the size of the BB raw dataset, cloud computing was employed to compute the
BB long-term spectrograms. Thereby, a separate Microsoft Azure virtual machine (Standard
A2m V2 with 2 CPUs and 16 GB of RAM) has been used for processing a 3-month chunk
of data. In total 18 machines were running concurrently and the processing time for each
machine was between 2 - 5 days, depending on the data coverage within the respective 3-
month time span.

2.3 Long-term spectrograms and Acoustic Features

Fig. 2.3 shows the long-term spectrograms for the four broadband (BB) hydrophones inves-
tigated in this chapter. A 15 minute Welch-median power spectral density (PSD) estimate
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is calculated with a Hann window, 4096 FFT points and 50 % overlap. Fig. 2.4 shows the
long-term spectrograms for the low frequency (LF) hydrophones. A 15 minute Welch-median
PSD estimate is calculated with a Hann window, 512 FFT points and 50 % overlap.

For all BB, long-term spectrograms shown in Fig. 2.3, spectral levels decrease with
increasing frequency. Temporal patterns of the ambient sound, however, clearly differ be-
tween locations and also depend on the frequency band. Further investigation into the time
dependence of spectral levels is presented in section 2.4.

The LF spectrograms shown in Fig. 2.4 display several notable features. Around 1 Hz,
there is a spike of energy that is due to microseisms [166]. At 20 Hz, seasonal vocalizations
of fin whales can clearly be seen at all 5 hydrophone locations. The high prevalence of fin
whale signals in the LF hydrophones could lend itself to further studies of fin whale migration
using acoustic monitoring. In April of 2015, the Axial Seamount Volcano erupted. This
eruption can be seen in the Axial Base, Central Caldera and Eastern Caldera spectrograms
as a BB spike. In July and August of 2019, there was a seismic reflection survey that was
conducted directly over the Axial Seamount Volcano [113]. A spike in energy can be seen at
all 5 locations, with the effect being much clearer for the Axial Base, Central Caldera, and
Eastern Caldera locations.

a) b)

c) d)

Figure 2.3: Six-year spectrograms computed with Welch median PSD estimate for broad-
band hydrophones (a) Oregon Shelf, (b) Oregon Offshore, (c) Oregon Slope, and (d) Axial
Base.

2.3.1 Specific Acoustic Signals

Besides analyzing long-term patterns in ambient sound, many different specific acoustic
features can also be observed in the OOI hydrophone dataset. Some examples of resolvable
features include rain, wind, marine mammals, ships, earthquakes, and volcanic activity.
This rich collection of many different types of acoustic features lends itself to many acoustic
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a) b)

c) d)

e)

Figure 2.4: Six-year spectrogram computed with Welch median PSD estimate for low fre-
quency hydrophones (a) Axial Base, (b) Central Caldera, (c) Eastern Caldera, (d) Oregon
Slope and (e) Southern Hydrate.

monitoring applications. Examples of some prominent acoustic features shown in Fig. 2.5.
Color scales for individual spectrograms are different.

An example of a ship passing directly over the Axial Base LF and BB hydrophones is
shown in Fig. 2.5(a) and 2.5(b). Using AIS data, this ship was determined to be a cargo
ship of length 189 m that passes within 4.839 km of the hydrophone with an approximate
speed of 12 knots. The V-shape in the ship passage spectrogram described in [82] can be
clearly seen in 2.5(b). At the time of nearest arrival, the recorded sound intensity at 50 Hz is

94.731 dB relative to µPa2

Hz
. Using a simple spherical spreading model, the range of the ship

at nearest arrival, and the depth of the hydrophone, the source level of this ship is estimated
to be 169.54 dB relative to µPa2

Hz
at 50 Hz.

A spectrogram of four air-gun shots recorded by the Axial Base BB hydrophone from the
2019 seismic reflection survey [113] is shown in Fig. 2.5(c). The research vessel is 14.5 km
from Axial Base hydrophone during the recording. The source level of the air-gun shots is
approximately 225 dB at 1 m relative to µPa2

Hz
.

Fig. 2.5(d) shows a sequence of individual fin whale calls and is recorded by the Axial
Base LF hydrophone in December 2016. For a single call, the initial call and subsequent
echos is visible in the spectrogram. In [79], a study of fin whale vocalizations reveals that
different fin whales with different frequency signatures of their calls are likely interacting
with each other. This could be an explanation for the alternating frequencies of the calls
seen in 2.5(d). As seen in Fig. 2.4, 20 Hz energy from seasonal Fin whale vocalizations
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are present at all LF hydrophones locations. In chapter 3, it is shown that by using noise
interferometry between the Eastern Caldera and Central Caldera LF hydrophones, a fin whale
chorus can be detected with directionality pointed toward the Bearing Sea. Fig. 2.5(e)
shows an example of unidentified marine mammal vocalizations recorded by the Oregon
Offshore BB hydrophone in January 2019. As of the publishing of this article, presence of
marine mammal vocalizations in the OOI BB hydrophone data remains unexplored. Previous
studies have investigated the effects of air-gun experiments on marine mammal populations
[58, 97, 79]. Since there is an airgun experiment conducted over OOI hydrophones and a
large collection of marine mammal vocalizations, the OOI dataset provides the opportunity
for further investigation into the effects of air-guns on marine mammals.

A rain event is shown in Fig. 2.5(f). The maximum rain rate during this spectrogram is
25 mm

h
. Three consecutive events of strong wind are shown in Fig. 2.5(g). Peak wind speeds

of those wind events reach values between approximately 13 - 15 m
s
. Rain rates and wind

speeds were obtained from surface buoys located in the vicinity of the hydrophones. [124]
and [126] explore effects of rain and wind on the ambient sound using the OOI dataset.

Fig. 2.5(h) shows the eruption of the Axial Seamount volcano in April of 2015. Studies
about the 2015 Axial Seamount eruption using OOI data include [17, 99, 171]. The average
spectral density for April 24 between 07:30 and 10:00 UTC and between 1 and 90 Hz is
96.739 dB relative to µPa2

Hz
. Using spherical spreading and the location of the fissures as

reported by [99], the source level of the volcano for this frequency band and time segment

is estimated to be 184.9 dB relative to µPa2

Hz
. Fig. 2.5(i) shows a 6.2 magnitude earthquake

that occurred 319 km from the Central Caldera hydrophone‡. The earthquake was located
at (43°38′41.64′′ N and 127°36′11.16′′ W) and occurred at 9:31:47 UTC.

The OOI hydrophone dataset contains many diverse acoustic features that are observable
due to its wide frequency range and spatial distribution. Future investigations that could
take advantage of the features outlined here are discussed in more detail in section 2.8.

2.4 Median spectral level time series

In order to investigate long-term trends in the acoustic environment sampled by the OOI
hydrophones, long-term median time-series for different spectral bands were investigated.
Fig. 2.6 shows the times series of the monthly median spectral levels in the 100 Hz, 500 Hz,
and 5 kHz one-third octave bands for the four broadband (BB) hydrophones. Fig. 2.7 shows
the time series of the monthly median spectral levels in the 20 Hz and 50 Hz one-third octave
bands for all five low frequency (LF) hydrophones. Median averaging is used for all time
series plots to mitigate the effects of outliers such as the seismic reflection survey or axial
seamount volcanic eruption. Additionally, 25th and 75th percentiles are plotted as shaded
regions to communicate the range of possible values for a given month.

None of the BB median spectral level time series shows a significant seasonal pattern.

‡Earthquake data from https://ds.iris.edu/ieb
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a) b) c)

e) f)

g) h) i)

d)

Figure 2.5: Spectrograms of notable acoustic features in the OOI dataset. Color scales
vary between spectrograms. (a) spectrogram of a cargo ship passing within 5 km of the
Axial Base low frequency (LF) hydrophone on June 5, 2016. (b) Same ship event recorded
with the Axial Base broadband (BB) hydrophone. (c) Shots of an air-gun recorded on July
20, 2019 at 12:00 UTC [113]. (d) Fin whale vocalizations recorded by Axial Base seafloor
LF hydrophone on December 15, 2016. (e) Marine mammal vocalizations recorded by the
Oregon Offshore BB hydrophone on January 12, 2019. (f) a rain event recorded by the
Oregon Offshore BB hydrophone on May 20, 2016 (peak rain rate: 25 mm

h
), (g) a wind event

recorded by the Oregon Offshore hydrophone on December 10-16, 2018 (peak wind speed:
13 - 15 m

s
). (h) the eruption of the Axial Seamount volcano on April 24-26, 2015, recorded

at the Axial Base seafloor LF hydrophone (i) a 6.2 magnitude earth-quake that occurred
319 km from the Central Caldera hydrophone on August 22, 2018

Linear trend lines were not computed for the BB hydrophone median time-series, because
there is currently not enough data for an accurate estimate. Additionally, the large changes
in spectral levels at the lower frequencies are concerning and potentially point to calibration
issues with the hydrophones. Issues with calibration are discussed further in section 2.8. Most
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previous studies analyzing long-term ocean sound time series focus on frequencies well below
100 Hz. The few studies that have compared ambient sound levels at higher frequencies
(typically 100 - 500 Hz) over multiple decades found that spectral levels in this frequency
range remain largely constant over time [21, 80], which is consistent with our observations
at 5 kHz.

In the LF time series plots, the large seasonal fluctuations in the 20 Hz band are due to the
seasonal vocalizations of local fin whales. This seasonal variation was previously observed in
[4]. Linear trend lines for the two spectral bands are reported. It should be noted that, due
to the variation of ambient sound visualized by the 25th and 75th percentiles and the shorter
time of six years that is analyzed, the slopes reported do contain error. Sound levels in the
20 Hz band for the Axial Base, Central Caldera, and Southern Hydrate locations see small
increases over the six years with a linear slope of 0.34 dB

yr
, 0.63 dB

yr
, 0.64 dB

yr
respectively. The

Eastern Caldera and Oregon Slope hydrophone locations see large changes in linear trends
of 1.8 dB

yr
, and −1.1 dB

yr
respectively.

Energy in the 50 Hz band has contributions primarily from shipping noise [4, 169], and
might also contain some fin whale vocalizations [133]. The 50 Hz trend line slopes for the
Axial Base, Central Caldera, Eastern Caldera, Oregon Slope, and Southern Hydrate are
−0.57 dB

yr
, −0.055 dB

yr
, 0.35 dB

yr
, −1.1 dB

yr
, and 0.15 dB

yr
. [4] reports a decade long trend in the

50 Hz band of −0.26 dB
yr

, for a hydrophone near 45 N (hydrophone h in their study). This
trend was recorded by a hydrophone located on the continental shelf off of the coast of
Oregon.

Our work suggests that, between 2015 and 2020, the linear trends of spectral levels in
the 50 Hz band vary from location to location, but generally are around ±0.5 dB

yr
. The

noted exception is the Oregon Slope location, which see’s a large change of −1.1 dB
yr

. The

spectral levels reports by [4] seem to be in a similar range for the different hydrophones
that they study. However, these trend values should be considered within the context that
the hydrophone calibration is imperfect and that hydrophone sensitivity drift for long-term
deployments has been observed.

2.5 Distribution of Ambient Sound Spectral Levels

The distribution of ambient sound spectral levels can be described by spectral probability
density functions (SPDFs) as initially proposed by [29] and formally defined by [87]. SPDFs
are obtained from the long-term spectrograms of the broadband (BB) (Fig. 2.3) and low
frequency (LF) (Fig. 2.4) hydrophones by computing histograms for each frequency bin.
Plotting the histogram values as a function of frequency and spectral level gives the desired
SPDFs, which are shown in Fig. 2.8 and Fig. 2.9 for the BB and LF hydrophones respectively.



19

a) b)

c) d)

Figure 2.6: Time series of monthly average spectral levels for broadband hydrophones (a)
Oregon Shelf, (b) Oregon Offshore, (c) Oregon Slope, and (d) Axial Base in three different
one-third octave bands. Slopes of the regression lines are shown in parenthesis.

2.5.1 Broadband Hydrophones

The SPDFs for the Oregon Shelf, Oregon Offshore, Oregon Slope, and Axial Base location
are shown in Fig. 2.8 along with various percentiles (black lines). A feature that all
locations have in common is that spectral levels decrease with increasing frequency and the
spread in spectral level (i.e., the difference between lowest and highest spectral level at a
given frequency) is typically below 40 dB. However, the exact shape of the SPDFs and the
trajectories of the corresponding percentiles differ significantly between the locations. The
Oregon Shelf and Oregon Offshore percentiles have a similar trajectory as the wind noise
spectral levels in Fig. 4 of [124]. This suggest that wind is the dominant factor in the
general ambient sound. Other sound sources such as marine mammals and rain events can
also impact the ambient sound distribution. However, as the SPDFs are generated from
15-min Welch median PSD estimates requiring a source to be present for at least 7.5-min to
significantly effect the PSD estimate, we speculate that those sound sources have a rather
small effect on the distribution.

For lower frequencies (below approximately 1 kHz) it is assumed that nearby ship passages
and distant shipping activity have a significant effect on the SPDFs. While (infrequent)
nearby ship passages would mainly effect the higher percentiles, the acoustic signature from
distant shipping can also increase the spectral levels of the lower percentiles. This is most
notable for the Oregon Offshore location where the 1st percentile spectral level around 50 Hz is
about 15 - 20 dB higher compared to the other locations. Such a low frequency (LF) peak has
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a) b)

c) d)

e)

Figure 2.7: Six-year time-series computed for the 20 Hz one-third octave band and the
50 Hz one-third octave band for low frequency hydrophones. (a) Axial Base, (b) Central
Caldera, (c) Eastern Caldera, (d) Oregon Slope and (e) Southern Hydrate. Linear trend
slopes are given in parenthesis in the legend. Increased spectral levels for the Axial Base,
Central Caldera, and Eastern Caldera hydrophones can be seen during the seismic reflection
survey that occurred in 2019.

also been reported in other studies and is thought be a result of sound from distant shipping
and high latitude winds that travels large distances via the deep sound channel[169, 3, 156, 6].
Therefore, a peak at low frequencies indicates that the location has access to the deep sound
channel. While the Axial Base and Oregon Slope sound spectral levels show significant LF
peaks only in the higher percentiles, the Oregon Offshore hydrophone exhibits a LF peak
also in the lowest percentiles. This suggests that only Oregon Offshore has access to the deep
sound channel year around, which is likely a result of the shape of the sound speed profile
at this location.

2.5.2 Low frequency hydrophones

Fig. 2.9 shows the SPDFs for all six LF hydrophones along with various percentiles (black
lines). Except for frequencies around 20 Hz, the SPDFs for all hydrophones are concentrated
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a) b)

c) d)

Figure 2.8: Spectral probability density function (SPDF) for broadband hydrophones (a)
Oregon Shelf, (b) Oregon Offshore, (c) Oregon Slope, and (d) Axial Base.

around 60 - 70 dB with a spread (i.e., the difference between lowest and highest spectral level
at a given frequency) of about 20 dB for most locations and frequencies. The more spread
out densities around 20 Hz are caused by the seasonal fluctuations of local fin whale calls
that can also be seen in the long-term spectrogram plots in Fig. 2.4. Furthermore, in July
and August of 2019 there was a seismic reflection survey conducted directly over the Eastern
Caldera, Central Caldera, and Axial Base hydrophones. This survey is also visible in Fig.
2.4. The seismic reflection survey is the cause of the 99th percentile having much larger
values for these three hydrophones. If the seismic reflection survey is removed from the data,
the 99th percentile for Axial Base, Central Caldera, and Eastern Caldera has similar values
to the other two LF hydrophones.

It is noted that LF spectral levels at Oregon Slope are approximately 3 dB higher than
BB spectral levels at the same location and comparable frequencies. We speculate that
(1) differences in geometry of the ocean bottom and (2) the behavior of the Welch median
estimator in the presence of outliers are responsible for this phenomenon. It can be shown
that the Welch median estimator becomes increasingly biased when a larger percentage
of periodograms are affected by outliers [123]. As the number of periodograms for each
15 min PSD estimate differs for the LF and BB data (see Section 2.2), a larger percentage of
outliers in the LF PSD estimates could result in an overestimation of the LF spectral level.
Additionally, imperfect hydrophone calibration may also bias the estimates.
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a) b)

c) d)

e)

Figure 2.9: Spectral probability density function (SPDF) for low frequency hydrophones (a)
Axial Base, (b) Central Caldera, (c) Eastern Caldera, (d) Oregon Slope and (e) Southern
Hydrate.

2.6 Noise Floor

For frequencies between 1 - 800 Hz and depths of approximately 1 - 5 km, noise floor spectral
levels (i.e., spectral levels in the absence of ships and marine life and when wind is low)
in the eastern North Pacific have been recently analyzed by [8]. Instead of focusing on the
spectral trajectory of the noise floor, the change in noise floor spectral levels change over
time is explored. To do so, noise floor spectral levels are computed separately for each month
during the measurement period that has a data coverage of at least 50 %. For this study, the
noise floor is defined to be the 5th percentile of the SPDF which was defined in Section 2.5.
That is, for each month the SPDF is calculated and the 5th percentile (i.e., noise floor) PSD
is extracted. Afterwards, the noise floor PSDs were averaged into one-third octave bands
and concatenated to obtain time series of the noise floor. The results for the broadband
(BB) and low frequency (LF) hydrophones are shown in Fig. 2.10 and 2.11, respectively.
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2.6.1 Broadband Hydrophones

Fig. 2.10 shows the noise floor time series for the 100 Hz, 500 Hz, and 5 kHz one-third octave
bands at all four BB locations. One can observe that the trajectory of the noise floor time
series generally follows the trajectory of the mean spectral level time series in Fig. 2.6. That
is, the noise floor remains approximately constant for Oregon Offshore and the 5 kHz band
at Oregon Shelf, Oregon Slope, and Axial Base. On the other hand, an increase (decrease)
in noise floor can be observed for 100 Hz and 500 Hz at Oregon Shelf (Oregon Slope and
Axial Base). Furthermore, no clear seasonal pattern, especially with a period of one year,
can be observed. On average, noise floor spectral levels are lower than median spectral levels
by about 4.4 dB, 7.9 dB, and 11 dB, at 100 Hz, 500 Hz, and 5 kHz, respectively. While those
results can serve as a starting point to analyze the noise floor in the northeast Pacific Ocean,
more data is necessary to draw better conclusions. Fortunately, the OOI will provide more
BB hydrophone data in the upcoming years, which, together with the data shown in this
work, can be used to obtain more definitive results.

a) b)

c) d)

Figure 2.10: Time series of monthly noise floor for broadband hydrophones (a) Oregon Shelf,
(b) Oregon Offshore, (c) Oregon Slope, and (d) Axial Base. The noise floor is defined as the
5th percentile of the SPDF in every given month of the measurement period that has at least
50 % data coverage. If a month has less than 50 % data coverage, no noise floor spectral level
is computed resulting in a gap in the time series.
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2.6.2 Low frequency hydrophones

Fig. 2.11 shows the noise floor time series for the LF hydrophones. The 20 Hz band still
contains the primary fluctuations due to seasonal fin whale vocalizations. This indicates
that when fin wales are present, they dominate the ambient sound by vocalizing throughout
the entire time. The noise floor in the 50 Hz one-third octave band on the other hand,
stays roughly constant around 60 dB with only weak seasonal fluctuations. Furthermore,
some locations show weak seasonal trends in the 20 and 50 Hz one-third octave band. Those
trends generally follow the pattern of the median spectral level time series in Fig. 2.7.
That is, while spectral levels increase over time for the Axial Base, Central Caldera, Eastern
Caldera, and Southern Hydrate, they decrease at the Oregon Slope.

a) b)

c) d)

e)

Figure 2.11: Time series of monthly noise floor for low frequency hydrophones (a) Axial
Base, (b) Central Caldera, (c) Eastern Caldera, (d) Oregon Slope, and (e) Southern Hydrate.
The noise floor is defined as the 5th percentile of the SPDF in every given month of the
measurement period that has at least 50 % data coverage. If a month has less than 50 %
data coverage, no noise floor spectral level is computed resulting in a gap in the time series.
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2.7 Hydrophone spectrum correlations

Time series extracted from the long-term spectrograms in Fig. 2.3 and 2.4 are used to
compute cross-correlations between different hydrophones. To do so, a time series at a single
frequency bin from one hydrophone is correlated with the time series at the same frequency
of another hydrophone. This process is repeated for all frequency bins and hydrophone
combinations. The resulting frequency dependent cross-correlations averaged into one-third
octave bands (using median averaging to mitigate the effect of outliers) are shown in Fig.
2.12. The distances between hydrophone pairs are given in parenthesis. Additionally, power
spectrum cross covariance matrices are shown for the LF hydrophones locations in Fig. 2.13.

2.7.1 Broadband Hydrophones

Fig. 2.12 shows that the correlation of ambient sound levels between the different broadband
(BB) hydrophones is highly frequency dependent. With the exception of the Oregon Slope -
Axial Base combination, correlation values are usually highest between 1 - 10 kHz and increase
with decreasing distance between the hydrophones. That is, the highest correlation for
frequencies above 1 kHz can be observed between the Oregon Slope and Oregon Offshore
hydrophone, which are separated by only 38 km. On the other hand, sound between Oregon
Offshore and Axial Base as well as Oregon Shelf and Axial Base, which are separated by
411 km and 447 km, respectively, is less correlated. The question of which factors contribute
the most to the cross-correlation curves in Fig. 2.12 is beyond the scope of this chapter.
However, we speculate that a main contributor could be the (dis)similarity of wind conditions
at different locations at the same time. It is known from [124] that spectral levels between
1 - 10 kHz are highly correlated to the wind speed and neighboring locations are more likely
to have similar wind speeds at the same time.

For frequencies below 1 kHz, correlations are typically much lower than in the high fre-
quency range. The only exception are the Oregon Slope and Axial Base hydrophone, whose
correlation increases with decreasing frequency and assumes values above 0.6 for frequen-
cies below 100 Hz despite a separation of more than 370 km. A possible explanation is that
low frequency sound is able to propagate between these two locations without experiencing
significant attenuation. As both hydrophones are located in depths of more than 2500 m,
there could exists propagation paths that do not interact with the sea surface or only do so
in a limited way, therefore resulting in less sound attenuation. Furthermore, the geometry
of the seafloor at and between the two hydrophones may also crucially influence the sound
propagation. However, investigating this behavior in more detail is beyond the scope of this
chapter and left for future research.

2.7.2 Low frequency hydrophones

The cross-correlations for the low frequency (LF) hydrophones are shown in Fig. 2.12. Gen-
erally, the correlations increase with decreasing inter-hydrophone distance. High correlation
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values around 20 Hz can be traced back to the seasonal migration patterns of fin whales,
which are also visible in the long-term spectrograms in Fig. 2.4 for all five LF locations. For
frequencies at and below 1 Hz, the high correlation values can be attributed to the occur-
rence of microseisms that often effect the sound levels at multiple hydrophones at the same
time. Between those frequency bands with high inter-hydrophone correlation, the correlation
values dip and reach a minimum around 3 - 4 Hz for most hydrophone combinations. This
suggest that there are no ubiquitous sound sources in this frequency range. As for the BB
hydrophones, a more thorough analysis of the inter-hydrophone sound correlation remains a
topic for future investigation.
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Figure 2.12: Frequency dependent inter-hydrophone cross-correlation of ambient sound levels
averaged into one-third octave bands for (a) broadband and (b) low frequency hydrophones.
Hydrophone combinations separated by less than 100 km are colored in red. If the distance
is larger, a blue coloring is used. Generally, the correlation increases as the inter-hydrophone
distance decreases.

2.7.3 Power spectrum covariance matrix

In order to investigate the correlation between different frequency bins in the power spectral
densities (PSDs) over the six years of data analyzed, the power spectrum density covariance
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matrices are computed and shown in Fig. 2.13. There is a large correlation between 15 -
25 Hz, which is expected due to fin whale vocalizations. Additionally, other frequencies
don’t seem to be correlated to the 20 Hz frequency band. This is likely explained by fin
whale vocalizations dominating this frequency band and not vocalizing in other frequency
bands. Frequencies between 40 - 90 Hz seem to have higher correlation which is expected due
to shipping noise. Frequencies between 2 - 15 Hz have different levels of correlation depending
on the location. The correlation in this frequency band could be caused by seismic or volcanic
activity. Notably, the correlations in this frequency band are different for the Axial Base,
Central Caldera and Eastern Caldera hydrophones which are located on the active Axial
Seamount volcano, as compared to the Oregon Slope hydrophone and the Southern Hydrate
hydrophones. There are several other notable features, which are not easily explained. There
appear to be ’rays’ of correlation with a slope not equal to one. These ’rays’ are present
in all hydrophones but are easiest to see in Fig. 2.13(d) and 2.13(e). These ’rays’ indicate
that sound levels at a single frequency are correlated with sound levels at a single, lower
frequency. The correlation between single frequencies scales linearly, but not one to one.
Additionally, there are diagonal lines just above and below the major diagonal for frequencies
above 30 Hz. Further investigation into the power spectrum covariance matrices for different
LF hydrophone locations is saved for future work.

2.8 Future Directions and Discussion

There are still many potential areas of research that can utilize the OOI data resources. Using
some of the dataset features highlighted throughout this chapter, several areas of potential
future investigation are discussed and several improvements that could be made to the OOI
acoustic dataset are proposed.

Suggested improvements to OOI: The OOI hydrophone network provides a great
opportunity for future development in the field of ocean acoustics. The author’s would like
to note several areas that would further the usefulness of this dataset for future consider-
ation. ADCP pings contaminate a significant portion of the broadband data, and moving
hydrophones to be farther away from these measurment devices could result in better quality
data. Another major area of improvement that is needed from OOI is the calibration of the
hydrophones. Documentation for hydrophone calibration is not easily available, and specific
calibration sheets for individual LF hydrophones are not available. Future calibrations could
also benefit long-term ambient sound research. The LF hydrophones are not calibrated
below 2 Hz, but there appears to be useful information in the data that is present below
2 Hz. Additionally, re-calibrating the hydrophones over time could help long-term analysis
compensate for calibration drift with time. Lastly, the addition of even more acoustic sen-
sor types, such as directional arrays or distributed acoustic sensing, would allow for further
scientific development using the OOI dataset.

Ship noise: In combination with ancillary datasets such as from the Automatic Identi-
fication System (AIS), the OOI low frequency (LF) and broadband (BB) hydrophone data
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a) b) c)

d) e)

Figure 2.13: Power spectrum covariance matrix for low frequency hydrophones (a) Axial
Base, (b) Central Caldera, (c) Eastern Caldera, (d) Oregon Slope and (e) Southern Hydrate.

can be used to study sound from commercial ships in greater detail. For example, the hy-
drophone data along with modern techniques from statistical and deep learning can be used
to develop algorithms for ship classification and path tracking as shown by [98]. Furthermore,
by comparing LF spectral levels associated with commercial shipping and other man made
activity with past measurements such as from [4], the continuing impact of anthropogenic
sources on underwater sound can be assessed and predictions for the future can be made.
Additionally, the prevalence of ship passes in the data could provide the opportunity for
further investigation into the feasibility of using ship passes for tomographic inversion.

Weather prediction: The OOI BB hydrophone data can be used to detect rain events
and estimate wind speeds and rain rates from passive underwater acoustic recordings. Re-
spective algorithms have been proposed by [76, 154], as well as more recent examples using
machine learning [146, 148]. However, deep learning techniques have not yet been fully ex-
ploited for such tasks. In-situ wind and rain measurements at Oregon Shelf and Oregon
Offshore can be used to evaluate existing algorithms developed using data at different loca-
tions, as well as to develop new deep learning algorithms for remote sensing of wind and rain
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as well as weather prediction applications.

Long-term analysis: As the OOI hydrophones will continue collecting data over the
next years, the mean spectral levels and noise floor time series shown in this chapter can
soon be extended to better assess long-term changes in ambient sound and noise floor levels.
The amount of data in the OOI dataset can also be used for tasks such as time series
forecasting with the goal of predicting future ambient noise levels. This has previously
been studied by [1] using genetic algorithms on a small dataset collected in the Strait of
Sicily, Italy. Expanding this approach to a larger scale using LF and BB OOI hydrophone
data is a promising direction for future research. The low-frequency hydrophone calibration
information is only available above 2 Hz. In future works, relative analysis similar to the
analysis of [29] in combination with seismometers co-located with the LF hydrophones could
be used to further study long-term trends of low frequency ambient sound that is below 2 Hz.

Linking to other ocean data: While we focus on hydrophone data in this chapter,
the OOI provides a variety of other data products collected at the air-sea interface, water
column, and seafloor. Therefore, the effects of environmental parameters such as tempera-
ture, salinity, conductivity, and others on the acoustic data can be studied using OOI data.
Additionally, OOI acoustic data could be used in tandem with other ocean observatories
data such as the Ocean Networks Canada (ONC) Neptune observatory §, which also studies
the north-east Pacific.

Noise Interferometry: Ambient noise interferometry is the method of using ambient
sound to estimate the time domain greene’s function between two points. Chapter 3 demon-
strate the viability of using ambient noise interferometry between the Eastern Caldera and
Central Caldera LF hydrophones to resolve direct and multi-path acoustic arrivals between
the two hydrophones. Further developments using these hydrophones for ambient noise inter-
ferometry are presented in chapters 4 and 5 The viability of ambient noise interferometry is
very dependent on the specific acoustic environment of the two hydrophones [134]. Since the
OOI hydrophone network contains many different hydrophones with differing environments,
the effects of the environment on ambient noise interferometry could be experimentally ex-
plored in greater detail using the OOI dataset.

Marine Mammals: As highlighted in section 2.3.1 and also in Figs. 2.4 and 2.5, marine
mammal vocalizations are present throughout the entire OOI dataset. [167] have already
used seismic data to study fin whale vocalizations in the region. The OOI dataset could
be utilized to further investigate the behaviors of different marine mammal species in the
north-east Pacific. Given the size of the OOI acoustic dataset, and the presence of marine
mammal vocalizations throughout, this dataset could also lend itself to machine learning
methods for learning more about marine mammal populations and the meanings of their
vocalizations.

Spectral Correlation: In section 2.7, the inter-hydrophone cross-correlation for differ-
ent spectral levels is explored. Explanations for the different correlations that are observed

§https://www.oceannetworks.ca/

https://www.oceannetworks.ca/
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are still largely unknown. Further investigation could help explain some of the correlations
that are observed. Moreover, by computing power-spectrum covariance matrices for each
individual hydrophones, it would be possible to study the frequency ranges of characteristic
noise sources such as ships or marine mammals. Additionally, analyzing spectral correlations
in time could potentially reveal time-delayed correlations of different spectral bands. This
technique could possibly be used to study fin whale migration patterns.

Other machine learning applications: As machine learning tools become more pop-
ular and more powerful, the need for large amounts of data continues to grow. OOI provides
a significant opportunity for developing machine learning tools within the field of ocean
acoustics. Many specific areas that machine learning could be applied have been mentioned
above. However, one of the largest limiting factors for machine learning in ocean acoustics
is acquiring labeled datasets. Oftentimes labelling data in ocean acoustics is non-trivial and
requires expert knowledge. A potential future area of investigation in machine learning for
ocean acoustics is using unsupervised machine learning to learn dimension reductions for
ambient sound, which could be used to learn complex patterns within data. This technique
could then be used for applications such as ambient sound annotation, or remote sensing.
This endeavor requires a large amount of data in order to be successful. Given the large size
of the OOI acoustic dataset, it could potentially lend itself well to this type of investigation.

2.9 Conclusion

In this chapter, we have presented an overview of the publicly available OOI dataset. We have
highlighted prominent features that are within the dataset. Long-term trends in the 50 Hz
band, median spectral levels were found to vary significantly from hydrophone to hydrophone.
The 20 Hz band showed strong seasonal patterns as previously observed by [4] and also had
varying linear trends depending on the hydrophone site. Long-term trends in the 100 Hz,
500 Hz, and 5 kHz were found to vary significantly between hydrophone locations as well.
Spectral probability density functions were used to show that ambient sound distributions
highly depend on frequency band and location. Long-term noise floor analysis reveals that
the trends observed in the median spectral level time series are similar to the trends for the 5th

percentile in the spectral bands that are investigated. Inter-hydrophone spectral correlations
reveal that for broadband hydrophones, spectral levels between 1 kHz and 10 kHz show the
highest level of correlation between hydrophones. Low frequency hydrophones see highest
levels of inter-hydrophone correlations below 1 Hz and at 20 Hz due to microseisms and fin
whale vocalizations respectively. In general, correlation between hydrophones is stronger for
shorter distances. Lastly, potential future areas of investigation using the OOI dataset given
the acoustic features presented throughout this work are discussed.
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Chapter 3

LONG-TERM NOISE INTERFEROMETRY ANALYSIS IN
THE NORTHEAST PACIFIC OCEAN

Abstract

Long-term noise interferometry analysis is conducted between 6 years (2015-2020) of data
using two hydrophones on the Ocean Observatories Initiative Cabled Array. The two hy-
drophones are separated by 3.2 km and are bottom-mounted at 1500 m. We demonstrate
the ability of ambient noise interferometry to reliably detect multi-path arrivals in the deep
ocean from bottom-mounted hydrophones. An analysis of the multi-path arrival peak emer-
gence is presented, as well as long-term trends of the signal-to-noise ratio of the arrival peaks.
Lastly, it is shown that long-term ambient noise interferometry provides the opportunity for
monitoring directional, coherent ambient sound such as the fin whale chorus. ∗

3.1 Introduction

Ambient noise interferometry is a well-developed method for passively estimating the time do-
main Green’s function (TDGF) using ambient sound. It was first demonstrated by [163] and
has been further developed by many other works in the field [164, 165, 116, 120, 117, 45, 47,
48]. Ambient noise interferometry has found many applications in seismology and oceanog-
raphy. Some applications to seismology include the measurement of dispersion curves, char-
acterizing basin resonance, estimating the source location of earthquakes, and estimating the
surface wave velocity structure [7, 9, 31, 119]. Some applications to acoustic oceanography
include measuring the ocean temperature, measuring ocean current velocities, and exploring
time reversal techniques [38, 172, 13, 44, 54, 122].

Previous work in ambient noise interferometry has shown the possibility of estimating
the TDGF in the shallow ocean [116, 12]. Noise interferometry has also been demonstrated

∗An earlier version of this work has been published and is available as:
Ragland, J., Abadi, S., and Sabra, K. (2022). “Long-term noise interferometry analysis in the northeast
Pacific Ocean,” The Journal of the Acoustical Society of America, 151, 194–204. doi:10.1121/10.0009232
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in the deep ocean by utilizing the Sound Fixing and Ranging (SOFAR) channel to measure
the direct path [173]. Due to long-term measurement platforms like the Ocean Observato-
ries Initiative (OOI), ocean ambient noise data has become more available in recent years.
As a result, the opportunity to use this data along with ambient noise interferometry for
global oceanographic monitoring is extremely promising. The configuration of hydrophones
for these long-term measurement platforms usually include sparse arrays of bottom mounted
hydrophones in the deep ocean, which have not been extensively investigated for applications
in ambient noise interferometry. Specifically, multi-path arrivals in the deep ocean have not
previously been distinguished using ambient noise interferometry. In this chapter, publicly
available ambient noise data from bottom-mounted hydrophones in the OOI network will be
used to estimate the TDGF. The feasibility of using ambient noise interferometry for a short
range (3.2 km) and deep ocean (1500 m) to resolve multi-path arrivals will be demonstrated.
Additionally, the quality of ambient noise interferometry for this specific hydrophone con-
figuration and ambient noise source distribution will be quantified for six years of ambient
noise data.

The TDGF estimate emerges from a noise cross-correlation function (NCCF), which
consist of time averaged cross-correlations between the two receivers. The emergence of the
TDGF in an NCCF can be intuitively explained by considering sound that travels through
both hydrophones. Sound that is received by the first hydrophone, then propagates through
the ocean between the two hydrophones, and is lastly received by the second hydrophone
would produce a peak in the cross-correlation of the two signals. The location of this peak
in the cross-correlation is the time it took the acoustic signal to travel through the ocean
from the first hydrophone to the second hydrophone. Noise sources that contribute to these
peaks are located in the endfire direction of the hydrophone array. If cross correlations are
averaged together, contributions for sources not located in the end-fire direction of the two
hydrophones are averaged out and the TDGF emerges in the NCCF [164, 120].

One of the primary contributors to ambient sound in the frequency band of 1 - 90 Hz is
from shipping noise [152, 169], which originates near the surface of the ocean. It has been
shown that with a spatially uniform surface distribution of sound sources, the derivative
of the NCCF converges to an amplitude weighted TDFG [116, 120]. The TDGF can be
approximated by Eq. 3.1, where τ is delay time, C(τ) is the NCCF, D(τ) is an approximation
of the delta function and is dependent on the spectrum and spatial distribution of the ambient
noise sources, and GAB(τ) is the TDGF from node A to node B [12, 117].

∂CAB(τ)

∂t
∼ D(τ) ? [GAB(τ)−GBA(−τ)] (3.1)

The emergence of the TDGF in the NCCF can be explained by acoustic signals from the
same source physically passing through one hydrophone and then propagating through the
ocean to the second hydrophone. [134] showed with simulation that the acoustic propagation
environment plays a large role in whether a TDGF is discernible in an NCCF. Since the
primary contributors to ambient sound in the frequency band of the experiment originate
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from the ocean surface, the sound contributing to the direct path propagation is likely from
distant, surface sources. This has been demonstrated experimentally for hydrophones in
the SOFAR channel [172]. Conversely, sound contributing to the emergence of multi-path
acoustic arrivals originate from local surface sources with steep angles of propagation. This
was demonstrated in the shallow ocean by using the coherent sound from a tropical storm
[10]. This means that the sound sources contributing to the direct and multi-path arrivals are
located in different places relative to the hydrophones. Therefore, the two main contributing
factors to whether an experiment is suitable for direct and multi-path acoustic propagation
measurement using ambient noise interferometry are if the acoustic propagation environment
and the spatial distribution of coherent sound sources are favorable.

[12, 10] demonstrate the feasibility of measuring multi-path propagation paths between
hydrophones in a shallow ocean environment. [172, 38, 122], demonstrates the feasibility
of measuring the direct acoustic propagation in the deep ocean by utilizing the SOFAR
channel. In this chapter, ambient noise interferometry will be explored for measuring direct,
surface and surface-bottom reflected propagation paths for hydrophones located in the deep
ocean (1500 m) and separated by ∼3.2 km. A study of the emergence of the TDGF will be
presented and compared to previous theoretical and experimental results. The calculated
NCCFs will then be stacked over six years and the effects on the NCCF stack from different
occurrences in the ocean acoustic environment will be explored.

In section 3.2, the hydrophone environment will be described, the data processing meth-
ods used for ambient noise interferometry analysis will be discussed, and acoustic simulation
of the environment will be presented. Section 3.3 analyzes the emergence of the TDGF in
the NCCF, the long-term signal-to-noise ratio of different arrival peaks, and the long-term
NCCF stack. Section 3.4 discusses several known occurrences in the ocean that are visible
in the long-term NCCF stack as well as identifying unknown patterns that are present in
the long-term NCCF stack. Lastly, section 3.5 summarizes the findings that are presented
in this chapter as well as discusses the applications and future directions of this work.

3.2 Experimental Setup and Data Processing

In the following sections, the hydrophone geometries, acoustic environment, data processing
methods and acoustic simulation will be presented.

3.2.1 Acoustic environment

Acoustic data from two hydrophones located on the Axial Seamount volcano were used for
long-term noise interferometry analysis. These hydrophones are part of the OOI Cabled
Array. The first hydrophone, referred to below as the Central Caldera hydrophone†, is
located at 45.95468 N, 130.00893 W and is on the seafloor at a depth of 1528 m. The second

†NSF Ocean Observatories Initiative Data Portal, https://ooinet.oceanobservatories.org Low-Frequency
Acoustic Receiver (network:OO, station:AXCC1).Downloaded on 29 January 2021
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Figure 3.1: (a) Map of OOI Cabled Array sensor packages used in this chapter. Hydrophones
used for noise interferometry are located at Eastern Caldera and Central Caldera sensor
packages. CTD casts were used from the Axial Base sensor package. (b) 6 year average
sound speed profile measured at the Axial Base location.

hydrophone, referred to below as the Eastern Caldera hydrophone‡, is located at 45.93967
N, 129.97378 W and is on the seafloor at a depth of 1519 m. These two hydrophones are
separated by 3.2 km. CTD data for acoustic simulation was used from the Axial Base
ocean profiler, which is 24 km from the caldera hydrophones. A map of the hydrophones
and CTD sensors, as well as a six-year average sound speed profile is shown in Fig. 3.1.
Sound sources that contribute to the emergence of TDGF peaks are located in the endfire
directions of the hydrophone array [70, 120]. Figure 3.2 shows the endfire directions ±10◦

for the Central Caldera and Eastern Caldera hydrophones. Acoustic data between January
2015 and December 2020 was used. Both hydrophones have a sampling rate of 200 Hz.

The ambient sound at both hydrophones was studied to better understand what sound
sources contribute to the emergence of the TDGF estimate. Figure 3.3 shows the 6-year aver-
age power spectral density (PSD) for the Central Caldera and Eastern Caldera hydrophones,
and common occurrences in spectrograms of ambient sound. The spectrograms and 6 year
PSDs are created from 6 years of data where 15 minute, 512 point PSDs are estimated with
the Welch median technique [125]. The spectrum of the ambient noise is fairly flat between
30 and 90 Hz. The peak at 20 Hz is due to seasonal vocalizations from fin whales [161]. The
peak below 1 Hz is due to microseisms [166]. Individual ship passes can be seen through-
out the 6 years of data with energy between approximately 5 and 90 Hz. Spectral levels
above 90 Hz are attenuated by a physical filter on the two hydrophones. Seasonal fin whale
vocalizations centered at 20 Hz are also present from approximately November to February.

‡NSF Ocean Observatories Initiative Data Portal, https://ooinet.oceanobservatories.org Low-Frequency
Acoustic Receiver (network:OO, station:AXEC2).Downloaded on 29 January 2021
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Figure 3.2: Endfire bearings ±10◦ for the Central Caldera and Eastern Caldera hydrophones.

(a) (b)

(c) (d)

Figure 3.3: (a) 6-year PSD for the Central Caldera hydrophone. (b) 6-year PSD for the
Eastern Caldera hydrophone. (c) Spectrogram containing fin whale vocalizations and ship-
ping noise. Data is from Central Caldera and is from December 2020. (d) Spectrogram
containing local shipping noise. Data is from Central Caldera and is from August 2016.
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3.2.2 Acoustic data processing

The hydrophone data used for this chapter is archived at the Incorporated Research Institu-
tions for Seismology Data Management System (IRIS)§ and the Ocean Observatories Initia-
tive (OOI) Data Portal. Acoustic data was downloaded from OOI and converted to a python
ready format using the python package OOIPy [127]. The audio from each hydrophone was
preprocessed to increase the coherent noise as much as possible and to decrease the effects
of spurious events in the ocean. Different types of pre-processing are explored in depth in
[55]. The pre-processing methods used in this chapter are similar to the techniques used in
[173] and are described in detail below.

The uncalibrated audio data for each hydrophone was first broken up into 30 s segments
(consisting of 6000 points) and filtered between 1 and 90 Hz using a 4th order, zero-phase
Butterworth filter. A window length of 30 s was chosen to include relevant arrival times. The
signals were then clipped to 3 times the standard-deviation of the signal for a given hour of
audio recording to help mitigate the negative effects of spurious events on the emergence of
the TDGF estimates. Lastly the individual signals were frequency whitened. To frequency
whiten the signals, the time domain signal was windowed with a Hann window and then the
6000 point discrete Fourier transform was computed. The magnitude of the signal spectra is
replaced with the magnitude response of an 8th order Butterworth filter (the same magnitude
response as the filter used previously), and the inverse discrete Fourier transform of the
signal is then computed. This preserves the phase information of the signal but makes the
magnitude response flat for all relevant frequency. The pre-processing methods are outlined
in Fig. 3.4, along with 30 seconds of time data before and after pre-processing. The pre-
processed signals from the Central Caldera and Eastern Caldera hydrophone are then cross
correlated, resulting in a 60 s, 11,999 point signal. These 60 s long correlations are then
average together and normalized in amplitude to create an NCCF. Averaging times will be
discussed in section 3.3.1.

3.2.3 Acoustic Simulation

Acoustic propagation between the Eastern Caldera hydrophone and the Central Caldera
hydrophone was simulated using Kraken [104]. CTD data from the Axial Base location (∼
20 km from the caldera hydrophones) was used to create a 6 year average sound speed profile
(see Fig. 3.1(b)). Studying the seasonal fluctuations of arrival times is left for future work.

Due to the short range between the two hydrophones, peak spreading due to modal
dispersion is negligible for the simulated TDGF. Therefore, a single arrival time is estimated
to quantifying the different arrivals. The arrival time is found by taking the argmax of each
successive peak and using quadratic peak interpolation to get sub-time-bin resolution [136].
Table 3.1 shows the simulated arrival times for the first 4 propagation paths. To succinctly
reference different TDGF peaks, the following naming convention will be adopted throughout

§http://ds.iris.edu/gmap/
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Figure 3.4: Block diagram of the pre-processing methods. A 30 s section of data is shown
before and after pre-processing in the time and magnitude frequency domain

Table 3.1: Simulated arrival times between Central Caldera and Eastern Caldera and the
number of surface and bottom reflection for each propagation path.

Path Label Surface Reflections Bottom Reflections Simulated Arrival
Time (s)

d 0 0 2. 142
s1b0 1 0 2.959
s2b1 2 1 4.620
s3b2 3 2 6.473

this chapter. Each peak will have a name code of sXbY, where X corresponds to the number
of surface reflections and Y corresponds to the number of bottom reflections. For NCCF
peaks, A or B will be added to the end to designate a lag or lead peak respectively. For the
direct path peak observed in the NCCF (see sections 3.3.1) the code dA will be used.

3.3 Results

In the following sections, TDGF emergence, TDGF SNR, and the long-term NCCF stack is
presented.

3.3.1 Time domain Green’s function emergence

Figure 3.5 shows a 6-year average NCCF and the simulated arrival times given in table 3.1.
The peaks that are seen in the NCCF match the simulated arrival times. The negative time,
or lag section, of the NCCF corresponds to acoustic propagation from Central Caldera to
Eastern Caldera, and the TDGF peaks emerge from sound sources located in the endfire
axis that is pointed towards Alaska (Fig. 3.2). The positive delay, or lead, section of the
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Figure 3.5: 6 year average NCCF. Dashed lines indicate simulated arrival times given in
table 3.1. From left to right, the simulated arrival times shown correspond to s3b2A, s2b1A,
s1b0A, dA, dB, s1b0B, s2b1B, s3b2B.

NCCF corresponds to acoustic propagation from Eastern Caldera to Central Caldera, and the
TDGF peaks emerge from sound sources located in the endfire axis that is pointed towards
the western coast of the United States (see Fig. 3.2). The peaks at ±2.9 s correspond to an
acoustic propagation path that reflects off of the surface of the ocean. The peaks at ±4.62
s correspond to peaks that reflect off of the ocean surface twice and off of the ocean bottom
once. The peak at −2.1 s corresponds to the direct path. The presence of the lag direct path
peak and the absence of a lead direct path peak is likely due to the distribution of distant
coherent sound sources.

In order to study the TDGF emergence, NCCFs were averaged for every month of the 6
years of data availability, resulting in 72 different emergence realizations. Figure 3.6 shows
the TDGF emergence for all 5 distinguishable propagation paths. SNR is defined in Eq. 3.2
[173], where Cpeak(τ) is the user defined window containing a specific peak, and Cnoise(τ)
is defined as a window of the NCCF that contains only noise. Specifically, for the NCCF
between Central Caldera and Eastern Caldera, Cnoise(τ) is defined as the NCCF between
-15 and -10 s, and the noise window is multiplied by the inverse of the auto-correlated Hann
window to undo the windowing from pre-processing (section 3.2.2).

SNR = 20 · log

(
max(Cpeak(τ))

3 · std(Cnoise(τ))

)
(3.2)

A logarithmic curve (3.3) was fit to the mean emergence for all five peaks and is shown in
Fig. 3.6. Tavg is the averaging time in hours and T0 and A are constants. Theoretical studies
show that the emergence of the impulse response should follow Eq. 3.3 for A = 10 under
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Figure 3.6: (a)-(e) TDGF emergence in the NCCF for specific acoustic propagation paths.
The mean emergence is shown with the solid black line. The standard deviation of the
emergence is shown with the shaded gray area. The red dashed line shows the least-squares
fit curve for Eq. 3.3 and A = 10. The blue dashed line shows the least-squares fit curve for
Eq. 3.3. The least-squared fit equations are given in the top left of each plot.

idealized conditions [165], because coherent energy grows like T 2
avg and incoherent energy

grows like Tavg. In Fig. 3.6, the least squares fit is given for both Eq. 3.3 and for Eq.
3.3 with A fixed at 10. [12] observe that with their data and hydrophone geometries, the
emergence roughly follows Eq. 3.3 for T0 = 12 hours and A = 10. For our data, hydrophone
geometry, and sound distribution, T0 values for dA, s1b0A, and s1b0B for A = 10 around
3.5 or 4.5 hours are observed. For the s2b1 peaks and A = 10, T0 values of around 30 hours
are observed. However, the assumption of A = 10 does not seem to be particularly valid for
the s2b1 peaks with A values in the least-square fit being close to 7. This indicates that
the ratio of coherent to incoherent noise actually grows like T 0.7

avg instead of Tavg for the s2b1
peaks.

SNR = A · log10

(
Tavg

T0

)
(3.3)
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Figure 3.7: (a)-(e) Long-term SNR for every resolvable propagation path (solid line) and 150
day smoothed long-term SNR (dashed line) for 201 hours of averaging.

3.3.2 Long-term signal-to-noise ratio

Figure 3.7 shows the long-term SNR and the 150-day smoothed, long-term SNR for each of
the 5 distinguishable peaks with 201 hours of averaging. There is a large seasonal pattern in
the long-term SNR for the dA peak where larger SNR is seen in the summer months. This
is caused by the seasonal 20 Hz feature described in section 3.3.4. This is also the cause of
the larger standard deviation of the emergence shown in Fig. 3.6(a). The s1b0 peaks show a
small annual fluctuation in the long-term SNR (Fig. 3.7). This could be due to the changing
ocean environment or seasonal fluctuation in coherent sound sources distributions.

3.3.3 Long-term NCCF stack

Figure 3.8(a) shows the long term NCCF stack between the Central Caldera and Eastern
Caldera hydrophones. Each NCCF consists of 201 hours of average data comprised of the
100 hours before and after the recorded time. The average time was selected using Fig.
3.6. However, due to non-constant data availability, each NCCF sample does not necessarily
contain exactly 201 hours of averaged ocean data. Figure 3.8(b) shows the actual number of
average hours used for each sample. Using the TDGF emergence information in Fig. 3.6, a
threshold of 100 average hours (shown by the dashed line) is set and any sample below this
threshold is considered invalid. The color bars in Fig. 3.8 indicate events occurring in the
ocean including the axial seamount volcano eruption, fin whale vocalizations visible in the
spectrograms of hydrophone data and an airgun experiment that happened directly over the
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Figure 3.8: (a) 6 year NCCF stack with average time of 201 hours and stride of 1 hour.
Single NCCFs are considered invalid and shown as white if there are less than 100 hours
available for any given time during the six years. Important occurrences in the ocean are
annotated above in color. (b) Plot of the number of available hours for any given NCCF
sample and the valid NCCF threshold.

hydrophones.

3.3.4 Fin whale chorus

There is an annual feature in the long-term NCCF stack (Fig. 3.8) that is centered on the dA
peak around -2 s. The feature is about 1 second long in delay time and is present for roughly
five months every year. Figure 3.9 shows a slice of a single NCCF while the feature is present.
The frequency content of this feature is narrow band and is centered at 20 Hz. Figure 3.10
shows the a spectrogram of the NCCF when the 20 Hz feature is and isn’t present. The
energy at 7 Hz is present year-round, but the 20 Hz energy is seasonal. Due to the seasonal
nature of this feature and the fact that it is 20 Hz, it is most likely caused by fin whales.

Interestingly, the annual pattern of the 20 Hz feature in the NCCF and the presence of
20 Hz fin whale calls in the spectrograms of ambient sound don’t perfectly line up. Figure
3.11 compares the spectrum time-series of the two hydrophones to the spectrum time-series
of the NCCF stack in the 20 Hz, one-third octave band. The spectrum time-series of the
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Figure 3.9: Section of single NCCF when 20 Hz feature is present at the dA peak (-2.1 s).
This NCCF is from 09-01-2017 00: 00:00.

�10 �5 0 5 10
Delay (s)

0

5

10

15

20

25

30

Fr
eq

ue
nc

y 
(H

z)

N
or

m
al

ize
d 

Am
pl

itu
de

0.2

0.4

0.6

0.8

1

�10 �5 0 5 10
Delay (s)

0

5

10

15

20

25

30

Fr
eq

ue
nc

y 
(H

z)

N
or

m
al

ize
d 

Am
pl

itu
de

0

0.2

0.4

0.6

0.8

1(a)

(b)

Figure 3.10: Spectrograms of NCCF when 20 Hz feature is present and not present. The
spectrograms were calculated with a power spectral density estimate and the squared am-
plitude was normalized between zero and one. (a) Spectrogram of the NCCF when 20 Hz
feature is present at the dA peak (-2.1 s). This NCCF is from 09-01-2017 00: 00:00. (b)
Spectrogram of NCCF when 20 Hz feature is not present. This NCCF is from 01-01-2018
00: 00:00.
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two hydrophones is created by taking the 601 hour median of 15 minute, 512 point PSD
estimates and then averaging over the 20 Hz, one-third octave band. The NCCF time series
is created by taking the discrete Fourier transform of the entire 601 hour average NCCF and
then averaging over the 20 Hz, one-third octave band.

Our hypothesis to explain this difference in timing is that the fin whale calls that are
visible in the spectrogram and the 20 Hz signal in the NCCF are caused by different acoustic
phenomena that both originate from fin whales. Sound that contributes to the dA peak
is propagating horizontally in the water column and is located in the end-fire direction of
the two hydrophones that is pointed towards Alaska (Fig. 3.2). Due to the horizontal
propagation of the sound, it is likely from distant sources. [85] document the presence of a
fin whale chorus, in which the calls of many fin whales combine to a constant 20 Hz hum. In
the fin whale chorus there are no discernible discrete fin whale calls. This distant chorus is
believed to contribute to the 20 Hz energy in the NCCF stack, and is not clearly discernible
in the spectrograms of ambient sound because it is buried in louder, local noise. When fin
whale calls are visible in the spectrogram of ambient sound, individual calls are present in
the signal and the calls likely originate from local fin whales. The pre-processing techniques
outlined in 3.2.2 are specifically designed to attenuate components of the received signal that
have a large amplitude relative to the rest of the signal and components that have a strong,
narrow frequency band. Both of these characteristics are representative of the fin whale calls
that are visible in the spectrograms of ambient sound. This is why the contributions of local
fin whale vocalizations are not visible in the NCCFs. The 20 Hz energy in the long-term
NCCF stack and in the spectrograms of ambient sound are both likely due to fin whales.
However, the 20 Hz energy in the NCCF stack is likely due a distant fin whale chorus with
a rough directionality pointed towards Alaska. The 20 Hz energy in the ambient sound are
likely due to local fin whale calls, where individual calls from single whales are visible. Very
little is known about fin whale migration patterns, but they have been documented migrating
from higher latitudes in the summer to lower latitudes in the winter [91]. This movement
would be consistent with the patterns seen in the NCCF, where the energy in the dA peak
is present in the summer/fall months.

3.4 NCCF Features

Throughout the 6 years of the long-term NCCF stack, there are several notable occurrences in
the NCCF stack that effect the quality of the TDGF estimate. Descriptions and explanations
of some of these features are presented below.

Axial seamount volcanic eruption In April 2015, the Axial Seamount volcano that
the hydrophones are located in erupted [171]. This eruption is clearly visible in the NCCF
stack and is shown in Fig. 3.12. During the eruption, discrete peaks are visible in the
NCCF that are between the two direct path delay times of ±2.1 s. This is likely due to
the directionality of coherent arrivals of impulsive sound sources that were emitted from the
fissures [171].
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Figure 3.11: Timeline of fin whale vocalizations visible in the acoustic data and the 20 Hz
feature visible in the long-term NCCF. There is a notable lag between energy in the NCCF
and energy in the ambient sound that the NCCF is computed from. The 20 Hz energy in the
NCCF is likely due to a distant fin whale chorus with directionality pointed toward Alaska,
while the 20 Hz energy in the ambient sound is likely from local fin whale vocalizations.
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Figure 3.12: NCCF stack during Axial Seamount eruption in April 2015. Dashed line in-
dicates the beginning of the eruption. Effects in the NCCF before dashed line are due to
average time window.
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Figure 3.13: NCCF stack during the seismic reflection experiment during July and August
2019. Dashed lines indicate the beginning and end of the experiment. Effects in the NCCF
before or after the dashed line are due to the average time window.

Air-gun experiment In July and August of 2019, there was a seismic reflection survey
that happened directly over the Central Caldera and Eastern Caldera hydrophones¶. Figure
3.13 shows the NCCF during this experiment. The noise in the NCCF decreases significantly
during the air gun experiment. The actual incoherent noise levels in the ocean that are
contributing to the noise levels in the NCCF are not expected to change during the duration
of the air-gun experiment. The change in noise levels measured by the NCCF are due to
the normalization that occurs in the frequency whitening step during pre-processing. The
amplitude of the dA peak decreases during the course of the air gun experiment because the
coherent sources that contribute to the dA peak are distant source and are being drowned
out by the local air gun sound sources. Different TDGF peaks fluctuate in amplitude over
the course of the experiment. This is likely due to the changing location of the research
vessel as it surveys the ocean floor. In future work this data of opportunity could be used
to experimentally explore the effect of local surface sound sorces on multi-path arrivals.

Sporadic 7 Hz aberration Another common aberration in the long-term NCCF stack
is present sporadically throughout the 6 years of data, but is more present in 2015 and 2016.
Occurrences of this aberration are annotated as Aberration in Fig. 3.8(a) This feature is also
centered around the dA peak and varies in relative amplitude and delay time length. The
1-hour average, long-term NCCF stack reveals that the NCCF aberration turns on and off
with an approximate period of 7 hours (Fig. 3.14(a)). The FFT of the one hour NCCF stack
(Fig. 3.14(b)) reveals that the frequency content of this aberration has a peak around 7 Hz
and tapers off above around 20 Hz. Figure 3.14(c) shows the spectrogram of the acoustic data
from Eastern Caldera during this aberration. The 7 Hz sporadic aberrations are centered
around the dA peak. This corresponds to a directionality of the sound sources causing these
phenomena to be in the endfire axis that is pointed towards Alaska (see Fig. 3.2). The
cause of this aberration in the NCCF stack is still unknown. Some possible explanations
include distant acoustic surveying experiments, other unknown anthropogenic contributions,
or seismic activity.

¶Cruise DOI: 10.7284/908292
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Figure 3.14: (a) 1-hour average NCCF during occurrences of 7 Hz NCCF aberration. Data
is from July 19-21 2016. (b) Magnitude of the FFT of the NCCF window shown in a. (c)
Spectrogram of hydrophone data from the Eastern Caldera hydrophone during the 7 Hz
aberration.
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3.5 Conclusion

In conclusion, noise interferometry was successfully used to estimate arrival times between
two bottom-mounted hydrophones in the OOI Cabled Array separated by 3.2 km at an ocean
depth of 1500 m. With an averaging time of 100 hours or larger, direct, surface, and surface
bottom reflected acoustic propagation paths are distinguishable throughout the six years of
data. Further investigation shows that the direct path peak SNR fluctuates seasonally due
to distant fin whale vocalizations. The single surface reflection propagation paths display
a small seasonal variation. For dA, s1b0 and s2b1 peaks, the SNR is stable throughout
the six years of data that is analyzed. A long-term noise cross correlation (NCCF) stack
was constructed for 6 years of available data to assess the quality of the NCCF. Effects on
the NCCF stack were observed from the Axial seamount volcano, a local seismic reflection
survey, and seasonal fin whale vocalizations. A fin whale chorus is shown to be detectable
with the NCCF that is separate from the local fin whale vocalizations that are present in
power spectral time-series of individual hydrophones.

Given the size of the dataset and the quality of multi-path arrivals in the NCCF through-
out the six years of data, there are many opportunities for future explorations using this data.
Some potential future directions are discussed below.

There is some relevant information contained in the NCCF stack that is unrelated to the
TDGF estimate. For some loud features in the ocean, such as the Axial Seamount volcanic
eruption, directional information could be inferred from the NCCF stack. The effects of fin
whale vocalizations on the NCCF stack could also potentially be developed into new ways to
monitor fin whale population and migration. We were able to measure energy from the fin
whale chorus that was not clearly visible in individual spectrograms of raw data. Similarly,
while there is still no clear explanation for the 7 Hz sporadic aberration described in section
3.3, it is interesting that this coherent sound source is able to be clearly detected even though
it is not as clearly visible in the PSD of either hydrophone. In future developments, these
features of the NCCF could be leverage to learn information about the ocean.

The results in this chapter lay the necessary ground work for developing long-term ocean
monitoring techniques using multi-path arrivals estimated with ambient noise interferome-
try. Since multi-path arrivals traverse the entire water column, they can be used to infer
information about the entire water column. This is an advantage over direct path propa-
gation which can only characterize ocean properties along the eigenray connecting the two
nodes. Demonstrating the ability to reliably distinguish the TDGF with hydrophones in an
ocean observatory with bottom-mounted hydrophones in the deep ocean also points towards
to possibility of scaling up these techniques for global ocean monitoring. According to [93,
p. 197], the root-mean-squared-error of an arrival time estimate is a function of the SNR.
In future works, models can potentially be developed to invert arrival time estimates to es-
timate oceanographic variables such as water column sound speed. The analysis presented
in this chapter can be used to assess the error bounds of these model predictions.

The seismic reflection survey conducted in 2019 directly over the two hydrophones pro-
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vides a unique opportunity for further investigation into the technique of noise interferometry.
Several chapters have developed simulation techniques to analytically observe the effects of
different sound distributions [70, 134, 120]. Since the airgun is an impulsive sound source,
this data of opportunity could lead to experimental evidence on how local sound sources
contribute to the multi-path arrivals. This is explored in chapter 4.

The quality of the long-term NCCF stack and the reliability of distinguishing multi-path
arrivals throughout the six years of data shows promise for future developments in ocean
monitoring applications, and is a promising direction of future investigations.
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Chapter 4

EXPLORING SURFACE SOURCE CONTRIBUTIONS TO
OCEAN AMBIENT NOISE INTERFEROMETRY WITH
AIRGUN SHOTS

Abstract

A seismic reflection survey conducted directly over two bottom-mounted hydrophones in the
north-east Pacific ocean is used to explore how surface source locations effect ambient noise
interferometry for the two hydrophones. The airgun shots are used as an approximation of
an impulsive sound source at a discrete location, which allows us to investigate spatial contri-
butions to the cross-correlation between the two hydrophones. Simulated and experimental
results are presented. The contributions to the cross-correlations are explained by different
reflections off of the surface or bottom of the ocean, and a discussion about what can and
cannot be inferred about the emergence to the Green’s function is presented. ∗

4.1 Introduction

The goal of ambient noise interferometry is to use ambient sound to infer information about
acoustic propagation without any prior knowledge of the ambient sound statistics or sound
source distribution. It has been shown in free space that for an isotropic sound source
distribution that is uncorrelated in space and time, the derivative of the correlation between
two sensors will be the time domain Green’s function between the two sensors [117, 164,
137]. Unfortunately, sound sources in the ocean are neither isotropically distributed or
uncorrelated in space and time. Knowing how individual sound source locations contribute
to the correlation between two sensors is important for understanding how the convergence
to the time domain green’s function will be effected for arbitrary sound source distributions

∗An earlier version of this work has been published and is available as:
Ragland, J., and Abadi, S. (2022). “Exploring surface source contributions to ocean ambient noise in-
terferometry with airgun shots,” The Journal of the Acoustical Society of America, 152, 3069–3077.
doi:10.1121/10.0015231
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or propagating environments. In this work, a seismic reflection survey that was conducted
directly over two bottom-mounted hydrophones in the north-east Pacific ocean will be utilized
to experimentally characterize the spatial source contributions to the correlation between the
sensors.

For a homogeneous medium with attenuation and an isotropic noise source distribution,
the Green’s function can be recovered from the cross-correlation between two sensors [117].
This work was then expanded to the case of an oceanic wave guide [120]. Specifically, it was
shown that for a Pekeris oceanic waveguide and a surface distribution of noise sources, the
cross-correlation function between two sensors converges to an amplitude shaded estimate
of the Green’s function. Sources located along acoustic ray paths that connect the two
sensors contribute to the empirical Green’s function estimate and therefore constructively
add together when cross-correlations are averaged together [46].

Ambient noise interferometry in the ocean has been experimentally demonstrated for a
variety of propagating environments and sound sources, and has been successfully used for
passive acoustic tomography. In [116], the frequency band dominated by shipping noise was
used to measure the empirical Green’s function. In [40], the frequency band dominated by
croaker fish vocalizations is utilized for ambient noise interferometry, and empirical Green’s
functions matched simulated results well. In [10], a tropical storm is utilized for ambient
noise interferometry. [46] use vertical line arrays in the north Pacific to estimate the em-
pirical Green’s function and are able to successful infer information about the sound speed
structure. Utilizing data collected off of the coast of Florida, emperical Green’s functions
were successfully recovered and were used for inferring modal dispersion, flow velocity esti-
mation, estimating bottom properties, and time reversal [49, 12, 13, 44, 142, 177]. Utilizing
deep sound propagating channels and ice breaking events, the temperature of the deep ocean
has also been measured using ambient noise interferometry [173, 172, 38]. Dispersion curves
for the first three modes have been passively measured for a highly dynamic, shallow ocean,
using a horizontal line array off the coast of New-Jersey [143, 141]. Ambient noise inter-
ferometry has also been demonstrated for bottom-mounted hydrophones in the deep ocean
with strong contributions from multi-path arrivals [110].

The effects of anistropic noise source distributions have been explored by several works.
[46] demonstrates that if the noise source distribution varies gradually in space, travel times
can be accurately estimated using ambient noise interferometry. [162] derive a correction fac-
tor for estimated arrival times given a directionality of ambient sound. [14] uses the ambient
noise model proposed by [27, 28] to study the model’s effects on the vertical and horizontal
wave coherence between two sensors. This model consists of a uniform distribution of sound
sources at the surface of the ocean with no bottom. [158] expand this work to additionally
include a non-isotropic horizontal distribution of noise sources. [158] find that, given a non-
isotropic distribution of noise sources, horizontal coherence between two sensors still contains
information about the Green’s function between the two sensors, but that the derivative in
time of the coherence does not explicitly equal the Green’s function between the two sensors.
[159] investigates the effects of anisotropic noise on how wave coherence constructively and
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destructively interferes. Specifically, [159] show that even for heavily directional ambient
sound, only sound that travels through both sensors contributes significant energy to the
coherence between the two sensors.

Recently, numerical methods have been used to explore the effects of complex refracting
environments on ambient noise interferometry [134, 135]. A method is developed to numeri-
cally simulate the cross-correlation between two sensors, given a distribution of sound sources
[134]. They discover that there are sound speed profiles and hydrophone geometries that do
not result in the convergence of the cross-correlation to the emperical Green’s function, given
a uniform surface distribution of sound sources. This is because, for certain propagation en-
vironments and hydrophone geometries, acoustic ray paths that connect both hydrophones
do not intersect with the surface. [135] develop a metric called the sensitivity kernel that
evaluates how a source located at a specific point in space effects the cross-correlation at
specific delay times.

In this chapter, a seismic reflection survey will be used to experimentally characterize the
spatial contribution of sound sources on the cross-correlation function. Two hydrophones
that are part of the Ocean Observatories Initiative (OOI), separated by 3.19 km, and are
bottom mounted at a depth of 1500 m will be used. The sensitivity kernel described by
[135] will be experimentally measured and compared to simulated results. The patterns that
are observed in the experimental and simulated results are then explained and related to
different reflections off of the surface or bottom of the ocean using the method of images.
Lastly, what can and can not be learned from the sensitivity kernel will be discussed.

In section 4.2, information about the experiment and details about the data processing
are presented. In section 4.3.1, a review of the sensitivity kernel is presented. Section
4.3.2 presents the simulated results and section 4.3.3 presents the experimentally measured
sensitivity kernel using the airgun. An explanation for these results is presented in section
4.4.1 and 4.4.2. Lastly, a discussion and conclusion of the findings are presented in section
4.5.

4.2 Experimental Setup

In the following section the hydrophone and airgun experiment geometries will be described
as well as the data processing that was completed for the subsequent analysis.

We are using two hydrophones that are 270 km off of the Oregon coast and are part of the
Ocean Observatories Initiative (OOI) network. Ambient noise interferometry has previously
been demonstrated for these two hydrophones [110]. The two hydrophones that are used are
the Central Caldera† and Eastern Caldera‡ hydrophones, which are separated by 3.186 km,
are bottom mounted at depths of 1527 m and 1518 m respectively, and both have a sampling

†NFS Ocean Observatories Initiative Data Portal, https://ooinet.oceanobservatories.org Low-Frequency
Acoustic Receiver(network:OO, station:AXCC1) Downloaded on March 1, 2022

‡NFS Ocean Observatories Initiative Data Portal, https://ooinet.oceanobservatories.org Low-Frequency
Acoustic Receiver(network:OO, station:AXEC2) Downloaded on March 1, 2022



52

rate of 200 Hz. Acoustic data is downloaded using the python package OOIPy [127]. The
seismic reflection survey that is are utilized is the MGL1905 cruise§. The location of the
vessel and experiment logs are publicly available. This seismic reflection survey included 36
airguns that are towed behind the research vessel at a depth of 12 m and 230 m behind the
research vessel. For this analysis the assumption is made that the airgun array is a point
source. Spectrograms of airgun shots recorded by OOI hydrophones are reported in [107].

For the subsequent analysis in section 4.3, a single noise cross-correlation function (NCCF)
needs to be associated with a point in space where the airgun was fired. In this chapter,
the term NCCF will be used to describe the physically processed data that includes a finite
averaging time and any other data processing. The term cross-correlation will refer to the
expectation of the correlation between two sensors.

During a line of the experiment, the time between airgun shots is approximately 18 s,
and the average speed of the vessel is approximately 4.2 knots The location of the vessel
and the NCCFs are averaged to the same time grid with an averaging time of 2 min. This
means that each calculated NCCF contains approximately 6 airgun shots, and the distance
covered by the research vessel is approximately 270 m. For the sake of this analysis, the
distance traveled by the research vessel during the 2 min averaging time and the length of
the airgun lines behind the research vessel are considered to be negligible. Data is only
kept during lines of the airgun experiment and when acoustic data from both hydrophones
exist. Additionally, data from the last 4 lines of the experiment are discarded because of
the non-symmetric path of the ship and higher source levels of the airgun. This resulted in
304 h of acoustic data. Figure 4.1 shows a map of the 2 min average airgun locations that
have associated NCCFs. The two hydrophones are labeled (Eastern Caldera and Central
Caldera) as well as the location of the CTD cast used for analysis (Axial Base).

To calculate the NCCFs, acoustic data is downloaded from OOI using the python package
OOIPy [127], separated into 30 s segments and filtered between 1 and 90 Hz using a 4th order,
zero-phase, Butterworth filter. The 30 s data segments from each hydrophone are then cross-
correlated and averaged together for 2 minutes.

The latitude and longitude coordinates of the research vessel are transformed into a Carte-
sian coordinate system in km, where the origin is the midpoint between each hydrophone and
the x axis is the axis connecting the hydrophones. Therefore, the coordinate of the Central
Caldera hydrophone is (-1.59, 0) km and the coordinate of the Eastern Caldera hydrophone
is (1.59, 0) km. The latitude and longitude coordinates are transformed by calculating
the range from the hydrophone midpoint and the bearing from the hydrophone midpoint
assuming a spherical and transforming these polar coordinates to Cartesian coordinates.

§Cruise MGL1905 on research vessel Marcus G. Langseth DOI: 10.7284/908292
https://www.rvdata.us/search/cruise/MGL1905, accessed on March 1, 2022
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Central Caldera

Eastern Caldera

Axial Base

Figure 4.1: Map of the 2 min average airgun locations that have associated NCCFs and the
locations of the two hydrophones that are used to calculate the NCCFs. The hydrophone on
the left is the Central Caldera hydrophone and the hydrophone on the right is the Eastern
Caldera hydrophone.

4.3 Results

In the following section, the theoretical formulations of the sensitivity kernel and how it
relates to airgun measurements is reviewed. The sensitivity kernel is simulated for the given
hydrophone geometry and presented. Lastly, the measured results that utilize the airgun
shots are presented.

4.3.1 Theoretical background

The sensitivity kernel [135] for ambient noise interferometry is defined in equations 4.1 and
4.2, where K(x, τ ;x1,x2) is the cross-correlation sensitivity kernel, S(x) is the source distri-
bution density, H(ω) is the receiver response, x1 and x2 are the location of the two sensors,
and G(ω;x1|x) is the Green’s function at location x1 due to a source located at x.

C1,2(τ) =

∫∫∫
V

K(x, τ ;x1,x2) · S(x)dV (x) (4.1)
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K(x, τ ;x1,x2) =

1

2π

∫ ∞
−∞
|H(ω)|2G(ω;x1|x)G∗(ω;x2|x)ejωτdω

(4.2)

From inspection, the Fourier transform of the sensitivity kernel can be written as Eq. 4.3

K(x, ω;x1,x2) =

|H(ω)|2G(ω;x1|x)G∗(ω;x2|x)
(4.3)

The sensitivity kernel is a function of both space and time and is a metric that evaluates
what locations contribute to a cross-correlation between the two sensors for different delay
times.

Looking at Eq. 4.3, one can see that the sensitivity kernel is composed of the frequency
response of the sensors and the cross-correlation in time of the green’s functions between
x1 and x, and the green’s function between x2 and x. Therefore, given a uniform sensor
response, the sensitivity kernel is the cross-correlation between two sensors with a single,
impulsive point source located at x. For the frequency band investigated in this chapter, an
airgun shot is a good approximation of an impulse function. This allows us to experimentally
measure the sensitivity kernel. For this analysis, I assume that the airgun shot is an isotropic
point source and I also ignore airgun shot variations.

4.3.2 Numerical Results

The sensitivity kernel in Eq. 4.2 can be numerically simulated using any wave-theoretic
method to solve for the two Green’s functions. For this analysis, the Green’s functions
are calculated using normal mode propagation and are solved using KRAKEN [104]. The
oceanic wave-guide is assumed to be range independent with a depth of 1523 m. The two
hydrophones are placed at a depth of 1522 m. The sound speed profile used for simulation
is measured by the Axial Base ocean profiler from OOI, located approximately 20 km from
the two hydrophones (see Fig. 4.1). A single, average sound speed profile that was measured
between July 15, 2019, and August 15, 2019 will be used for all analysis. Figure 4.2(a)
shows the sound speed profile used for simulation and 4.2(b) shows the simulated time
domain Green’s function between the two hydrophones using normal mode propagation.
The Green’s function is simulated in the frequency band 0 to 100 Hz for 0 to 30 s with a
sampling rate of 200 Hz. The Green’s function is then multiplied in the frequency domain by
the response of the digital filter described in section 4.2. All subsequent Green’s functions
that are simulated in the following analysis are calculated using this same method. Figure
4.2(c) shows the first 4 eigen rays at a frequency of 50 Hz (simulated with BELLHOP[130]).
At this frequency, ray-theoretic methods are not an accurate solution to the wave equation,



55

but they do provide intuition into how the waves are propagating and will provide helpful
context for further discussions. The peak in Fig. 4.2(b) at 2.9 s is due to the ray path that
bounces off of the surface once and the peak at 4.6 s is due to the ray path that bounces off
of the surface twice and the bottom once.
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Figure 4.2: (a) average sound speed profile measured by the Axial Base ocean profiler from
OOI during the airgun experiment. (b) The simulated, band-limited, time domain green’s
function between the two hydrophones. This was simulated with normal modes and using
the Kraken code to solve for the modes [104] (c) The first 4 eigen-rays between the two
hydrophones solved with BELLHOP [130] for f = 50 Hz.

Figure 4.3 shows the horizontal slice at a depth of 12 m of the simulated sensitivity kernel
as defined in equation 4.2 for several delay times (plotted in blue). The slice is simulated
at a depth of 12 m because this is the depth of the airguns. The amplitudes are plotted in
dB relative to the maximum value at τ = 0 s. The lines plotted in red are described in
detail in section 4.4.1. In this analysis, the positive delay times which characterizes acoustic
propagation from Eastern Caldera to Central Caldera are presented. If the flow velocity of
the water is assumed to be negligible, then the sensitivity kernel will be symmetric along the
y-axis for negative delay times.

In Fig.4.3(a) the sensitivity kernel is shown for the delay time of τ = 0.1 s. The vertical
line at x = 0 km represents sources that are equidistant from each hydrophone and therefore
contribute to the cross-correlation at a delay time of τ = 0. The other vertical lines are
caused by reflections off of the bottom or surface of the ocean. In Fig.4.3(b), the sensitivity
kernel is shown for delay time τ = 1.8 s. In Fig.4.3(c), the sensitivity kernel is shown for
delay time τ = 2.6 s. For both τ = 1.8 s and τ = 2.6 s there are no arrivals in the TDGF
between the two hydrophones. This means that sources that contribute to this delay time
will average out of the cross-correlation, given an isotropic noise source distribution. Figure
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4.3(d) shows the sensitivity kernel for delay time τ = 2.96 s. This is the arrival time of
the surface reflection peak as seen in Fig.4.2(b). In the frequency band where ray-theoretic
formulations are valid solutions to the wave equations, sources that contribute to arrival
times in the cross-correlation are located along rays that connect the two sensors [45]. The
ray path associated with an arrival at τ = 2.96 s is the darkest ray path plotted in Fig.
4.2(c) and reflects off of the surface of the ocean once. Sources along this ray path extension
that are located on the surface of the ocean would be expected to be at discrete ranges
separated by the distance of the two hydrophones. Figure 4.3(e) shows the sensitivity kernel
for delay time τ = 4.0 s. This delay time, similar to the delay times of 1.8 s and 2.6 s does not
correspond to an arrival time in the TDGF. Figure 4.3(f) shows the sensitivity kernel for the
delay time τ = 4.60, which is the time of the second arrival in the TDGF. This arrival time
is associated with the ray path that reflects off of the surface twice and the bottom once.
The hot spots visible in Fig.4.3(f) correspond with the intersections of this ray extension
with the surface of the ocean. Further investigation into the curves seen in the sensitivity
kernel for different delay times will be presented in section 4.4.1.
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Figure 4.3: (a)-(f) Horizontal slice of the simulated sensitivity kernel at a depth of 12 m for
different delay times. The sensitivity kernel is plotted in blue. The red lines are slices of
hyperboloids that explain the different patterns as described in section 4.4.1.



57

4.3.3 Experimental Results

Figure 4.4 shows the experimentally measured sensitivity kernels for different delay times
(plotted in blue). To reduce noise, the root mean squared amplitude of the cross-correlation
is presented for a window length of 0.02 s centered around the reported delay time. The
red lines are described in detail in section 4.4.1. The simulated and measured results are
in good agreement. The measured results have more attenuation due to surface or bottom
reflections. This discrepancy is likely due to the environmental parameters chosen for the
simulated environment not perfectly matching the physical bottom properties of the ocean.
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Figure 4.4: (a)-(f) Horizontal slice of the experimentally measured sensitivity kernel using
airgun shots. The NCCFs are plotted for different delay times and airgun locations in blue.
The red lines are slices of hyperboloids that explain the different patterns as described in
section 4.4.1.

4.4 Discussion

In the following sections, an explanation of the patterns that are seen in Figs.4.3 and 4.4 is
presented, the reasoning why the sensitivity kernel has non-endfire contributions is discussed.
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4.4.1 Explaining patterns in the sensitivity kernel

For the case of free space propagation in a homogeneous medium, different delay times in
the cross-correlation are caused by sources located on the surface of a hyperboloid [117].
The hyperboloid is defined by a constant difference in range between the two sensors and
a given point in space. For the case of a homogeneous medium, this constant difference in
range corresponds to a constant difference in propagation time. The two sensors are located
in the foci of the hyperboloid. Different delay times correspond to how ’open’ the hyperbola
is, where a delay time corresponding to 0 s corresponds to a constant line in the broadside
of the two sensors. This represents sources that are equidistant from both sensors. A delay
time equal to D/c, where D is the distance between the hydrophones and c is the speed of
wave propagation in the medium, corresponds to a line pointing in the end-fire direction of
the sensors. This has also previously been utilized in time difference of arrival beam-forming,
where an approximation of the bearing of a source is a function of delay time and is also
derived by utilizing hyperbolas [18].

As can be seen in Fig. 4.2(c), due to the small separation of the hydrophones, refraction
does not effect the ray paths significantly. Therefore, a constant sound speed equal to
the average sound speed of the water column can be used to approximate acoustic wave
propagation in this environment. The boundary conditions of the oceanic wave-guide can
be accounted for by using the method of images. Given these assumptions, equations for
hyperboloids that correspond to different pairs of hydrophones or hydrophone images can be
derived. The method of images has previously been used to prove that a uniform distribution
of surface sources results in the convergence of the cross-correlation to an amplitude shaded
Green’s function for a Pekeris wave-guide [120].

The source locations that contribute to the cross-correlation for our (simplified) envi-
ronment, therefore lie on the surfaces of hyperboloids formed by different image orders of
sensor 1 and sensor 2. The sources that contribute to the cross-correlation along the plane
defined by a constant depth of 12 m can therefore be explained by a horizontal slice of these
hyperboloids at a depth of 12 m.

Figure 4.5 gives a schematic of this problem formulation. Different image orders are
referenced numerically where 0 indicates the physical hydrophones and 1 would indicate the
first image. A specific hyperboloid is referenced using the image index of each sensor that is
used to define the foci of a hyperboloid. For instance, the light red (dashed line) hyperbola
shown in Fig. 4.5 is referenced by the index pair (0,0). This means that the foci of the
hyperboloid are located at the physical location of sensor 1 and the physical location of
sensor 2. The dark red (solid line) hyperbola shown in Fig. 4.5 is referenced by the index
pair (2,1). This means that the foci of the hyperboloid are located at the second image order
location for sensor 1 and the first image order location for sensor 2.

The plotted lines in Figs. 4.3 and 4.4 are these hyperboloid slices for some of the rele-
vant hydrophone image pairs. Hyperboloid slices with the same dash pattern correspond to
hydrophone image pairs that have parallel axes. For instance, the solid lines correspond to
(0,0) and (1,1). The color of the lines corresponds to the image pair of the sensor on the
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Figure 4.5: Schematic of the hyperboloids that are formed using the method of images. Each
hyperboloid is indexed by the image order of the two hydrophones that are used to define
the hyperboloid. The hydrophones are located in the foci of the hyperbola, but appear to
be located on the hyperbola due to the scale.

right. For instance the light red lines correspond to hyperboloid slices that correspond to
the physical sensor on the right, while the brown lines correspond to hyperboloid slices that
correspond to the first image of the hydrophone on the right. Not every hyperboloid slice
that shows up in the sensitivity kernel is plotted. For instance, in Fig. 4.3(b), the curves in
the sensitivity kernel that are to the right of the two solid lines correspond to image pairs
of (2,2) and (3,3). In Figs 4.3 and 4.4 it can clearly be seen that the patterns seen in the
sensitivity kernel have good agreement with the geometrically derived hyperboloid slices.
The concentric circle patterns (most clearly seen for delay times greater that τ = 2.6 s) are
explained by hyperboloid slices formed by hydrophone image pairs that have parallel axes.
The circles get smaller for greater delay times because of the hyperboloids closing. The
analytical expressions for all plotted hydrophones are provided in appendix A.

4.4.2 Sensitivity kernel and Green’s function emergence

In Figs 4.3 and 4.4, energy that is not in the end-fire direction and more specifically, not
along ray path extensions that connect the two hydrophones is clearly present. Off end-fire
energy is even present during delay times that correspond to arrival times in the time domain
Green’s function between the two sensors (see Figs. 4.4(d) or 4.4(f)). As explained in section
4.4.1, patterns in the sensitivity kernel are caused by hyperboloid slices created by different
surface or bottom reflections, but why do we see energy in the sensitivity kernel that doesn’t
contribute to the TDGF?

The sensitivity kernel represents the locations in space that contribute energy to different
delay times between two sensors. As mentioned in section 4.3.1, the sensitivity kernel can
be interpreted as the cross-correlation between two sensors located at x1 and x2 for a single,
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impulsive sound source located at x. Since the sensitivity kernel considers a single point in
space, the amplitude of the sensitivity kernel does not include information about how sources
will constructively or destructively interfere when integrated over a given source distribution.
This means that the amplitude of the sensitivity kernel will not be larger along ray path
extensions, or in the end-fire direction at arrival times. This explains why energy is seen
in the sensitivity kernel for all delay times, and why at arrival times, the sensitivity kernel
contains energy from other hydrophone image pairs. The sensitivity kernel, therefore, does
not characterize which sources contribute to or degrade in the emergence of the time domain
Green’s function between the two hydrophones. The effects of a single impulsive source and
a distribution of sound sources on the amplitude of the cross-correlation is demonstrated
well in Figs. 4 and 5 in [134].

The sensitivity kernel is a useful tool for providing intuition about how a specific source
location will affect the cross-correlation between the two sensors. However, the amplitude
of the sensitivity kernel should not be confused as containing information about how a
cross-correlation will converge to the empirical Green’s function for an arbitrary source dis-
tribution. The constructive and destructive interference is determined by the volume integral
in equation 4.1.

4.5 Conclusion

In conclusion, the sensitivity kernel for two bottom mounted hydrophones is simulated and
experimentally measured using a seismic reflection survey as data of opportunity. Given the
geometry and propagating environment of the two hydrophones, strong multi-path arrivals
are present in the Green’s function between the two hydrophones. This significantly effects
the patterns that are seen in the horizontal slices of the sensitivity kernel. Using a model
of a constant sound speed throughout the water column, the shapes in the sensitivity kernel
can be geometrically explained by using the method of images and taking horizontal slices
of the hyperboloids that are formed by different hydrophone image combinations for a spe-
cific delay time. Lastly, this specific hydrophone geometry and propagating environment
illuminates how the sensitivity kernel does not exclusively contain information about how
a specific source location will contribute to the empirical Green’s function between the two
hydrophones.
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Chapter 5

ESTIMATING DEEP WATER COLUMN TEMPERATURE
WITH OCEAN AMBIENT NOISE INTERFEROMETRY

Abstract

Measuring the temperature changes of the deep ocean will be critical to understanding how
the system will respond to climate change. In this work, we present a method for mea-
suring the depth-averaged, deep ocean temperature at local (∼ 3 km) spatial scales using
passive estimates of acoustic propagation. These passive acoustic estimates of deep ocean
temperature can be used with existing and future passive acoustic monitoring infrastructure
to provide complimentary observations of the ocean to in situ measurements, and could be
particularly useful in areas of poor ocean observation coverage. Using eight years of ambi-
ent sound data, we demonstrate that the passive estimates agree with global ocean models
and measurements by Argo floats. The rms difference between the HYCOM ocean model is
shown to be 0.13 °C, and the root-mean-squared difference between ARGO measurements is
shown to be 0.086 °C.∗

5.1 Introduction

Increased concentrations of anthropogenic greenhouse gases result in an Earth energy im-
balance, where more heat is being trapped in the system than being radiated into space.
Most of this excess heat (89 %), is being stored in the ocean, with 46 % being stored in the
upper 700 m and 25 % being stored from 700 - 2000 m [155]. How and where this additional
heat is stored will affect a new climate equilibrium, and observing the deep ocean will play
a critical role in a well managed future. The deep ocean is one of the least understood
and observed regions of the ocean, and the increased ability to reliably observe the deep
ocean will play a critical role in monitoring and understanding changes to the system due
to anthropogenic forcing [72]. In this work, we demonstrate the feasibility of using cabled,
bottom mounted hydrophones deployed for passive acoustic monitoring (PAM), to observe

∗A version of this chapter is under review for publication in Geophysical Research Letters.
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local, depth-averaged, deep ocean temperatures. We utilize the diffuse sound field and the
technique of ambient noise interferometry to estimate the acoustic Green’s function with a
high enough accuracy to see sub-seasonal changes in the integrated deep ocean temperature,
at a local (∼ 3 km) spatial scale.

Ambient noise interferometry is a technique that utilizes diffuse ambient sound to pas-
sively illuminate acoustic propagation between sensors [114, 163, 116, 137, 160, 164]. This
estimate of acoustic propagation can be used alongside acoustic tomographic methods to
estimate environmental parameters. This technique has been used extensively in the seismic
community for understanding and imaging the Earth’s crust [119, 129, 7, 31], and shows
promise for being used to make observations of the interior of the ocean.

For perfectly diffuse, stochastic ambient sound, the expectation of the time derivative of
coherence between two sensors is the two directional, band-limited Green’s function [177, 137,
120]. In ocean environments, sound sources are often distributed on the surface, which means
that the ambient sound field is not perfectly diffuse. In this case, the time derivative of the
coherence converges to an approximation of the Green’s function, referred to as the empirical
Green’s function (EGF). The EGF may have different amplitudes than the actual Green’s
function but, if the diffuse sound sources adequately illuminate the acoustic propagation, the
phase information will be preserved [43, 120, 158, 134]. Since mode phases or arrival times
are often the acoustic features used in acoustic tomography, it is still possible to estimate
environmental parameters from the EGF. Equation 5.1 expresses the relationship between
wave coherence and the two EGFs. 〈C12(τ)〉 is the expectation of the cross-correlation
between sensors 1 and 2. Ĝ12(τ) is the EGF characterizing acoustic propagation from location
1 to 2. D(τ) is a band-limited impulse function that represents sound source illumination.
D(τ) is a function of sound source statistics and if the sound sources are delta correlated in
time and space, then D(τ) is the auto-correlation of the sound source random process.〈

dC12(τ)

dτ

〉
= D(τ) ∗

[
Ĝ12(τ)− Ĝ21(−τ)

]
(5.1)

In the ocean, ambient noise interferometry has been experimentally demonstrated to es-
timate the Green’s function for a diverse set of environments and illuminating sound sources
[116, 10, 40, 12, 173, 73, 110]. Estimating oceanographic variables with ambient noise in-
terferometry requires the accurate estimation of the Green’s function between the sensors
and also solving the inverse estimation problem that can estimate environmental parameters
from acoustic features. Ambient noise interferometry has been used for several applications
in acoustic oceanography. In shallow water environments, acoustic mode shapes [177, 13],
bottom properties [145, 142, 143], sound speed [73], and flow velocity [49] have been esti-
mated. In the deep ocean, long-range acoustic propagation in the sound channel has been
used to estimated changes in water temperature along the sound channel [172].

In this work, we use the cross-correlations of eight years of ambient sound data, recorded
by the Ocean Observatories Initiative (OOI) [100, 101], to reliably observe sub-seasonal
fluctuations in acoustic arrival times of the surface reflected path at a spatial scale of ∼
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3 km. These arrival time fluctuations can then be used to estimate depth-averaged water
temperature. The passive acoustic estimates of depth-averaged water temperature are shown
to be consistent with ocean model outputs and ARGO float data.

5.2 Estimating Empirical Green’s function from ambient noise

This chapter utilizes the Central and Eastern Caldera hydrophones that are part of the OOI
cabled array. The two hydrophones are bottom mounted at depths of 1519 m and 1511 m,
are separated by 3.186 km, and have a sampling rate of 200 Hz. Information about the
sensor responses can be found on the IRIS website[100, 101]. For this chaper, we consider
the ambient sound data recorded from 2015 through 2022. Figure 5.1(a) shows a map of the
hydrophones, located in the caldera of the Axial Seamount volcano, which is approximately
270 km off the west coast of Oregon.

It has previously been shown that, due to the small sensor separation relative to the depth
of the water column, ray-based methods provide relevant context to acoustic propagation for
this environment [110, 108]. The first three acoustic rays are shown in figure 5.1(b), which
are simulated with Bellhop [105] using a sound-speed profile computed from HYCOM. Figure
5.1(c) shows a single complex envelope of a, 601 h cross-correlation calculated from ambient
sound and the simulated time-domain Green’s function using a HYCOM sound speed profile.
The time-domain Greene’s function is simulated with the method of normal modes. For more
information about the acoustic simulations used in this work, see section 5.3.1.

The ambient soundscape at these hydrophones is dominated by wind, shipping, and fin-
whale vocalizations [111]. It has been experimentally demonstrated that the sound sources
that contribute to the multi-path empirical Green’s function arrivals are local surface sources
[107]. Because of this, the dominant illuminating sound source is likely local surface wind
noise, which at the spatial scale of the hydrophone array will result in diffuse surface illumi-
nation. This means that there should be no arrival time bias between the empirical Green’s
function and the actual Greene’s function [120, 43]. Spectral content of wind generated noise
has previously been studied [78]. The cross-correlations of ambient sound for these specific
hydrophones have previously been demonstrated to consistently converge to the empirical
Green’s function between the hydrophones over six years of studied ambient sound [110].
These passive estimates of the Green’s function have multiple acoustic arrivals that corre-
spond to multi-path propagation through the water column. Direct path peaks can be seen
at ± 2.1 s. There may also be peaks between ± 2.1 s that correspond to acoustic propagation
through the seafloor.

For this chapter, we estimate the arrival times of the single surface reflection path using a
601 hour of average (∼ 25 days). These estimated arrival times are accurate enough to sense
the small, seasonal fluctuations in the averaged acoustic arrival time. We focus on the arrival
time of the single surface reflected acoustic arrival at about 3 s (Fig 5.1(b)). This arrival has
the highest SNR and traverses the entire water column. Therefore, the time of this arrival
represents an observation of the integrated sound speed along the ray path. Fluctuations in
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the integrated sound speed are almost completely linearly related to local fluctuations in the
depth-averaged water temperature [93, 173].
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Figure 5.1: (a) Map of axial seamount volcano and hydrophone placement. The hydrophones
are separated by 3.186 km, and bottom mounted at depths of 1519 m and 1511 m. Bathy-
metric data from [19] (b) The first three simulated acoustic eigenrays that connect the two,
bottom mounted hydrophones. The dark gray represents the seafloor and the light gray
represents the water column. (c) Simulated time-domain Green’s function (black) using the
sound speed from July 1, 2017 and the EGF (blue), estimated from 601 h of ambient sound
cross-correlations from July 1, 2017 to July 25, 2017.

The acoustic data from both hydrophones is pre-processed and the 601-hour average cross-
correlation is computed throughout the eight years of data analyzed. For an averaging time of
601 hours, the effects of tides on the arrival times is negligible. The surface reflection arrival
time is estimated from both the lag and lead time in the ambient sound cross-correlation,
estimating the acoustic propagation in both directions. The peak location is estimated using
a window of 1 second around the expected peak arrival time. Given the two independent
observations of acoustic arrival time, the maximally likely arrival time is computed, assuming
no current.

5.2.1 Signal processing methods

Since the ambient sound field is not perfectly diffuse and spurious loud events, such as single
fin whale calls, can corrupt the correlations’ emergence to the empirical Green’s function,
several processing steps are used to improve the convergence to the EGF. The processing
steps for estimating the cross-correlation are similar to those used in [110]. A diagram of
the signal processing steps used to compute the noise cross-correlation function (NCCF) and
estimate acoustic arrival times is shown in figure 5.2.
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The uncalibrated ambient sound data from both hydrophones is filtered between 1 - 90 Hz
using a fourth order, zero-phase, Butterworth filter. Then the data is clipped to ± 3 standard
deviations for a given hour of ambient sound data. The data is then frequency whitened by
replacing the magnitude of the signal in the frequency domain with the magnitude response
of the same Butterworth filter used previously (retaining only the phase information). These
preprocessed signals from each hydrophone are then cross-correlated in the time domain
and stacked to a one-hour average noise cross-correlation function (NCCF). To remove high-
energy, coherent sound from non-diffuse sound sources, 1 hour NCCFs that have a total
signal energy greater than 3.4 standard deviations of the ensemble are removed. The outlier
threshold was hand tuned to give the most robust estimate of the arrival time over the 8
years of data analyzed. The one hour NCCFs are then averaged to 601 hours. The time
derivative of the NCCF is numerically computed by using numpy gradient [56], which uses
the second order accurate central differences to estimate the derivative.

Each NCCF that converges to the EGF has two different peaks corresponding to the
surface reflection acoustic path. These two arrival times characterize acoustic propagation
in both directions. These arrival times will differ if there is a current along the acoustic path
[67]. For the time scales we are considering (601 h), we assume that differential changes in
arrival time due to currents will be negligible. The lag and lead, surface-reflection arrival
times are estimated by taking a 1-second window around the expected time of the arrival,
and using quadratic peak interpolation [136] on the magnitude of the analytical signal. The
standard deviation of the lag and lead arrival times is estimated using equation 5.2 [93,
p. 197].

στ = [(∆ωrms)× SNR]−1 (5.2)

The SNR of the peak is estimated with equation 5.3, where C12(τ) is the estimated cross-
correlation between the sensors, and C12([τn1 τn2]) is a slice of the cross-correlation containing
no EGF peaks. For this specific geometry, the noise slice is taken from -1 to 1 second.

SNR =
C12(τpeak)

std(C12([τn1 τn2])
(5.3)

The signal rms bandwidth, ∆ωrms, is estimated for each cross-correlation peak with equa-
tions 5.4 - 5.6, where S12(ω) is the power spectra given by S12(f) = |F {C12(τ)} |2, and F {·}
denotes the Fourier transform [93, p. 186].

(∆ωrms)
2 = ω2 − ω2 (5.4)

ω ≡
∑

i ωi × |S12(ωi)|dω∑
i |S12(ωi)|

(5.5)

ω2 ≡
∑

i ω
2
i × |S12(ωi)|dω∑
i |S12(ωi)|

(5.6)
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Figure 5.2: Signal processing block diagram for computing the cross-correlation of ambient
noise and estimated the arrival time of the surface reflection acoustic path

Assuming that current is negligible, the lag and lead estimates of the acoustic arrival time
represent two independent observations of the acoustic arrival time. In the following section,
we derive an estimator that gives the maximally likely value of the arrival time given two
independent observations, with given standard deviations, of the arrival time. A diagram of
the problem is shown in figure 5.3. In figure 5.3, the orange and blue curves represent the
probability distribution of the two arrival time estimates. The black dashed line represents
the new distribution for arrival time given the two observations.

The estimated lag arrival time can be modelled as a Gaussian random variable with mean
τ1 and standard deviation σ1. The estimated lead arrival time can be modelled as a single
observation of a Gaussian random variable with mean τ2 and standard deviation σ2. The
individual probability distribution functions are given in equations 5.7 and 5.8

fτ1 ∼ N (τ1, σ1) =
1√

2πσ1
e
−(τ−τ1)

2

2σ21 (5.7)

fτ2 ∼ N (τ2, σ2) =
1√

2πσ2
e
−(τ−τ2)

2

2σ22 (5.8)

Given a single observation τ1 and τ2, the log-likelihood function of the arrival time, is
L = ln (fτ1 × fτ2), and is given in equation 5.9. The maximally likely value of τ can be solved
by maximizing equation 5.9. Since L is concave, the maximum is equal to when ∂L

∂τ
= 0,

which gives the equation for the maximally likely arrival time in equation 5.10

L(τ, τ1, τ2, σ1, σ2) = log

e− (−τ+τ1)
2

2σ21

√
2πσ1

+ log

e− (−τ+τ2)
2

2σ22

√
2πσ2

 (5.9)
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Figure 5.3: Diagram of the maximum likelihood estimator. The blue distribution represents
the possible values that the lag arrival time could be, and the orange distribution represents
the possible values that the lead arrival time could be. When the information from both
observations is combined, you get the distribution represented by the black dashed line. The
Gaussian distributions are represented with the notation ∼ N (µ, σ), where µ is the mean
and σ is the standard deviation. For τ1 and τ2, the mean is given in seconds and the standard
deviation is given in milliseconds.

τ ∗ =
σ2
1τ2 + σ2

2τ1
σ2
1 + σ2

2

(5.10)

The fisher information of the maximum likelihood estimate is given by equation 5.11

I = −E
[
∂2L(τ, τ1, τ2, σ1, σ2)

∂τ 2

]
=

1

σ1
+

1

σ2
(5.11)

From the Cramér–Rao bound, the lower bound on the variance of the estimator is given
by the inverse of the Fisher information. Since these are Gaussian processes, the variance of
the estimator is therefore given by the inverse of the Fisher information [71, p. 419]. So the
standard-deviation of the arrival time estimate is given in equation 5.12.

σ∗τ =

√
1

I
=

σ1σ2√
σ2
1 + σ2

2

(5.12)
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5.3 Comparing estimated acoustic arrivals to simulation

5.3.1 Simulation methods

Acoustic propagation between the two hydrophones is simulated using the method of normal
modes [67] and is calculated with KRAKEN [104]. The environment is simplified to be range
independent, with the two hydrophones located at the same depth. The ocean depth is set
to 1525 m, and the two hydrophones are placed at 1524 m, and separated by 3.186 km.
The Green’s function is simulated for frequency bins corresponding to a sequence 30 seconds
long, sampled at 200 Hz in the time domain. The resulting time-domain Green’s function
is filtered between 1-90 Hz. The arrival time is estimated with quadratic peak interpolation
[136] of the analytical signal magnitude. To simulate the effect of temperature and salinity
changes in the water column, the 1-day average sound speed profile was calculated from
HYCOM temperature and salinity data at (45.944335 -129.990713), which is 325 m from
the midpoint between the two hydrophones. Figure 5.4(a) shows the daily surface-reflected
arrival time simulated with HYCOM sound speeds and the method of normal modes.

The two hydrophones are located in the caldera of an active volcano, that inflates and
deflates with eruptions [20, 99]. To simulate the effect of depth changes, the time-domain
Green’s function was simulated for depth changes of 1 to 5 meters for each hydrophone and
a fixed sound speed. The arrivals times from this simulation are shown in 5.4(b). Since the
changes to depth are small relative to the hydrophone separation and ocean depth, the effect
of depth changes is linear. A linear regression model is fit to the simulated changes in arrival
time with an R2 score of 0.9956. This allows for the individual pressure measurements from
each sensor to be used to characterize the change in arrival time due to changes in depth
for the two hydrophones. Pressure sensors that are collocated with the hydrophones are
used to measure the depth of the two hydrophones [102, 103]. These depth measurements
are shown in figure 5.4(c). The simulated surface-reflection arrival time is updated using
the linear model. The 601-hour average, simulated arrival time with and without the depth
adjustment is shown in 5.4(d). The simulated arrival times used in the main text include
the depth adjustment.

5.3.2 Estimated acoustic propagation

The single surface-reflection acoustic arrival time is estimated with ambient sound and com-
pared to simulated acoustic arrival times. The simulated acoustic arrival times use daily
sound speed information from the HYCOM ocean mode [66]. The simulated arrival times
are then re-averaged to 601 hours to match the estimated arrival times from ambient sound.
Figure 5.5(a) shows the empirical probability density of the difference between the simulated
acoustic arrival and the estimated acoustic arrival, and a Gaussian distribution fit to the
data to minimize least squares. There is a constant offset of 3.63 ms, which corresponds
to an acoustic path length difference of 5.4 m. This discrepancy is likely due to imperfect
knowledge of the hydrophone geometries. Figure 5.5(b) shows the surface reflection arrival
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Figure 5.4: (a)Daily surface-reflected arrival time simulated with the method of normal
modes. (b) Changes in surface reflection arrival time due to changing depths of the two
sensors. (c) 601 hour averaged depth of the two sensors, measured by colocated pressure
sensors. (d) 601 hour surface reflected arrival time with and without depth adjustment.

time estimated from ambient sound and the simulated arrival time from 2015 to 2023. The
constant offset of 3.63 ms is removed from the simulated data. The color shading represents
the standard deviation of the measurement, estimated from the signal-to-noise ratio, sig-
nal bandwidth, and maximum likelihood estimator (see section 5.2.1 for more information).
The estimated standard-deviation of the arrival time estimate considers the estimation of
the arrival time in noise, but does not include any considerations to arrival time offsets due
to non-diffuse sound source distributions. The root-mean-squared difference, between the
simulated and estimated acoustic arrival time is 1.06 ms.

The simulated and estimated acoustic arrival times are highly consistent, with the stan-
dard deviation of the difference, (figure 5.5(a)), being 1 ms. In 2015, there is a faster arrival
(corresponding to a warmer water column), in both the simulated and estimated arrival
times. This is consistent with the 2015 north-east pacific marine heat wave [32, 60]. Addi-
tionally, the decreased arrival time fluctuations between 2019-2021 seem to be represented
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Figure 5.5: (a) distribution of the difference between passive arrival time estimates from
ambient sound and simulated arrival times using HYCOM and the method of Normal Modes.
(b) Arrival times estimated from ambient sound (blue) and simulated with the HYCOM
ocean model (black) with the constant offset removed. Shading in the estimated arrival time
represents the standard deviation of the estimate.

by both HYCOM and the passive estimate of the acoustic arrival time. There are also times
when the simulated and estimated arrivals are not consistent. In the second half of 2017,
the HYCOM arrival time and passive acoustic arrival diverge, and between 2021 and 2023,
there seems to be more fluctuation in the passively estimated arrival time than in HYCOM.
Since we don’t have a perfect ground truth measurement of the ocean state, it is impossible
to know if these discrepancies are due to errors in HYCOM, errors in the passive estimate
of the acoustic arrival time, or both.

5.4 Passive acoustic thermometry

Changes in the surface reflection arrival time correspond to an observation of changes in the
integrated sound speed along the acoustic ray path, which is almost entirely linearly driven
by water temperature [77]. As shown in figure 5.1(b), due to the small sensor separation
relative to the ocean depth, refraction of the acoustic rays is negligible. Because of this,
for this specific geometry, the integrated water temperature along the acoustic ray path is
equivalent to the depth-averaged water temperature.

We propose a linear inversion model that relates the change in surface reflection arrival
time to the change in the depth averaged water temperature. We use the acoustic simulation
described in appendix section 5.3.1 to design and evaluate this model. Figure 5.6(a) shows
the simulated surface reflection arrival times for daily HYCOM sound speed profiles plotted
against the depth-average water temperature. The red line shows the linear model that is fit
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to the data, which as an R2 score of 0.987, meaning that 98.7 % of the variance in arrival time
changes is driven by linear fluctuations in the depth averaged water temperature. To evaluate
the inversion model, the depth-averaged water temperature is estimated from the simulated
surface-reflected acoustic arrival time, and compared to the actual HYCOM depth-averaged
water temperature used to simulate the acoustic arrival time. This is shown in figure 5.6(b).

0.00250.0000 0.0025
 [ms]

0.4

0.2

0.0

0.2

0.4

0.6

T 
[°

C]

(a)

simulated arrival times
linear inverse model

2015
2016

2017
2018

2019
2020

2021
2022

2023

0.4

0.2

0.0

0.2

0.4
te

m
pe

ra
tu

re
(b) HYCOM average water column temperature

Linear inverse model

Figure 5.6: (a) simulated surface reflection arrival time fluctuation (x-axis) plotted against
the depth-averaged water temperature fluctuation (y-axis).The simulated data is shown in
black, and the proposed linear inverse model, fit to the data, is shown with the dashed
red line. (b) depth-averaged water temperature from HYCOM (blue) and the estimated
depth-averaged water temperature, estimated from the simulated acoustic arrival time and
proposed linear inverse model (orange)

Figure 5.7(a) shows the depth-averaged water temperature estimated from the ambient
sound field, the depth-averaged water temperature from HYCOM, and the depth-averaged
water temperatures measured by ARGO floats when one is near the hydrophones. Figures
5.7(b)-(d) show three different zoomed in sections of the time series. The estimates of the
depth-averaged water temperature from ambient sound represent a 601-hour average of the
water column temperature (corresponding to the integration time required for the EGF to
emerge from the cross-correlations). The HYCOM depth-averaged water temperature is also
averaged to 601 hours. Because of the sparse nature of the ARGO data, these measurements
are not averaged in time. The RMS difference between the passive acoustic estimate of
depth-averaged water temperature and the ARGO float measurements is 0.086 °C. The RMS
difference between the ambient sound estimate and ARGO measurements is estimated for
the times that an ARGO float is nearby. The RMS difference between the passive acoustic
estimate of depth-averaged water temperature and the HYCOM water temperature is 0.13 °C.
The RMS difference between HYCOM water temperature and the ambient sound estimate
is calculated using the full eight years of data. The RMS difference between the ARGO data
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(which is assimilated into HYCOM), and the HYCOM data is 0.053 °C. Interestingly, in
figure 5.7(b) and 5.7(c), the ARGO measurement seems to follow HYCOM more closely, but
in figure 5.7(d) the ARGO measurement seems to follow the ambient sound estimate more
closely.

Figure 5.7: Depth-averaged water temperature estimated from ambient sound (blue), HY-
COM (black), and measured by ARGO floats (red). The shading of the ambient sound
estimate in blue indicates the standard deviation of the estimate in degrees Celsius. The
shading of the ARGO temperature data in red indicates the distance of the ARGO float
profile measurement from the midpoint of the hydrophones. (a) Shows the depth-averaged
temperature from 2015-2023. (b)-(d) show zoomed in sections of the time-series when ARGO
data is present.

The averaging time used for the passive acoustic water temperature estimation is 601 h,
or about 25 days. This was chosen to resolve timescales approximately on the order of 1
month. Figure 5.8 shows the accuracy of arrival time and depth-averaged water temperature
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as a function of averaging time. This indicates this method could reliably resolve timescales
on the order of 150 h, depending on the desired accuracy.
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Figure 5.8: Standard deviation of the estimate of depth-averaged temperature (left axis) and
surface reflection arrival time (right axis) estimated from ambient sound at different average
times. The solid black line represents the 50th percentile of the standard deviation for the 8
years of arrival times. The shaded region represents the 10th and 90th percentiles.

5.5 Conclusion

In this work we have demonstrated the feasibility of using ambient sound and bottom
mounted hydrophones to observe changes in depth-averaged deep ocean water temperature,
using surface reflected acoustic paths between closely spaced (∼ 3 km), bottom-mounted hy-
drophones. We are able to estimate the acoustic travel time with high accuracy (∼ 1 ms)
and can resolve sub-seasonal changes in the water column. Additionally, our estimates are
consistent with the HYCOM ocean model and ARGO measurements. The RMS difference
between ARGO measurements and the passive acoustic estimates of water column tempera-
ture are 0.086 °C, and the RMS difference between the HYCOM ocean model and the passive
acoustic estimates of water column temperature are 0.13 °C. With the demonstration that
this is feasible, further experimental work is needed to better evaluate the accuracy and ro-
bustness of ambient noise interferometry for local, deep ocean acoustic thermometry. Passive
acoustic based observations are a complimentary method of observing the ocean to in-situ
based measurements such as ARGO floats. Passive acoustic measurements of local, deep
ocean temperature, such as those presented in this work, have less accuracy than ARGO
measurements, but have a significantly higher time resolution and represent measurements
for a fixed sensing configuration. These measurements could eventually be used alongside in-
situ measurements for data assimilation into global ocean models such as HYCOM, notably
in areas not well sampled by ARGO floats such as coastal or polar regions.
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There are several areas of further investigation that present the possibility of increasing
the accuracy and robustness of this technique for measuring deep ocean temperature. The
work presented here uses a single pair of hydrophones, but by using arrays of hydrophones,
it is possible to significantly increase the accuracy of the measurements and reduce the
integration time required for the emergence of the EGF [173, 38, 94]. It has also recently
been shown that vector acoustic sensors can dramatically decrease the averaging time needed
for accurate estimates [95]. Additionally, further work in developing processing algorithms
that selectively filter diffuse sound [144, 84, 74], could increase accuracy, decrease averaging
time, and provide more accurate error bounds on oceanographic variable estimates.

Ambient sound has been named an essential ocean variable [150, 149], and there is in-
creased interest and support to increase the global coverage of passive acoustic monitoring
(PAM) of the ocean. With further developments in ambient noise interferometry, this tech-
nique could be leveraged with existing and proposed cabled ocean observatories and the
proposed SMART cable sensors [63, 118] to measure oceanographic variables, which would
increase the spatial and temporal density of deep ocean observations. Using the technique
of ambient noise interferometry with existing and future PAM arrays would allow for the
simultaneous measurement of acoustic soundscapes, critical to understanding anthropogenic
sound and biology such as marine mammals, and oceanographic variables such as seawater
temperature, critical to our ability to understand and appropriately react to the changing
climate.
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Chapter 6

OCEAN BASIN ACOUSTIC RECEPTIONS WITH THE
KAUAI BEACON AND OOI HYDROPHONES

Abstract

Acoustic receptions from the Kauai Beacon (KB), measured by the open-access Ocean Ob-
servatories Initiative (OOI) hydrophones are explored in this work. The OOI cabled ocean
observatory has 11 hydrophones that record the ambient sound scape and have the potential
to be used along with ocean basin acoustic transmissions to measure ocean basin acoustic
propagation, which can be used to infer information about oceanographic variables, such as
deep ocean temperature. The acoustic arrivals at all of the OOI hydrophone locations are
simulated and compared to the receptions over the first year of regular Kauai Beacon trans-
missions, from March of 2023 to March of 2024. The coherence of specific acoustic arrivals
is presented over the course of a single transmission and a single day. Lastly, a discussion of
the potential use of the KB with OOI hydrophones is discussed.

6.1 Introduction

The Kauai Beacon (KB) is a source off the coast of Kauai that transmits a maximum length
sequence (MLS) encoded signal. Previous work has demonstrated that ocean basin acous-
tic transmissions can be used to observe ocean basin temperature and other oceanographic
variables [34, 26, 36, 174]. With the KB transmitting a 20 min signal every four hours every
fourth day, it stands to serve as a data of opportunity for any passive acoustic monitoring
infrastructure located within acoustic paths from the source. In this chapter, positive recep-
tions of the KB by Ocean Observatories Initiative (OOI) hydrophones are analyzed for the
first year of transmissions. The vertical structure of simulated acoustic arrivals for various
OOI hydrophone locations is studied, and positive receptions are compared to simulated ar-
rivals for the first year of operation. Lastly, the coherence of specific acoustic arrivals during
a 20 min transmission and throughout a day is discussed.

Much of the previous work exploring ocean basin acoustic propagation and its utility to-
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Table 6.1: Table of OOI hydrophone depths, great circle distance from the Kauai beacon,
simulated transmission loss, and if a positive reception is seen in the data. The transmission
loss is averaged over the bandwidth of the beacon (37.5 - 112.5 Hz). The type of hydrophone
indicates if it samples at 64 kHz (BB) or 200 Hz (LF).

hydrophone abbreviation depth (m) range (km) type TL [dB] reception
Central Caldera AXCC1 1527 3739.6 LF 105.39 yes
Axial Base AXBA1 2608 3748.6 LF 107.79 yes
Eastern Caldera AXEC2 1518 3740.9 LF 104.75 yes
Southern Hydrate HYS14 774 3988.4 LF 102.28 yes
Oregon Slope Base HYSB1 2907 3967.2 LF 108.50 no
Axial Base LJ03A 2598 3747.2 BB 107.79 yes
Axial Base (200m) PC03A 190 3747.2 BB 105.53 yes
Oregon Offshore LJ01C 582 3992.2 BB 103.09 yes
Oregon Shelf LJ01D 81 4051.5 BB 102.41 no
Oregon Slope Base LJ01A 2888 3968.6 BB 108.45 no
Oregon Slope Base (200m) PC01A 195 3968.6 BB 106.18 yes

wards ocean acoustic thermometry has made use of large hydrophone arrays (either vertical
or or horizontal line arrays) [175, 24, 36, 34]. In this chapter, I focus on single hydrophone
observations. Using single hydrophones reduces the possible processing gain and subse-
quently the signal-to-noise ratio of receptions. Additionally, any spatial information about
the reception, such as depth structure or arrival angle is lost. However, single hydrophone
observations significantly reduce the complexity of the hardware required for receptions, and
could allow for a vast network of acoustic receivers, which could contribute larger spatial
sampling of the environment.

6.2 Ocean Observatory Initiative Hydrophones

The Ocean Observatories Initiative (OOI) has eleven cabled hydrophones that are continu-
ously measuring the ambient soundscape. The top panel of figure 6.1 shows the locations of
the 11 hydrophones and the abbreviations used within this chapter. The lower panel of figure
6.1 shows the transmission loss from the Kauai Beacon to the central caldera hydrophone,
which is 3739 km from the KB source. For more information on the acoustic modelling meth-
ods, see section 6.3.2. Table 6.1 gives the hydrophone names, depths, simulated transmission
loss, and whether there are positive receptions of KB for every OOI hydrophone.
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Figure 6.1: (a) Map of OOI hydrophones, in relation to the Kauai Beacon. (b) Simulated
transmission loss from the Kauai beacon to the central caldera hydrophone, simulated with
the parabolic equation. Transmission losses for other OOI hydrophones have similar struc-
ture.

6.3 Methods

In the following sections, the signal processing and acoustic modelling methods used in the
following analysis are described.

6.3.1 Signal processing

For every transmission of the KB, two hours of ambient sound data is pulled from each of
the eleven OOI hydrophones. For broadband hydrophones, the acoustic data is decimated
to a sampling rate of 500 Hz. The data is then zero-meaned and clipped to ± 4 standard
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deviations for a specific 2-hour data segment. This helps remove large spurious events such as
colocated sensor noise or nearby fin whale vocalizations that might degrade the KB reception.
Then, each acoustic data stream is matched filtered with the MLS signal replica, and the
data is converted to an analytical signal using the Hilbert transform.

An approximate absolute arrival time, (T0), is estimated using the integrated, range-
dependant group-velocity, which is solved for using the method of normal modes, and sound
speed profiles from WOA climate temperature and salinity profiles [77, 112]. For section 6.5,
all the complex, match filtered, 27.28 s data segments between T0 and T0 + 1200s (20 min)
are averaged together, to create a single 20 min average reception. For section 6.6, a moving
average of 5, 27.28 s segments is used.

For a specific reception, peaks are estimated from the data using the complex envelope of
the signal and a simple peak fitting algorithm∗ that looks for local maxima. The signal-to-
noise ratio of the peak is estimated with equation 6.1, where p̃(t) is the Hilbert transform of
the match filtered and circular stacked reception, p̃noise(t) is a 5 s slice of p̃(t) containing no
receptions, and rms is the root-mean-squared value. The noise slice region for each location
is hand chosen to not include the reception.

SNR =
|p̃(Tpeak)|

rms(p̃noise(t))
(6.1)

6.3.2 Acoustic simulation

The acoustic simulations in this chapter were computed using the parabolic equation (PE)
method [22], which is numerically simulated with a modified version of RAM†. The bathymetry
data used is from GEBCO 2023 and the sound speed data is computed from the WOA 2023
climate model. The acoustic arrivals were simulated using PE and Fourier synthesis. The
time domain arrivals were simulated with a time width of 10 s, a sampling rate of 300 Hz, and
a bandwidth between 37.5 - 112.5 Hz, which is the same bandwidth of the KB signal. The
PE runs were conducted with a range step of 10 m (∼ λ

2
), and a depth step of 2 m (∼ λ

10
).

The vertical structure is simulated using the WOA climate model, and the arrival dot plots
throughout the year are simulated using the WOA monthly profiles.

6.4 Simulated vertical arrival structure

In this section, the vertical structure of the acoustic arrivals for all the OOI hydrophone
locations is simulated, which provides a greater context to which parts of the acoustic basin
transmission are received by the different hydrophone locations and depths.

The arrival structure for long-range acoustic propagation in the deep ocean varies signifi-
cantly for the specific source, receiver geometry and environmental sound speed structure. In

∗see python function scipy signal findpeaks

†https://oalib-acoustics.org/models-and-software/parabolic-equation/

https://oalib-acoustics.org/models-and-software/parabolic-equation/
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general however, deep ocean receptions (where there is limited interaction with the bottom
for the receiver), the earliest arrivals will correspond to steeper angle (higher mode order)
propagation. The higher modes have a higher group velocity and include energy in shallower
waters, which will fluctuate more with seasonal temperature changes. The later arrivals
correspond to shallow angle receptions (lower mode order) propagation. This energy will,
in general, be less sensitive to seasonal temperature fluctuation than the shallower waters
sampled by the steeper angle propagation [175]. Of the 11 OOI hydrophones, only two are
moored within the water column (PC01A and PC03A). The rest of the hydrophones are bot-
tom mounted at various depths. This results in the acoustic receptions containing various
levels of bottom interaction at the receiver, which will complicate the structure of the arrival
pattern.

Figure 6.2 shows the simulated acoustic arrivals for the different OOI hydrophone loca-
tions. For a detailed description of how the acoustic arrivals were simulated, see section
6.3.2. The time axis of figure 6.2 is the circular time, which spans from 0 - 10 s and repeats.
The horizontal lines represent the depths of the OOI hydrophones.

The arrival structure for the Axial Base and Oregon Slope Base (figure 6.2(b)(c)) consist
of typical deep ocean receptions, with limited bottom interaction at the receiver. The central
caldera hydrophones, which are mounted at the top of the Axial Seamount at a depth of
∼ 1500 m, contain later receptions (after about 5 seconds), which are consistent with the
lower modes of long-range, deep ocean propagation. The receptions between 3 and 5 sec-
onds is characteristic of bottom interacting acoustic energy. The Oregon Offshore (LJ01C),
Oregon Shelf (LJ01D), and Southern Hydrate (HYS14) are located at various depths on the
continental shelf. The Oregon Offshore and Southern Hydrate locations are close in depth
to the sound speed minimum, and thus will receive the lower order modes, but also contain
significant interaction with the bottom at the receiver location.

The simulated arrivals in figure 6.2, are simulated using the WOA 2023 climate model,
which does not contain seasonal fluctuations in temperature or salinity. Additionally, the
simulation does not include perturbations in the sound speed due to internal tides. Internal
tides can have a significant effect on long-range, low-frequency acoustic propagation in the
ocean [23, 25]. Specifically, they can scatter acoustic energy between modes. This increases
the complexity of separating lower order modes and estimate the channel group velocities
because energy received in mode 1 receptions may have spent some time propagating in a
different mode [175]. Exploration of the effects of internal tides for OOI hydrophone locations
and how they might affect ocean basin tomography is left for future work.

6.5 Arrivals measured by OOI hydrophones

Figure 6.3 shows a dot plot of measured and simulated acoustic arrivals for all the OOI
hydrophones that have positive receptions. The simulated arrivals are computed with the
parabolic equation and Fourier synthesis (using a time width of 10 s). For more information
about the acoustic modelling, see section 6.3.2. The arrivals are simulated for each monthly
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Figure 6.2: (a)-(f) Simulated vertical arrival structure for OOI hydrophone locations. The
horizontal grey lines represent the depths of OOI hydrophones.

profile in WOA, and the associated dots are repeated 8 times a month, corresponding to
the number of days a month that the KB transmits. The size of each dot is proportional
to the signal-to-noise ratio for the measured receptions, and the reception amplitude for the
simulated arrivals. The SNR / amplitude scaling is adjusted for each figure so that the
receptions are visually the most clear. For each location, the y-axis corresponds to circular
time. Due to the MLS pulse compression, the circular time of the actual receptions repeats
every 27.28 s. The PE simulated arrivals repeat every 10 s. Except for the Southern Hydrate
(HYS14) location, the circular time scaling between the measured and simulated arrivals is
consistent. However, several of the simulated and measured acoustic arrivals have an offset
in circular time. This could be caused by differences between the actual ocean state and the
WOA climate model, or some other acoustic phenomena. Exploring these discrepancies is
left for future work.

All the positive receptions in figure 6.3 share the feature that the later arrivals in circular
time, corresponding to lower mode order acoustic propagation, consist of scattered energy,
where there is limited or no distinct peaks over the course of the year of receptions. However,
several of the hydrophone locations are able to distinguish consistent acoustic paths that are
present in some or all of the first year of transmissions. These peaks can be found for
the central and eastern caldera hydrophone between 2.5 and 4 seconds, between 21 and 23
seconds for the slope base (200m) location and between 7.5 and 9 seconds for the axial base
(200m) location. The axial base (lf) hydrophone is bottom mounted and is behind the Axial
Seamount relative to the Kauai Beacon. Even though the received acoustic energy is less at
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the Axial Seamount bottom mounted hydrophones, the ambient sound levels are also quieter
(see chapter 2), which makes the reception possible. Between June and December, there
was an issue with the OOI broadband hydrophone data, which made this data partially or
completely unusable. It is not completely known if the decrease in reception SNR at the two
200m moored hydrophones after December 2023 is due to a physical decrease in SNR, or a
corruption of the OOI data. The Southern Hydrate hydrophone consistently gets a high SNR
reception, but a clock drift issue can clearly be seen in figure 6.3(g). If this hardware issue
could be resolved, the Southern Hydrate hydrophone could also be utilized for receptions of
the Kauai Beacon.

The consistent acoustic arrivals that are visible in figure 6.3(a)(b)(e)(f) have the potential
to be used for conventional acoustic tomography methods, such as those previously used in
the northeast Pacific [35]. Even though the later arrivals consist of scattered acoustic energy,
where separating individual modes is obscured by scattering caused by internal tides [175],
they do still carry information about the ocean basin. In future work the full arrival struc-
ture (including scattered regions) could potentially be used along with statistical estimation
techniques to invert for information about the ocean basin.

6.6 Coherence time of specific arrivals

In section 6.5, 20 min average receptions of the KB are considered over the course of the
first year of KB operation. In this section, the reception variability over the course of a
single transmission and day is explored. Figure 6.4 shows the receptions by the Oregon
Offshore hydrophone for two separate days (4/23/2023, and 5/1/2023). Each dot represents
a reception with 2.3 min of averaging (5 MLS lengths). The different rows represent the
different transmissions throughout the day and the color of the dots represents the SNR of
the reception.

Over the course of a 20 min transmission, some acoustic arrivals are coherent during the
full reception and some come into or out of coherence. Additionally, for a coherent arrival, the
arrival time fluctuates throughout the 20 min. Since both the KB and the LJ01C hydrophone
are bottom mounted, the fluctuations in arrival time are caused by a change in integrated
sound speed during the 20 min transmission.

Additionally, the locations of strong SNR acoustic arrivals are not consistent between
adjacent receptions (separated by 4 hours). As shown in figure 6.3, some OOI hydrophones
do see some consistent arrivals throughout the year (most clear at the Central and Eastern
Caldera hydrophones). But, even at these locations, most of the receptions appear stochastic
within the reception window of several seconds. This is consistent with previous experimental
results, and simulated acoustic propagation [36, 175].

One of the unique aspects of ocean basin acoustic tomography is its ability to measure
vast spatial scales with high time resolution. Better understanding the small time scale
fluctuations of acoustic arrivals due to internal tides or other mechanism is a promising area
of future exploration.
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6.7 Conclusion

After an approximate 20-year hiatus, the Kauai Beacon has begun regularly transmitting a
thermometry signal once again. Since 2005, there has been a significant increase in open-
access, passive acoustic monitoring infrastructure such as OOI, Ocean Networks Canada‡,
and CTBTO hydrophones§. Existing and future PAM infrastructure can be leveraged along-
side the KB to further our understanding of long-range acoustic propagation and be used to
make integrated ocean basin temperature observations. In this chapter, a year of receptions
by OOI hydrophones is presented and compared to simulated receptions.

Receptions are simulated as a function of depth and time to better understand how
the depths of the OOI hydrophones sample the arrival structure. Consistent receptions of
the KB are observed by 8 of the 11 OOI hydrophones, over the first year of transmissions.
Coherent arrivals, which correspond to the simulated arrival structure can be seen in the
Eastern Caldera, Central Caldera, Slope Base (200m), and Axial Base (200 m) hydrophones.
Lastly, the coherence of individual acoustic paths over the course of a 20 min transmission
and across a single day are presented. For the timescale of 20 min, acoustic arrivals show
clear coherence. At time scales of 4 hours to 1 days, the vast majority of single peak arrivals
are not coherent. However, some paths are coherent on longer timescales (up to 1 year and
longer) as seen in figure 6.3. This work lays the necessary foundational analysis to use the
KB as a source of opportunity along with OOI hydrophones to further study long-range
acoustic propagation and its utility towards estimating oceanographic variables such as deep
ocean temperature.

‡https://www.oceannetworks.ca/

§https://www.ctbto.org/our-work/monitoring-technologies/hydroacoustic-monitoring

https://www.oceannetworks.ca/
https://www.ctbto.org/our-work/monitoring-technologies/hydroacoustic-monitoring
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Figure 6.3: Receptions of the Kauai Beacon by OOI hydrophones over the first year (March
2023 to March 2024) of regular transmissions. Each panel represents a different hydrophone
location. The left sub-panel shows the receptions measured by the hydrophones and the
right sub-panel shows the monthly simulated arrival pattern (simulated with PE). (a)(b)(c)
and (g) are low frequency (sampling rate of 200 Hz) hydrophones. (d)(e)(f) are broadband
(sampling rate of 64 kHz) hydrophones.
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Figure 6.4: High time resolution receptions over a single day at the Oregon Offshore hy-
drophone location.
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Chapter 7

CONCLUSION

Annual human energy consumption is currently at about 10 % of energy captured by
land photosynthesis, which is already a humbling percentage. But projecting into the future,
various models of human energy consumption including continued exponential growth and
more efficient uses of energy all eclipse the total energy captured by land photosynthesis
within this century [2]. Energy use is not necessarily bad, in so far as it will go towards
lifting the quality of life for billions of humans. But, at human energy consumption scales
similar to global photosynthesis, the system will be heavily determined by decisions that
we make as a human civilization.∗ To make these decisions responsibly, we need a global
network of system observations that can resolve every spatial scale,† and a critical piece to
this infrastructure will be a global ocean observing system. A global ocean observing system
will provide invaluable data to better inform our models of how ocean processes work, and
will also provide direct observations of the ocean as it inevitably changes. The increased
understanding of ocean processes and direct observations of the changing ocean state will
serve to inform our decisions related to being resilient to climate change, and a well managed
future for human civilization.

With their potential to economically scale, and the complementary integrated nature of
their measurements, acoustic based methods of observing the ocean should play a critical
role in the total ocean observing system [37, 65]. In this work, continued progress in two
different methods for measuring acoustic propagation, both of which utilize existing passive
acoustic monitoring infrastructure, is presented. In Chapter 2, a preliminary analysis of the
ambient sound statistics is reported, which informs all subsequent Chapters. Additionally,
the statistical analysis in Chapter 2 serves to inform other fields such as understanding
human contributions to underwater sound and acoustically monitoring marine mammals.

∗For further discussion around this topic see [2], a video of which is available online https://www.

youtube.com/watch?v=OaDzggJw3Ac&t=2388s&ab_channel=ArielAnbar. The section of the lecture related
to this discussion begins at 35:35, however the entire lecture is worth watching.

†Such a system, and plans to implement it are envisioned by the as the Global Climate Observing System
(GCOS). https://gcos.wmo.int/en/home

https://www.youtube.com/watch?v=OaDzggJw3Ac&t=2388s&ab_channel=ArielAnbar
https://www.youtube.com/watch?v=OaDzggJw3Ac&t=2388s&ab_channel=ArielAnbar
https://gcos.wmo.int/en/home
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Ambient noise interferometry utilizes diffuse ambient sound to passively illuminate acous-
tic propagation between two sensors. In this work, two hydrophones separated by 3.2 km and
bottom mounted at a depth of 1500 m are used with this technique. In Chapter 3, the cross-
correlations of the ambient sound are shown to consistently converge to an estimate of the
empirical Green’s function between the hydrophones, which contain multi-path propagation
peaks. This was the first time that deep ocean, multi-path peaks had been observed with the
technique of ambient noise interferometry. The emergence of the empirical Green’s function
with averaging time and the long-term trends in signal-to-noise ratio were also quantified. In
Chapter 4, a seismic reflection survey is used as a data of opportunity to show that the steep
angle propagation paths seen in Chapter 3 are illuminated by local surface sources, which
indicates that the most likely source mechanism used to illuminate the acoustic propagation
is surface generated wind noise. Chapter 5 estimates the acoustic arrival time for the single
surface reflection path and uses the estimated acoustic propagation time to invert for depth-
averaged water temperature with an RMS difference of 0.13 °C compared to the HYCOM
ocean model. Averaging times on the order of one month were used and seasonal fluctua-
tions in depth averaged water temperature were clearly resolved. I also demonstrated that
averaging times as small as 100 hours could resolve acoustic arrival times with an accuracy
of approximately 1.5 ms, corresponding to depth averaged ocean temperature accuracy of
0.2 °C. Within this work, ambient noise interferometry has been shown to be capable of mea-
suring internal ocean temperature, but it also has other applications such as self localization
and estimating currents.

In Chapter 6, the use of single, bottom mounted hydrophones to receive ocean basin
acoustic transmissions from the Kauai Beacon (KB) is demonstrated to be feasible, with
consistent arrivals being demonstrated over the first year of KB operation. These arrivals are
compared to simulated acoustic arrivals, and agree. The quantifying of the arrival structure
and documenting of the arrivals for various hydrophone geometries is a necessary first step
in using this data of opportunity for ocean acoustic thermometry. It can also serve to further
our understanding of long-range acoustic propagation in the ocean, and developing acoustic
based localization methods analogous to an underwater GPS.

Both ambient sound cross-correlations and ocean basin acoustic receptions leverage exist-
ing passive acoustic monitoring infrastructure. These techniques, along with seismic ocean
thermometry [16, 176], stand to be promising methods to contribute to observations of deep
ocean temperature, or other oceanographic variables. As passive acoustic monitoring infras-
tructure continues to expand with ocean observatories and future technologies like SMART
cables [64, 118], acoustic methods such as those presented within this work will have the
potential to globally observe the ocean acoustically.
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wavefields: An interdisciplinary review. Geophysics, 71:Soc Explorat Geophysicists,
July 2006.

[71] Alberto Leon-Garcia. Probability, Statistics, and Random Processes For Electrical
Engineering. Pearson Higher Ed, November 2011.

[72] Lisa Levin, B. Bett, Andrew Gates, Patrick Heimbach, Bruce Howe, Felix Janssen,
Andrea Mccurdy, Henry Ruhl, Paul Snelgrove, Karen Stocks, David Bailey, Simone
Baumann-Pickering, Chris Beaverson, Mark Benfield, David Booth, Marina Carreiro-
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[133] Ana Širović, Lauren N. Williams, Sara M. Kerosky, Sean M. Wiggins, and John A.
Hildebrand. Temporal separation of two fin whale call types across the eastern North
Pacific. Marine Biology, 160(1):47–57, January 2013.

[134] E. K. Skarsoulis and B. D. Cornuelle. Cross-correlation of shipping noise: Refrac-
tion and receiver-motion effects. The Journal of the Acoustical Society of America,
145(5):3003–3010, May 2019.

[135] E. K. Skarsoulis and B. D. Cornuelle. Cross-correlation sensitivity kernels with re-
spect to noise source distribution. The Journal of the Acoustical Society of America,
147(1):1–9, January 2020.

[136] Julius O. Smith. Spectral Audio Signal Processing. W3k Publishing, 2011.

[137] Roel Snieder. Extracting the Green’s function from the correlation of coda waves: A
derivation based on stationary phase. Physical Review E, 69(4):046610, April 2004.

[138] Dax C. Soule and William S. D. Wilcock. Fin whale tracks recorded by a seismic
network on the Juan de Fuca Ridge, Northeast Pacific Ocean. The Journal of the
Acoustical Society of America, 133(3):1751–1761, March 2013.

[139] Kathleen M. Stafford, Sharon L. Nieukirk, and Christopher G. Cox. Geographic and
seasonal variation of blue whale calls in the North Pacific. J. Cetacean Res. Manage.,
3(1):65–76, 2001.

[140] Tsu Wei Tan and Oleg A. Godin. Passive acoustic characterization of sub-seasonal
sound speed variations in a coastal ocean. The Journal of the Acoustical Society of
America, 150(4):2717–2737, October 2021.

[141] Tsu Wei Tan and Oleg A. Godin. Passive acoustic characterization of sub-seasonal
sound speed variations in a coastal ocean. The Journal of the Acoustical Society of
America, 150(4):2717–2737, October 2021.



101

[142] Tsu Wei Tan, Oleg A. Godin, Michael G. Brown, and Nikolay A. Zabotin. Character-
izing the seabed in the Straits of Florida by using acoustic noise interferometry and
time warping. The Journal of the Acoustical Society of America, 146(4):2321–2334,
October 2019.

[143] Tsu Wei Tan, Oleg A. Godin, Boris G. Katsnelson, and Marina Yarina. Passive geoa-
coustic inversion in the Mid-Atlantic Bight in the presence of strong water column
variability. The Journal of the Acoustical Society of America, 147(6):EL453–EL459,
June 2020.

[144] Tsuwei Tan and Oleg A. Godin. Rapid emergence of empirical Green’s functions
from cross-correlations of ambient sound on continental shelfa). The Journal of the
Acoustical Society of America, 154(6):3784–3798, December 2023.

[145] Tsuwei Tan, Oleg A. Godin, Adrien Lefebvre, Wandrille Beaute, Boris G. Katsnelson,
and Marina Yarina. Characterizing the seabed by using noise interferometry and time
warping. Proceedings of Meetings on Acoustics, 35(1):070001, November 2018.

[146] William O. Taylor, Marios N. Anagnostou, Diego Cerrai, and Emmanouil N. Anagnos-
tou. Machine Learning Methods to Approximate Rainfall and Wind From Acoustic
Underwater Measurements (February 2020). IEEE Transactions on Geoscience and
Remote Sensing, 59(4):2810–2821, April 2021.

[147] Paul O. Thompson, Lloyd T. Findley, and Omar Vidal. 20-Hz pulses and other vocal-
izations of fin whales, Balaenoptera physalus, in the Gulf of California, Mexico. The
Journal of the Acoustical Society of America, 92(6):3051–3057, December 1992.

[148] Andrea Trucco, Roberto Bozzano, Emanuele Fava, Sara Pensieri, Alessandro Verri,
and Annalisa Barla. A Supervised Learning Approach for Rainfall Detection From
Underwater Noise Analysis. IEEE Journal of Oceanic Engineering, 47(1):213–225,
January 2022.

[149] P. L. Tyack, T. Akamatsu, O. Boebel, L. Chapuis, E. Debusschere, C. de Jong, C. Erbe,
K. Evans, J. Gedamke, T. Gridley, G. Haralabus, R. Jenkins, J. Miksis-Olds, H. Sagen,
F. Thomsen, K. Thomisch, and E. Urban. Ocean Sound Essential Ocean Variable
Implementation Plan. Report, International Quiet Ocean Experiment, Scientific Com-
mittee on Oceanic Research and Partnership for Observation of the Global Ocean,
2023.

[150] Peter Tyack. Document – Global Ocean Observing System.
https://web.archive.org/web/20240117230707/https://goosocean.org/document/22567,
June 2020.



102

[151] Ines Elisa Ulrich, Christian Boehm, Andrea Zunino, Cyrill Bösch, and Andreas Ficht-
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Appendix A

HYPERBOLOID SLICE EQUATIONS

The equations for hyperboloid slices corresponding to every image contribution that is
plotted in Figs. 4.3 and 4.4 is given below. In the following equations, L is half the distance
between the hydrophones, H is the depth of the water, zs is the depth of the horizontal slice,
C is the speed of sound, τ is delay time, and x and y are Cartesian coordinates. For the
curves shown in Figs. 4.3 and 4.4 the values of L = 3.182/2 km, H = 1523 m, zs = 12 m,
and C = 1480.33 m

s
are used. The hydrophones are assumed to be directly on the ocean

bottom, instead of at 1522 m. Table 1 gives the hyperboloid index pair as defined in sections
4.4.1 and the corresponding equation number.

Table A.1: Hyperboloid index pairs as defined in section 4.4.1 and the corresponding equa-
tion numbers

hyperboloid indexes equation number
(0,0) (A.1)
(1,0) (A.2)
(2,0) (A.3)
(3,0) (A.4)
(1,1) (A.5)
(2,1) (A.6)
(3,1) (A.7)

(
4x2

C2 τ 2
− 1

)(
L2 − C2 τ 2

4

)
− y2 − (H − zs)2 = 0 (A.1)
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Lx√
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H2+L2

)2
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− 1
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4
+H2 + L2

)
−
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H x√
H2 + L2
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(A.2)
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(A.3)
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