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Abstract

Several commercial shipping routes in the Salish Sea pass through critical habitat of the
endangered Southern Resident killer whale (SRKW), a population increasingly threatened
by elevated underwater noise levels. To mitigate the impacts of vessel noise on SRKW in a
cost-e ective manner, automated algorithms must di erentiate SRKW from a sympatric
population of West Coast Transient (WCT) killer whales. This study utilizes a multi-
year dataset from the Boundary Pass Underwater Listening Station. Twenty-one machine
learning classi ers were trained and evaluated using logistic regression with varying lasso-
penalization or ensemble tree methods. A population-speci ¢ killer whale echolocation click
detector-classi er is presented that integrates a Teager-Kaiser click detector with an eX-
treme Gradient Boosting classi er to predict SRKW or WCT presence using 12 acoustic
features (Event Level Precision: 0.83, Recall: 1.00, £ Score: 0.96, MCC: 0.85, ROC-AUC:
0.98). The ndings of this study support the development of automated vessel alert systems

for SRKW in the Salish Sea.

Keywords: EXtreme Gradient Boosting; Pre-trained Lasso; Underwater Acoustics; Model

Selection; Feature Selection; Species Protection
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Chapter 1

Introduction

The growing number of vessels worldwide has raised underwater ambient noise levels near
shipping routes [30, 51, 43]. Cetaceans, a group including whales, dolphins and porpoises,
rely almost exclusively on sound for navigation, communication, predator detection, forag-
ing, and reproduction, and are vulnerable to negative impacts of elevated ambient noise
levels [21, 69, 39, 40, 64]. Conservation activities related to monitoring underwater noise
levels in critical habitat include quanti cation of vessel noise [22, 37] and real-time de-
tection of marine mammals through visual and acoustic monitoring [11]. Visual sightings
provide valuable information on species, population, and occasionally individual presence
[12], but they are limited to small areas, daylight hours, good weather conditions, and
surface-active animal behaviours. In contrast, passive acoustic monitoring (PAM) via un-
derwater microphones, or hydrophones, is a tool to autonomously monitor the presence of
marine mammals and assess their temporal and spatial distributions [20, 45, 46]. PAM relies
on detecting signals produced by marine mammals, such as songs, calls, or whistles used be-
tween individuals, or echolocation clicks used to forage and navigate. Hydrophone-facilitated
PAM operates continuously, recording “acoustic data' that includes animal vocalizations day
and night, in all weather conditions. However, distinguishing between acoustically similar
populations and species requires both expert knowledge of the groups and classi cation
algorithms trained with observations from each group.

The Northeast Paci ¢ hosts humerous shipping routes that are frequented year-round
by many species of marine mammals, including three acoustically distinct ecotypes of killer

whales (Orcinus orca): sh-eating Residents, marine mammal-eating Transients or Bigg's,



and shark-eating O shores [8, 25, 53, 58]. These ecotypes are further divided into popu-
lations. The Resident ecotype consists of the Northern Resident (NRKW) and Southern
Resident killer whale (SRKW) populations [24], while the Transient ecotype consists of the
West Coast Transient (WCT) killer whale population, which is further divided into the Inner
Coast Transient (ICT) and Outer Coast Transient (OCT) sub-populations [67, 18] (Figure
1.1). The SRKW, NRKW, and WCT populations are further divided into socially, acous-
tically, or genetically distinct taxonomic groups (sub-populations, clans, subclans, pods,
matrilines, etc.). The O shore killer whale (OKW) is the least studied of the northeastern
Paci c ecotypes and if or how these animals di erentiate into populations, clans, etc. is
unknown [26]. In this study, we focus on the SRKW and WCT ? populations (Figure 1.1)
that inhabit SRKW critical habitat in the Salish Sea. NRKW typically range farther north,
while OKW inhabit a range much farther o shore and thus were not considered in this

study.

Figure 1.1: A hierarchical taxonomic classi cation of observed Orcinus orca ecotypes, populations (the
Southern Resident (SRKW), Northern Resident (NRKW), and West Coast Transient (WCT) killer whale),
and sub-populations (the Inner-Coast Transient (ICT) and Outer-Coast (OCT) killer whale) in the northeast
Paci ¢ based on geographical, genetic, ecological, and acoustic distinctions.

1The WCT population studied likely only includes individuals from the ICT sub-population, yet this
distinction requires OCT pulsed call experts or photo identi cation of all vocalizing individuals.
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SRKW are listed as endangered under Canada's Species at Risk Act (SARA) [47] and
the United States' Endangered Species Act (ESA) [54], with only 73 individuals remaining
and their population trajectory continuing to decline [72]. WCT killer whales are listed as a
species of "Special Concern' under SARA, but are not listed under ESA. This classi cation in
Canada indicates that the population is not currently considered endangered or threatened,
but may become so if factors that threaten its survival and recovery are not addressed. Under
SARA, federally designated ‘critical habitat' for killer whales receives legally mandated
safeguards against its destruction, including threats like excessive underwater vessel noise.
Given these vulnerabilities and legal protections, proactive management of vessel trac
in the Salish Sea is essential. Voluntary slowdowns by commercial vessels have shown to
be e ective in reducing underwater noise levels [42, 68] and the Vancouver Fraser Port
Authority (VFPA) has expressed interest in implementing automated acoustic detection
systems for SRKW, enabling vessels to slow down or reroute in real-time when the whales
are detected. This dynamic approach would help mitigate acoustic disturbances associated
with vessel tra c.

Killer whales rely heavily on sound as vision is limited in underwater environments.
Underwater sound has a very low rate of attenuation relative to in-air sound propagation,
thus it can travel longer distances and with less distortion, allowing marine mammals to
detect and interpret acoustic cues more e ectively than visual ones. Consequently, killer
whales have evolved specialized auditory and vocal anatomy to adapt to their environment,
along with an extremely rapid auditory nervous system response [1]. Their phonic lips, spe-
cialized structures used to generate sound, and highly developed inner ears enable them
to produce and perceive a wide range of sounds for navigation, communication, and social
interactions [49]. Killer whales produce three types of acoustic signals: Echolocation clicks,
pulsed signals, and tonal whistles (Figure 1.2). Tonal whistles are continuous narrow-band
frequency modulated tones with few to no harmonic components, while pulsed signals, in-
cluding pulsed calls and burst-pulses, are generated as a series of pulses with high repetition

rates and appear tonal [23]. Both pulsed signals and tonal whistles are primarily used for



Figure 1.2: A hierarchical classi cation of Orcinus orca vocalizations based on signal characteristics and
behavioral function. Vocalizations are divided into three categories: Echolocation clicks, pulsed signals, and
tonal whistles. Narrower categories are de ned by inter-click interval (ICl), pulse rates, and frequency band-
width.

socializing and communication [24]. Echolocation clicks, which are broadband short-duration
directional signals, are primarily used for echolocation during navigation and prey detec-
tion [23, 1]. Echolocation clicks can be produced as single isolated clicks or in structured
sequences called trains. These trains can be evaluated based on inter-click-interval (ICl) as
slow (ICI > 100 ms), fast (10 ms< IClI 100 ms), or buzz trains (ICI 10 ms) [4, 73, 41].
Buzzes (i.e., buzz trains) are an important indicator of foraging activity [73, 64], and due
to their short ICI, buzzes may be observed as tonal depending on the spectrogram set-
tings (e.g., time resolution and Fast Fourier Transform (FFT) size). Additionally, terminal
buzzes may indicate prey capture attempts, as they often occur in the nal approach phase
of hunting [33]. Figure 1.3 displays a visual waveform and spectrogram representation of
each type of killer whale vocalization. Understanding these signals and their potential use
is essential for real-time acoustic monitoring and conservation e orts in the Salish Sea. In
summary, broadband signals, such as echolocation clicks, contain a wide range of frequen-
cies, allowing for high-resolution detection of objects, while lower frequency sounds, such as
pulsed calls, occupy a narrower frequency range and are likely more suited for long-range
communication.

Killer whale vocalizations are diverse and vary between populations and sub-populations.
Early research identi ed that SRKW and WCT Kkiller whales produce distinct stable pulsed

call repertoires. These vocalizations are unique to each group and can be used for reliable
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Figure 1.3: Waveform (top) and spectrogram (bottom) of Southern Resident killer whale (SRKW) echolo-
cation clicks (1), pulsed call (2), buzz (3), and whistle (4), and the Underwater Listening Station (ULS)
Acoustic Doppler Current Pro ler (ADCP) ping (5) recorded on November 25, 2024 (UTC; 2 Hz frequency
resolution, 0.125 s time window, 0.03125 s time step, Hanning window, normalized across time).

classi cation [23]. More recently, research has shown ICT and OCT sub-populations have
subtle distinct pulsed call dialects [58]. These pulsed calls allow trained bioacousticians
to di erentiate killer whale populations and sub-populations based on their vocal signa-
tures [23]. Despite these known distinctions, current deep learning detector-classi ers often
struggle to di erentiate killer whale pulsed calls from overlapping or confounding signals,
especially evolving humpback whale egaptera novaeangliag[31, 32] songs which can oc-
cupy similar frequency ranges to those of killer whale pulsed calls, and tonal or whistling
vessel noise generated by ship propellers [27, 28, 44, 7]. Classi cation becomes even more
challenging in the presence of multiple calling individuals within a pod, where overlap-
ping vocalizations can obscure individual calls. Additionally, low-frequency vessel noise can
acoustically mask killer whale signals, making these vocalizations harder to detect.

Killer whale echolocation clicks have been studied less than pulsed calls. However, given
their non-tonal, short-duration, and broadband acoustic characteristics, they may be par-
ticularly well-suited for automated detection and classi cation. Their broadband nature
enhances their detectability, especially when a high pass lIter is applied to remove low-
frequency vessel noise. The frequent use of echolocation clicks by SRKW for navigation
and foraging also makes them strong candidates for acoustic detection and classi cation
in ongoing monitoring and mitigation e orts [38]. Moreover, the risk of misclassi cation is

limited to a small number of classes as few echolocating odontocetes inhabit the Salish Sea.
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