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Studies of marine mammals using passive acoustic monitoring (PAM) tools are 

becoming more and more common. This methodology allows for documentation of 

biologically relevant factors such as movement patterns or animal behaviors while 

remaining largely non-invasive and cost effective. In the Hawaiian Islands, a set of PAM 

recordings covering the frequency band of most toothed whale (odontocete) echolocation 
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clicks were collected from 2008-2019 at sites off the islands of Hawaiʻi, Kauaʻi, and Pearl 

and Hermes Reef (otherwise known as ‘Manawai’). However, due to the size of this 

dataset and the complexity of species-level acoustic classification, multi-year, multi-

species analyses had not yet been completed. In this dissertation, a machine learning 

toolkit was used to effectively mitigate this problem by detecting and classifying 

echolocation clicks using a combination of unsupervised clustering methods and human-

mediated analyses. Classified clicks were distilled into timeseries of species’ presence in 

order to document, and propose reasons for, observed patterns. Habitat modelling 

employing Generalized Additive Models (GAMs) with and without Generalized 

Estimating Equations (GEEs) was used to elucidate these trends in combination with 

oceanographic variables. The machine learning pipeline used distilled eight unique 

echolocation click types, attributable to eight or more species of odontocetes. Species 

composition differed amongst considered sites, and this difference was robust to seasonal 

movement patterns. Temporally, hour of day was the most significant predictor of 

detection across species and sites, followed by season. When considered in conjunction 

with sea surface variables, temperature had the strongest relationship to detections. Of the 

climate indices considered, El Niño Southern Oscillation (ENSO) may have the most effect 

on species detections at monitored sites. This study demonstrates that PAM is an 

invaluable tool in studies of oceanic top predators, and that machine learning tools can 

mitigate issues related to the size and complexity of PAM datasets. Using these tools and 

habitat modelling analyses, we can gain valuable insights into top predator behavior in 

relation to temporal variables, surface conditions, and long-term climate indicators.
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Chapter 1: Introduction 

 

1.1 Overview 

The Hawaiian Island archipelago serves as a regional oasis in the generally 

unproductive waters of the North Pacific Subtropical Gyre (1,2).  As such, the region can be 

an attractive habitat for many large ocean predators including odontocetes, or toothed 

whales. At least 18 unique species of odontocetes reside in the region (3), several stocks of 

which are island-associated (i.e., remaining close to one or a few closely located islands) 

(4). Such stocks have a limited geographic range and may be particularly vulnerable to 

environmental perturbations. Continuous temporal data is crucial in both detailing patterns 

in these movements as well as understanding drivers of said patterns. However, many 

previous studies of regional odontocetes have been limited by virtue of their methodology: 

visual efforts by time of year, temporal constraints, and sighting conditions; acoustic 

efforts by the recording capabilities of equipment, spatial limitations, and an inability to 

distinguish species. For the past decade at three Hawaiian sites, a passive acoustic 

monitoring dataset with recordings covering the frequency band of most odontocete 

echolocation clicks has been collected by the NOAA Pacific Islands Fisheries Science 

Center (PIFSC). While some studies have incorporated pieces of this dataset (5–7), the full 

dataset has not been analyzed in detail for all species present. In this study, we process this 

data for all recorded echolocation clicks, defining acoustic signals including a novel type 

description for the echolocation clicks of the rough-toothed dolphin, Steno bredanensis. 

Using defined signals, we create a labelled timeseries that is in turn used to document 
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patterns of odontocete acoustic presence in space and at a variety of temporal scales. We 

also employ these timeseries in habitat modeling, which enables comprehension of the 

relationship of odontocete species to environmental factors that affect primary productivity 

and eventually odontocete prey. Documenting long-term patterns of odontocete movement 

and understanding the behavioral, biological, and environmental drivers of these patterns is 

instrumental for successful stock management and conservation efforts, giving managers a 

more complete picture of the region and a deeper understanding of the species therein.    

  

1.2 Oceanographic background 

 A variety of oceanic processes contribute to the high productivity in the vicinity of 

the Hawaiian Islands that is exploited by odontocetes. In the Main Hawaiian Island chain, 

high nearshore upwelling (8), regional fronts and leeward eddies (1,9–12), and increased 

mixing and turbulence in channels between islands encourage primary productivity (8) and 

subsequently provide rich foraging and reproductive grounds for many odontocete prey 

species. Nutrient input along coastal areas from frequent rainfall and steep island slopes 

also promotes the flourishing of odontocete prey; this effect is concentrated nearshore on 

the windward side of the islands but more dispersed and diluted in the islands’ lees due to 

westerly winds (13). In the Northwestern Hawaiian Islands, the contrast between inshore 

and offshore production is less marked because of a lack of high islands and eddies, as well 

as proximity to the Subtropical Convergence Zone (3). However, proximity to the 

transition zone chlorophyll front near this convergence zone also results in higher 

productivity and increased abundance of odontocete prey species compared to the 



 2

surrounding gyre (14). The heightened production supported by these processes provides 

prime habitat for odontocete species and causes many species to stick close to the islands. 

Understanding the oceanographic and climatological base for odontocete presence in the 

islands aids in the comprehension of their movement patterns over a variety of timescales.  

 

1.3 Passive acoustic monitoring 

While visual observations and satellite tagging of odontocetes at sea may readily 

provide species identification and key behavioral information, studying distributions and 

movements using such methods can be labor intensive, invasive, and costly. Including 

passive acoustic monitoring (PAM) in odontocete study and conservation efforts can 

provide long-term, non-invasive, and cost-effective continuous monitoring of various 

odontocete species. PAM additionally is not subject to constraints such as variations in sea 

state, time of day, or weighted towards more conspicuous animals, though stationary PAM 

recorders have limited spatial range, which requires strategic placement and can be 

problematic when small-scale movements take animals outside of this range. Echolocation 

clicks, which are produced by odontocetes for foraging and navigational purposes, are 

particularly useful in PAM efforts in that certain click types are produced exclusively by a 

single species and under a wide variety of behavioral states, leading to reliable detection of 

certain species present within the detection range of the recorder. For this purpose, feature 

vectors of echolocation clicks are used to discriminate between species, such as the timing 

between successive clicks in an echolocation click ‘train’ (inter-click-interval, or ICI), 

spectral properties including peak frequency and spectral shape, and properties of the 
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waveform such as number of oscillations, waveform envelope and overall duration. Long-

term PAM data has been used in recent years to determine distributions and densities of 

odontocetes as well as provide crucial information on behaviors from diving and diel 

foraging patterns to larger patterns of animal movement (15–18). PAM data has also been 

shown to be sufficient for habitat modeling of a variety of cetacean species (e.g., 17). 

Passive acoustic data was collected in the Hawaiian Islands using High Frequency 

Acoustic Recording Packages (HARPs) (19,20). Deployments used for this study spanned 

the years 2008-2019 (see S2 Table). Sites for data collection were off the west coast of 

Hawaiʻi Island (henceforth, ‘Hawaiʻi’ or ‘Kona’), west of Kauaʻi, and in the vicinity of 

Manawai (see Fig. 3.1). Data from these sites were recorded at a 200 kHz or 320 kHz 

sampling frequency (16-bit quantization) at depths ranging from 550-1150 meters (see S2 

Table). The data from the three sites combined represents approximately 15 instrument 

years of recordings. Manual identification of species of interest within such datasets is 

possible but the significant time investment required puts constraints on the data analysis 

process. However, in recent years, automated detection and classification of echolocation 

clicks has facilitated analysis of similar datasets from other regions, resulting in distillation 

of echolocation click types that can often be attributed to species (e.g., 21–23). These types 

can then be used to train unsupervised click classifiers, enabling classification of acoustic 

data at a much faster rate.  

 

1.4 Dissertation outline 
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  The purpose of this study was to identify Hawaiian toothed whale species in 

acoustic recordings using unsupervised learning algorithms and to use the resulting 

classifications to explore spatial, temporal, and environmental drivers for observed patterns 

of species presence. Chapters 2-4 are intended to be stand-alone, publishable scientific 

papers and as such may contain introductory and methodological redundancies.  

 In Chapter 1, I introduce the contents of the dissertation with information about the 

study region. This chapter includes oceanographic background, an introduction to passive 

acoustic monitoring, and an outline of the dissertation. 

In Chapter 2, I establish the predominant types of echolocation clicks found in the 

dataset, attribute them to species or species groups, and train and test a neural network 

using these types as input classes. Ten distinct types of echolocation clicks were found, 

representing 10+ species of odontocetes. These distinctions included a novel type 

characterization for the rough-toothed dolphin, Steno bredanensis, which was validated 

using additional acoustic and sighting data provided by co-authors. Click types are 

characterized using spectral peaks and modal inter-click interval values. Neural network 

performance is evaluated on novel data and discussed in detail.  

In Chapter 3, I use the neural-network based classifier developed in Chapter 2 to 

classify all data as one of the determined click types. I incorporate error rates from the 

classifier and duty-cycle regimes to develop a timeseries of presence for each existing type. 

Species composition amongst sites is variable, but markedly consistent across seasons. 

Stenellid dolphins (i.e., striped dolphin, Stenella attenuata, spinner dolphin, S. longirostris, 

and Pantropical spotted dolphin, S. coreabuloabla) are most common at Hawaiʻi, rough-
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toothed dolphins at Kauaʻi, and beaked whales (i.e., Blainville’s beaked whale, 

Mesoplodon densirostris, and Cuvier’s beaked whale, Ziphius cavirostris) are most 

common at Manawai subsites. Generalized Additive Models with Generalized Estimating 

Equations (GAMs with GEEs) are used to examine temporal trends in presence. Diel 

patterning is the most important temporal predictor across species and sites, followed by 

season. Long-term (i.e., multi-year) patterns at Hawaiʻi are notably similar for a number of 

species.  

In Chapter 4, I investigate relationships between the established timeseries of 

species acoustic presence and variation in environmental parameters. Variables include 

surface conditions (i.e., high-frequency fluctuations) of temperature and salinity, height 

anomaly, and climate indices (i.e., low-frequency fluctuations) of the North Pacific Gyre 

Oscillation (NPGO), Pacific Decadal Oscillation (PDO), and El Niño Southern Oscillation 

(ENSO). Patterns of acoustic presence in relation to these variables are considered at a 

daily level for all species at each site with sufficient presence of that species.  Of the 

surface conditions considered, sea surface temperature has the most impact on species’ 

patterns, and the directionality of this impact (e.g., higher presence with warmer 

temperatures or colder temperatures) varies with species and site. Of the climate indices 

considered, variations in ENSO are the most common relationship. In most cases, presence 

is higher at the monitoring sites during the negative ENSO phase (i.e., cold phase or La 

Niña).  

 



 6

Chapter 2: Discriminating and classifying odontocete echolocation clicks in the 

Hawaiian Islands using machine learning methods 

 

Morgan A. Ziegenhorn1*, Kaitlin E. Frasier1, John A. Hildebrand1, Erin M. Oleson2, Robin 

W. Baird³, Sean M. Wiggins1, Simone Baumann-Pickering1 

 

 

1 Scripps Institution of Oceanography, University of California San Diego, La Jolla, CA, 

USA 

2 NOAA Fisheries Pacific Islands Fisheries Science Center, Honolulu, HI, USA 

³Cascadia Research Collective, Olympia, WA, USA 

 

 

 

 

 

 

 



 7

2.1 Abstract 

Passive acoustic monitoring (PAM) has proven a powerful tool for the study of 

marine mammals, allowing for documentation of biologically relevant factors such as 

movement patterns or animal behaviors while remaining largely non-invasive and cost 

effective. From 2008-2019, a set of PAM recordings covering the frequency band of most 

toothed whale (odontocete) echolocation clicks were collected at sites off the islands of 

Hawaiʻi, Kauaʻi, and Pearl and Hermes Reef. However, due to the size of this dataset and 

the complexity of species-level acoustic classification, multi-year, multi-species analyses 

had not yet been completed. This study shows how a machine learning toolkit can 

effectively mitigate this problem by detecting and classifying echolocation clicks using a 

combination of unsupervised clustering methods and human-mediated analyses. Using 

these methods, it was possible to distill ten unique echolocation click ‘types’ attributable to 

regional odontocetes at the genus or species level. In one case, auxiliary sightings and 

recordings were used to attribute a new click type to the rough-toothed dolphin, Steno 

bredanensis. Types defined by clustering were then used as input classes in a neural-

network based classifier, which was trained, tested, and evaluated on 5-minute binned data 

segments. Network precision was variable, with lower precision occurring most notably for 

false killer whales, Pseudorca crassidens, across all sites (35-76%). However, accuracy 

and recall were high (>96% and >75%, respectively) in all cases except for one type of 

short-finned pilot whale, Globicephala macrorhynchus, call class at Kauaʻi and Pearl and 

Hermes Reef (recall >66%). These results emphasize the utility of machine learning in 

analysis of large PAM datasets. The classifier and timeseries developed here will facilitate 
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further analyses of spatiotemporal patterns of included toothed whales. Broader application 

of these methods may improve the efficiency of global multi-species PAM data processing 

for echolocation clicks, which is needed as these datasets continue to grow. 

 

2.2 Introduction 

The Hawaiian archipelago creates a regional oasis in the oligotrophic waters of the 

North Pacific Subtropical Gyre (1,2,24).  The area is an attractive habitat for large ocean 

predators including odontocetes, or toothed whales. At least 18 species of odontocetes 

reside in the region (3), several of which have island-associated stocks (25). These stocks 

in particular have limited geographic ranges and may be especially vulnerable to 

environmental perturbations and anthropogenic impacts (e.g. (25)).  

Passive acoustic monitoring (PAM) in odontocete study and conservation efforts 

can provide long-term, non-invasive, and cost-effective continuous monitoring of these 

species (e.g., (26–28)). Scientists employ a variety of acoustic recording schemes for PAM 

monitoring, including various bottom-moored hydrophones systems (26,29) and shipboard 

studies using towed acoustic arrays with combined visual observations (30,31). Bottom-

moored equipment has the advantage of continuous recording over long time periods, but 

can suffer from difficulties in distinguishing species, resulting in few multi-species 

analyses. Towed array studies can cover a spatially diverse range, often with species 

verification, but are usually temporally limited due to factors including weather and the 

cost of ship time. These efforts can include analyses of a variety of animal signals 
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including tonal vocalizations (e.g., whistles (26,32)) and echolocation clicks, which are 

produced by odontocetes for foraging and navigational purposes (23,33).  

Echolocation clicks are particularly useful in PAM as certain click types are 

produced exclusively by a single species and under a wide variety of behavioral states, 

resulting in a useable proxy for animal presence. PAM data can be utilized for reliable 

detection of species for which species-specific echolocation click types have been 

identified (e.g., (34,35)). For this purpose, feature vectors of echolocation clicks, typically 

including the timing between successive clicks in an echolocation click ‘train’ (inter-click-

interval, or ICI), spectral properties including peak frequency and spectral shape, and 

properties of the waveform (e.g., number of oscillations, waveform envelope and overall 

duration), are used to discriminate between odontocete species using automated algorithms 

(21).  

Long-term PAM data has been used in recent years to determine distributions and 

densities of odontocetes as well as provide information on behaviors from diving and diel 

foraging patterns to larger patterns of animal movement (18,26,27,36,37). PAM data has 

also been shown to be valuable and well-suited for habitat modeling of a variety of 

cetacean species (38–40). The NOAA Pacific Islands Fisheries Science Center (PIFSC) 

has been collecting passive acoustic monitoring data with recordings covering the 

dominant frequency band of most odontocete echolocation clicks (i.e., 5-100 kHz) for the 

past decade at three Hawaiian sites. While some studies have utilized portions of this 

dataset (e.g., (5,7)), the full dataset has not been analyzed to identify the full suite of 

species present. 
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The ability to detect and classify echolocation clicks within such a large dataset has 

been limited by the time-intensive nature of the manual classification approaches 

previously required to derive time series of acoustic presence for a given species. In recent 

years, machine learning tools have been successfully used in detection and discrimination 

tasks for a variety of species and ocean basins (e.g., (26,41,42)). Deep neural networks 

(e.g., (43,44)), random forests (e.g., (45,46)), and clustering algorithms (e.g., (47,48)), as 

well as a variety of other classification regimes, have all been used for these purposes. 

Amongst these techniques, unsupervised clustering (e.g., (21,23)) in particular can 

expedite the processing of echolocation clicks in large PAM datasets by allowing for the 

automated distillation of dominant signal types. These methods make use of click features 

to cluster similar clicks and present an opportunity to identify both known and novel 

signals. These signals can then be attributed to species using literature records of 

echolocation clicks and auxiliary data such as sighting records, tag data locations, or towed 

acoustic array data with concurrent visual observations (22). Attribution of echolocation 

clicks to species in this way facilitates development of large training sets for species 

identification. This method has been used successfully to analyze data from the Gulf of 

Mexico (21) for a variety of species but has not yet been applied to the Hawaiian Islands 

region. Once derived, these types can be used as input classes to build a neural-network 

based classifier that can be run on novel data and hence expedite analyses of large acoustic 

datasets (49).  

Some species of odontocetes present in the Hawaiian Islands region, such as 

Cuvier’s beaked whale, Ziphius cavirostris, and Blainville’s beaked whale, Mesoplodon 
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densirostris, produce echolocation clicks which have already been described in the 

literature (35), while others remain acoustically uncharacterized. Even when clicks have 

been described, limitations of available classification methods in correctly identifying the 

whole suite of species’ clicks hinders processing of datasets for the full repertoire of local 

species at once, especially when signals are highly similar. For some species or species 

groups, such as beaked whales and Kogia spp., disparate detectors have been used to 

successfully identify and study target species (e.g., (50,51)). In this study, machine 

learning methods were used for signal discovery, detection, and classification of Hawaiian 

Islands regional PAM data, resulting in a comprehensive library of the dominant 

echolocation click types present at three monitoring sites. A neural network-based 

classifier was then developed and used to classify clicks across the entirety of this dataset, 

facilitating future regional studies of included species. The tools used here improve upon 

previous methodologies by allowing for a single detection step and classification workflow 

for all included species, expediting data processing. Additionally, the methodology 

employed is malleable in that the classifier learns from the data itself instead of using 

heuristics defined by other researchers, often in differing ocean basins, to define types.  

 

2.3 Methods 

2.3.1 Data collection 

Passive acoustic data were collected using bottom-moored High-frequency 

Acoustic Recording Packages (HARPs) (19) consisting of one or more hydrophones, 

logging equipment, batteries, and flotation. The majority of the deployments used in this 
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study utilized a system consisting of a low-frequency and a high-frequency hydrophone, 

with the crossover between the two occurring at either 2 or 25 kHz depending on the 

deployment (S2 Table). Crossover frequency is important to note as changes in sensitivity 

at the crossover frequency can affect analyses. In all cases, sensors were connected to 

custom-built preamplifiers and bandpass filters. Frequency-dependent sensitivity of 

representative systems was calibrated at the Navy’s Transducer Evaluation Center 

(TRANSDEC). Locations of specific deployments varied slightly due to the difficulty of 

at-sea deployment of seafloor moorings. 

 Data from three recording sites were included in this study: one off the west side of 

Hawaiʻi Island (henceforth referred to as Kona), one off the western side of Kauaʻi, and 

one on the northern side of Manawai (also known as Pearl and Hermes Atoll and 

henceforth referred to as PHR) (Fig 2.1; S2 Table). Deployment setup varied at these sites 

in terms of recording schedule, instrument depth, and duty cycle regime (S2 Table). Duty 

cycling refers to alternating periods of recording and non-recording (e.g., recording of 5 

minutes out of every 25-minute period) to extend battery life and allow for longer 

deployments. Data from these sites were recorded at a 200 kHz or 320 kHz sampling 

frequency and 16-bit quantization at depths ranging from 550-1150 meters (S2 Table). All 

hydrophones were buoyed approximately 10-30 meters from the seafloor. The data from 

the three sites combined represents approximately 15 instrument years of recordings (S2 

Table).   

 

2.3.2 Data processing 
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2.3.2.1 Click detection 

  Odontocete echolocation clicks were detected using an energy detector that ran as 

an added package of the MATLAB-based software program Triton (52). This detector first 

determined periods for which acoustic energy in a frequency band of interest exceeded a 

user-defined threshold, then searched those time periods for impulsive signals that met 

several criteria characterizing odontocete echolocation clicks. The underlying mechanics of 

the detector are described in Frasier et al. (2017) and in Frasier, K.E. (2021) in more detail. 

Specifications for this detector included application of a high pass filter at 10 kHz to 

exclude low frequency noise sources. A low pass filter was set at 100 kHz, regardless of 

sampling frequency, to simplify clustering and neural network steps. Additionally, a peak-

to-peak amplitude threshold of 115 dBpp re 1 µPa was set after manual review of a subset 

of the data determined that this was an acceptable threshold to consistently detect a 

majority of odontocete clicks while excluding most low amplitude impulsive signals from 

ships and other noise sources. Signal duration was used to exclude non-target signals; only 

detections between 30-1200 µs in duration were retained, and detections with less than 100 

µs of separation were merged. Features of retained clicks including time and date, peak-to-

peak received level, and frequency spectra were stored for subsequent analyses. Frequency 

spectra were calculated using a 400-point (sampling frequency fs = 200 kHz) or 640-point 

(fs = 320 kHz) FFT of Hanning-windowed data centered on the click peak amplitude.   

 

2.3.2.2 Unsupervised clustering methods and click type identification 
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Detected impulsive signals were separated into distinct types via a two-step 

clustering method. At this point, a minimum received level of 120 dBpp re 1 µPa was set to 

perform clustering on higher-quality detections. In the first clustering step, data were split 

into 5-minute bins. Individual detections in each bin that passed the received level 

threshold were compared against one another and clustered together based on spectral 

shape (pairwise correlation distance, (53)) using the Chinese Whispers (CW) algorithm 

(54). This process was iterative, with each detection within a 5-minute bin beginning as a 

single-node cluster and being iteratively re-assigned to larger, closely related clusters until 

reassignment ceased (i.e., until all detections were assigned the same label as detections to 

which they were most strongly connected). Minimum cluster size was set at 50 detections, 

and maximum network size was set at 10,000 nodes (chosen at random from all detections 

in the bin) due to computational limitations. A maximum of 15 iterations of this process 

were completed, though clustering usually ceased before reaching this threshold. The final 

partition for each bin was chosen based on highest average normalized mutual information 

(NMI) score (55), which compares clusters across multiple partitions to determine 

consistency of types.  

Though not used as a feature for clustering, ICI distributions were calculated for 

retained bins for use in later classification steps. These distributions were calculated for 

each cluster found in a 5-minute bin by calculating the timing between successive 

detections in that cluster, with distributions being truncated at 0.6 seconds. This value was 

inclusive of known modal inter-click interval values for target odontocete species. ICI 

distribution shape and modal ICI values were used in later evaluation steps instead of ‘raw’ 
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ICI values between detections to overcome issues related to recording multiple animals 

instead of a single individual.  

Mean normalized spectra and mean normalized waveform envelope were also 

calculated for each cluster in every bin. To calculate mean normalized spectra, power 

spectral density of clicks was computed and converted to a dB scale. These spectra were 

normalized by setting the minimum amplitude to zero and maximum to one. Normalized 

spectra were then averaged to determine mean normalized spectra on a dB scale 

(henceforth ‘mean spectra’).   

 In the second step, mean spectra and waveform envelopes determined in the first 

clustering step were compared across a large subset of the data to determine the dominant 

detection types in each deployment, again using pairwise distances and the CW algorithm. 

Thresholds for this step were similar to those used in the first clustering step, though in this 

case the maximum allowable network size was 20,000 bins, and retained clusters were 

required to contain a minimum of at least 25 5-minute bins. In this step, 1% of the least-

connected nodes were pruned from within each cluster to result in cleaner final clusters. 

This second clustering step was performed for a total of five trials, with the best partition 

being chosen automatically based on NMI. More detail on this process can be found in 

Frasier, K.E. (2021). 

 Once clusters were determined for each deployment, detected signals were 

visualized using LabelVis, a custom script developed by the author as an add-on package to 

Triton software (52) that allows users to visualize various depictions of the acoustic data 

overlaid with manually or automatically generated labels. This program is publicly 
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available on GitHub (56) and allowed for manual examination of timeseries and spectral 

information for individual clicks from retained clusters to determine which might be 

combined or discarded. For each deployment, several months of data were examined to be 

sure that signals contributing to each cluster were distinct from others and not data 

artifacts. Clusters from a given deployment were determined to be the same if they were 

spectrally similar, had similar ICI distributions and modal ICI values, and were often 

concurrently or sequentially present. Some clusters (approximately 7% of total clusters) 

were alternatively determined to be mixed based on spectral or ICI similarities and high 

co-occurrence with multiple, distinct types. Such clusters were not grouped into the final 

types and did not contain any types that weren’t also found in non-mixed clusters. Clusters 

were then compared across deployments and sites and were grouped based on spectral 

similarity as well as shape of the ICI distribution to determine a final set of echolocation 

click types, as well as an outgroup of noise detections.  

Final echolocation click types were described in terms of frequency and -3 dB 

bandwidth of their spectral peaks as well as peak ICI values using a subset of clicks from 

all three sites determined by inspection to be representative of the overall variability in 

spectra and ICI. Peaks and -3dB bandwidths were found using the main peak of individual 

click spectra for all available high-quality clicks of a given type (minimum = 2500 clicks). 

Click quality was determined by manual review, with a focus on removing detections for 

which spectra were subject to data artifacts. The distribution of these values was plotted 

and considered in conjunction with mean spectra for the type in order to determine whether 

or not multiple peaks should be described (i.e., whether the distribution of peak values was 
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unimodal). ICI distributions were constructed and fit with Gaussian curves to determine 

the peak ICI value and approximate standard deviation. Where possible based on previous 

literature, click types were attributed to specific odontocetes at the genus or species level 

as detailed below.  

 

2.3.2.3 Classifier creation and evaluation 

For the purposes of classifier training and testing, the echolocation click types 

distilled above were used as input classes. An additional ‘junk’ class containing clusters of 

detections from noise sources such as ships and echosounders was included to prevent 

misclassifications of these sources as odontocetes. These noise sources were picked up by 

the detector due to their commonality in the data, particularly at the Kona site (57), and the 

similarity of these signals to echolocation clicks. Clusters of sperm whale, Physeter 

macrocephalus, echolocation clicks were also grouped into this ‘junk’ class due to the 

difficulty of separating these clicks from high-frequency ship noise as both can occupy the 

same frequency range between ~5-20 kHz. Additionally, there was a high likelihood of 

missing many sperm whale clicks beneath the lower end of the 10 kHz bandpass filter 

employed in click detection.  

For each class, 5000 examples (e.g., 5000 bins from each final click type) were 

chosen at random from the input set and used in the train/test/validation data with a 

70/20/10 split. For the class representing Cuvier’s beaked whale, input vectors of mean 

spectra, waveform envelope, and ICI values were augmented with additional example bins 

from similar data recorded off the coast of Southern California due to a limited number of 
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observations in the Hawaiʻi dataset. Approximately 50% of the final train/test/validation 

examples for Cuvier’s beaked whale were from this additional dataset. Training, testing, 

and eventual labelling of novel data was completed at the 5-minute bin level based on 

groupings made in the first step of the clustering algorithm, i.e., all clicks clustered as one 

‘type’ at the 5-minute bin level received the same label from the network. Labelling at this 

level allowed for the inclusion of ICI distribution as an input feature and tends to lead to 

higher classification accuracy (49). Where the total number of example bins was less than 

5000, existing examples were chosen at random and data were augmented to create “new” 

examples for the classifier to learn from. For mean spectra and waveform envelope, low-

amplitude Gaussian white noise was generated and added to existing examples to create 

these “new” examples. For ICI, data points were augmented via addition of random values 

selected from a distribution generated from original input ICI values.   

Click features used in network training were ICI distribution, spectral shape, and 

waveform envelope. A single classifier was developed using data from all sites. The 

network itself was compiled using an add-on package of Triton (52) that allows the user to 

construct a deep feed-forward neural network with user-specified parameters such as total 

number of epochs, size and number of hidden layers, and dropout rate. Networks with 

variations in the above parameters were compiled and evaluated based on accuracy for 

each type as well as confusion amongst types in both the training and testing sets. The top 

three networks were chosen from these based on minimizing confusion and maximizing 

accuracy across types. These networks were evaluated based on performance on novel data 

compared to manual labelling of that data. Novel data were chosen as a pseudo-random 
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subset of all available data, and manual labelling of this dataset was completed using 

DetEdit, a graphical user interface for annotating acoustic events (58).  

Performance was evaluated based on the accuracy, precision, misclassification rate, 

specificity (proportion of true negatives), and recall of each network to each class both at 

individual sites as well as the three sites combined. A final network was chosen based on 

highest accuracy, recall, and precision values across types and sites (Eq. 1-2). For the final 

chosen network, additional comparisons of network results versus manually labelled data 

were undertaken so that final performance metrics would cover the widest number of 

months and years possible at each site. Only bins containing clicks with a received level 

above 125 dBpp re 1 µPa were considered in this final evaluation to account for differing 

sensitivities across hydrophones and sites. Performance on the novel data was again 

evaluated using accuracy, recall, and precision (Eq. 1-3). These metrics were evaluated by 

class and by site, as well as for all sites combined.  
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Resulting classifications on the full dataset were used to provide relative acoustic 

presence estimates of each class at each site, to bolster species or genus assignments via 

comparison with established sighting, tag, and acoustic records. All detections, including 

those from mixed clusters, received a label in this analysis step. Relative acoustic presence 



 20

estimates were calculated per deployment as the percentage of recording days with 

presence of a given type. Final relative acoustic presence was then calculated by taking the 

average percent of odontocete presence attributable to a class across deployments at a site.  

 

2.3.2.4 Auxiliary data sources and type classification 

For echolocation click type distilled in the clustering process without clear 

assignments from previous literature, additional data sources were included in analyses in 

an attempt to assign these types to species. Towed array data available from the NOAA 

Hawaiian Islands Cetacean and Ecosystem Assessment Survey (HICEAS) 2017 cruise (59) 

around the Hawaiian Islands was used in this process. This dataset consisted of visual 

sightings of animals in conjunction with concurrent acoustic recordings, allowing 

bioacoustic signals to be reliably matched to species. Acoustic data from this cruise was 

collected using two 3-channel hydrophone arrays connected by 100 meters of cable, towed 

300 meters behind the ship. The same detector used on the HARP data was used again on 

this acoustic data to examine clicks present during encounters where relevant species (i.e., 

rough-toothed dolphins, Steno brednanesis, common bottlenose dolphins (hereafter 

referred to as bottlenose dolphins), Tursiops truncatus, melon-headed whales, 

Pepnocephala electra, striped dolphins, Stenella coeruleoalba, pantropical spotted 

dolphins, Stenella longirostris, and spinner dolphins Stenella attenuata) were sighted. 

False positive detections during these encounters were removed using DetEdit. 

Concatenated and mean spectra were then calculated for these encounters for comparison 

to the potential click type. 
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Additional support for click type assignment was obtained from sighting data from 

the region of the Kona and Kauaʻi HARPs, obtained through boat-based sighting efforts 

(3). When sightings occurred near HARP locations, recorded clicks may be attributable to 

concurrently sighted animals. Sightings were assessed for any detections of relevant 

species that occurred within a 10 km radius of the HARPs. Sightings within this distance 

and within two hours of echolocation clicks labelled as the unknown click type were 

assessed for viability of providing a match based on the distance from the HARP and the 

time offset between the sighting and the acoustic encounter.   

 

2.4 Results 

2.4.1 Type classification 

The click detection and clustering process resulted in ten echolocation click types, 

presumably representing ten or more species: false killer whale, Pseudorca crassidens, 

low-frequency 1 (LF1, possibly rough-toothed dolphin), short-finned pilot whale, 

Globicephala macrorhynchus (two click types), bottlenose dolphin/melon-headed whale, 

Blainville’s beaked whale, Cuvier’s beaked whale, stenellid dolphins (two click types), and 

dwarf (Kogia sima) or pygmy (K. breviceps) sperm whale (pooled as Kogia spp). 

Descriptive statistics for each type are provided in Table 2.1. Information on validation 

data used to attribute types to species is provided in Table 2.2. Available data for 

validation included previous acoustic records, spatial distributions (including abundance 

information), temporal behavior studies, and auxiliary sighting/acoustic data.  
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2.4.1.1 A - False killer whale 

The false killer whale echolocation click type was described by a single spectral 

peak at 16.5 kHz with -3 dB bandwidth of 6.5 kHz. The ICI distribution for this click type 

was bimodal, with a first peak at 28.4 ms and a second peak at 166 ms (Table 2.1, Fig 

2.2A). The first peak in ICI was determined to be a result of multiple animals clicking at 

the same time, as well as single animals approaching a target. Labels of this type matched 

well with the encounters used for acoustic discrimination of false killer whales in 

Baumann-Pickering et al. (2015). For this type, acoustic presence determined from 

automated labelling was recalculated via manual checking of all false killer whale labels 

after manual review of labels revealed that many noise detections were being incorrectly 

labelled as this type. Final type assignment was based on previous acoustic and spatial 

records (Table 2.2, S2 File). 

 

2.4.1.2 B - Low-frequency type 1 (LF1) - possible rough-toothed dolphin 

The LF1 click type was described by a single spectral peak at 22.0 kHz with a  

-3 dB bandwidth of 5.5 kHz. The ICI distribution for this type had a single peak at 169 ms 

(Table 2.1, Fig 2.2B). This class did not match any well-established records of 

echolocation clicks, or have a match within click type ‘libraries’ previously produced using 

these clustering methods in other regions (21,60–62). However, the peak frequency and  

-3 dB bandwidth of this type were very similar to the limited previous descriptions of 

clicks of the rough-toothed dolphin (63). This species has one of the highest abundance 

estimates of any in the Hawaiian Islands (64). Additionally, small boat surveys over the 
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course of 2000-2012 found >25% of all sightings of cetaceans near Kauaʻi, where LF1 is 

most common (present 83% of recording days), were attributable to rough-toothed dolphin 

(3). This type was less common at the Kona and PHR sites (acoustically present 40% of 

days in both cases). This general trend (most common near Kauaʻi) is reflected in the 

sighting record of rough-toothed dolphins, in which this species represents only ~10% of 

sightings leeward of Hawaiʻi Island (3). Less data is available in the vicinity of PHR, 

though the species has been sighted previously in the area (64). Recently updated habitat-

based density models for Hawaiian odontocetes suggest that the locations of the Kauaʻi 

and PHR HARPs are within predicted regions of highest density for the rough-toothed 

dolphin (65). Preliminary exploration into diel trends in this type revealed an 

overwhelming decrease in acoustic activity during daylight hours, which fits with a recent 

study of rough-toothed dolphin diving behavior that has suggested the species is more 

active during dusk/night (66). 

Labelled towed array data from HICEAS 2017 supported the hypothesis that LF1 

was a rough-toothed dolphin click type. Four acoustic encounters with visually verified 

rough-toothed dolphins were compared to LF1 clicks to determine the suitability of this 

classification. The mean spectra from these encounters were compared to the type 

spectrum for LF1, and found to be a fairly consistent match across all encounters, though 

the mean spectra for encounter 1 had a higher-frequency peak and less content in the band 

from 20-30 kHz when compared to the type example and other encounters (Fig 2.3). It is 

notable that a spectral ‘notch’ existed in the towed array data at about 50 kHz. This notch 
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was determined to be an artifact of the data and not related to the clicks presented here due 

to its persistence across the dataset (Fig 2.4).  

 

2.4.1.3 C - Short-finned pilot whale 

Two click types in the data were likely attributable to the short-finned pilot whale. 

The first of these types was characterized by two spectral peaks, one at 13.0 kHz, and a 

more dominant peak at 28.0 kHz. For these peaks, -3 dB bandwidths were 1.5 and 5.0 kHz 

respectively. The peak ICI for this type was 184 ms (Fig 2.2C1, Table 2.1). The second 

type was characterized by three spectral peaks: two more minor peaks at 13.0 and 

18.5 kHz, and one higher amplitude peak at 48.5 kHz. In this case, -3 dB bandwidths were 

1.5, 3.0, and 3.0 kHz, respectively. This type had a peak ICI of 206 ms (Fig 2.2C2, Table 

2.1). An attempt was made to group these types together under one ‘short-finned pilot 

whale’ class for neural network training and testing purposes; however, classifier 

performance was improved by leaving the two types as separate classes. Validation for this 

type description was provided by previous acoustic records and spatial distribution data 

(Table 2.2, S2 File).  

 

2.4.1.4 D – Bottlenose dolphin and Melon-headed whale 

The combined bottlenose dolphin and melon-headed whale (Tt/Pe) echolocation 

click type was characterized by a dominant peak at 32.5 kHz with a -3 dB bandwidth of 

5.5 kHz and an often-present lower frequency peak at 12.5 kHz with a -3 dB bandwidth of 

1.5 kHz. Peak ICI for this type was 109 ms (Fig 2.2D, Table 2.1). It is worth noting that 
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the lower frequency peak was likely the result of residual energy from whistles that often 

accompany echolocation clicks of this type. Validation for this mixed type was provided 

by previous acoustic records, spatial distribution data, and temporal behavior records 

(Table 2.2, S2 File).  

 

2.4.1.5 E - Blainville’s beaked whale 

The Blainville’s beaked whale echolocation click type was characterized by a 

dominant higher-frequency peak at 36.0 kHz with a -3 dB bandwidth of 9.0 kHz and a 

minor, not always present, lower-frequency peak at 24.0 kHz with a -3 dB bandwidth of 

2.5 kHz. This click type had a peak ICI of 319 ms (Fig 2.2E, Table 2.1). The type was 

determined to be Blainville’s beaked whale based on previous acoustic records and spatial 

distribution data (Table 2.2, S2 File). 

 

2.4.1.6 F - Cuvier’s beaked whale 

The Cuvier's beaked whale echolocation click type was characterized by a 

dominant peak at 40.0 kHz and lower-amplitude spectral peaks at 17.0 and 24.0 kHz (Fig 

2.2F, Table 2.1). This click type had a peak ICI of 433 ms. This type distinction was 

validated using previous acoustic and spatial distribution records (Table 2.2, S2 File). 

 

2.4.1.7 G - Stenellids  

The stenellid echolocation click type was defined by spectral peaks at 18.5 and 

50 kHz, with a peak ICI of 48.5 ms (Fig 2.2G1, Table 2.1). The lower frequency spectral 
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peak in this type was likely the result of residual energy from underlying whistles. A 

second type of stenellid clicks was identified in this dataset (Fig 2.2G2, Table 2.1), defined 

by spectral peaks at 25.0 and 39.5 kHz, with a peak ICI of 53.5 ms. However, it was 

determined that the differences between these two subtypes that lead to their separation 

during clustering was most likely due to differences in recording equipment. The second 

type was seen almost exclusively in deployments where the crossover frequency between 

the low- and high-frequency hydrophones was 25 kHz, which may introduce artificial 

notches in click spectra, likely causing the peak at 25 kHz seen for this type (Fig 2.2G2). It 

would be reasonable to group these types into one stenellid group; however, as with short-

finned pilot whale, the two types were left separate due to improved classifier 

performance. Validation of these types as stenellid was provided based on previous 

acoustic and spatial distribution data (Table 2.2, S2 File). 

 

2.4.1.8 H - Kogia spp.  

The Kogia spp. click type was defined by a single high-frequency peak at 93.5 kHz 

and a peak ICI of 90.3 ms (Fig 2.2H, Table 2.1). The full spectral shape of these clicks was 

not captured here as it is above the limit of the bandpass filter used in the original click 

detection step (100 kHz), but the partial peak captured was indicative of aliasing from 

higher-frequency (i.e., 125 kHz) Kogia spp clicks (17). Acoustic differentiation between 

species of Kogia is not possible with the available data; hence description of this type must 

be left at the genus level. Validation for this type was provided by previous acoustic and 
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spatial distribution records (Table 2.2, S2 File). Information provided in said records 

suggested that this type was mostly composed of dwarf sperm whale clicks (S2 File).  

 

2.4.2 Classifier Performance 

The best performing neural-network based classifier consisted of the following: an 

input layer, four 512-node fully-connected layers with 50% dropout between each, and a 

softmax output layer. Networks of this type were trained on a variety of feature 

combinations, with the best performance (highest accuracy and recall values across classes 

and sites) resulting from training on clustered 5-minute bin values of peak ICI, mean 

spectral shape, and mean waveform envelope. Accuracy for this classifier on novel data, 

which was manually labelled at the 5-minute bin level for network evaluation purposes, 

was high across classes and sites (> 96 % in all cases), with lowest accuracy occurring for 

false killer whales at the Kona and PHR sites (96.2 % and 96.6%, respectively), and rough-

toothed dolphin (97.3 %) at the Kauaʻi site. The false killer whale class also had the lowest 

accuracy score for the combined-sites results (96.9 %) followed by rough-toothed dolphin 

(98 %). Accuracy was highest for the Cuvier’s beaked whale and Kogia spp. classes at the 

Kona site (99.7%), Blainville’s and Cuvier’s beaked whales at Kauaʻi (99.8%), and 

Cuvier’s beaked whale at PHR (99.7%); though in the full-site data accuracy was highest 

for Cuvier’s beaked whale and stenellid type 2 (99.7%) (Table 2.3).  

While accuracy was markedly high for all types, recall and precision presented a 

more nuanced picture. Lower recall values (i.e., below 75%) indicating that bins of a given 

type were missed by the network were found for short-finned pilot whale class 2 at Kauaʻi 
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and PHR (Table 2.3). However, this type is also fairly uncommon at these sites as 

indicated by a low number of presence bins within the manually labelled dataset for that 

type (36 bins at Kauaʻi and only 11 bins at PHR, Table 2.3). Lower precision values, 

indicating a high presence of false positive bins for a type, were concerning for the false 

killer whale type at all sites except Kauaʻi, short-finned pilot whale type 2 in the full data, 

short-finned pilot whale type 1 at PHR, and the bottlenose dolphin/melon headed whale 

type at Kona (Table 2.3). Cases where low precision values were likely related to a small 

number of bins (corresponding to those with low recall as well as Cuvier’s beaked whale at 

Kona, Kogia spp. at PHR, and short-finned pilot whale type 2 at Kauaʻi and PHR) were not 

considered of concern at this time. The lower precision value for short-finned pilot whale 

type 2 in the full dataset is likely driven by lower recall at Kauaʻi and PHR, and hence was 

also not considered concerning. 

 

2.5 Discussion 

This study demonstrated the efficacy of machine learning for processing and 

classifying available large acoustic datasets for odontocete species, in this case in the 

tropical Pacific islands. Using machine learning methods, it was possible to discriminate 

the echolocation clicks of five species of odontocetes (false killer whale, short-finned pilot 

whale, rough-toothed dolphin, Cuvier’s beaked whale, and Blainville’s beaked whale) as 

well as three additional groups (stenellid dolphins, Kogia spp., and bottlenose dolphin/ 

melon-headed whale). The classification of the LF1 click type as rough-toothed dolphin 

highlights a unique advantage of the clustering methodology that allows for quantitative 
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grouping of unknown types more easily than manual labelling. While manual identification 

might allow one to classify data as a known type, or a general ‘unknown’ type, clustering 

provides a more standardized, facilitated way to determine one or more unknown types in a 

large dataset, particularly when differences appear to be small yet consistent. As seen with 

rough-toothed dolphin in this case, combination of click features from an unknown type 

with other acoustic and sighting records from the region can lead to new classifications and 

provide insights for species with few previous acoustic descriptions.  

It is worth noting, however, that comparisons of acoustic data from multiple 

recordings requires consideration of system differences. Exact spectral matches between 

encounters recorded on HARPs versus those recorded by towed acoustic arrays are 

unlikely due to the differences in both equipment and recording schemes (e.g., recording at 

the ocean floor versus near the surface, increased noise due to active towing, differences in 

animal behavior and/or orientation to the receiver). As such, in this study, the general 

spectral shape of mean spectra from towed array encounters versus the type spectrum from 

HARP data were given more weight than exact peak values. This study also demonstrates 

the usefulness of comparing observed relative species presence to sighting records to 

bolster classifications. While this process did not lead to distinction of the bottlenose 

dolphin/ melon-headed whale, Kogia spp., or stenellid types, the comparisons provide 

context for what the makeup of these types might be. Similar methodology has recently 

been applied to delphinid species in the Atlantic Ocean (22).  

One potential downfall of this clustering method is the loss of rarer types. By 

clustering clicks or bins together and setting various pruning thresholds, some connections 
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and clusters were removed from the data, or grouped into larger, more dominant types. In 

the Hawaiian region, there are at least 18 species of odontocetes (3), but only ten distinct 

click types were identified using our clustering methods, though sperm whales were 

purposefully excluded from analysis. Other, rarer species including Risso’s dolphin, 

Grampus griseus, Longman’s beaked whale, Indopacetus pacificus, Fraser’s dolphin, 

Lagenodelphis hosei, and pygmy killer whale, Feresa attenuata, were not identified in this 

dataset using these methods. While it is possible that none of these species were present in 

the dataset, it is more likely that some (primarily pygmy killer whales, given their spatial 

use off Kona (67)) were present in the record in small numbers and hence not represented 

by their own cluster. In the case of this study, this lack of representation in the final types 

resulted in no corresponding class in the neural-net classifier. Detections of these species 

have hence been unavoidably mislabeled as either a different odontocete class or noise; the 

effect of this is likely small but difficult to quantify without labelled data for these species.  

Noise floor differences between earlier and later models of the HARP recording 

systems used in this study resulted in differences in detectability for echolocation clicks 

below 125 dBpp re 1 µPa. Over the course of this study the received level threshold was 

therefore increased from 115 to 125 dBpp re 1 µPa to mitigate detectability-related artifacts 

over the 12-year period. This reduced the dataset size by approximately 10%.  

The success of the machine learning tools applied here on other datasets may be 

somewhat dependent on the noise floor. The HARP data used in this case had a very low 

broad band noise floor (i.e., high signal to noise ratio) for most deployments, facilitating 

the use of lower amplitude detections for classification. Higher noise recordings, such as 
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those collected using moving towed arrays, may further limit similar analyses to detections 

with higher received levels. 

The development of the input data for the Cuvier’s beaked whale neural network 

class in this study used examples from Hawaiian HARP data, augmented with additional 

examples from Southern California. This process seemed to have successfully 

complemented available Hawaiian examples without causing classifier confusion, as 

Cuvier’s beaked whale had some of the highest accuracies across all three sites, as well as 

for all sites combined (> 99% in all cases) (Table 2.3). Future studies employing these 

methods might consider the efficacy of augmenting regionally developed classes with 

additional data from other locations, particularly in the case of species that are not 

represented in local clusters but are known to be present. When augmenting existing 

regional classes with additional global examples, researchers must also be wary of species 

whose echolocation clicks have shown significant regional variation (68), as well as 

species that produce multiple, distinct types of echolocation clicks (69), which should 

perhaps not be combined together for classification purposes. 

For other classes, training and testing data were augmented using noise to reach a 

total of 5000 example bins. It is possible that this may introduce artifacts into the data, 

which can then be learned by the network (49). However, this process seemingly did not 

cause issues for the classifier created in this study; inspection of augmented data revealed 

no noticeable spectral artifacts, and classification accuracy was high amongst both 

augmented and non-augmented types. As an example, one can compare performance of the 

non-augmented stenellid type 1 class to performance of the augmented Blainville’s beaked 
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whale class on novel data (Table 2.3). In all three cases, accuracy and recall across sites 

was >94 %, suggesting that augmenting input features did not have harmful effects on 

classifier performance. The classifier produced in this process demonstrated a high degree 

of classification accuracy on novel data across sites and classes, and fairly high (> 66 % in 

all cases) values for recall (Table 2.3). The success of these augmentation techniques imply 

that these methods can be useable on smaller datasets. However, network training on less 

than a few hundred examples of determined types, with no ability to augment these types 

using additional data, should proceed with caution. The clustering and neural network 

steps employed here were developed to expedite processing of large acoustic datasets and 

are best suited to this task. 

In some cases, examination of confusion matrices provides useful context for 

performance metric values. For false killer whales, confusion matrices at all sites revealed 

that the low precision seen for this type was mainly due to bins of noise being mislabeled 

as false killer whale (Table 2.3 - 2.6). This result was most likely due to the spectral 

similarities between the false killer whale click type and detections attributed to boats and 

sperm whales that were part of the input noise class, particularly after applying a 10 kHz 

high-pass filter. This issue was less pronounced at Kauaʻi, where false killer whales were 

more common relative to noise detections (Table 2.3; Table 2.6).  

Other recent classification efforts of false killer whale have found success using a 

variety of vocalizations instead of only echolocation clicks, however, accuracy was slightly 

reduced when attempting to classify multiple species instead of only false killer whales and 

a conglomerate outgroup of other odontocetes (41). Due to the regional significance of this 
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species, and their rarity in the dataset, manual data verification was required to remove 

false positives from false killer whale time series before discussion of relative acoustic 

presence in this dataset, as mentioned in the results section of this study. This adjusted 

methodology highlights how the classifier can still be used to efficiently select time 

periods of presence for this type (i.e., high recall). Though the false positive rate on these 

detections was high (i.e., low precision), the additional manual checking required to 

remove these was much faster than manual logging of the entire dataset.  

Low precision in classes other than false killer whales and types with few bins 

evaluated (e.g., Cuvier’s beaked whale at Kona; Table 2.3) occurred primarily for short-

finned pilot whale and bottlenose dolphin/melon headed whale types (Table 2.3). Though 

the number of manually labelled bins for short-finned pilot whale class 1 at PHR exceeded 

the threshold for evaluation (50 bins), it was still fairly low (nBin = 72; Table 2.3). Based 

on precision values for this type at the other two sites, low bin number is considered the 

most likely reason for lower precision observed in this case. For the bottlenose 

dolphin/melon-headed whale type, confusion exists primarily with short-finned pilot 

whale, stenellid, and rough-toothed dolphin types (Tables 2.4 – 2.6). This is potentially due 

to several factors. Differences between the structure of the training set, which contained 

equal proportions of each type, and the real data, where types may be less common at 

certain sites than the network expects (e.g., rough-toothed dolphin at Kona) may increase 

confusion. Additionally, the ICI distribution and overall frequency range of rough-toothed 

dolphin, short-finned pilot whale, and bottlenose dolphin/ melon-headed whale clicks were 

fairly similar, as was the spectral content of rough-toothed dolphin, bottlenose dolphin/ 
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melon-headed whale, and stenellid clicks, particularly in low received level encounters 

where the higher frequency content of stenellid clicks was not as prevalent. Confusion 

amongst these classes was lower at Kauaʻi than at Kona, potentially due to the lower level 

of vessel presence at this site. The Kona site has an overall much higher noise background 

than the Kauaʻi site related to the commonality of ships and echosounders. These noise 

sources may alter spectral content of click mean spectra as well as ICI distributions by 

introducing false positive detections, hence increasing network confusion. There is not 

much that can be done with the current classifier structure to reduce this confusion, though 

it is notable that even in the most drastic case (i.e., bottlenose dolphin/melon headed whale 

at Kona), the precision value was still fairly high (74.9%). Network confidence, which 

accompanies all labels from the neural network used in this study, could potentially be 

used in future applications of this dataset to improve upon these false positive rates by only 

using detections above a certain confidence threshold. 

Using the machine learning methods applied in this study, we were able to develop 

a catalogue of click types for the Hawaiian Islands region and attribute those click types to 

species, including the novel description of a click type for rough-toothed dolphins. We 

were then able to develop and implement a neural-net based classifier, from which we 

were able to label encounters with 8 or more species of odontocetes in 15 instrument years 

of passive acoustic data. The success of this classifier in labeling passive acoustic data 

from multiple sites demonstrates its efficacy for analyzing existing and future acoustic 

datasets from this region, as well as potentially from other regions where these species are 

thought to be present. Future work related to improving the success of these methods in 



 35

identifying and classifying echolocation clicks might consider a tiered approach, in which 

original clustering and labelling take place at a more generalized level (e.g., ‘unidentified 

dolphin’, ‘beaked whale’, ‘ship’). Then, parsing of subtypes could be completed using 

additional clustering as well as other methods that have proved useful here such as 

comparison to known click records, species patterns, and auxiliary data. Such a method 

would likely minimize misclassifications as well as avoid the issue of species without a 

specific class being unavoidably mislabeled as a different odontocete or potentially as 

noise. At present, however, a usable workflow has not yet been developed for the method 

proposed above.  

In this paper, knowledge of rough-toothed dolphin diel behavior was used as 

additional evidence in the attribution of click type LF1 to this species. Further research 

using the timeseries produced in this study may find that examining diel patterns helps 

bolster the classifications made here. This may be particularly true for the stenellid type, as 

spinner dolphins are active nearly exclusively at night and spend their days in shallow 

resting bays (70), whereas spotted dolphins, while still more active at night, are somewhat 

active during the day as well (24,71). In addition to this, Blainville’s beaked whales have 

demonstrated diel and lunar variation in activity (37,72,73), short-finned pilot whales have 

been noted to move inshore/offshore in relation to the lunar cycle (74), and differences in 

diel presence among sites may help determine the makeup of the bottlenose dolphin/melon 

headed whale class. For Kogia spp. and some others, comparisons to timeseries produced 

using subsets of this HARP dataset (e.g., (75)) will provide additional useful context for 

those derived using the methods of this paper. For false killer whales, marked presence 
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during night-time hours may help explain the mismatch between rare sightings and 

common presence in the Kauaʻi HARP dataset (31% of days with presence); this could 

also be investigated using existing satellite tag data (76,77) to see whether they are more 

likely to use the area off western Kauaʻi during night-time hours. Work on describing and 

exploring some of these comparisons is ongoing and will be addressed more completely in 

a future paper. The records developed here can also be used in species monitoring efforts 

as well as to answer complex questions about animal behavior, habitat requirements, and 

ecosystem relationships of odontocetes in the Hawaiian Islands. 
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2.7 Figures and Tables 

 

Figure 2.1. Map of Recording Locations. Map showing the latitude-longitude locations 
of the Kona, Kauaʻi, and PHR sites. Location and depth of each site was averaged among 
deployments from that site. Basemap image is the intellectual property of Esri and is used 
herein with permission. Copyright © 2022 Esri and its licensors. All rights reserved. 
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Figure 2.2. Echolocation click types. Plots A-H depicting data from representative clicks 
from each of 10 final click types: (A) False killer whale, (B) Low-frequency type 1 (LF1), 
(C1) Short-finned pilot whale 1, (C2) Short-finned pilot whale 2, (D) Bottlenose dolphin/ 
melon-headed whale, (E) Blainville’s beaked whale, (F) Cuvier’s beaked whale, (G1) 
Stenellid 1, (G2) Stenellid 2, and (H) Kogia spp.  Panels 1-4 (left to right) depict the 
following: (1) mean spectra, shown along with 10th and 90th percentile values, (2) modal 
inter-click interval distribution, (3) concatenated click spectra of all clicks included, and 
(4) click waveform envelope for all clicks. Click waveform envelope has been sorted by 
peak amplitude (highest to the left), and concatenated clicks have been sorted 
correspondingly. Types are ordered by peak frequency.  
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Figure 2.3. Towed-array S. bredanensis encounters. Figure depicting (a) mean spectra, 
(b) concatenated click spectra, and (c) an example long-term spectral average of a towed-
array acoustic encounter of verified rough-toothed dolphins. Panel (a) includes the mean 
type spectra of the LF1 click type for comparison. Delineations in panel (b) (white lines) 
separate clicks coming from encounters 1-4. Panel c shows a long-term spectral average of 
raw data from an example encounter coming from the towed array dataset. 
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Figure 2.4. Additional towed-array examples. Long-term spectral average of two 
different hours of towed-array data, displaying the persistence of a notch in sensitivity at ~ 
50 kHz regardless of species present. Panel (a) displays sound data from anthropogenic 
sources, while (b) displays both anthropogenic noise and a delphinid encounter (starting at 
~ 0.5 hours).   
 

 

Figure 2.5. Long-term spectral average of an LF1 encounter. Long-term spectral 
average of data from 11/13/2015 including clicks labelled as type LF1. A sighting of 
rough-toothed dolphins occurred about 1 hour after this encounter, approximately 5 km 
from the location of the HARP. 
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3.1 Abstract 

Successful conservation and management of marine top predators relies on detailed 

documentation of spatiotemporal behavior. For cetacean species, this information is key to 

defining stocks, habitat use, and mitigating harmful interactions. Research focused on this 

goal is employing methodologies such as visual observations, tag data, and passive 

acoustic monitoring (PAM) data. However, many studies are temporally limited or focus 

on only one or few species. In this study, we make use of an existing long-term, labelled 

PAM dataset to examine spatiotemporal patterning of at least 10 odontocete (toothed 

whale) species in the Hawaiian Islands using compositional analyses and modelling 

techniques. Species composition differs amongst considered sites, and that this difference 

is robust to seasonal movement patterns. Temporally, hour of day was the most significant 

predictor of detection across species and sites, followed by season. We describe long-term 

trends in species detection at one site and note that they are markedly similar for many 

species. These trends may be related to long-term, underlying oceanographic cycles. We 

demonstrate the variability of temporal patterns even at relatively close sites, which may 

imply that wide-ranging models of species presence are missing key fine-scale movement 

patterns. Documented seasonal differences in detection also highlights the importance of 

considering season in survey design both regionally and elsewhere. We emphasize the 

utility of long-term, continuous monitoring in highlighting temporal patterns that may 

relate to underlying climatic states and help us predict responses to climate change. We 

conclude that long-term PAM records are a valuable resource for documenting 
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spatiotemporal patterns and can contribute many insights into the lives of top predators, 

even in highly studied regions such as the Hawaiian Islands.  

 

3.2 Introduction 

Documenting spatiotemporal patterns of species presence is a crucial part of the 

conservation and management of marine top predators. Detailed spatial information about 

species presence often aids in the definition of new or distinct stocks as well as the 

understanding of habitat use and movement patterns (e.g., 78,79). Continuous temporal 

data facilitates description of key diel patterns in animal activity, which is crucial for 

understanding foraging preferences and mitigating harmful anthropogenic interactions 

(80,81). Characterization of spatiotemporal patterns in odontocete (toothed whale) species 

presence may also facilitate the creation and comparison of habitat models (e.g., 82,83). 

Studies focused on these goals provide valuable baselines to which additional work can be 

compared, allowing scientists to monitor populations and detect changes over time that 

may be related to underlying changes in oceanographic and climate patterns or 

anthropogenic activity.  

In the Hawaiian Islands, odontocetes are one of the most speciose groups of marine 

top predators, with at least 18 species frequenting or residing in this region (3). Factors 

such as quality of environment (84), foraging opportunities related to island-associated 

prey (85), and movement to or from important geographical features (86) may influence 

fine-scale movements of these animals. Much of what is known about these species’ 

general distribution has been documented in National Oceanic and Atmospheric 
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Administration (NOAA) stock assessments. These assessments are largely derived from 

multi-month line-transect visual surveys (e.g., 64), tag data (e.g., 13), and regional studies 

involving small boat surveys (e.g., 3). Passive acoustic monitoring (PAM) has also been 

used to study these animals but has often been limited by the difficulty of classifying 

multiple species using the detected sounds, focusing instead on only one or few species of 

odontocetes whose calls are well-described (81,87–89). These methods of study have 

resulted in an overall base of knowledge that contains extensive information for some 

species but is compiled from disparate records, often with limited spatial or temporal 

coverage.  

A passive acoustic monitoring (PAM) dataset from the Hawaiian archipelago 

presents a unique opportunity to examine odontocete fine-scale temporal patterns at several 

sites over a longer time frame (2009-2019) than most other studies. These recordings 

include data from two subsites at a remote island in the Northwestern Hawaiian Islands 

(Manawai, otherwise known as Pearl and Hermes Reef), where records of odontocete 

spatiotemporal trends are limited compared to the Main Hawaiian Islands. A recent study 

which applied a machine learning toolkit to this dataset resulted in labelled data for 8 

groupings of odontocetes (20). These groupings included 5 species-specific labels: false 

killer whale (Pseudorca crassidens), rough-toothed dolphin (Steno bredanensis), short-

finned pilot whale (Globicephala macrorhyncus), Blainville’s beaked whale (Mesoplodon 

densirostris), and Cuvier’s beaked whale (Ziphius cavirostris). Additional genus or group 

level labels were stenellid dolphins (including some mixture of pantropical spotted dolphin 

(Stenella attenuata), striped dolphin (S. coeruleoalba), and spinner dolphin (S. 
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longirostris)), Kogia spp. (primarily dwarf sperm whale (K. sima), but potentially 

containing detections of pygmy sperm whale (K. breviceps) based on sighting record (90), 

and a type representing an unknown mixture of common bottlenose dolphin (Tursiops 

truncatus), and melon-headed whale (Pepnocephala electra). However, descriptions of 

patterns within these labelled data, and comparisons to literature, have not been completed.  

Analysis of long-term acoustic data from these sites can provide new perspectives 

on temporal presence, particularly for more cryptic species or those averse to human 

activities. In some cases (e.g., Kogia spp.), temporal analyses and documentation of 

patterns are relatively novel, as few previous studies have had sufficient detections of these 

species to describe patterns. In the case of rough-toothed dolphin, description of 

spatiotemporal trends based on a novel click type described by Ziegenhorn et al. (20) will 

represent one of very few descriptions of temporal patterns in this species’ behavior. Even 

in cases where strong patterns in presence have been documented, additional data, 

particularly data arising from differing methodologies, can prove useful by filling in 

knowledge gaps. In addition to this, concurrently analyzing timeseries for all species of 

odontocetes commonly found in this dataset presents an opportunity to compare 

composition and temporal patterning across species and sites without concern for 

differences in sampling and processing regimes.  

In this study, timeseries of species’ echolocation click detection (henceforth 

‘detections’) were derived from the existing, labelled PAM dataset to examine 

spatiotemporal patterning in the Hawaiian Islands for the eight groupings of odontocetes 

mentioned above. Composition amongst sites was evaluated, and significance of temporal 
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patterns was determined using Generalized Additive Models (GAMs) with Generalized 

Estimating Equations (GEEs). Significant temporal patterns were described and compared 

to available previous literature for included species. The patterns described improve upon 

previous research for many species where records at various scales (e.g., lunar, seasonal, 

yearly) are lacking, providing a baseline for studies of behavior of included species. The 

breadth of results presented here highlights the utility of long-term, fine-scale detection 

data in species monitoring efforts.  

 

3.3 Methods 

3.3.1 Data collection 

Passive acoustic data was collected in the Hawaiian Islands using High Frequency 

Acoustic Recording Packages (HARPs) (19). Deployments used for this study spanned the 

years 2009-2019 (see Table S3.1.1 in Supplementary Information). Sites for data collection 

were off the west coast of Hawaiʻi Island (henceforth, ‘Hawaiʻi’), west of Kauaʻi, and in 

the vicinity of Manawai (Fig. 3.1). In the case of Manawai, the exact recording site shifted 

over the recording period (2009-present), primarily to combat low-frequency hydrophone 

cable strumming from strong currents at depth. As such, two subsites have been designated 

(henceforth, ‘Manawai 1’, ‘Manawai 2’). Deployment setup varied at these sites in terms 

of recording schedule, instrument depth, and duty cycle regime (i.e., alternating periods of 

recording and non-recording; see Table S3.1.1). Duty cycling was employed to extend 

battery life and allow for longer deployments. Data from these sites were recorded at a 

200 kHz or 320 kHz sampling frequency (16-bit quantization) at depths ranging from 550-
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1150 meters (see Table S3.1.1). All hydrophones were buoyed approximately 10-30 meters 

from the seafloor.  

 

3.3.2 Data processing 

An energy-based detector was run on all data to identify echolocation clicks, which 

were then evaluated to determine relevant click features (i.e., timing between clicks in a 

click train, or ‘inter-click interval’, spectral shape, peak frequency)(e.g., 42,91). These 

clicks were then clustered using unsupervised clustering methods, resulting in several 

echolocation click types (e.g., 21,23). These types were identified to species level where 

possible based on known records and auxiliary data from the region. Then, types were used 

as classes to train a neural network-based classifier, which was run on all data to label the 

entirety of the dataset as either one of the echolocation click types or noise (e.g., 20,49).  

Detections of all types were originally binned in 5-minute increments for network 

training and labelling. Numbers of clicks in 5-minute bins were multiplied by type-specific 

precision values (a measurement of the percentage of all network labels of a given type 

that were true positives) to approximate the number of ‘true’ clicks in that bin.  Bins were 

retained for timeseries only if they had more than a certain number of ‘true’ clicks (>50 for 

delphinids, >20 for beaked whales and Kogia spp.). For false killer whales, neural-network 

classifications included many false detections from noise sources, which were removed 

manually in lieu of this process. Final timeseries were binned in counts of minutes with 

detections per hour. It was assumed that all minutes within a given 5-minute bin contained 

clicks of a type if that type was present in the bin. Short-finned pilot whale and stenellids 
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each had two associated click types, which were left separate during classification to 

improve network performance but were determined to not represent different species or 

populations. Timeseries for these types were consolidated to one stenellid type and one 

short-finned pilot whale type for this analysis.  

 As the full dataset for all sites included both continuous and duty cycled 

deployments, it was necessary to further account for the effects of duty cycles (see Table 

S3.1.1). This was done on both a site and type-specific basis, as duty cycling does not 

necessarily affect all species equally (92). For each type at each site, timeseries of 

detections were subsampled to replicate duty cycle used at that site. These subsamples 

were evaluated in comparison to the continuous timeseries to determine what percentage of 

minutes per hour of detections would have been lost if the given duty cycle had been in 

effect. This was repeated for all duty cycles at each site. The resulting percentages of 

missed minutes per hour were used to linearly boost the counts of minutes per hour in duty 

cycled deployments for each type. Manawai subsites were combined into one ‘Manawai’ 

site due to their close proximity. 

 

3.3.3 Data analysis 

Full timeseries data for each type were plotted along with lunar and solar 

information extracted using the suncalc package in R (93). In addition, seasonal variation 

in detection were calculated as average hours per week of detections across available years 

of data (Fig. 3.1). Seasons were defined as winter (January through March), spring (April 

through June), summer (July through September), and fall (October through December). 
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Percentage of days with detections of each type was evaluated by-site to examine 

compositional differences between sites. A Bray-Curtis dissimilarity test was used to look 

at compositional relationships amongst sites (94). This test compares species diversity and 

abundance at each site to that of a determined ‘focal site’, resulting in a value of one if the 

same species are present in the same numbers, and zero if the sites have none of the same 

species. For this study, percentage of recording days with a given species detected was 

used as a proxy for abundance at that site. Hawaiʻi was used as the ‘focal site’ for analysis, 

and data were split up by-season to evaluate how composition changed.  

 Basic temporal models were built using R (95) to test the significance of predictors 

(hour of day, lunar fraction, Julian day) for each type at each site. Lunar illumination and 

phase were extracted using the suncalc package in R (93,95) but were ultimately removed 

from final models due to a lack of compelling relationships with detections. Year was 

included only at Hawaiʻi where more than five years of consecutive data were available. 

To simplify modeling, minutes per hour were transformed into binomial presence-absence 

(i.e., an hour was given a value of one if clicks were present, and zero otherwise) for use as 

the response variable. For a given type, models were evaluated only if the number of total 

detection hours exceeded 100. Temporal autocorrelation was assessed using the residuals 

of a basic Generalized Linear Model (GLM) including all variables. The time step for 

temporal blocking was determined as the point where the autocorrelation of residuals 

dropped below 0.1. These time steps were used to define clusters of self-similar data in 

subsequent modeling steps.  
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Generalized Additive Models (GAMs) with Generalized Estimating Equations 

(GEEs) were used as a model framework to additionally combat the autocorrelation 

expected in continuous passive acoustic datasets (7,96,97). Lunar illumination was 

included as a smoothed or linear term depending on Quasilikelihood under the 

Independence model Criterion (QIC) values (98) for a basic model including only lunar 

illumination as a predictor. Julian day and hour of day were included as cyclic smooths, 

and year was included as a smooth at Hawaiʻi given the long time-series at this site. All 

smoothed terms used multivariate splines (mSpline(), from the splines2 package in R (99) 

with four knots to avoid overfitting. Variable significance was determined based on p-

values calculated via an ANOVA of the final model, with p<0.05 as the cutoff for 

significance. Non-significant (p≥ 0.05) terms were removed before creation of the final 

model. Term order in the final model was determined through backwards selection, based 

on comparing QICs from models with each term removed sequentially to evaluate their 

relative contribution to the model’s predictive power. P-value, degrees of freedom and chi-

squared values from an ANOVA of final models were noted. 

For final models, partial-fit plots were developed to visualize the probability of 

species detection in response to each temporal variable considered. To create these plots, 

model coefficients were bootstrapped using the covariance matrix included in the model 

output. Bootstrapped values were then used to determine the spread of possible spline fits; 

confidence intervals were taken from the 2.5% and 97.5% percentiles of this distribution. 

Best fit splines were calculated using the model coefficients from final models and plotted 

along with confidence intervals (code adapted from (97)). Effort was plotted across the 
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bottom of these plots and observed patterns in significant predictors were compared to 

previous literature as well as amongst sites for included species. Models were evaluated 

using binned residuals via the performance package in R (100). This process split data into 

bins based on fitted values, and plotted average fitted values against average residual 

values for each bin. The results of this were evaluated based on how many values fell 

outside of the theoretical 95% error bounds; a good model was expected to have at least 

95% of values fall within these error bounds (101). Coefficients of Discrimination (also 

known as Tjur’s R2 ) were also evaluated for this final model using r2_tjur() in the 

performance package in R, as typically used for generalized linear models with binary 

outcomes (102). 

 

3.4 Results 

3.4.1 Species detection 

 

 Species detections varied amongst types and sites (Fig. 3.2-3.4). All types were 

found at all sites except for Cuvier’s beaked whales, which were not found at Kauaʻi (Fig. 

3.3). There was variable effort across weeks over all years. For Kauaʻi, a maximum of 

three years of data were available for a given week, resulting in large standard errors in 

many cases.  

 

3.4.2 Species composition 
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Species composition varied by site. At Hawaiʻi, the most common species were 

stenellid dolphins, short-finned pilot whales, and Blainville’s beaked whale (present 90%, 

62%, and 38% of days, respectively; Fig. 3.5a). At Kauaʻi, stenellids were also common, 

along with rough-toothed dolphins and then short-finned pilot whales (79%, 82%, 40%; 

Fig. 3.5b). At Manawai, Blainville’s beaked whales were by far the most common species 

(present 91% of days; Fig. 3.5c), though stenellids and Cuvier’s beaked whales were also 

common at this site (58% and 57% of days). Bray-Curtis dissimilarity tests further 

illuminated site-specific compositional differences. With Hawaiʻi as the focal site (i.e., the 

site to which composition at all other sites was compared), Kauaʻi was most similar, with 

composition at Manawai being less similar (Fig. 3.6).  

Comparing compositional results by-season provided additional context for these 

relationships. At Hawaiʻi, changes were small (<16% in all cases, only 10% of between-

season changes were larger than 10%) and the relative commonality of types (i.e., which 

type was most common, least common, etc.) changed very little across seasons (see Fig. 

S3.2.1 in Supporting Information). For Kauaʻi, variability was higher (seasonal differences 

up to 23%, 16% of differences >10%). As with Hawaiʻi, these changes had little effect on 

the relative commonalities of types at this site, though the relationship between false killer 

whale and Blainville’s beaked whale shifted from summer to fall (i.e., false killer whales 

were more common than Blainville’s beaked whales in summer, but not fall; see Fig. 

S3.2.2).These smaller changes at Hawaiʻi and Kauaʻi were reflected in the Bray-Curtis 

relationship between the two across all seasons (Fig. 3.6). Of the three sites, Manawai had 

the most seasonal variability in presence, with 22% of differences >10%, and a highest 
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difference of 29% (Table 3.1, see Fig. S3.2.3). This site saw the most notable change from 

winter to spring, with detections of nearly half the species considered increasing by at least 

10% between these seasons (see Fig. S3.2.3). Seasonal shifts in detections were most 

dramatic for rough-toothed dolphins, with >10% difference in three of four seasons 

(exception being spring to summer, largest change (23%) from winter to spring; Table 

3.1). Composition amongst all sites was most similar in the spring, and most different in 

the winter, though composition between Hawaiʻi and Kauaʻi was most similar in the fall 

(Fig. 3.6).  

 

3.4.3 Temporal Patterns 

Temporal patterns were modeled with GAM-GEEs using hourly presence or 

absence of all types as response variable and hour of day, Julian day (as a proxy for 

seasonal changes), and year (Hawaiʻi only) as explanatory variables. This provided 

information on the significance of these temporal scales to detection of species or types 

(Table 3.2). Types with fewer than 100 hours of detection at a site were not considered in 

modelling and pattern description efforts. Across all species and sites, hour of day (local 

time) was the most common significant variable, with only three cases in which it was not 

significant (p>0.05), and only four additional cases where it was not highly significant 

(p>0.001) (Table 3.2). Julian day was significant for all but five models. At Hawaiʻi, where 

year was considered as a smoothed variable, year was a highly significant predictor for all 

species (p< 0.001 in all cases). 



 62

Performance of final models was generally poor, with no models having > 95% of 

values within the error bounds of the binned residuals plot, though several models (5 of 22) 

reached >90% (Table 3.3). These values did not necessarily correspond to higher R2 

values, nor was there a relationship between more detection hours and better model 

performance. Model results are discussed in further detail below. Full timeseries of 

detections for each species and site can be found in Supporting Information (Fig. S3.3.1 – 

Fig. S3.3.23). 

 

3.4.3.1 Diel patterns 

Clear diel patterns were found for most species and sites (Fig. 3.7). For false killer 

whales, Cuvier’s beaked whales, and Kogia spp., detections increased during daylight 

hours. Probability of false killer whale detection was higher during mid-morning at Kauaʻi 

(peak at 10:00- 11:00 HST; Fig. 3.7). For Cuvier’s beaked whales, hour of day was a 

significant driver at Manawai with a peak in detections at 8:00-9:00. For this species at the 

Hawaiʻi site, timeseries examination revealed that diel detection changed over the years 

considered. Little to no diel pattern was present during the 2010 peak in detections, but a 

distinct increase in detection during daylight hours was seen in later years. Peak detection 

for Kogia spp. was slightly later in the day (around 13:00), with a strong diel trend only at 

Hawaiʻi. For rough-toothed dolphins, the bottlenose dolphin and melon-headed whale 

class, short-finned pilot whales, and stenellids, models showed a distinct diel trend, with 

echolocation detections being much lower in daylight hours (Fig. 3.7). For stenellids, this 

was particularly strong at Hawaiʻi (Fig. 3.7). For rough-toothed dolphins, there were fewer 
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detections during midday hours at Hawaiʻi and Manawai, but this dip occurred slightly 

later (14:00-15:00 HST) for Kauaʻi. For short-finned pilot whales, diel patterning varied 

over considered years at Hawaiʻi (see Fig. S3.3.16). Diel patterning was also more variable 

for Blainville’s beaked whales. For this species, there was an overall decline in detection 

throughout daylight hours at Kauaʻi. However, at Hawaiʻi there was a slight increase in 

detections during midday. Examination of timeseries at this site showed that this diel 

patterning was much less evident during time periods with higher detections (e.g., 2011, 

2017, see Fig.S3.3.22-S3.3.23). 

 

3.4.3.2 Seasonal patterns 

Seasonal patterning varied amongst species and sites. For false killer whales, 

detections were more common in the fall at Hawaiʻi, versus an earlier peak in summer at 

Kauaʻi (Fig. 3.8).  For rough-toothed dolphins, detections were more frequent in the spring 

at Kauaʻi and summer at Manawai, but in the winter for Hawaiʻi (Fig. 3.8). Short-finned 

pilot whales had a seasonal pattern only at Kauaʻi, with higher detections during winter. 

For stenellids, detections were more common in spring at Kauaʻi and Manawai. At 

Hawaiʻi, stenellids were detected in the highest numbers during winter (Fig. 3.8). Seasonal 

patterning for Blainville’s beaked whales was only apparent at Manawai, where there was 

a slight increase in detections in July-August. Patterning for Cuvier’s beaked whales 

indicated a fall-winter peak in detections at both Manawai as well as Hawaiʻi. For the 

bottlenose dolphins and melon-headed whale class, seasonal trends were significant at 
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Kauaʻi and Manawai, with a slight peak in detections during the late winter and early 

spring at both sites.  

 

3.4.3.3 Multi-year patterns 

Long-term trends of species presence at Hawaiʻi were significant for all types 

considered (Fig. 3.9). Short-finned pilot whales, rough-toothed dolphins, Blainville’s 

beaked whales, and Cuvier’s beaked whales all had markedly similar patterns in the years 

considered. For these species, predicted presence was highest in 2010-2011 and 2016, and 

lowest in 2014 and 2018 (Fig. 3.9). These species (with the exception of short-finned pilot 

whales) then saw an increase in presence in 2019 (Fig. 3.9). For rough-toothed dolphins 

and Cuvier’s beaked whales, years with lower probability of presence corresponded 

partially to years in which key seasons for those species were times of no-effort (Fig. 3.9). 

However, this did not hold true for the other species with this pattern. Variations on this 

pattern were observed for stenellids as well as the bottlenose dolphin and melon-headed 

whale class. For stenellids, a decrease was observed until 2014 and a 2016 peak was 

present before a decline again until the end of the dataset. The bottlenose dolphin and 

melon-headed whale class had a 2016 peak and 2018 decrease similar to many other 

species, but fairly consistent predicted presence prior to 2016. False killer whales had a 

peak in 2010-2011 similar to what was seen for other species, but then consistently low 

presence after this (large error bars make it difficult to conclude much about the trend post-

2017). Kogia spp. had a slight dip in 2014, but a shifted peak with highest predicted 

presence in 2017-2018 before a steep 2019 drop off (Fig. 3.9).  
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3.5 Discussion 

This study analyzed timeseries of species echolocation click detection for 8+ 

species of odontocetes in the Hawaiian Islands region at multiple sites and over a wide 

range of years and seasons. This allowed for novel comparisons of species composition 

and commonality amongst sites. It is worth noting that the species considered produce a 

variety of other vocalizations that were not considered in this study. Incorporation of these 

vocalizations (e.g., whistles, buzzes, burst pulses) would further contribute to fully 

describing acoustic presence patterns of the species considered. There are likely some 

vocalizations from pygmy killer whales, Feresa attenuata, in our dataset due to a resident 

population off the coast of Hawaiʻi (103). These vocalizations would bolster detections of 

some species at this site, particularly during night-time hours when this population is 

thought to forage (104). It is not possible to quantify this effect, though based on 

knowledge of this species’ echolocation (105), it is most likely being misclassified as a 

fellow delphinid species rather than a beaked whale. The effect of these misclassifications 

is probably mitigated by the small size of this population (103), although individuals from 

this population do use slope waters spanning the depth range of the HARP (67). Risso’s 

dolphins, Grampus griseus, Fraser’s dolphin, Lagenodelphis hosei, Longman’s beaked 

whales, Indopacetus pacificus, and killer whales, Orcinus orca, are also known to be 

present around the islands but likely represent a very small proportion of misclassifications 

due to low sighting rates near the HARP sites (3). Some detections of beaked whales may 

also be misclassifications of an unidentified beaked whale species first detected at Cross 
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Seamount, Hawaiʻi; this would be most likely at Kauaʻi where this species has been 

acoustically recorded on the U.S. Pacific Missile Range Facility (PMRF) (106). 

Composition amongst sites generally followed expected trends, with observed 

Bray-Curtis values being presumably mostly related to spatial proximity. Examining 

changes in these relationships by-season demonstrated the robustness of the overall 

compositional results. Despite shifts in species detections amongst season that were 

demonstrated both in by-season compositional results as well as through temporal 

modelling, seasonal Bray-Curtis relationships remained markedly stable and similar to the 

full-data result (Fig. 3.6). While relationships between sites did not differ much, the spread 

of Bray-Curtis values compared to Hawaiʻi did change, with sites being most similar in the 

spring and least similar in the winter. This is an interesting result that is mostly driven by 

changes in composition at Manawai. In the spring, higher similarity amongst sites is driven 

primarily by the increase in stenellids making composition at Manawai more like Hawaiʻi 

than in other seasons. In the fall, lower similarity compared to Hawaiʻi is driven by fewer 

stenellids and more Cuvier’s beaked whales at Manawai. The degree of seasonal changes 

in species detections (e.g., most consistent at Hawaiʻi, less consistent at Manawai) may be 

driven by patterns in underlying oceanographic features, particularly those that affect prey 

availability (e.g., fronts, chlorophyll-a concentration). In particular, the higher degree of 

seasonal composition shifts at Manawai is likely related to movements of the Transition 

Zone Chlorophyll Front, which is closer to the islands in the winter and enhances local 

productivity (107).  Differences in productivity between the Main Hawaiian Islands and 

Northwestern Hawaiian Islands are complex, and this likely leads to variations in species 
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behavior. Such differences are the subject of ongoing research efforts and will be the focus 

of a future paper.  

Some distributional differences observed were also well-supported by existing 

sighting and tag records. The lack of Cuvier’s beaked whales at Kauaʻi and higher 

presence at both Hawaiʻi and Manawai is corroborated by existing sighting records (24). 

Rough-toothed dolphin sighting rates are much higher off Kauaʻi than off Hawaiʻi (108), 

similar to our results. Documented trends in Kogia spp. (specifically K. sima) sightings 

also match our findings, in which detections were more common off Hawaiʻi than off 

Kauaʻi (90).  

Using a neural network classifier, rather than manual labelling, to derive timeseries 

of detections necessarily resulted in some classification error. In this study, we used type 

and site-specific precision values to help mitigate these errors and avoid the obfuscation of 

actual patterns. The false killer whale class presents an opportunity to explore this in some 

detail. Due to low precision values (many misclassifications with noise), manual review 

was completed for all false killer whale detections, and this manually modified dataset was 

used moving forward (20). When comparing this timeseries to the precision-modified 

timeseries we might have used otherwise, it is clear that noise detections would have 

created artificial patterns. As an example, confusion with boat noise results in a diel pattern 

(higher detections during daylight) in the precision-based dataset at Hawaiʻi (see Fig. 

S3.3.24). Such effects are less pronounced at Kauaʻi and Manawai. This level of 

misclassification is more egregious than was seen for other sites and species, where the 

precision-based reductions were likely enough to mitigate errors. However, it bears 



 68

acknowledging that there may be residual errors in the patterns observed. Residual 

classification errors would likely affect short-finned pilot whales at Manawai and the 

bottlenose dolphin and melon-headed whale class at Hawaiʻi more than other types, based 

on established precision values. Further study using this dataset might consider evaluating 

whether patterning existed in misclassifications, and how that might be used to better 

account for error in resulting timeseries.  

For short-finned pilot whales as well as stenellids, multiple neural network classes 

existed for each type; these were combined for this analysis. Differences in stenellid click 

types were due to artificial spectral peaks introduced by a 25 kHz crossover frequency 

between low and high frequency hydrophones in some HARP setups (see Table S3.1.1). 

However, for short-finned pilot whales, it is possible that the types we combined could 

have different patterns in the data. In this case, reasoning for combining types was partially 

due to their scarcity, particularly at Manawai. If short-finned pilot whale classes had been 

left separate, one or both types might have had insufficient data for modelling at this site.  

One aim of this study was to further examine temporal patterning to determine the 

species makeup of the stenellid and combined bottlenose dolphin and melon-headed whale 

class. For stenellids, the diel trends observed point to potentially different makeups of the 

types amongst sites. In addition to this, the preference of striped dolphins for deeper water 

(3) and apparent lack of resident population of spotted dolphins near Kauaʻi (109) may 

suggest that, at least at this site, the stenellid type is primarily composed of spinner 

dolphins. Site-specific differences in type makeup may also hold true for the bottlenose 

dolphin and melon-headed whale class. Some of the results presented (i.e., strong diel 
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cycle) may suggest that melon-headed whales make up a significant portion of this type. 

However, detailed sighting records from the Main Hawaiian Islands indicate a much higher 

presence of bottlenose dolphins near Hawaiʻi and Kauaʻi (3). Based on this information, it 

is likely that the type makeup in the Main Hawaiian Islands is mostly bottlenose dolphins, 

though this may be different at Manawai. Discrimination of these species within this type 

might be possible with the addition of examining characteristics of underlying whistles that 

often accompany clicks of these types.  

 

3.5.1 Temporal modeling 

Overall, modelled patterns of detections corroborated patterns that were seen in the 

timeseries. Examining the importance of temporal variables in final models and across 

species and sites also provided a useful framework for considering temporal patterns of 

odontocete echolocation click detections in a given region. Hour of day was found to be 

the most significant temporal driver of species detections in this region, across all species 

and sites (except Hawaiʻi, where year was significant for all species) (Table 3.1). 

Evaluation of models using binned residuals and Tjur’s R2 suggested that many of the 

models produced are not particularly good predictors of animal detections (Table 3.2). This 

is not an unexpected result, as only temporal patterning was considered here. Models 

would likely be improved by the inclusion of a variety of environmental variables that 

have been shown to be correlated with presence of odontocetes (e.g., chlorophyll-a, 

salinity, temperature).  As the purpose of this study was to highlight spatiotemporal 
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patterning rather than provide predictive models, the poor fit of model residuals found here 

was not of particular concern.  

 

3.5.1.1 Diel patterns 

Hour of day was a significant driver of species detections in nearly all cases. Diel 

trends for false killer whales corroborated previous acoustic study of the species, which has 

suggested that the main Hawaiian Islands stock forages primarily during the day (110). 

This pattern could also be the result of inshore-offshore diel movement patterns resulting 

in animals being nearer to HARP locations (i.e., inshore) during the day, and further away 

at night. For rough-toothed dolphins and short-finned pilot whales, diel patterns across all 

sites (i.e., less acoustic activity during daylight) match with previous studies of these 

species in Hawaiʻi (66,110). Increased acoustic activity during the night was also observed 

for the bottlenose dolphin and melon-headed whale class, which matches with existing 

knowledge of melon-headed whale behavior (111,112). Bottlenose dolphins, in contrast, 

have been known to forage during both day and night-time periods (24). However, it is 

possible that the diel pattern seen could be related to spatial movements of a species that is 

foraging during both time periods.  

For Blainville’s beaked whales, detections were more frequent during the day at 

Hawaiʻi. The daytime peak in detections for this species is congruent with previous studies 

in Hawaiʻi which used a subset of this dataset (15). However, other regional work on 

beaked whales has not noted diel differences in foraging-related behavior (73,113). Fewer 

detections during the night at Hawaiʻi may be related to horizontal movements—whales 
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may be moving further offshore, leading to a dip in detections at the HARP site during 

those hours. Temporal patterning of species off Kauaʻi, particularly beaked whales, may 

also be impacted by frequent sonar events. The Kauaʻi HARP is close to the southernmost 

extent of the PMRF. Previous study on this range has noted that diel behavior of 

Blainville’s beaked whales is impacted by multi-day Navy training events, with no diel 

pattern before training events, but peaks in acoustic detections in both morning and 

afternoon during and after training events (37). More recent research has found that both 

multi-day training events and the presence of mid-frequency active sonar can greatly 

reduce the presence of vocalizing whales (114). 

For stenellid dolphins, detections were far fewer during daylight hours, though the 

degree of this pattern varied amongst sites. This trend may elucidate species makeup of 

this type. Spinner dolphins echolocate nearly exclusively at night and spend days resting in 

shallow bays (70), whereas spotted dolphins echolocate during the day, although still much 

more actively at night (24,71). For Kogia species, no regional comparable studies existed. 

However, a study of Kogia spp. temporal behavior from the Gulf of Mexico found higher 

acoustic presence during the day at some sites, which is consistent with the pattern seen 

here for Hawaiʻi (17). 

 

3.5.1.2 Seasonal patterns 

For false killer whales and rough-toothed dolphins, the seasonality of use seen at 

various sites (Hawaiʻi and Kauaʻi for false killer whales, all modeling sites for rough-

toothed dolphins) have been noted in very few previous studies. Research on the Main 
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Hawaiian Islands insular stock of false killer whales found some spatial variability in use 

of the Main Hawaiian Islands region for one social cluster of animals, with highest 

presence west of Hawaiʻi during spring and early summer (May through July) and west of 

Kauaʻi in summer and early fall (August through October) (115). This is somewhat in 

agreement with our results (i.e., spring-summer peak in Kauaʻi, SFig 3.2.2), though peak 

season in our data from Hawaiʻi is fall rather than spring (SFig 3.2.1, Fig. 3.8). As there 

are few detections of this species in our record at Hawaiʻi, and previous seasonal variation 

was noted for only one social cluster so far, more data would be needed to examine the 

reasons for this discrepancy. The area near the Hawaiʻi HARP is not a high-use area for 

this stock, so this record may not represent their overall use of the Hawaiʻi Island lee 

particularly well. It is also worth noting that the Main Hawaiian Islands insular stock is one 

of three stocks of false killer whales present in the Hawaiian Islands (116), all three of 

which use the waters around Kauaʻi. For two of these three stocks (i.e., Northwestern 

Hawaiian Islands and Hawaiʻi pelagic stocks), seasonality of presence has not been 

documented. Shifting presence of these stocks may also have effects on overall false killer 

whale detections at Kauaʻi (76).  

 Rough-toothed dolphin detections were higher in the spring-summer in our data 

from Kauaʻi, which matches with previously modelled high-use areas during these seasons 

(117). For short-finned pilot whales, previous work near Kauaʻi found seasonality in 

detections southwest of the island, in a similar location to the HARP (118). This study also 

found an increase in detections in the April-June period. Additional study of this species 

has suggested that animals may spend more time diving further from shore during fall and 
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winter (74). In this case, we might expect to see a decrease in detections during these 

seasons, which matches the general seasonal trend seen at Kauaʻi. The lack of seasonality 

observed at Hawaiʻi is in accordance with previous studies which have modelled the region 

west of Hawaiʻi as high-use area for this species year-round (117). 

For Blainville’s beaked whales increased detections in the fall at Kauaʻi and 

summer at Hawaiʻi have been noted in a previous study which used a subset of this HARP 

dataset (5). The patterns shown here matches this prior report, though with this larger 

sample size, the trend was no longer statistically significant. Seasonal patterning here may 

suggest movement around the island or offshore, potentially related to shifts in a nearby 

foraging hotspot (85). Records of Blainville’s beaked whale acoustic detections in the 

PMRF range have noted decreased detections after multi-day naval training events (i.e., 

prolonged sonar activity periods), which occur in February and August (37). This behavior 

does not seem to have been captured in our data, despite the Kauaʻi site location’s 

proximity to the southern edge of the PMRF. Previous research on Cuvier’s beaked whales 

near Hawaiʻi Island did note a seasonal peak in the fall similar to what was noted here (5). 

However, other studies of Cuvier’s beaked whales in the region have noted that the species 

uses the waters near Hawaiʻi Island year-round and saw no seasonal changes (119). For 

stenellid dolphins, observed seasonal patterns in presence have not previously been noted. 

Seasonal trends in Kogia spp. detections have no comparable previous records, though 

recent study of K. sima has indicated the detections of a resident population off Hawaiʻi, 

with much lower encounter rates off Kauaʻi, particularly on the western side of the island 

(90). No previous studies have considered seasonality at Manawai.   
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3.5.1.3 Multi-year patterns 

Multi-year analysis at Hawaiʻi yielded interesting results in several cases, though in 

most cases these patterns had no comparable records in the literature. A distinct peak in 

presence in 2010 was observed for rough-toothed dolphins, short-finned pilot whales, and 

Blainville’s and Cuvier’s beaked whales. In 2014, a dip in presence was observed for many 

types. Presence then peaked again in 2016 for all types except false killer whale and Kogia 

spp., before a dip in presence in 2018. This decline was particularly sharp for rough-

toothed dolphins, the bottlenose dolphin and melon headed whale class, and Cuvier’s 

beaked whale. Some of these dips may be exacerbated by low effort during key seasons 

(i.e., lower presence for false killer whales in 2014-2016 may be related to lack of 

recordings during fall in those years). One downside of including year as a smoothed term 

in this model is that the representative figures necessarily indicate relationships during 

years where there is little to no data (i.e., 2012, 2013). It is not possible to say whether the 

true relationship during those years would be similar to what the model suggests, so we 

refrained from drawing conclusions related to those time periods. Changes in presence may 

also be linked to oceanographic variables, particularly those that affect the presence of 

various prey species. The dip in presence in 2018 is particularly interesting as there was 

continuous effort throughout that year. Future work on this dataset using environmental 

correlates may illuminate the reasons for this decrease in detections. 

 

3.6 Conclusions 
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Discussion of various temporal predictors in relation to previous studies highlights 

the importance of continued monitoring efforts, in this region and others, to inform 

understanding of odontocete spatiotemporal patterns. This is especially true for species 

where this study presents the first regional description of a given pattern, or previous 

records are not comparable to the effort of the PAM dataset used (e.g., seasonal trends for 

false killer whale, rough-toothed dolphin, and Kogia spp.). The work presented here 

highlights the utility of using multiple methodologies for studying species in this region 

and others.  

 In terms of multi-year trends, results of this study at Hawaiʻi are novel for most 

species, though it is worth noting that, as the detection range covered by the HARPs is 

relatively small, shifts in acoustic presence may represent small shifts in high-use areas by 

island-associated populations.  In Hawaiʻi, few long-term trends have been described, 

though portions of this dataset have been used for long-term assessments of sperm whales 

(7) and humpback whales (120). Additionally, there are multiple species (e.g., rough-

toothed dolphin, Kogia spp.) where the records provided here have little to no comparison 

in previous literature. In that way, this study may provide a useful starting point for other 

species-specific studies of these animals. Future work employing these results in models 

considering environmental and anthropogenic parameters will help provide explanations 

for the patterns observed. These will be useful in the further understanding of these species 

habitats and behaviors and may help to explain any existing behavioral discrepancies 

between this and previous studies. These behaviors and movements are important to 

understand in the context of the Hawaiian ecosystem to which these odontocetes belong. 



 76

The work completed emphasizes the merits of establishing baselines and comparing 

patterns of detections on fine temporal and spatial scales in marine top predator monitoring 

efforts. The patterns established in this study provide useful records to which additional 

studies of included species can be compared, allowing for documentation of regional 

differences in temporal behaviors which may be relevant for conservation purposes. These 

processes are necessary for management and conservation efforts of these species 

regionally as well as worldwide.  
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3.8 Figures and Tables

 

Figure 3.1. Deployment locations. Recording sites for this study, showing the location 
and average depth of each site, with 50m contour lines. Top left panel shows site locations 
in context of the Hawaiian Islands chain. Panels a-c show locations of Hawaii, Kauaʻi , and 
Manawai sites (respectively). Basemap in top left image is the intellectual property of Esri 
and is used herein with permission. Copyright © 2022 Esri and its licensors. All rights 
reserved. Bathymetry data used for panels a-c accessed from the Hawaiʻi Mapping 
Research Group at the University of Hawaiʻi at Manoa. (a-b, accessible here: 
http://www.soest.hawaii.edu/hmrg/multibeam/bathymetry.php) and Pacific Islands Ocean 
Observing System (c, accessible here: https://pae-
paha.pacioos.hawaii.edu/thredds/bathymetry.html?dataset=hurl_bathy_60m_nwhi).  
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Figure 3.2. Seasonal detections at Hawaiʻi. Seasonal detections (hours per week) of all 
types at Hawaiʻi. Note that Y-axis scales vary for each species. Average detections with 
standard error across available years of data is shown. Detections are not corrected for total 
hours of available data during a given week.  
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Figure 3.3. Seasonal detections at Kauaʻi. Seasonal detections (hours per week) of all 
types at Kauaʻi. Note that Y-axis scales vary for each species. Average detections with 
standard error across available years of data is shown.  Detections are not corrected for 
total hours of available data during a given week. 
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Figure 3.4. Seasonal detections at Manawai. Seasonal detections (hours per week) of all 
types at Manawai. Average detections with standard error across available years of data is 
shown. Detections are not corrected for total hours of available data during a given week. 
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Figure 3.5. Percentage days with detections. Percent days out of total recording days at 
each site with detections of each type. Sites are (a) Hawaiʻi, (b) Kauaʻi, and (c) Manawai. 
Values greater than 50% are shown in green.  
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Figure 3.6. Bray-Curtis dissimilarity map. Depiction of Bray-Curtis dissimilarity 
amongst sites with Hawaiʻi as the focal site in each season, as well as overall. Color is used 
to depict Bray-Curtis value between the focal site and each other site, with red representing 
sites where composition is the same, and blue representing sites with no overlap in species. 
Exact Bray-Curtis values are shown above corresponding sites. Basemap image is the 
intellectual property of Esri and is used herein with permission. Copyright © 2022 Esri and 
its licensors. All rights reserved.  
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Figure 3.7. Diel patterns. Partial-fit plots for hour of day (in HST) for all types at (A) 
Hawaiʻi, (B) Kauaʻi, (C) Manawai. Plots show the probability of species detections with 
2.5 and 97.5 percentile value confidence intervals. Blue polygons at the bottom of each 
plot give the distribution of the underlying data. Model order is given for significant 
variables (1st- 4th). Asterisks show significance level (*** = p< 0.005, ** = p<0.01, * = 
p<0.05). Non-significance is denoted by ‘NA’; sites without a model are represented by 
‘—‘. 
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Figure 3.8. Seasonal patterns. Partial-fit plots for Julian day for all types at (A) Hawaiʻi, 
(B) Kauaʻi, (C) Manawai. Plots show the probability of species detections with 2.5 and 
97.5 percentile value confidence intervals. Blue polygons at the bottom of each plot give 
the distribution of the underlying data. Model order is given for significant variables (1st- 
4th). Asterisks show significance level (*** = p< 0.005, ** = p<0.01, * = p<0.05). The first 
letter of each month is shown instead of day of year, for ease of readability. Non-
significance is denoted by ‘NA’; sites without a model are represented by ‘—‘. 
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Figure 3.9. Multi-year patterns. Partial-fit plots for year for all types at Hawaiʻi. Plots 
show the probability of species detections with 2.5 and 97.5 percentile value confidence 
intervals. Blue polygons at the bottom of each plot give the distribution of the underlying 
data. Model order is given for significant variables (1st- 4th). Asterisks show significance 
level (*** = p< 0.005, ** = p<0.01, * = p<0.05). The first letter of each month is shown 
instead of day of year, for ease of readability. Asterisks on histogram data indicate years in 
which data from a key season for this type was missing. 
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Table 3.2. Model results. Table showing model results for all types at all sites. Included 
variables are hour of day (Hour), percentage of lunar illumination (Lunar), Julian day, and 
year. Number of hours with presence of a type is given by nPres. Significant variables are 
marked with their order (o) in the model (i.e., 1st – 4th) and with *** = p <0.001, ** = 
p<0.01, and * = p<0.05. Degrees of freedom (d) and Chi-squared values (χ²) are given for 
all variables. Blank spaces indicate lack of significant variables. Gray boxes indicate 
insufficient presence hours for modelling. 
 

 

 
 

 

 

 
 

 
 

 



 89

 

 

 

 

 

 

 

 

 

Table 3.3. Model evaluation. Table showing model evaluation for all types at all sites with 
number of hours with presence (nPres), percentage of values that were within 95% error 
bounds in binned residual plots (% Res), and Tjur’s R2 values for each model (Res R2). 
Gray boxes indicate insufficient presence hours for modelling. Models with greater than 
90% percent res values are bolded. 
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Chapter 4: Oceanographic conditions as indicators of odontocete 
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4.1 Abstract  

For many taxa, understanding environmental drivers of species’ behavior can be 

key for successful management and conservation, and can also aid in predicting response 

to future conditions and climate change scenarios. Within cetacean research, studies 

focused on these goals often consider local conditions (e.g., currents, bathymetry), but 

usually records are not long nor complete enough to consider larger climate indices. We 

make use of a long-term passive acoustic monitoring (PAM) dataset to examine 

relationships between toothed whale detections and climate indices (El Niño Southern 

Oscillation (ENSO), Pacific Decadal Oscillation (PDO), and North Pacific Gyre 

Oscillation (NPGO)) as well as surface conditions (temperature, salinity, sea surface 

height) at several sites in the Hawaiian Islands. We find that, of the surface variables 

considered, temperature was the best predictor of detections. Sea surface height was the 

only variable where correlations with detections were consistent for a given species across 

sites, with the exception of the bottlenose dolphin and melon-headed whale class. Of the 

climate indices considered, ENSO may have the most effect on species detections at 

monitored sites. In many cases, detection patterns match well with combinations of one or 

more climate indices. In some cases, combinations of fluctuations in surface conditions 

and climate indices matched well with the detection patterns observed. We highlight the 

importance of considering climate indices in habitat modelling. We conclude that habitat 

modelling using long-term records can provide valuable insights into top predator behavior 

in relation to both surface conditions and long-term climate cycles.  
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4.2 Introduction 

  As a productive oasis in the generally oligotrophic North Pacific Subtropical Gyre 

(121), the Hawaiian archipelago provides a unique study site for toothed whales 

(odontocetes), with at least 18 species of odontocetes residing in the region. The 

archipelago consists of volcanic islands, separated into the Northwestern Hawaiian Islands 

(older, lower islands) and the Main Hawaiian Islands (newer, higher islands). 

Oceanographic conditions in these regions differ significantly, with the Main Hawaiian 

Islands experiencing high nearshore upwelling (8), regional fronts and leeward eddies 

(1,9–12), and increased mixing and turbulence in channels between islands that encourage 

high primary productivity (8). This subsequently provides rich foraging grounds for many 

odontocete prey species. Nutrient input along coastal areas from frequent rainfall and steep 

island slopes also promotes the flourishing of odontocete prey; this effect is concentrated 

nearshore on the windward side of the islands but more dispersed and diluted in the 

islands’ lees due to westerly winds (122). In the Northwestern Hawaiian Islands, the 

contrast between inshore and offshore production is less marked because of a lack of high 

islands and eddies, as well as a proximity to the Subtropical Convergence Zone (123). 

However, proximity to the transition zone chlorophyll front near this convergence zone 

also results in higher productivity and increased abundance of odontocete prey species 

compared to the surrounding gyre (84). The heightened production supported by these 

processes provides prime habitat for odontocete species and causes many species to stick 

close to the islands.  
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Both parts of the island chain are also influenced by large-scale climate events, 

including the El Niño Southern Oscillation (ENSO), the Pacific Decadal Oscillation 

(PDO), and the North Pacific Gyre Oscillation (NPGO). The ENSO cycle describes the 

anomalous coupling of tropical Pacific ocean-atmosphere conditions, which is naturally 

occurring and varies on a 4-7 year scale, with global effects (e.g., 124–126). The PDO 

cycle is a longer-lived climate variability pattern, with warm and cool phases classified by 

anomalous surface temperatures in the northeast and tropical Pacific Ocean, varying on a 

scale from 15-25 years (127). The NPGO is also longer-lived. This index is related to the 

second dominant mode of sea surface height variability in the Pacific and reflects changes 

in the circulation of the North Pacific Subtropical Gyre (128).  

In the Main Hawaiian Islands, positive ENSO and PDO conditions are linked to 

higher sea surface temperature as well as lower sea surface salinity, mixed-layer depth, 

chlorophyll-a concentrations, and net primary productivity (129). Negative ENSO and 

PDO conditions are linked to opposite trends, resulting in higher productivity during 

negative ENSO and PDO phases. In contrast, in the Northwestern Hawaiian Islands, 

relationships to ENSO and PDO are more likely to be related to movements of the 

transition zone chlorophyll front that fluctuates seasonally and is closest to the islands 

during the winter (30-35 N), furthest away in the late summer (40-45 N) (130). In this case, 

positive ENSO and PDO conditions lead to southward movement of the front, resulting in 

higher productivity in the region; this is especially pronounced in the winter (131,132). 

This is primarily driven by the PDO but is enhanced by positive ENSO conditions (133). 

These patterns are driven by the tradeoff between the predominant northeasterly trade 
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winds (which are stronger during negative ENSO and PDO phases), as opposed to stronger 

westerly winds during positive phases (133). Across the entirety of the islands, it has been 

noted that positive PDO causes more frequent positive ENSO events, and vice versa (134), 

further emphasizing the combined effects of these two climate indices.  

Fluctuations in the NPGO seem to have the same affect across the entirety of the 

Hawaiian archipelago. In this case, the positive phase is related to faster currents in the 

North Pacific Subtropical Gyre, which results in lower sea surface temperature in Hawaiʻi 

(135). In addition, positive NPGO conditions have been related to higher sea surface 

salinity and mixed-layer depth as well as higher net primary productivity (129), with the 

opposite being true for negative NPGO conditions. These fluctuations in productivity may 

influence influence the distributions and patterns of odontocetes in the area over long 

timescales as they follow shifting prey. 

Habitat modeling of cetaceans has become a high-priority goal for scientists and 

managers in the past several decades. Using habitat models, scientists can become better 

informed about patterns of cetacean movement and their drivers. These drivers can include 

both intrinsic and extrinsic factors such as behavior, life-history strategies, foraging 

considerations, and anthropogenic influences. Studies of this nature often include surface-

related variables (i.e., sea surface height, temperature, salinity (82,136–138)), bathymetric 

data (139–141), prey-associated variables (82,136,142), distances to oceanographic 

features (e.g., eddies (12,143,144), seamounts (144,145), shore (146,147)), and 

anthropogenic influences (37,148).  
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Previous studies in the Hawaiian region have generally obtained the odontocete 

detections data necessary for modeling from tag data, sighting data, and limited passive 

acoustic data (108,149–151). However, temporal resolution these studies has often been 

limited, resulting in little consideration of long-term climate states. An existing passive 

acoustic monitoring (PAM) dataset from the region covering the years 2009-2019 at sites 

in both the main and northwestern Hawaiian Islands provides unique opportunities to 

understand the relationships between both surface conditions and long-term climate 

indicators (ENSO, PDO, NPGO) in the Hawaiian Islands in relation to odontocete species. 

This dataset has been used in a previous study to extract and classify echolocation clicks, 

which are produced by odontocetes in a variety of behavioral states, though primarily 

while foraging. This study resulted in timeseries of echolocation click detections for 8 

groupings of odontocetes, including five species-specific groups: false killer whale 

(Pseudorca crassidens), rough-toothed dolphin (Steno bredanensis), short-finned pilot 

whale (Globicephala macrorhyncus), Blainville’s beaked whale (Mesoplodon 

densirostris), and Cuvier’s beaked whale (Ziphius cavirostris). Additional genus or group 

level categories were included for stenellid dolphins (including some mixture of 

pantropical spotted dolphin (Stenella attenuata), striped dolphin (S. coeruleoalba), and 

spinner dolphin (S. longirostris)), Kogia spp. (primarily dwarf sperm whale (K. sima), but 

potentially containing detections of pygmy sperm whale (K. breviceps) based on sighting 

record (90)), and a type representing an unknown mixture of common bottlenose dolphin 

(Tursiops truncatus), and melon-headed whale (Pepnocephala electra) (20).  
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Resulting timeseries from this effort were then used to document spatial and 

temporal patterns in detections, noticing that composition amongst sites considered was 

robust to season, and that temporal changes in detections varied primarily on a diel scale 

but also often on a seasonal scale (Ziegenhorn et al. (in prep)). Long-term trends were 

assessed at one site, and several distinct changes in detections were noted. However, 

relationships between detections and oceanographic indicators that may provide 

explanations for the patterns seen have not yet been assessed. Understanding the 

oceanographic and climatological base for odontocete detections in the islands aids in the 

understanding of their movement patterns over a variety of timescales. As marine top 

predators, odontocetes are an important part of the regional marine ecosystem and 

localized shifts in presence, reflected in acoustic detections, may have significant effects 

on lower trophic levels due to top-down trophic effects (152). In addition to this, 

understanding changes in animals’ distributions related to oceanographic features is 

important for predicting future range shifts, responses to climate change, and in mitigating 

potentially harmful anthropogenic interactions such as ship strikes and fisheries bycatch.  

In this study, existing timeseries of species detections from a PAM dataset were 

used in conjunction with environmental indicators to explore potential relationships with 

odontocete movements for the eight groupings mentioned above. Relationships between 

oceanographic variables and detections were determined using Generalized Additive 

Models (GAMs) and compared to previous literature where possible. The patterns 

described improve upon previous records by including climate indices along with more 

traditionally considered variables. In many cases, detection patterns match well with 
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combinations of one or more climate indices. Analysis of patterns in this dataset in relation 

to oceanographic variables provides novel information about odontocete responses to 

climate states that can provide a baseline for future studies.   

 

4.3 Methods 

4.3.1 Acoustic data collection and processing 

Sites for data collection were off the west coast of Hawaiʻi Island (henceforth, 

‘Hawaiʻi’), west of Kauaʻi, and in the vicinity of Manawai (Fig. 4.1). In the case of 

Manawai, recording site shifted over time to combat low-frequency hydrophone cable 

strumming from strong currents at depth. As such, two subsites have been designated 

(henceforth, ‘Manawai 1’, ‘Manawai 2’) (Fig. 4.1c). Collection time periods varied 

amongst sites, with the longest timeseries being from Hawaiʻi (2009-2019). Data collection 

at Kauaʻi occurred from 2009-2011 and 2016-2017, at Manawai 1 from 2009-2011, and at 

Manawai 2 from 2014-2017 (Table S4.1). Sites included in this study differ in terms of 

overall geographic location, depth, and bathymetry (Fig. 4.1). High Frequency Acoustic 

Recording Packages (HARPs) were used to record passive acoustic data at these sites 

(Wiggins and Hildebrand 2007). Duty cycling (i.e., alternating periods of recording and 

non-recording) was employed to extend battery life and allow for longer deployments. 

Setup varied in terms of recording schedule, instrument depth, and duty cycle regime 

(Table S4.1). All data were recorded at a 200 kHz or 320 kHz sampling frequency (16-bit 

quantization) at depths ranging from 550-970 meters (see Table S4.1). All hydrophones 

were buoyed approximately 10-30 meters from the seafloor.  
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Echolocation clicks were identified using an energy-based detector, which was run 

on all data to identify clicks and determine relevant click features (i.e., timing between 

clicks in a click train, or ‘inter-click interval’, spectral shape, peak frequency). 

Unsupervised clustering methods were used to group clicks into several echolocation click 

types (e.g., 21,23) which were identified to species level. Types were then used to train a 

neural network-based classifier, which was run on all data to label all detections as one of 

the identified echolocation click types or noise (e.g., 20,153).  

Detections of all types were binned in 5-minute increments for network training 

and labelling. Type-specific precision values (a measurement of the percentage of true 

positive detections for a given type) were multiplied by numbers of clicks in 5-minute bins 

to approximate the number of ‘true’ clicks in that bin. Bins were retained for timeseries 

only if they had more than a certain number of ‘true’ clicks (>50 for delphinids, >20 for 

beaked whales and Kogia spp.). As the full dataset for all sites included both continuous 

and duty cycled deployments, it was additionally necessary to account for the effects of 

duty cycles. This was done on both a site and type-specific basis, as duty cycling does not 

necessarily affect all species equally (92). Timeseries of detections during continuous 

deployments were subsampled for each type at each site to replicate the effect of duty 

cycles used at that site. These subsamples were evaluated in comparison to the continuous 

timeseries to determine what percentage of detections would have been lost if the 

deployment had been duty-cycled. The resulting percentages of missed minutes per hour 

were used to linearly boost counts in duty cycled deployments for each type. Final 

timeseries presented here were re-binned into counts of 5-minute bins per day for habitat 
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modelling purposes. Due to similarities in composition, relatively small inter-site distance 

(3-5 km), and to improve timeseries length, Manawai subsites were combined into a single 

Manawai site for analysis. 

 

4.3.2. Environmental data collection and processing 

Environmental variables considered in this study were related to either surface 

conditions (sea surface height, salinity, and temperature) or climate indices (ENSO, PDO, 

and NPGO). All surface condition variables were acquired from the Hybrid Coordinate 

Ocean Model (HYCOM) (https://www.hycom.org/). These variables were extracted at a 

daily scale on a 9 km grid from the four closest latitude-longitude points to each HARP 

site. Values at these points were then averaged to give one value per variable at each site. 

All climate indices were available at a monthly scale. ENSO cycles were represented using 

Multivariate ENSO Index (MEI) values. MEI is constructed by the empirical orthogonal 

function of sea level pressure, sea surface temperature, zonal and meridional components 

of surface wind, and outgoing long-wave radiation over the tropical Pacific basin and was 

accessed from the NOAA Physical Sciences Laboratory (https://psl.noaa.gov/enso/mei/). 

The National Centers for Environmental Information (NCEI) PDO index is created via 

extended reconstruction of sea surface temperature (ERSST) which is then compared to the 

Mantua PDO index to develop the NCEI PDO index and was accessed from the NOAA 

NCEI (https://www.ncei.noaa.gov/access/monitoring/pdo/). The NPGO index is calculated 

from sea surface height anomalies and measures changes in the North Pacific Subtropical 
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Gyre circulation. This index was accessed via a collaboration between NSF and NASA 

(http://www.o3d.org/npgo/).  

 

4.3.3. Data analysis 

Timeseries of species’ acoustic detections (as defined by echolocation clicks and 

henceforth referred to solely as ‘detections’) along with environmental variables were 

plotted to examine patterns in the data at each site. To further quantify observed patterns, 

habitat modelling was performed using Generalized Additive Models (GAMs) via the 

mgcv package in R (154). Models were run for each species at each site, and full models 

contained all six variables. A negative binomial distribution was used for all models to 

account for zero-inflation, and all variables were included as smooths with four evenly 

spaced knots. Autocorrelation of residuals from the full model was used to determine what 

level of averaging was required to avoid significant autocorrelation. In most cases, data 

were re-binned to a 2–4-day average for this reason (Table 4.2). Concurvity analysis was 

used to check for highly correlated variables, with variables with a concurvity estimate 

greater than 0.6 being removed from the model sequentially until all values were less than 

0.6. All possible models with remaining variables were compared using dredge() from the 

R package MuMIn (155) in order to determine the best final model. Models were compared 

at this step based on a combination of Akaike’s Information Criteria (156) for small 

sample sizes (AICc) value and degrees of freedom. Specifically, all models with an AICc 

difference of less than two from the lowest AICc value were considered, and the model 

amongst them with the lowest degrees of freedom was chosen.   
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 Final models were evaluated and compared based on deviance explained and R2 

value. Metrics of included variables were reported, including p-value, Chi-squared value, 

and degrees of freedom for each predictor (Table 4.1). Partial-fit plots were created using 

ggpredict() from the ggeffects package in R (157). Model results were then compared with 

timeseries of underlying data to get the fullest possible picture of the relationship between 

the considered environmental covariates and species detections.  

 

4.4 Results 

Modelling of relationships to climate indices was completed for nearly all species 

at each of the three sites, excluding cases where the number of detections was less than 

100. Of the surface predictors considered, sea surface height was retained in the highest 

number of models (62%), followed by sea surface temperature (48%), and then sea surface 

salinity (33%). For climate indices, MEI was retained in the highest number of models 

(81%), followed by PDO (57%), and NPGO (33%) (Table 4.1). Retention of a given 

variable was determined more by site than by species. Sea surface height and MEI were 

common predictors (i.e., present in >50% of models) at all sites, whereas sea surface 

salinity and PDO were common only at Hawaiʻi and Manawai, respectively (Table 4.1).  

Autocorrelation in models was on short to moderate timescales in all but three 

cases (all three at Hawaii; Table 4.2). Explained deviance in models varied from 5% 

(bottlenose dolphin and melon-headed whale class at Hawaii, R2 = 0.03) to 47.8% (false 

killer whales at Kauaʻi, R2 = 0.31). Deviance explained was higher at Manawai and Kauaʻi 

(5 of 7 models above 15%), and lower at Hawaiʻi (2 of 7 models above 15%). Explained 
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deviance across models was highest at Manawai, followed by Kauaʻi and then Hawaiʻi 

(Table 4.2). Of the species considered, Blainville’s beaked whales had the highest 

explained deviance across sites, followed by rough-toothed dolphins (Table 4.2). The 

bottlenose dolphin and melon-headed whale class had the widest range of explained 

deviance, from 5% at Hawaiʻi to 26% at Manawai.  Relationships to predictors are 

discussed in greater detail below. 

 

4.4.1. Hawaiʻi  

At Hawaiʻi, MEI was the most common predictor in final models, followed by 

salinity and sea surface height, and then sea surface temperature, PDO and NPGO (Figure 

4.2-4.3). Modelling was possible at this site for all considered species except false killer 

whale due to limited detections (only 85 days with presence, Table 4.1).  

Rough-toothed dolphins had higher detections during negative MEI and PDO 

indices with an additional relationship with lower surface salinity, though this variable had 

a lower significance level (p<0.05 vs p<0.001 for the former two variables) (Fig. 4.2-4.3). 

Stenellids showed a clear relationship with lower temperatures, with no strong 

relationships to any other variable considered (p<0.001, Fig. 4.2-4.3).  

Bottlenose dolphins and melon headed whale detections were higher with increased 

sea surface height, lower salinities, and more positive NPGO values. These trends were 

statistically significant (p<0.05), but this model explained very little deviance (5.12%), the 

least of any at this site. The relationship with lower salinity was the clearest in the 

timeseries data as well as the range of y-values for this variable’s partial smooth plot (Fig. 
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4.2-4.3). For short-finned pilot whales, the best model included sea surface height (positive 

relationship, p<0.1) and MEI (negative relationship, p<0.001).  

For Blainville’s beaked whales, detections were higher with lower salinities and 

again with negative MEI values, with a greater importance of MEI value. This model 

explained more deviance than any other at the site (17.4%). Cuvier’s beaked whales had a 

similar relationship to MEI value, though in this case there is a minimum at approximately 

-0.5 MEI (Fig. 4.3). In addition, detections increased with colder water and higher sea 

surface height, though the latter was not a particularly strong relationship (p<0.05) 

compared to the two former relationships (p<0.001 in both cases). The relationship with 

colder water was clearest both in the model (as represented by higher y-axis values in 

smoothed plots) as well as in the underlying data (Fig. 4.2-4.3). This model again 

explained little deviance (9.11%), potentially due to the lower detections of this species at 

this site (193 days, the lowest of any species considered). The model for Kogia spp. 

included more variables than any other at this site, though it explained only 15% of the 

deviance observed. Acoustic presence of this species had a positive relationship with sea 

surface height and MEI, and negatively with salinity, temperature, and PDO. The strongest 

relationship observed was with PDO and sea surface temperature, based on significance 

level (p<0.001) and examining the underlying data, though ranges of predicted counts were 

similar for all variables (Fig. 4.3).  

 

4.4.2. Kauaʻi  
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MEI was the most common predictor in habitat models at Kauaʻi, included in 6 of 7 

models. Sea surface height was the next most common, followed by sea surface 

temperature, PDO and NPGO, and then sea surface salinity. Modelling was possible for all 

species except Cuvier’s beaked whales at this site, as there were no detections of this 

species.  

Kauaʻi was the only site at which false killer whale detections could be modelled, 

with a model that explained nearly 50% of the deviance in this dataset. This model 

included all six predictors, with the strongest relationships being a relationship with 

negative MEI value, positive PDO value, and middling sea surface height and temperature 

(based on p value, all four <0.001). Based on timeseries examination and predicted counts, 

the strongest relationship observed was likely with negative MEI, particularly the sudden 

onset of a strongly negative MEI event (i.e., La Niña event) in mid-2010 (Fig. 4.4-4.5). 

Preferences for middling sea surface height values were also apparent in the dataset, 

particularly the latter half of the timeseries, though these spikes in detections may also be 

due to seasonal relationship with higher temperatures.  

The model for rough-toothed dolphins explained 23.9% of deviance seen in the 

data for this species but corroborated a clear observed relationship with negative MEI 

values and lower sea surface heights (Fig. 4.4-4.5). During the positive MEI phase seen at 

the beginning of the data, detection was low regardless of sea surface height trend. 

However, during La Niña conditions, there was variation in detections that corresponded 

with fluctuations in sea surface height (Fig. 4.4-4.5). As for rough-toothed dolphins, 
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models for stenellids also both included MEI (negative relationship) and sea surface height 

(positive relationship), with similar explained deviance (22.6%)  

For bottlenose dolphins and melon-headed whales, the best model retained MEI 

(negative relationship) and PDO (positive relationship), and accounted for 16.2% of the 

model deviance. These relationships were particularly strong when negative MEI and 

positive PDO aligned (Fig. 4.4). The model for short-finned pilot whales explained far less 

deviance (10.7%) and included sea surface temperature, PDO, and NPGO. The strongest 

relationship in this case was with positive PDO, which was particularly clear in the latter 

part of the timeseries (Fig. 4.4-4.5).  

The final model for Blainville’s beaked whales included MEI (negative 

relationship, with a peak at approximately -0.5 MEI) and sea surface height (positive 

relationship) with 27.7% explained deviance. The best model for Kogia spp. contained 

MEI and sea surface temperature but explained only 8.34% of the variation observed. In 

this case, a combined relationship with lower surface temperatures and La Niña conditions 

may explain the lack of detections during the 2010 La Niña, as sea surface temperature was 

higher during this period (Fig. 4.4-4.5).  

 

4.4.3. Manawai  

At Manawai, modelling was possible for all types except for false killer whale due 

to insufficient number of detections (n = 97). At this site, PDO was the most influential 

variable considered, and was retained in all final models. MEI was the next most common 

predictor, followed by sea surface height, temperature, NPGO, and then salinity (Fig. 4.7).  
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For rough-toothed dolphins, the best model explained 31% of observed deviance, 

the highest at this site. The strongest relationship was with MEI, with a spike in presence 

for this species during the 2010 La Niña event. This likely drove the modelled relationship 

of higher presence with lower MEI value. Detections were also higher with lower sea 

surface heights and PDO values. Similar relationships were seen for stenellids, though in 

addition there was a relationship to temperature (higher detections with lower temperature) 

and NPGO (higher detections with higher NPGO values). Based on the model and 

timeseries, the strongest of these relationships was with the climate indices, particularly 

MEI and PDO, and then sea surface height (Fig. 4.6-4.7). The overall temperature 

relationship modelled here indicates that detections were higher with lower temperatures, 

though the significance level is lower than other included variables (p<0.05). This 

relationship is not as clear in the underlying timeseries data. The overall explained 

deviance of this model was 27%.  

The bottlenose dolphin and melon-headed whale class had very similar explained 

deviance (26%). In this case, detections were higher with lower temperature, and 

additionally with negative MEI and PDO values, as well as somewhat with negative sea 

surface heights. In this case, the stronger relationship with cold-temperature seasons may 

explain the lack of 2010 peak in presence during the strong La Niña event. The short-

finned pilot whale model explained the second-most deviance at this site (29%), with the 

strongest relationship again being with negative PDO values, followed by positive salinity 

and middling temperature preferences, which are less evident in the data (Fig. 4.6).  
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Blainville’s beaked whale detections were also higher with negative ENSO values, 

again with a distinct peak observed during 2010, though detections notably do not increase 

during the weaker la Niña observed in 2016 (Fig. 4.6). This species also had a relationship 

with positive temperature and positive PDO. Cuvier’s beaked whale and Kogia spp. 

models explained the leaves deviance of at this site, (10 and 12%, respectively; Fig. 4.7). 

For Cuvier’s beaked whales, there was a distinct preference for higher sea surface height 

and positive PDO values, as well as weaker relationships to negative MEI and NPGO. For 

Kogia spp., the strongest observed relationship is with negative NPGO, and with MEI, 

with additional relationships to salinity, sea surface height, and PDO. Detections are higher 

during the El Niño event of 2014, particularly when MEI is weakly positive, but not during 

the 2009 El Niño. Additional data would likely help elucidate these results.  

 

4.5 Discussion 

In this study, we were able to describe and quantify relationships between six 

environmental variables and detections of more than eight species of odontocetes at three 

sites near the Hawaiian Islands. Across species and sites, MEI values were the most 

valuable predictor of echolocation click detection, followed by sea surface height and sea 

surface temperature, both of which may be related to local changes in wind-driven currents 

and associated upwelling (158) and movement of cyclonic and anti-cyclonic eddies (159). 

Relationships across sites were somewhat consistent, particularly for Hawaiʻi, where all 

variables included in final models had similar relationships to the species considered (Fig. 

4.2-4.3). Relationships to variables were not as consistent across species as they were 
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across sites. As an example, sea surface salinity was important in half of all models at 

Hawaiʻi, but very few at Kauaʻi, and Manawai. MEI shows the most across-species 

consistency because of its inclusion in many final models across both sites and species 

(Table 4.1).  

Incorporation of other vocalizations produced by odontocetes (e.g., whistles, 

buzzes, burst pulses) would further contribute to fully describing acoustic presence 

patterns of the species considered in relation to environmental variables. There are likely 

some vocalizations from pygmy killer whales, Feresa attenuata, in our dataset due to a 

resident population off the coast of Hawaiʻi (103). It is not possible to quantify this effect, 

though based on knowledge of this species’ echolocation (105), pygmy killer whale is 

most likely being misclassified as a fellow delphinid species. The small size of this 

population (103), probably mitigates the effect of these misclassifications, although 

individuals from this population do use slope waters spanning the depth range of the 

HARP (67). Fraser’s dolphin, Lagenodelphis hosei, Risso’s dolphins, Grampus griseus, 

killer whales, Orcinus orca, and Longman’s beaked whales, Indopacetus pacificus, are 

also known to be present around the islands but are rarely sighted near the HARP locations 

(3) and likely represent a very small proportion of misclassifications. Some detections of 

beaked whales may also be misclassifications of an unidentified beaked whale species first 

detected at Cross Seamount, Hawaiʻi; this would be most likely at Kauaʻi where this 

species has been acoustically recorded on the U.S. Pacific Missile Range Facility (PMRF) 

(106). 
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Lack of consistency in important variables across species may speak to differing 

behavior even within a relatively small region, and perhaps population differences as well. 

Many odontocetes in Hawaiʻi have both recognized pelagic stocks, which are more likely 

to move amongst islands, as well as island-associated stocks (25), whose movements are 

more localized. For species with island-associated populations (e.g., spinner dolphins, 

pantropical spotted dolphins, Blainville’s beaked whales, false killer whales 

(3,76,160,161)), shifts in detections may be more likely related to localized movements 

(i.e., inshore-offshore) rather than broad-scale movements of pelagic individuals, though 

some animals from pelagic populations may also use the areas near the HARP sites. 

In the case of stenellids and the bottlenose dolphin and melon-headed whale class, 

differences may additionally be related to differing species makeup at the sites considered. 

The bottlenose dolphin and melon-headed whale class is likely mostly bottlenose dolphins 

at Main Hawaiian Island sites, but this may not hold true in the Northwestern Hawaiian 

Islands. The stenellid type is composed of primarily spinner and spotted dolphins, but 

likely fewer spotted dolphins off Kauaʻi where there is no resident population (109). The 

sites considered in this study differ in terms of over-arching patterns (as described in the 

introduction, differences between the main and northwestern Hawaiian Islands in 

particular), bathymetry, depth, and slope, all of which may also drive differing, site-

specific behaviors (Fig. 4.1). These results may emphasize caution in creating larger, over-

arching species models for a region. For sea surface temperature, for example, a model 

created from all sites combined might have found no relationship with stenellids, while in 



 110

truth there is a strong relationship between this variable and stenellid detections off 

Hawaiʻi.  

For several species, combinations of high-frequency fluctuations (i.e., the surface 

conditions considered) and low-frequency fluctuation (i.e., climate indices) revealed 

interesting patterns. This was observed for rough-toothed dolphins at Kauaʻi and the 

bottlenose dolphin and melon-headed whale class at Manawai, where combinations of 

temperature preferences and presumed responses to ENSO explained the complexity of 

patterns seen in the data. Such patterns highlight the utility of considering both types of 

fluctuations when performing species modelling, when possible.  

 

4.5.1. Surface conditions 

Of the surface predictors considered, sea surface height may be the most interesting 

due to its consistency of trends across species when included in final models. For stenellids 

and rough-toothed dolphins, this variable was important at Kauaʻi and Manawai, and these 

relationships were always negative (Table 4.1, Fig. 4.5, 4.7). However, for Cuvier’s 

beaked whales, there was a positive relationship with sea surface height (Hawaiʻi, 

Manawai) (Fig. 4.3, 4.7), and this trend holds as well for Blainville’s beaked whales at 

Kauaʻi (Fig. 4.5). The trend did not hold for the bottlenose dolphin and melon-headed 

whale class, which was associated with positive sea surface height at Hawaiʻi, but negative 

sea surface height at Manawai (Fig. 4.3, 4.7). At Hawaiʻi, positive relationships with sea 

surface height might suggest a relationship to the warm and cold-core eddies that are 

known to be prevalent in the lee of Hawaiʻi Island (Calil and Richards 2008). The 
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relationship could be alternatively be related to times of increased downwelling, which has 

been known to aggregate prey species near this site (Abecassis 2015).  

For species with negative relationships (i.e., stenellids and rough-toothed dolphins), 

relationships with cold-core (e.g., productive) eddies or times of increased upwelling may 

better explain the patterns seen. It is interesting that the sea surface height preferences 

documented mostly differ for deep and shallow divers; deep divers (i.e., beaked whales 

(73,162)) have a relationship with higher sea surface height, whereas shallower divers (i.e., 

stenellids and rough-toothed dolphins (66,71)) have a relationship with negative sea 

surface height. Differences in relationship to the bottlenose dolphin and melon-headed 

whale class might suggest differential makeup of this type based on site. As established in 

previous study using this dataset, the type is likely mostly bottlenose dolphins at Main 

Hawaiian Island sites due to much higher sighting rates of this species in that region. 

However, this may not hold true at Manawai. Previous modelling studies of these species 

have noted sea surface height relationships for short-finned pilot whales, as well as 

pantropical spotted dolphins and spinner dolphins. However, the relevant study does not 

detail whether the relationship observed was positive or negative (163). The same is true 

for pantropical spotted and spinner dolphins (137). 

At Hawaiʻi, relationships with sea surface temperature were negative in all models 

where this variable was retained (stenellids, Cuvier’s beaked whale, Kogia spp.; Fig. 4.3). 

This was mostly true for Kauaʻi as well (short-finned pilot whale, Kogia spp., though these 

relationships are relatively weak), except for false killer whales which had a positive 

relationship with temperature (Fig. 4.5). At Manawai, temperature preferences were split, 
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with Blainville’s beaked whales having some relationship with warmer conditions and 

short-finned pilot whales having a relationship with middling temperatures.  

In contrast, detections of stenellids and the bottlenose dolphin and melon-headed 

whale class were higher in colder temperatures. These relationships were somewhat weak 

for stenellids and short-finned pilot whales, but stronger for Blainville’s beaked whales and 

the bottlenose dolphin and melon-headed whale class. Stenellids at this site have an 

interesting relationship with higher temperatures in 2010 that seems to fall apart in 2011, 

the reason for this is unknown. The same can be said for Blainville’s beaked whales, the 

observed higher detections with positive temperatures is stronger in the early part of the 

timeseries. A combined relationship between surface and climate variables may be 

responsible for these changes. Sea surface salinity was related to detections (negative) in 

half of all models at Hawaiʻi (rough-toothed dolphin, bottlenose dolphin and melon headed 

whale, Blainville’s beaked whale, Kogia spp.), but nearly nowhere else (only false killer 

whale at Kauaʻi and short-finned pilot whales and Kogia spp. at Manawai, Fig. 4.3, 4.7). 

At Hawaiʻi, all relationships were negative. Elsewhere, relationships were positive, though 

these relationships were weaker (p<0.01, Fig. 4.5, 4.7) and did not describe patterns as 

well as other considered variables in those models.  

As mentioned, relationships with lower temperatures and salinities may be related 

to times of increased upwelling. It is unclear what might drive species to have relationships 

with higher temperatures at one site and lower temperatures at another, but it may be 

related to localized prey patterns. The distinct pattern for Blainville’s beaked whales at 

Manawai during the earlier part of the timeseries (i.e., higher detections with warmer 



 113

conditions) may relate to associations with the edges of cold-core eddies (161). It is 

particularly interesting that stenellid distribution is explained only by sea surface 

temperature at Hawaiʻi, and this matches the timeseries well, and yet this variable is not 

significant at Kauaʻi and only weakly significant at Manawai (Fig. 4.3, 4.5, 4.7).  

Studies modelling habitat for many species in the Hawaiian region and North 

Pacific have noted relationships to surface temperature for short-finned pilot whale, false 

killer whales, bottlenose dolphins, spinner dolphins, and pantropical spotted dolphins, and 

temperature at 200 meters for rough-toothed dolphins and melon-headed whales 

(137,163,164). These studies focused on abundance estimates and predictive modelling 

and did not describe the directionality of relationships to these variables. For Cuvier’s 

beaked whales, relationship with negative sea surface temperature has been noted 

previously in the Northern Line Islands (165), which matches the trend seen at Hawaiʻi 

here. For Kogia spp., no regional records of relationships to these variables were available, 

though a strong relationship between sea surface temperature (minimum and maximum) 

and K. sima presence has been documented in the Gulf of Mexico (166). Relationships to 

salinity were not common in the literature, though Kogia spp. presence has been linked 

(albeit weakly) to surface salinity in the North Atlantic (167). 

 

4.5.2. Climatic indices 

Of the climate indices considered, MEI was included in more models than other 

indices, closely followed by PDO, which was particularly influential at Manawai. For 

Hawaiʻi, all MEI preferences considered were for negative states, except for Kogia spp., 



 114

though this trend may have been driven by a stronger relationship with negative PDO 

values (Fig. 4.2-4.3). All species with a relationship to MEI had a distinct peak in 

detections in January 2011, during which negative PDO and MEI states lined up with a 

positive NPGO state— likely the most productive combination of climate indices in the 

Main Hawaiian Islands. Likewise, at Kauaʻi and Manawai distinct 2010 peaks in 

detections corresponding with the onset of a particularly strong La Niña are seen for 

several species (Fig. 4.5, 4.7).  

At Kauaʻi, no such peak is observed for bottlenose dolphins and melon-headed 

whales despite an overall relationship with negative MEI (Fig. 4.4-4.5). This could 

potentially be the result of a lagged reaction to MEI, which has been noted in previous 

studies of ecological responses to ENSO fluctuations (e.g., 145,168).  At Manawai, the 

2010 peak in detections might suggest that the site is experiencing productivity changes in 

the same direction as those experienced in the Main Hawaiian Islands during negative 

ENSO and PDO phases. Based on the proximity of the Transition Zone Chlorophyll Front 

(TZCF), it was expected that there would instead be a preference for positive ENSO 

conditions which is not observed here, except in the case of Kogia spp (though this was not 

well-captured in the model). A longer timeseries might elucidate such a pattern, 

particularly if it captured more variability in the PDO which is the primary driver of the 

TZCF climate-associated shift.  

For Hawaiʻi site, there is a sudden shift in early 2019 in detections of rough-toothed 

dolphins, Blainville’s beaked whales, and Kogia spp. (decrease for Blainville’s and Kogia 

spp., increase for rough-toothed dolphins; Fig. 4.2). This shift lines up with the shift from 
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negative to positive PDO state. This is particularly interesting for rough-toothed dolphins, 

which, apart from this positive relationship, are negatively related to PDO values across 

the rest of the dataset. The distinctness of this shift may warrant further study to see 

whether it truly is related to PDO-related changes, or if this is coincidental. At Kauaʻi, 

relationships with PDO were positive, which is noteworthy considering the expected 

compounded effects of negative MEI and PDO in the Main Hawaiian Islands. This may 

suggest that preferences for more productive conditions during La Niña conditions hold 

more sway than changes in PDO conditions. However, previous studies of the PDO have 

also noted that positive phases may increase shallow, nearshore upwelling (169), which 

could be the reason for increased detections during positive PDO at this site.  

At Manawai, relationships to PDO index were somewhat in agreement, with a 

general relationship with lower positive or even negative PDO values, though the error 

bars were wide for negative PDO conditions in many cases (Fig. 4.7). At this site, 

relationships with positive PDO conditions are likely related to associated shifts in the 

transition zone chlorophyll front. For the bottlenose dolphin and melon-headed whale 

class, detections were not particularly high when MEI and PDO were both positive, which 

is relevant as detections are seasonally highest during the winter, when the front is closest 

to the islands (132) and this shift is exacerbated by positive PDO and MEI states. In 

contrast, detections of beaked whales at this site were higher during positive PDO states, 

which better matched with a relationship to the movements of the TZCF. These species 

also showed a seasonality, with higher detections in winter months (Ziegenhorn et al. (in 

prep)). For short-finned pilot whales and stenellids, detections before the 2012-2014 gap 
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are much higher. This may point to some influence of subsite. As mentioned in the 

methods section, exact location of the Manawai site shifted during this data gap. 

Additional data from the newer subsite (i.e., Manawai 2) may illuminate whether a shift to 

positive PDO is truly driving the pattern observed, or if this might instead be due to 

granular site preferences for this species. 

Across all sites, NPGO was not a very common predictor; a longer timeseries 

might be needed to really assess relationships to this climate index. At Hawaiʻi, the only 

relationship with NPGO was for the bottlenose dolphin and melon-headed whale class 

(positive relationship). At Kauaʻi, NPGO was retained in two models (negative 

relationship for short-finned pilot whales, potentially slight positive relationship for false 

killer whales). For both sites, lack of relationship to NPGO may be related to the lower 

variability in NPGO states during on-effort times. Alternatively, it may be true that NPGO-

related changes around the islands are not as important as those caused by ENSO and PDO 

cycles. At Manawai, NPGO was included in final models for stenellids (positive 

relationship), Cuvier’s beaked whales, and Kogia spp. (negative relationships in both 

cases; Fig. 4.7). For Kogia spp., and potentially stenellids, these trends may be more of an 

artifact of responses to other variables than to NPGO index itself.  

It is interesting that relationships to NPGO differ amongst shallow and deep 

foragers. Positive relationships were seen for species foraging in the epipelagic zone (false 

killer whales, stenellids, bottlenose dolphins (24,170)), while negative relationships were 

seen for mesopelagic and benthopelagic foragers (short-finned pilot whales, Kogia spp., 

Cuvier’s beaked whales (72,85,171)). Insights into how climate indices affect prey in these 
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ocean layers may help explain these differences. This information is most readily available 

for epipelagic species with active fisheries, including skipjack tuna, Katsuwonus pelamis, 

yellowfin tuna, Thunnus albacares, and bigeye tuna, Thunnus obesus. Both skipjack and 

bigeye tuna may be more common near the Hawaiian Islands during the El Niño phase of 

ENSO (125,172). For yellowfin tuna, catch per unit effort in the Pacific has been 

previously positively correlated with PDO and negatively correlated with NPGO, on a 1-5 

year lag (173). These trends might suggest that positive ENSO and PDO, and negative 

NPGO, might provide the best foraging conditions for epipelagic foragers in the islands. 

However, this is the opposite of patterns observed in our data in most cases. Further study 

of prey species’ responses to climate variations might provide more insight into why this is 

the case. 

As mentioned in the introduction to this study, few records of odontocete changes 

in relation to climate indices exist. In the Hawaiian Islands, a recent study of false killer 

whales noted that predation from long-line fisheries is higher during El Niño conditions 

(11 month lag), suggesting that the normal food web may be disrupted during such times 

(145). For this species it has also been noted that nearshore movements of satellite-tagged 

individuals were higher during positive PDO phases, although the relationship with PDO 

only explained a small amount of  variance (174). This is similar to our results of 

detections from Kauaʻi. In other regions, relationships to ENSO (e.g., 175–177) and PDO 

(e.g., 83) have been documented for several species of odontocetes, but records of such 

nature are still infrequent. A literature search revealed no studies that had examined 

odontocete presence in relation to the NPGO cycle.  
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4.6 Conclusion 

Observed relationships with the climate variables considered were significant in 

many cases and warrant more study, where possible, in this region. The phenomena 

considered (i.e., ENSO, PDO, NPGO) can have long-lasting effects on environmental 

conditions, and subsequent effects on species behavior and movements might inform 

management decisions, stock assessments, and other research efforts during differing 

climate phases. The most striking example of this in our data comes from the strong La 

Niña event of 2010, which related to spikes in detections of many species at all sites. 

While we present preliminary examinations of climate indices in relation to detections of 

odontocetes, longer timeseries from all sites would be highly useful in further examining 

relationships to these long-lasting fluctuations in climate state. Ideally, future studies might 

include several cycles of these indices.  

 Overall, this study provides an additional look at surface variables which have been 

previously studied in the region while also providing new information for climate indices, 

which have not. The relationships documented are the first step towards understanding 

relationships of odontocetes in this region to climate indices and highlight that the 

combination of highly variable surface conditions and large-scale climate indices can 

provide unique insights into species detection patterns. Understanding these details 

provides another puzzle piece in the complex lives of odontocetes that will hopefully 

illuminate future studies in the years to come. Modelling habitat and understanding 

patterns in both space and time is crucial to preserving key spaces for these animals, 
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mapping changes in their movements, and predicting their current and future relationships 

to the waters of the Hawaiian Archipelago. 
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4.8 Figures and Tables 

 
Figure 4.1. Site map. Sites for this study, showing location and average depth (50 meter 
contours). Top left panel shows site locations in context of the Hawaiian Islands chain. 
Panels a-c show locations of Hawaii, Kauaʻi , and Manawai sites (respectively). Basemap 
in top left image is the intellectual property of Esri and is used herein with permission. 
Copyright © 2022 Esri and its licensors. All rights reserved. Bathymetry data used for 
panels a-c accessed from the Hawaiʻi Mapping Research Group at the University of 
Hawaiʻi at Manoa. (a-b, accessible here: 
http://www.soest.hawaii.edu/hmrg/multibeam/bathymetry.php) and Pacific Islands Ocean 
Observing System (c, accessible here: https://pae-
paha.pacioos.hawaii.edu/thredds/bathymetry.html?dataset=hurl_bathy_60m_nwhi).  
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Figure 4.2. Hawaiʻi site timeseries. Timeseries of all considered variables (including 
species detections in counts/week) across the full dataset at Hawaiʻi. Times of no effort are 
shown in gray. Color on each plot refers to values above or below the average value of that 
variable (for all species and for SSH, SSS, and SST), or to positive or negative values 
(MEI, PDO, NPGO). Species codes are Sb = rough-toothed dolphin, St = stenellids, Tt/Pe 
= bottlenose dolphin and melon-headed whale, Gm = short-finned pilot whale, Md = 
Blainville’s beaked whale, Zc = Cuvier’s beaked whale, and Ko = Kogia spp. 
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Figure 4.3. Model results for Hawaiʻi. Partial fit smooths for all variables considered at 
Hawaiʻi (columns) for each species considered (rows). Predicted detections is shown on y-
axes in counts of 5-minute bins per day. Significance level is given by o = p<0.01, * = 
p<0.05, ** = p<0.01, *** = p<0.001. Column on the right shows explained deviance for 
each model, with values greater than 15% in bold. Species codes are Sb = rough-toothed 
dolphin, St = stenellids, Tt/Pe = bottlenose dolphin and melon-headed whale, Gm = short-
finned pilot whale, Md = Blainville’s beaked whale, Zc = Cuvier’s beaked whale, and Ko 
= Kogia spp. 
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Figure 4.4. Kauaʻi site timeseries. Timeseries of all considered variables (including 
species detections in counts/week) across the full dataset at Kauaʻi. Times of no effort are 
shown in gray. Large gap in detections from 2010-2016 is denoted by dark gray boxes. 
Color on each plot refers to values above or below the average value of that variable (for 
all species and for SSH, SSS, and SST), or to positive or negative values (MEI, PDO, 
NPGO). Species codes are Pc = false killer whale, Sb = rough-toothed dolphin, St = 
stenellids, Tt/Pe = bottlenose dolphin and melon-headed whale, Gm = short-finned pilot 
whale, Md = Blainville’s beaked whale, and Ko = Kogia spp. 
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Figure 4.5. Model results for Kauaʻi. Partial fit smooths for all variables considered at 
Kauaʻi (columns) for each species considered (rows). Predicted detections is shown on y-
axes in counts of 5-minute bins per day. Significance level is given by o = p<0.01, * = 
p<0.05, ** = p<0.01, *** = p<0.001. Column on the right shows explained deviance for 
each model, with values greater than 15% in bold. Species codes are Pc = false killer 
whale, Sb = rough-toothed dolphin, St = stenellids, Tt/Pe = bottlenose dolphin and melon-
headed whale, Gm = short-finned pilot whale, Md = Blainville’s beaked whale, and Ko = 
Kogia spp. 
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Figure 4.6. Manawai timeseries. Timeseries of all considered variables (including species 
detections in counts/week) across the full dataset at Manawai. Times of no effort are 
shown in gray. Large gap in effort from 2011-2014 is denoted by dark gray boxes. Color 
on each plot refers to values above or below the average value of that variable (for all 
species and for SSH, SSS, and SST), or to positive or negative values (MEI, PDO, NPGO). 
Species codes are Sb = rough-toothed dolphin, St = stenellids, Tt/Pe = bottlenose dolphin 
and melon-headed whale, Gm = short-finned pilot whale, Md = Blainville’s beaked whale, 
Zc = Cuvier’s beaked whale, and Ko = Kogia spp. 
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Figure 4.7. Model results for Manawai. Partial fit smooths for all variables considered at 
Manawai (columns) for each species considered (rows). Predicted detections is shown on 
y-axes in counts of 5-minute bins per day. Significance level is given by o = p<0.01, * = 
p<0.05, ** = p<0.001, *** = p<0.0001. Column on the right shows explained deviance for 
each model, with values greater than 15% in bold. Species codes are Sb = rough-toothed 
dolphin, St = stenellids, Tt/Pe = bottlenose dolphin and melon-headed whale, Gm = short-
finned pilot whale, Md = Blainville’s beaked whale, Zc = Cuvier’s beaked whale, and Ko 
= Kogia spp. 
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Table 4.1. Model results. Results of final models for each species (column) and site (row) 
detailing significance levels of included variables. For each variable, p-value (p), degrees 
of freedom (df), and Chi-squared value (χ²) is given if the variable was included in the final 
model for that species and site. Gray boxes denote species for which modelling was not 
possible due to low detections. Species codes are Pc = false killer whale, Sb = rough-
toothed dolphin, Gm = short-finned pilot whale, Tt/Pe = bottlenose dolphin and melon-
headed whale, Md = Blainville’s beaked whale, Zc = Cuvier’s beaked whale, St = 
stenellids, and Ko = Kogia spp. 
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Table 4.2. Model metrics. Evaluation metrics and information about final habitat models 
for each species (columns) and each site (rows). Metrics given are number of days with 
detections (nPresDays), number of days binned to account for autocorrelation (ACbin), 
deviance explained by the final model (percentage), and adjusted R2. Deviance explained 
greater than 15% has been bolded. Gray boxes denote species for which modelling was not 
possible based on low detections. 

 
 

 

 

 

Future Recommendations 

 

 There are many questions still to be answered in this dataset. Future work using the 

existing classifications might consider exploring classification error more, particularly how 

it varies with duty cycle, ambient noise conditions, and seasonal changes in distributions of 

various species. Classifier performance itself might be improved by developing a tiered 
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method to classify clicks, as mentioned in Chapter 2, or incorporate multiple types of 

vocalizations into the classification scheme. This would have the added benefit of more 

holistically representing acoustic presence. Special attention to the stenellid and combined 

bottlenose dolphin and melon-headed whale class might be able to tease out species 

makeup, which was not possible over the course of the dissertation. Inclusion of whistles 

might aid in this, as well as additional tagging or sighting data that could help attribute 

these signals to species. While it was generally assumed that detectability of species was 

within a 5 km (maximum) radius from HARP locations, actual detectability at each site 

likely varies, and additionally varies amongst species. Detection probability can be 

modelled, and this could be an interesting avenue for further study, particularly as it relates 

to species’ density estimation using this dataset.  

 As mentioned in Chapter 3, lunar illumination and phase were considered as a 

temporal parameter but were removed from analysis due to lack of compelling 

relationships. Further teasing apart these factors, including considerations of cloud cover 

and interactions between multiple temporal parameters, might reveal patterns that were not 

seen in the current analysis. For Chapters 3 and 4, data from part of the Manawai 

timeseries was removed from analysis due to low detections, which were presumed to be 

due to equipment errors. As additional data from this site becomes available, it would be 

interesting to see whether these low detection numbers persist; this would help determine 

whether or not the decrease is truly due to lower presence.  

Longer timeseries from all considered sites may also be the key to solidifying 

findings from Chapter 4. The climate indices considered vary over long time scales, and 
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while we’ve captured some of this variability, having a longer dataset would be hugely 

advantageous in truly understanding species’ relationships to differing oceanographic 

states. In addition to this, there are many environmental variables that we removed from 

Chapter 4 to simplify analyses that could provide further avenues for research, including 

temperature and salinity at depth, anthropogenic noise, chlorophyll-a concentration, and 

many others. Fisheries data and active acoustic monitoring of prey species were not readily 

available, but would also be highly useful in further defining species’ relationships to 

environmental factors in the Hawaiian Islands.  

 Outside of the chapters included here, there are many more interesting phenomena 

that could be further investigated. For example, there is some specific patterning in 

stenellid detections (which I affectionately call ‘rainbow detections’) that appear at 

Hawaiʻi and not the other sites. The reason for this may be related to the way species 

approach this site or other behavioral considerations, and might be interesting to study 

further. In addition to this, I’ve observed a number of acoustic mixed species assemblages 

(i.e., times when multiple species are present concurrently in the acoustic data) that could 

prove very interesting if studied further. Mixed species groups are seen across the animal 

kingdom, and have a variety of functionalities. Acoustic study of these groups has mostly 

not been attempted, and will likely be complicated, but might provide some really 

interesting insights into interspecific interactions.  
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