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Abstract 

 
 

Marine mammals exploit the efficiency of sound propagation in the marine 

environment for essential activities like communication and navigation. For this reason, 

passive acoustics has particularly high potential for marine mammal studies, especially 

those aimed at population management and conservation. Despite the rapid realization of 

this potential through a growing number of studies, much crucial information remains 

unknown or poorly understood. This research attempts to address two key knowledge 

gaps, using the well-studied bottlenose dolphin (Tursiops truncatus) as a model species, 

and underwater acoustic recordings collected on four fixed autonomous sensors deployed 

at multiple locations in Sarasota Bay, Florida, between September 2012 and August 2013. 

Underwater noise can hinder dolphin communication. The ability of these animals to 

overcome this obstacle was examined using recorded noise and dolphin whistles. I found 

that bottlenose dolphins are able to compensate for increased noise in their environment 

using a wide range of strategies employed in a singular fashion or in various combinations, 

depending on the frequency content of the noise, noise source, and time of day. These 

strategies include modifying whistle frequency characteristics, increasing whistle duration, 

and increasing whistle redundancy. Recordings were also used to evaluate the 

performance of six recently developed passive acoustic abundance estimation methods, 

by comparing their results to the true abundance of animals, obtained via a census 

conducted within the same area and time period. The methods employed were broadly 

divided into two categories – those involving direct counts of animals, and those involving 

counts of cues (signature whistles). The animal-based methods were traditional capture-

recapture, spatially explicit capture-recapture (SECR), and an approach that blends the 
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“snapshot” method and mark-recapture distance sampling, referred to here as (SMRDS). 

The cue-based methods were conventional distance sampling (CDS), an acoustic 

modeling approach involving the use of the passive sonar equation, and SECR. In the 

latter approach, detection probability was modelled as a function of sound transmission 

loss, rather than the Euclidean distance typically used. Of these methods, while SMRDS 

produced the most accurate estimate, SECR demonstrated the greatest potential for 

broad applicability to other species and locations, with minimal to no auxiliary data, such 

as distance from sound source to detector(s), which is often difficult to obtain. This was 

especially true when this method was compared to traditional capture-recapture results, 

which greatly underestimated abundance, despite attempts to account for major 

unmodelled heterogeneity. Furthermore, the incorporation of non-Euclidean distance 

significantly improved model accuracy. The acoustic modelling approach performed 

similarly to CDS, but both methods also strongly underestimated abundance. In particular, 

CDS proved to be inefficient. This approach requires at least 3 sensors for localization at 

a single point. It was also difficult to obtain accurate distances, and the sample size was 

greatly reduced by the failure to detect some whistles on all three recorders. As a result, 

this approach is not recommended for marine mammal abundance estimation when few 

recorders are available, or in high sound attenuation environments with relatively low 

sample sizes. It is hoped that these results lead to more informed management decisions, 

and therefore, more effective species conservation. 
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1 General Introduction  

 
 
 

Effective management and conservation of any species rely on adequate 

ecological knowledge of that species. However, the aquatic lifestyle of marine mammals 

along with their frequently hostile habitat often makes acquiring this ecological knowledge 

problematic. To overcome the challenges of studying these highly mobile species, a 

variety of tools have been employed.  

Biotelemetry − the remote measurement of physiological, behavioral, or energetic 

data − has been used to investigate the biosonar performance of finless porpoises 

(Neophocaena phocaenoides), foraging beaked whales (Akamatsu et al., 2005; Madsen 

et al. 2005), the haul-out behavior and abundance of ringed seals (Pusa hispida; Carlens 

et al., 2006), the dive behavior of elephant seals (Andrews et al., 2000; Biuw et al., 2010) 

and short-finned pilot whales (Globicephala macrorhynchus; Aguilar Soto et al., 2008), the 

movement patterns and diving physiology of bottlenose dolphins (Mate et al., 1995; 

Williams et al., 1999), and stroke frequencies and swim speeds of right whales (Eubalaena 

glacialis) and sperm whales (Physeter macrocephalus; Nowacek et al., 2001; Miller et al., 

2004).  

Photo-identification has contributed to knowledge of population parameters, social 

organization, site fidelity, and movement patterns in a variety of species, such as the pilot 

whale (Shane & McSweeney, 1990), bottlenose dolphin (Wells & Scott, 1990; Baird et al., 

2009), pacific white-sided dolphin (Lagenorhynchus obliquidens; Morton, 2006), 

manatees (Trichechus manatus; Langtimm et al., 2004), the bowhead whale (Balaena 



 

2 
 

mysticetus; da Silva et al., 2000), the humpback whale (Megaptera novaeangliae; 

Glockner-Ferrari & Ferrari, 1990; Rock et al., 2006), Hawaiian monk seals (Monachus 

schauinslandi; Harting et al., 2004) and gray seals (Halichoerus grypus; Karlsson et al., 

2005) .  

With advances in technology over the past few decades, genetic monitoring has 

also become a valuable tool for conservation and management. Genetic research has 

provided detailed information on animal identity (Amos & Hoelzel, 1990; Baker et al., 

2008), sex (Baker et al., 1991), population structure (Duffield & Wells, 1986; Hoelzel et 

al., 1990; Parsons et al., 2006), kinship (Richard et al., 1996; Gaspari et al., 2007), 

philopatry (Möller & Beheregaray, 2004), dispersal (Lyrholm et al., 1999), mating systems 

(Amos et al., 1991), reproductive success (Cerchio et al., 2005; Frasier et al., 2007), and 

abundance estimation (Bravington, Skaug, & Anderson, 2016) . 

Active acoustics – the subfield of marine bioacoustics involving the transmission 

of sound, and in most cases, the analysis of returning echoes – is another tool that has 

been applied to marine mammal conservation. For example, the effectiveness of acoustic 

deterrent devices (ADDs) on fishing gear and sites have been investigated in an attempt 

to reduce marine mammal bycatch or the culling of animals by fishermen (Barlow & 

Cameron, 2003; Graham et al., 2009; Hardy et al., 2012).  The analysis of returning 

echoes from marine mammals in the water column has provided information on their 

underwater movement and behavior (e.g., Doksæter et al., 2009). The foraging ecology 

of baleen whales has also been studied by mapping prey abundance and distribution in 

the vicinity of animals (Hazen et al., 2009; Nowacek et al., 2011).   

Though active acoustic systems can provide valuable information on underwater 

movement, and prey distribution and biomass, the feasibility of this approach has not been 
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tested on many species, such as the deep-diving beaked whales (Zimmer, 2011). Active 

acoustics also introduces additional noise into an already noisy environment with limited 

existing knowledge on potential impacts on resident animals.  Furthermore, this approach 

is not suitable for animals living in shallow water, such as the focal species in this study. 

 

1.1 Passive Acoustics 
 

Passive acoustics, especially the use of fixed autonomous sensors (vs. cabled 

hydrophones), is another tool for marine mammal conservation with a unique set of 

advantages over the previously discussed approaches. In many cases, cetaceans are 

easier to hear than to see, so the probability of detecting animals with acoustic sensors is 

usually higher than the probability of visual detection, particularly for cryptic, long-diving 

species, like beaked whales. In addition, data collection is not hampered by either the lack 

of available light, rough sea conditions or the remoteness of an area.  Furthermore, 

passive acoustics is a non-invasive tool which allows for the study of cetaceans over larger 

temporal and spatial scales, and is often a more economical alternative than other 

methods, such as boat-based surveys. Moreover, with this method, the risk of influencing 

the behavior of target animals is minimal and observer subjectivity during data collection 

is a non-issue. 

Passive acoustics has been used in marine mammal research to determine range 

and seasonal occurrence (e.g., Moore et al., 2006; Mellinger et al., 2007a), track animals 

(e.g., Clark et al. 1986; Thode, 2004; Giraudet & Glotin, 2006), examine vocalizations 

(e.g., Ichikawa et al., 2006; Oswald et al., 2006), determine the size of vocalizing animals 

(e.g., Marcoux et al., 2006), and identify stocks (Mellinger & Barlow, 2003). It has also 
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been used to assess the impacts of anthropogenic noise (e.g., Richardson et al., 1995), 

and more recently, to estimate (absolute) density or abundance (e.g., Thomas & Marques, 

2012). However, despite numerous strides toward effective conservation and 

management, there is still much that is unknown.  For example, the impacts of 

anthropogenic noise on marine mammals are far from being fully understood (Nowacek 

et al., 2007), and, to date, the ability of noise level and other noise parameters to predict 

animal distribution has not been examined. According to Marques et al. (2013) there are 

also still numerous obstacles to overcome before passive acoustics can be used to 

estimate abundance reliably. 
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Figure 1.1: DSG recorder used in this research. The figure on the left shows intern, Ashley, 

deploying a weighted recorder. Weights were attached to the white rectangles visible along the left 

edge of the recorder. The yellow rope was used to attach the recorder to a separate weight for 

retrieval purposes (this rope was snagged with a grapple hook). 

 

With the aim of overcoming some of these obstacles, this project focuses on two 

key applications of passive acoustics to cetacean research − abundance estimation, and 

the impacts of noise on communication signals. Using four autonomous recorders (Figure 

1.1; DSG, Loggerhead Instruments Inc, Sarasota, FL), the overarching goal is to expand 

the current uses of passive acoustics for marine mammal research and provide 

information that will be useful to future studies in the selection of appropriate abundance 
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estimation methods given a particular context. Well-suited methods should yield more 

accurate results, which would better inform management decisions. 

 

1.2 Study Site 
 

This study took place in Sarasota Bay, on the central west coast of Florida. Sarasota 

Bay is a shallow water (maximum 4m depth) system of small bays that communicate with 

the Gulf of Mexico through narrow passes that separate a series of barrier islands. The 

region is inhabited by a long-term resident community of approximately 160 bottlenose 

dolphins (Wells, 2014). Within Sarasota Bay, focus was placed on Palma Sola Bay (Figure 

1.2) for reasons described in later chapters. 

  

Figure 1.2: Map of Sarasota Bay showing Palma Sola Bay 
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1.3 The Bottlenose Dolphin 
 

The common bottlenose dolphin is the best-studied of all cetacean species 

(Connor et al., 2002). Furthermore, the community (defined here as a population – loosely 

considered to be a group of animals of the same species living in an area for the purposes 

of this study – that exhibits shared patterns of residency and associations among 

individuals; Wells 1986)  of animals that reside within the study area (Figure 1.2) has been 

the subject of much research since 1970 (Wells, 1991, 2009).  As a collective result, much 

is known about the social structure, life history, ranging and habitat use patterns, 

physiology and acoustic behavior of the Sarasota Bay community (e.g., Leatherwood & 

Reeves, 1990; Connor et al., 2002; Wells & Scott, 2009). This wealth of information 

available on the study animals presents a unique and valuable opportunity to achieve the 

specific goals of this project.  

Like most other odontocetes, bottlenose dolphins produce both pulsed and tonal 

sounds. Pulsed sounds are short, broadband signals with high intensities and ultrasonic 

peak frequencies. They include both echolocation clicks, which are used for foraging and 

navigation, and burst-pulse sounds, which have reportedly been produced in alarm, and 

during agonistic or aggressive interactions (Herzing, 1988).  On the contrary, tonal sounds 

are frequency modulated narrowband signals of longer duration. These sounds are 

typically classified as whistles, for which fundamental frequencies often fall between 5 and 

15kHz (Herman & Tavolga, 1980), but also include highly harmonic, low frequency 

narrowband (LFN) sounds (mean = 990Hz; Simard et al., 2011) that have a much smaller 

degree of frequency modulation than ‘regular’ whistles. Whistles and LFN signals are both 

used in social contexts (e.g., Cook et al., 2004; Simard et al., 2011). For reasons 

http://onlinelibrary.wiley.com.proxy.lib.duke.edu/doi/10.1111/j.1748-7692.2009.00284.x/full#b56
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discussed in Chapters 3 & 4, this study focused on whistles, more specifically, signature 

whistles, which have been defined as complex, individually distinctive whistles that 

function in individual recognition and maintaining group cohesion (Caldwell & Caldwell, 

1965; Janik & Slater, 1998; Sayigh et al., 2007). 
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2 Noise Effects on Dolphin Communication Signals 

 

2.1 Introduction 
 

 
The marine environment can be inundated with noise from a variety of sources. 

These can be abiotic sources such as wind or rain, or biotic sources such as the sounds 

produced by conspecifics, snapping shrimp, or prey. The cause of much concern in recent 

decades, however, is noise from anthropogenic sources. Anthropogenic noise in the 

oceans has increased dramatically in the past fifty years (Andrew et al., 2002; Hildebrand, 

2009). Sarasota Bay is no exception. With more than 41,558 registered boat owners 

(Buckstaff, 2004) it is not surprising that the dominant source of noise in the bay is the 

transient sounds produced by watercraft. In fact, Nowacek et al. (2001) reported that each 

member of the resident community of bottlenose dolphins is exposed to vessels passing 

within 100 m every 6 minutes during daylight hours. It is unlikely that the situation has 

improved over the last decade.  

Noise can affect animals in a variety of ways. For example, it can cause stress, 

which in turn can affect individual performance and decision making (Kight & Swaddle, 

2011).  It can be distracting, shifting attention away from signals of relevance or activities 

of importance (Chan & Blumstein, 2011). If the sound is sufficiently intense, an animal can 

experience a temporary auditory threshold shift (TTS, i.e., a temporary loss of hearing 

sensitivity), which, if exposure is long or loud enough, can become permanent (permanent 

threshold shift, PTS and cause auditory injury (Southall et al., 2007).   
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Another problem that underwater noise poses, however, and the focus of this 

research, is that it may partially or entirely reduce the audibility of desired signals through 

a process called auditory masking (Nowacek et al., 2007). Masking can be complete, 

when the signal is not detected at all, or partial, when the signal is detectable by the 

listener but the content is hard to understand (Clark et al., 2009). This problem is 

exacerbated in marine animals that use sound for reproduction, navigation, foraging, and 

avoiding predators and other hazards, as well as for communication in various social 

contexts (e.g., Janik & Slater, 1998; Simard et al., 2011). Loss of clear and efficient 

transmission of acoustic information can create potential fitness costs (Read et al., 2014). 

These include survival, for example, due to undetected predation threats (Lowry et al., 

2012), and reduced reproductive success if noise hinders or prevents accurate 

assessment of potential mates or rivals (Halfwerk et al., 2011), or disrupts communication 

between parent and offspring (Leonard & Horn, 2012). 

In noisy areas, some species can become sensitized, increasing their 

responsiveness over time, whereas other species appear to become habituated (Dotinga 

& Oude Elferink, 2000). However, Bejder et al. (2006) warns about the dangers of 

interpreting the lack of behavioral responses as habituation, when in reality, the most 

sensitive animals may simply no longer frequent the area.  

2.1.1 Responses to noise 

Responses of cetaceans to underwater noise vary. Several relevant studies of 

noise response have focused on motor behavior (reviewed in Nowacek et al., 2007). For 

example, common dolphins (Delphinus delphis; Goold & Fish, 1998), sperm whales 

(Physeter macrocephalus; Mate et al., 1994) and bowhead whales (Balaena mysticetus; 
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Ljungblad et al., 1988) are known to avoid seismic activity. Beluga whales (Delphinapterus 

leucas) and bottlenose dolphins also avoid simulated explosion sounds (Finneran et al., 

2000), and the harbor porpoise (Phocoena phocoena; Kastelein et al., 2006) and Hector’s 

dolphin (Cephalorhynchus hectori; Stone et al., 1997) avoid acoustic deterrent devices 

(ADDs). Changes in breathing and surfacing patterns (Janik & Thompson, 1996; Hastie 

et al., 2003) and cessation in feeding, social, and resting events have also been reported 

(Papale et al., 2012).  Alterations in dive patterns have also been observed in humpback 

whales (Megaptera novaeangliae) after exposure to sounds produced by Acoustic 

Thermometry of the Ocean Climate (ATOC; Frankel & Clark, 1998), and in bottlenose 

dolphins in response to vessel noise (Nowacek et al., 2001).  

This study, however, focuses on the effects of noise on acoustic communication 

signals – specifically, what vocal mechanisms, if any, are employed by bottlenose dolphins 

to compensate for the reduction of signal active space resulting from increased 

environmental noise.  The active space of a signal is the maximum transmission distance 

between the signaler and a receiver, or the distance from the signaler at which the 

transmission is received just at the level of the sensory threshold of the receiver (Janik, 

2000b). Increases in noise within the bandwidth of a signal decrease its signal to noise 

ratio (SNR), making it harder to detect, and thus more difficult for animals to communicate. 

A variety of acoustic responses to anthropogenic noise have been documented in 

both cetaceans and non-cetacean species. Some animals have been known to reduce 

their call rates in increased noise. For example, Tougaard et al. (2003) reported reduced 

click rates of harbor porpoises in response to offshore wind farm construction. Dalhlheim 

(1987) found that gray whales (Eschrichtius robustus) reduced their call rate when 

exposed to unfamiliar drill ship or killer whale (Orcinus orca) sounds, though they 
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increased their call rates when exposed to familiar outboard motor noise (Dalhlheim, 

1987).  

Animals may also cease calling altogether, until transient and usually predictable 

noise has subsided. For example, Finley et al. (1990) observed that narwhals (Monodon 

monoceros) ceased calling altogether in the presence of ice-breaking ships in the 

Canadian High Arctic. Cessation of vocalization has also been observed in treefrogs 

(Zelick & Narins, 1983), cotton-top tamarins (Saguinus oedipus; Egnor et al., 2007), field 

crickets (Acanthogryllus fortipes; Cade & Otte, 1982), and nightingales (Luscinia 

megarhynchos; Brumm, 2006).   

However, many documented responses of animals to increased noise function to 

improve detection probability by compensating for this increased noise in some manner, 

in order to maintain a SNR that facilitates successful communication. According to the 

mathematical theory of communication, the probability of detecting a signal in a noisy 

channel is improved with increased signal redundancy or duration (Shannon & Weaver, 

1949). To increase signal redundancy, animals may increase the repetition of their calls, 

or the number of within-call components. Such responses have been reported in a number 

of species. For example, Miller et al. (2000) reported that humpback whales increased the 

repetition rate of phrases of their songs when exposed to low frequency sonar. Buckstaff 

(2004) found that bottlenose dolphins’ whistle rate increased at the acoustic onset of 

vessel approaches. Similarly, increases in the number of syllables per call have been 

reported in non-cetacean species such as the Japanese quail (Coturnix japonica; Potash, 

1972) and king penguins (Aptenodytes patagonicus; Lengagne et al., 1999). 

Animals may also increase their signal duration in response to increased noise. 

This is consistent with temporal summation of signal energy in the peripheral auditory 
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system (Klump et al., 1990). Longer call durations may also improve the ability of listeners 

to localize the signaler, especially in areas of poor visibility. Belugas (Lesage et al., 1999) 

and killer whales (Foote et al., 2004) reportedly increased their call durations in response 

to vessel approaches and increased boat traffic, respectively, and terrestrial species such 

as the common marmoset (Callithrix jacchus) are known to increase their call durations in 

the presence of increased white noise (Brumm et al., 2004). 

Some species may also change the frequency content of their signals in response 

to band-limited noise (non-white noise) so as to reduce or eliminate overlap with the noise. 

Lesage et al. (1999) reported that beluga whales shifted their call frequency upwards (as 

well as increased their call duration and changed their call rate) in the presence of low-

frequency vessel noise. Parks et al. (2007) also found that right whales increase the mean 

fundamental frequency of their calls in response to increased noise. Likewise, this 

response has been reported in a number of non-cetacean species. For example, great tits 

(Parus major) increase their song frequencies in urban environments with abundant low 

frequency noise (Slabberkoorn & Peet, 2003), and bats have been known to change the 

dominant frequencies of their echolocation calls to avoid interference from the signals of 

conspecifics (Ulanovsky et al., 2004). 

Some species display the Lombard effect (Lombard, 1911), where they increase 

the amplitude of their call in increased noise, in order to maintain a particular SNR or to 

maintain the size of their active space for communication. This effect has been 

documented in bird species such as the Japanese quail (Potash, 1972) and the zebra 

finch (Taeniopygia guttata ; Cynx et al., 1998), primates (Brumm et al., 2004; Egnor et al., 

2006), cetaceans (e.g., Scheifele et al., 2005; Parks et al., 2011) and manatees 

(Trichechus manatus; Miksis-Olds et al., 2009).  



 

14 
 

The compensatory mechanisms actually employed by a given species in response 

to increased environmental noise may range from none to several of the afore-mentioned 

strategies. Boat noise falls primarily within the frequency range of 0.1-10kHz (Buckstaff, 

2004), thus overlapping significantly with the bandwidth of bottlenose dolphin whistles 

(generally 4-20kHz, but can extend down to 1kHz, and above 24kHz; Caldwell et al., 

1990), and therefore has considerable potential to interfere with communication in these 

animals. Furthermore, Quintana-Rizzo et al. (2006) found that the detection range of 

communication signals was noise-limited, as opposed to hearing sensitivity-limited in the 

bottlenose dolphins of Sarasota Bay, demonstrating that increased noise can effectively 

reduce the communication range for these animals.  

To examine this issue further, the objectives of this study were to: 1) investigate 

the ability of bottlenose dolphins to compensate vocally for increased environmental noise, 

2) examine whether whistle parameters are affected differently by natural (biotic, abiotic) 

vs. anthropogenic noise, and 3) determine if the frequency (how often) of noise exposure 

affects the acoustic response of bottlenose dolphins to increased environmental noise. 

The bottlenose dolphin community of Sarasota Bay provides an excellent model 

to examine the effects of noise on communication signals. This species is the most well-

studied of all cetaceans (Connor et al., 2000), and this community in particular, has been 

under investigation for more than 45 years by the world’s longest running dolphin research 

program, the Sarasota Dolphin Research Program. Thus, the vocal repertoire of this 

species and particular community has been well-documented (e.g., Watwood et al., 2005; 

Esch et al., 2009; Simard et al., 2011) - an important factor for effectively examining the 

impacts of noise on vocal output. 
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2.2 Methods 
 
 

2.2.1 Data Collection 
 

 

Figure 2.1: Deployment sites in Sarasota Bay. LN represents a low noise area. HN represents a high 

noise area, located near the intersection of multiple channels. 

 

Between September 2012 and May 2013, for deployment periods ranging from 

one week to one month (dependent on the frequency with which recorders could be 

retrieved and serviced), acoustic recordings were made from four bottom-mounted 

recorders (DSG, Loggerhead Instruments Inc, Sarasota, FL; hydrophone sensitivities 
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ranged from -160.3 to -160.6 dBV/μPa) deployed simultaneously at two locations in 

Sarasota Bay, FL (Figure 2.1). 

These locations were selected for the difference in their overall background noise, 

with the site labeled ‘LN’ in Figure 2.1 representing low noise with little to no boat traffic 

(i.e., main source of noise in this bay), and the site labeled ‘HN’ representing high noise, 

near the intersection of multiple busy channels. As seagrass can significantly impede 

sound propagation (e.g., Nowacek et al., 2001), seagrass beds were avoided.  Because 

sound propagation is more efficient in deep water, recorders were deployed at the lowest 

depths possible while also avoiding deployment directly in the channels. Channel 

deployment was avoided to reduce dangers to divers, if diving became necessary for 

instrument retrieval. 

Recorders were deployed at LN for a total of 1 month, and at HN for a total of 2.5 

months. Recordings were made continuously when possible, and duty cycled to record 

every other 5 minutes when retrievals were not expected to be possible before the 

recorder memory cards were filled. 

2.2.2 Whistle Measurements 

To reduce total whistle detection time, four band-limited automatic detectors of 

varying bandwidths (1.5-8kHz, 6.5-10kHz, 8-16kHz and 15kHz-22kHz) were run on the 

data collected from all four recorders for each deployment period in Raven Pro 1.4. These 

detectors were selected for their collective ability to identify reliably > 95% of manually 

identified whistles in a sample dataset.  

Recordings from all 4 recorders were synced by using a distinct acoustic signal 

produced equidistant to all four hydrophones prior to each deployment. Of these four 



 

17 
 

recorders, a ‘primary’ recorder was selected on the basis that it contained the most 

detected whistles with relatively high SNR. The primary recorder, therefore, varied for 

each deployment period. However, as the specifications of all four recorders were more 

or less identical, this did not affect the analyses.  

Spectrograms (Hanning window, 512 FFT size, 50% overlap) of automatic 

detections from the primary recorders were manually examined.  All false positives were 

removed, and 15 minutes on either side of each detected whistle was searched for false 

negatives, which, if found, were also included in the analysis. In addition, the dimensions 

of automatic whistle selections were adjusted for accurate time and frequency 

measurements. For each detected whistle, the following measurements were made: high 

frequency (maximum frequency), low frequency (minimum frequency), peak frequency 

(frequency at greatest amplitude), bandwidth, duration, root mean square (rms) received 

level (RL, measured in dB SPL), number of elements (components of a single whistle 

occurring less than 0.5s apart; Esch et al., 2009; Figure 2.2), number of loops (Figure 2.2), 

and number of repetitions (the number of times a particular whistle occurred; minimum 

value of 1; Figure 2.2). All measurements were made automatically in Raven Pro, with the 

exception of the latter three, which were made manually by an analyst. 
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Figure 2.2: Spectrogram of recorded whistles. Plot a shows 4 repetitions of a whistle comprised of 2 

elements. Plot b shows a single-element whistle comprised of 3 loops. 

 

When both concave and convex loops (as single or multiple elements) were 

present, only concave loops were counted (see Figure 2.2). Otherwise, either concave or 

convex loops were counted. If no loops were present, a value of ‘0’ was assigned.  

For whistle repetition measurements, recorded whistles were first divided into 

discrete whistle bouts, with bouts separated by ≥ 2 hours containing no whistles. As 

animals sometimes lingered within the same general area (and therefore, acoustic range) 

for more than an hour, as evident by both surface observations and the appearance of the 

same whistle multiple times in recordings obtained within this period, the minimum inter-

bout period of 2 hours used in this study served to minimize conservatively the occurrence 

of the same animals (and likely other unmeasured bout-related conditions) within 
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consecutive bouts. Within each bout, whistles were assigned unique whistle IDs, the total 

number of which constituted the number of repetitions of that particular whistle type. For 

the analysis involving whistle repetitions, only the first whistle of each whistle type within 

a bout was used (as the total number of repetitions would be the same for all whistles of 

a particular type). As some of the data were collected using a duty cycle involving 5 

minutes of recording every 10minutes, the whistle repetition variable used in this analysis 

represents the minimum number of whistle repetitions, rather than an absolute value. In 

cases where multiple whistles overlapped or SNR values were too low to determine 

confidently  whistle parameters, such as start time or frequency, but it was still possible to 

match the contour of the whistle to surrounding whistles, these whistles were included in 

repetition counts, but excluded from all other analyses. 

Whistle measurements were made via two ‘passes’ through the data (i.e., initial 

automatic whistle detection corrections followed by a count of whistle repetitions), 

facilitating the correction of human error in the measurement process. 

2.2.3 Background Noise Measurements 
 

Noise measurements were made immediately prior to each whistle within the 

known auditory bandwidth of bottlenose dolphin hearing (75Hz−150kHz; Johnson, 1967). 

Due to the limited sample rate of the DSG recorders used for this project, the bandwidth 

used was 75Hz−25kHz. Noise within this band was filtered using the root mean square 

filter (Frms) option in Raven Pro. 

Periods of 1s, 2s, and 5s were initially investigated as potential periods over which 

noise would be measured. These values were selected based on the need to use a 

duration that was long enough to include any significant sources of noise (which, from an 

file:///C:/Users/Goldie/Downloads/Phillips_Dissertation20_LT_gp_newest4%20-%20Edited%20by%20nikki%20up%20to%20chap%202.docx%23_ENREF_4
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examination of the data, tended to be transient in nature), yet not so long that the variability 

in background noise levels among whistles was not captured. Regardless of the length of 

‘noise blocks’ selected, some blocks contained whistle/s of the same type as the whistle 

in question (i.e., whistles that were likely produced by the same animal). Whistles with 

such associated noise blocks were excluded from the analysis. Therefore, the longer the 

duration of the noise block used, the greater the number of whistles that would be excluded 

from the analysis, as whistles tend to occur in sequence. From a total of 16,538 detected 

whistles, the numbers of whistles that would have been retained for analyses are 9,261 

for 5s noise, compared to 12,497 for 2s noise, and 14,507 for 1s noise. However, as the 

5s noise block reduced the working sample size by almost 50%, it was concluded that 5s 

was too long a duration for the purposes of this project.  

To determine whether 1s or 2s noise blocks should have been used, a power 

analysis was first conducted.  This generated the (minimum) sample size needed to test 

for a statistically significant difference between the means of the groups of noise durations. 

The power analysis was conducted in R (R Development Core Team, 2013) using the 

pwr.t.test function in the pwr package (Champely et al., 2015) for a power of 0.95 and a 

significance level of 0.05 (paired and two-sided). A conservative effect size of 0.2 standard 

deviation units was used. This effect size is generally regarded as small (Cohen, 2013), 

and as the purpose of the power analysis was to determine whether the difference 

between 1s and 2s noise was large enough to warrant the selection of one over the other, 

it was regarded as the minimum effect size with any biological significance to this study. 

The power analysis resulted in a sample size of 327 noise blocks. Therefore, 327 

noise samples of 1s and 2s durations were randomly selected from all of the data, and a 

paired two-tailed t-test conducted using the t.test function in R. As marine mammals hear 
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in one-third octave bands, and as these noise levels might have been more biologically 

relevant to them, each sample noise block was also divided into one-third octave bands 

(Table 2.1) using the Frms option in Raven Pro, as described earlier, and the t-test 

conducted for each of these noise sub-groups as well. Results are shown in Table 2.2 

below. 

Table 2.1: Third octave bands within the auditory bandwidth of bottlenose dolphin hearing. Note that 

Band 26 is not a complete third octave band. 

Band 
Label 

Low Frequency 
(Hz) 

Center Frequency 
(Hz) 

High Frequency 
(Hz) 

1 70.8 80 89.1 

2 89.1 100 112 

3 112 125 141 

4 141 160 178 

5 178 200 224 

6 224 250 282 

7 282 315 355 

8 355 400 447 

9 447 500 562 

10 562 630 708 

11 708 800 891 

12 891 1000 1122 

13 1122 1250 1413 

14 1413 1600 1778 

15 1778 2000 2239 

16 2239 2500 2818 

17 2818 3150 3548 

18 3548 4000 4467 

19 4467 5000 5623 

20 5623 6300 7079 

21 7079 8000 8913 

22 8913 10000 11220 

23 11220 12500 14130 

24 14130 16000 17780 

25 17780 20000 22390 

26 22390 − 25000 
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Table 2.2: Significant results of paired two-tailed t-test. Significant noise categories are highlighted 

in bold. 

Noise 
Category P value 

RMS 0.891 

Band 1 0.321 

Band 2 0.317 

Band 3 0.310 

Band 4 0.312 

Band 5 0.981 

Band 6 0.366 

Band 7 0.236 

Band 8 0.162 

Band 9 0.158 

Band 10 0.104 

Band 11 0.097 

Band 12 0.092 

Band 13 0.053 

Band 14 0.031 

Band 15 0.220 

Band 16 0.045 

Band 17 0.082 

Band 18 0.068 

Band 19 0.243 

Band 20 0.246 

Band 21 0.011 

Band 22 0.018 

Band 23 0.035 

Band 24 0.087 

Band 25 0.140 

Band 26 0.628 

 

As the difference between 1s and 2s noise measurements was only statistically 

significant for 5 of the 27 noise categories (Table 2.2), using either duration was 

determined to be of relatively little consequence. Though the final noise block count would 

be greater if 1s noise was measured, examination of these blocks in Raven Pro revealed 
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that many more 2s noise blocks contained whistles of conspecifics than 1s blocks. As the 

previous is of great importance to this study, 2s noise blocks were selected for the entire 

dataset. 

Each 2s noise block was manually classified as: biotic (shrimp, conspecific 

whistles, clicks, fish), abiotic (flow noise, rain), anthropogenic (e.g., boats), and noise 

source type was included as a predictor variable in the models described below, and mixed 

(combination of biotic and abiotic/anthropogenic noise; used when it was not possible to 

identify a single dominant source of noise). 

All noise values (measured in ‘Raven units’) were converted to standard dB SPL 

values using calibrated measurements obtained by recording a signal of known amplitude 

(at various frequencies) with Raven Pro.  

 

Figure 2.3: Boxplot showing the distribution of noise level values in each noise source category. The 

bold horizontal line within each box represents the median of each category. The width of each box 

represents the middle 50% of data, and the open circles above the topmost horizontal bar represent 

outliers, or points with noise level that exceed the top limit of the box by more than 1.5. 
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2.2.4 Data Analysis 
 

  Prior to model fitting, boxplots, scatterplots and pairs plots of the data were 

constructed to identify outliers, collinear variables and to verify that relationships between 

response and predictor variables were linear.  Potential outliers were re-examined in 

RavenPro, and any outliers found to be the result of human error were removed. As such, 

four outliers were removed from the whistle duration response variable. No other data 

points were identified as falling outside of the acceptable range for any of the remaining 

variables.  

Pairs plots (e.g., Figure 2.4) revealed significant collinearity among all of the noise 

variables, which was further verified by variance inflation factor (VIF) values of more than 

the generally accepted 5.0 cut-off.  This was as expected, given that both the overall noise 

measurements and those of the third octave bands came from the same portion of a given 

recording. To overcome this problem, while also performing variable reduction, a Principal 

Components Analysis (PCA) was first conducted on all collinear variables (all numerical 

noise variables). Principal components (PC) were retained based on both a constructed 

scree plot, and Kaiser’s criterion of retaining PCs with eigenvalues greater than 1 

(modified for the covariance matrix, which was used instead of the correlation matrix as 

all collinear variables were in the same measurement unit). The correlations between the 

PC loadings and the original predictor variables were examined, and the retained PCs 

classified according to the variables with the highest loadings (i.e., the top 25% of variables 

that explained the greatest amount of variance in each PC). The scores of the retained 

PCs were used as new, uncorrelated predictor variables, in addition to the remaining 

predictor variables in the model, and multicollinearity was tested for once again to confirm 

its absence.  



 

25 
 

 

Figure 2.4: Pairs plot of whistle bandwidth, rms noise and the first 6 third–-octave bands (diagonally 

from top left), demonstrating a high degree of correlation among rms noise and third–octave band 

variables, prior to PCA. 

 

In total, 8 models were fitted in R: 

 
1. Minimum frequency ~ noise  

2. Maximum  frequency ~ noise 

3. Whistle duration ~ noise  

4. Peak frequency ~ noise  

5. Frequency bandwidth ~ noise 

6. Number of whistle elements ~ noise 

7. Number of whistle repetitions ~ noise 

8. Number of loops ~ noise  
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where “noise,” listed on the right side of each equation above, encompasses the 

explanatory variables: (relevant) PCs, noise source (the type of noise present during 

measurement - classified as anthropogenic, biotic, abiotic, or mixed), location (high/low 

noise), time of day (TOD; day/night), SNR, and number of whistle types (count of distinct 

whistle types during a bout - proxy for the minimum number of animals present). 

Interactions between the continuous noise variables and (1) noise source (four-level 

factor), (2) time of day (binary factor), and (3) location (binary factor) were also included. 

For each model, if any of the included variables contained missing values, these whistles 

were excluded from the analysis. 

Models 1-5 were fitted as linear mixed models (LMM’s) with the function lmer, in 

the R package, lme4 (Bates, 2010). However, due to the non-normal nature of the 

response variables in Models 6-8, generalized linear mixed models (GLMM’s) were fitted. 

Count data are typically fitted using a Poisson model. However, as this model assumes 

that counts include some zeroes, and all detected whistles had at least one element and 

one repetition by definition, the use of a zero-truncated Poisson was more appropriate for 

these response variables. However, available statistical packages for fitting a zero-

truncated Poisson GLMM in R are limited. Though the Frequentist modeling approach was 

also possible for the count data via the glmmADMB package (Skaug et al., 2011),  

Bayesian Markov Chain Monte Carlo (MCMC) GLMM’s (MCMCglmm; Hadfield, 2010) 

were used instead. The slower computation speeds and numerous convergence errors of 

the former made the Bayesian approach a better alternative for this study. Furthermore, 

the incorporation of additive overdispersion with MCMCglmm (Hadfield, 2014) and thus, 

the ability of the resulting models to handle effectively the overdispersion evident (Pearson 

dispersion statistic > 1) in both the loop and element data, made the Bayesian approach 
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an even more suitable choice. As such, MCMC GLMM’s were fitted using a zero-truncated 

Poisson (Models 6 & 7) or Poisson distribution (Model 8; MCMC GLMM also used in this 

case for consistency with other count models).  

For all models, the random effect structure was kept fixed as the nested random 

intercept form given by (1|Bout/Whistle ID), where Bout represents distinct periods of 

dolphin acoustic activity, separated by at least 2 hours, and Whistle ID represents an 

identifier for each type of whistle within a bout, with multiple whistles per Whistle ID within 

a given bout. Including random effects for Whistle ID and Bout allows for within-bout and 

within-animal correlations that are likely present in the data. Unmeasured factors 

associated with either bout or whistle, if left unaccounted for, would manifest as sample-

level correlations. As whistle IDs are nested within bouts, a random effect structure that 

reflects this was selected. 

 LMM’s 

 

Model selection was performed by choosing the model with the lowest marginal 

AIC (mAIC) value (Vaida & Blanchard, 2005). As the most widely used selection criteria 

for linear mixed models (Müller, Scealy, & Welsh, 2013), mAIC  is particularly well-suited 

to cases such as this one, where population-level inference (vs. individual-level inference) 

is required.  

Model errors were examined for normality and homoscedasticity using normal 

probability plots, histograms, and plots of (standardized) residuals versus fitted values, 

respectively. Assumption violations were dealt with by using suitable transformations 

applied (e.g., Figure 2.5) to the response variable and/or the predictor variables, and the 

model re-run until model validation was a success. P-values (α = 0.05) were calculated 



 

28 
 

using Satterthwaite’s approximation for denominator degrees of freedom method in 

lmerTest (Kuznetsova et al., 2014). 

 

 

Figure 2.5: Histogram of standardized residuals of the whistle duration model. The plot on the left 

shows the original data with the normality assumption violated, and the plot on the right 

demonstrates how a log transformation of the response variable normalizes the residuals. 

 

To better understand interactions, final models were refit with all interaction terms 

removed, and main effects were examined. Plots were constructed for the predicted 

outcomes at various levels of the factors involved in these interactions. 

 GLMM’s 

For each GLMM model, an inverse-Wishart distribution (variance at the limit set to 

V = 1 and the belief parameter nu = 0.002) was used for the residual variance structure. 
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To improve mixing and decrease autocorrelation among iterations, a parameter expanded 

prior in the form of a half-Cauchy distribution described by parameters V = 1, nu = 1, prior 

mean alpha.mu=0, and alpha.V = 102, which represents the prior standard deviation with 

a scale of 10 (Gelman, 2006; Hadfield, 2010). Both parameter sets result in flat priors, 

allowing for parameter estimates to be driven by the data. 

Following each model run, both trace and density plots (e.g., Figure 2.6 below) 

were examined to determine whether convergence occurred, and the independence of 

successive Markov chain parameter values assessed through an examination of 

autocorrelation estimates. The number of iterations, burn-in period, and/or thinning interval 

were adjusted accordingly, and the model re-run until the MC standard error for each 

parameter was below 5% of the standard deviation (Lunn et al., 2000). 

Once convergence was achieved, the sensitivity of model results to variation in the 

prior was examined by re-running the model with a variety of prior specifications, ranging 

from a uniform distribution to highly informative priors. Analysis results were similar in each 

case. The posterior p-values, posterior effect estimates, and the corresponding 95% 

confidence intervals were used to assess the impact of explanatory variables on each 

whistle response variable. 

Model selection was performed using DIC, as this criterion performs similar to AIC 

in choosing parsimonious models, and is generally recommended for prediction-based 

model selection for longitudinal ecological data (e.g., Barnett et al., 2010; Hooten & Hobbs, 

2015). 

As with the LMM’s, interactions included in final models were examined at each 

level of the factor involved in the interaction. Final models containing interactions were 

also refit with all interaction terms removed, and main effects examined independently.  
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Figure 2.6: Trace and corresponding density plots for several fixed effects (interactions) in the final 

whistle repetition model. 
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2.3 Results 
 
 

2.3.1 PCA 
 

As can be seen in Figure 2.7, the PCA eliminated the multicollinearity issue 

observed earlier in Figure 2.4.  

 

Figure 2.7: Pairs plot of whistle bandwidth and PCs 1-4 (diagonally from top left). Collinearity among 

the noise variables is no longer a problem. 
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Figure 2.8: Scree plot overlaid with horizontal line representing the Kaiser criterion. Both criteria 

resulted in the selection of the first 4 PCs, which collectively explained 95% of the variance in the 

data. 

 

The first four PCs were selected based on both the scree plot and Kaiser’s criterion 

(Figure 2.8). The selected PCs collectively explained 95% of the variation in the data. An 

examination of the variable loadings in each PC (Figure 2.9) led to the classification of 

PCs 1-4 into the following categories: RMS/very low frequency (PC.vlo), low frequency 

(PC.Lo), low-mid frequency (PC.lo-mid), and high frequency bands (PC.hi) as shown in 

(Table 2.3) below.  



 

 

3
3

 

 

 

Figure 2.9: Variable loadings in each selected PC. In each case, the variables associated with the top 25% loadings (encompassed by the green 

line) were examined for classification into more meaningful noise frequency categories. 
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Table 2.3: Variable loadings in each selected PC, and the resulting classification of these new noise 

variables. 

 PC1 -> 
PC.lo 

PC2 -> 
PC.lo-mid 

PC3 -> 
PC.vlo 

PC4 -> 
PC.hi 

RMS noise   X  
Band 1 (0.071 – 0.089kHz)   X  
Band 2 (0.089 – 0.112kHz)   X  
Band 3 (0.112 – 0.141kHz)   X  
Band 4 (0.141 – 0.178kHz)   X  
Band 5 (0.178 – 0.224kHz)   X  
Band 6 (0.224 – 0.282kHz)  X X  
Band 7 (0.282 – 0.355kHz) X X   
Band 8 (0.355 – 0.447kHz) X X   
Band 9 (0.447 – 0.562kHz) X X   
Band 10 (0.562 – 0.708kHz) X    
Band 11 (0.708 – 0.891kHz) X    
Band 12 (0.891 – 1.122kHz)     
Band 13 (1.122 – 1.413kHz) X   X 
Band 14 (1.413 – 1.778kHz) X   X 
Band 15 (1.778 – 2.239kHz)     
Band 16 (2.239 – 2.818kHz)     
Band 17 (2.818 – 3.548kHz)     
Band 18 (3.548 – 4.467kHz)     
Band 19 (4.467 – 5.623kHz)  X   
Band 20 (5.623 – 7.079kHz)  X   
Band 21 (7.079 – 8.913kHz)  X   
Band 22 (8.913 – 11.220kHz)    X 
Band 23 (11.220 – 14.130kHz)    X 
Band 24 (14.130 – 17.780kHz)    X 
Band 25 (17.780– 22.390kHz)    X 
Band 26 (22.390 – 25.000kHz)    X 
Classification Low Low - Mid Very Low High 

 

 

2.3.2 Model Results 
 

In general, noise had a significant effect on whistle parameters. However, the 

characteristics of the noise that affected whistle responses varied from model to model.  
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 Frequency content of noise 

PC.vlo significantly affected maximum frequency (Table 2.4), and whistle duration 

(Table 2.5) with both increasing with increasing PC.vlo noise. 

Table 2.4: Final LMM results for the effects of noise on whistle maximum frequency. For the Source 

variable, “ab” indicates mixed noise, “b” indicates biotic noise, and “h” represents anthropogenic 

noise. 

 Estimate Std. 
Error 

DF T 
value 

P value 

(Intercept) 13239.616 258.209 762.182 51.275 < 0.001 

PC.lo-mid 7.142 2.596 6223.415 2.751 0.006 

PC.vlo 14.380 3.320 6237.458 4.331 <0.001 

PC.hi -26.820 24.854 10414.534 -1.079 0.281 

Sourceab 80.408 205.210 10433.579 0.392 0.695 

Sourceb 150.812 207.537 10488.104 0.727 0.467 

Sourceh 183.671 224.729 10447.811 0.817 0.414 

Locationlow -788.677 251.984 101.377 -3.130 0.002 

SNR 41.858 6.332 10968.442 6.611 <0.001 

TODnight 594.270 195.055 178.926 3.047 0.003 

PC.hi:Sourceab 19.441 26.128 10302.479 0.744 0.457 

PC.hi:Sourceb 43.825 24.988 10431.764 1.754 0.079 

PC.hi:Sourceh 0.949 26.022 10513.006 0.036 0.971 

PC.hi:TODnight 15.024 7.296 10593.352 2.059 0.039 

 

Table 2.5: Final LMM results for the effects of noise on whistle duration. 

 Estimate Std. 

Error 

DF T value P value 

(Intercept) -0.144 0.009 138.761 -15.785 <0.001 

PC.vlo 0.001 0.000 3335.339 2.671 0.008 

PC.lo 0.000 0.000 1566.318 -1.497 0.134 

Locationlow -0.079 0.018 118.663 -4.485 <0.001 

SNR -0.003 0.001 11750.573 -5.058 <0.001 
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PC.vlo was also included in the final models for whistle bandwidth and repetition 

count, exhibiting a (non-significant) source and TOD-dependent effect on both response 

variables, and an additional location-dependent effect on the number of whistle repetitions 

(Table 2.6, Table 2.7). 

 

Table 2.6: Final LMM results for the effects of noise on whistle bandwidth. For the Source variable, 

“ab” indicates mixed noise, “b” indicates biotic noise, and “h” represents anthropogenic noise. 

 Estimate Std. 
Error 

DF T value P value 

(Intercept) 82.196 1.584 852.316 51.892 < 0.001 

PC.lo 0.034 0.048 10895.600 0.714 0.475 

PC.lo-mid 0.030 0.016 6132.500 1.892 0.059 

PC.vlo -0.032 0.109 10894.880 -0.296 0.767 

PC.hi 0.022 0.160 10336.870 0.136 0.892 

Sourceab 1.064 1.263 10728.020 0.842 0.400 

Sourceb 1.238 1.271 10750.810 0.974 0.330 

Sourceh 1.485 1.395 10842.690 1.065 0.287 

Locationlow -7.074 1.591 133.922 -4.445 < 0.001 

SNR 0.196 0.037 11014.310 5.224 < 0.001 

TODnight 3.537 1.202 187.772 2.942 0.004 

PC.lo:Sourceab -0.052 0.051 10869.690 -1.028 0.304 

PC.lo:Sourceb -0.014 0.048 10914.720 -0.286 0.775 

PC.lo:Sourceh -0.068 0.050 10866.220 -1.356 0.175 

PC.vlo:Sourceab -0.053 0.119 10649.940 -0.447 0.655 

PC.vlo:Sourceb 0.147 0.109 10868.470 1.349 0.177 

PC.vlo:Sourceh 0.125 0.112 10950.670 1.113 0.266 

PC.hi:Sourceab 0.163 0.171 10249.440 0.952 0.341 

PC.hi:Sourceb 0.119 0.162 10358.040 0.738 0.460 

PC.hi:Sourceh -0.110 0.167 10446.980 -0.655 0.512 

PC.lo:Locationlow -0.055 0.019 9142.339 -2.827 0.005 

PC.lo:TODnight 0.027 0.014 4584.908 1.942 0.052 

PC.vlo:TODnight -0.073 0.043 6348.488 -1.715 0.086 
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Table 2.7: GLMM results for the effects of noise on the number of whistle repetitions. For the Source 

variable, “ab” indicates mixed noise, “b” indicates biotic noise, and “h” represents anthropogenic 

noise. 

 post.mean l-95% 
CI 

u-95% 
CI 

eff.samp pMCMC 

(Intercept) 0.070 -0.455 0.695 1100.000 0.805 

PC.lo -0.015 -0.042 0.010 1100.000 0.285 

PC.lo-mid -0.009 -0.083 0.065 1100.000 0.807 

PC.vlo -0.018 -0.066 0.035 1100.000 0.513 

Sourceab 0.053 -0.519 0.619 1100.000 0.849 

Sourceb -0.108 -0.703 0.373 1100.000 0.722 

Sourceh 0.261 -0.318 0.840 1100.000 0.378 

Locationlow 0.258 -0.078 0.569 1100.000 0.127 

TODnight 0.010 -0.261 0.256 1257.708 0.956 

ID.count 0.004 -0.001 0.008 1235.824 0.125 

PC.lo:Sourceab 0.024 -0.004 0.052 1100.000 0.093 

PC.lo:Sourceb 0.016 -0.009 0.043 1202.570 0.249 

PC.lo:Sourceh 0.015 -0.011 0.041 1100.000 0.249 

PC.lo-mid:Sourceab -0.034 -0.114 0.049 1100.000 0.398 

PC.lo-mid:Sourceb 0.012 -0.059 0.087 1100.000 0.749 

PC.lo-mid:Sourceh 0.012 -0.070 0.085 1100.000 0.769 

PC.vlo:Sourceab 0.022 -0.034 0.078 1100.000 0.453 

PC.vlo:Sourceb 0.019 -0.028 0.071 1100.000 0.495 

PC.vlo:Sourceh 0.011 -0.040 0.060 1100.000 0.704 

PC.lo-mid:Locationlow -0.019 -0.035 -0.001 1100.000 0.025 

PC.vlo:Locationlow -0.010 -0.034 0.013 1214.306 0.424 

PC.lo:TODnight -0.005 -0.011 0.000 978.053 0.042 

 

 

The number of repetitions decreased to various degrees with increasing PC.vlo 

noise for each source type, for both response variables (Figure 2.10). While this was also 

the case for whistle repetitions during both night and day (Figure 2.11), no discernible 

trend in whistle bandwidth was observed during the day with increasing PC.vlo noise, 

compared to the strong decreasing trend observed at night (Figure 2.12). As PC.vlo noise 

increased there was a much sharper decrease in the number of whistle repetitions at the 

low noise site relative to the high noise site (Figure 2.13).  
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Figure 2.10: Fitted repetition count values plotted against PC.vlo, PC.lo and PC.lo-mid noise for each 

level of Source. The x-axis represents PC scores, and therefore relative noise levels. 

 

Figure 2.11: Fitted repetition count values plotted against PC.lo noise (x-axis) for each level of Time 

of Day (TOD). 
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Figure 2.12: Fitted (sqrt) frequency bandwidth values plotted against PC.vlo and PC.lo noise for each 

level of Time of Day (TOD). 

 

Figure 2.13: Fitted repetition count values plotted against PC.vlo and PC.lo.mid noise for each level 

of Location. 
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PC.lo was included in all final models with the exception of whistle loops and 

maximum frequency (Tables 2.5 - 2.10). In each case, as PC.lo noise increased, so did 

the values of the response variable. 

 

Table 2.8: Final LMM results for the effects of noise on whistle peak frequency. For the Source 

variable, “ab” indicates mixed noise, “b” indicates biotic noise, and “h” represents anthropogenic 

noise. 

 Estimate Std. 
Error 

DF T value P value 

(Intercept) 87.117 1.306 2808.316 66.720 < 0.001 

PC.lo 0.021 0.042 11447.387 0.511 0.610 

PC.lo-mid 0.028 0.013 4564.895 2.074 0.038 

PC.hi -0.016 0.144 11299.563 -0.109 0.913 

Sourceab -0.155 1.222 11801.059 -0.127 0.899 

Sourceb 0.696 1.216 11215.268 0.572 0.567 

Sourceh 0.125 1.325 11218.792 0.095 0.925 

Locationlow 2.872 1.087 129.311 2.643 0.009 

PC.lo:Sourceab -0.050 0.045 11901.520 -1.124 0.261 

PC.lo:Sourceb -0.046 0.042 11554.581 -1.099 0.272 

PC.lo:Sourceh -0.002 0.043 11343.967 -0.036 0.972 

PC.hi:Sourceab -0.022 0.153 11382.725 -0.144 0.886 

PC.hi:Sourceb 0.151 0.146 11350.299 1.040 0.299 

PC.hi:Sourceh 0.027 0.151 11314.669 0.182 0.855 
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Table 2.9:  GLMM results for the effects of noise on the number of whistle elements. For the Source 

variable, “ab” indicates mixed noise, “b” indicates biotic noise, and “h” represents anthropogenic 

noise. 

 post.mean l-95% 
CI 

u-95% 
CI 

eff.samp pMCMC 

(Intercept) 1.232 1.080 1.418 1100.000 0.001 

PC.lo 0.000 -0.001 0.001 1100.000 0.685 

PC.hi -0.023 -0.042 -0.004 1100.000 0.025 

Sourceab 0.080 -0.093 0.228 1100.000 0.338 

Sourceb 0.103 -0.060 0.276 1061.394 0.209 

Sourceh 0.162 -0.018 0.350 1100.000 0.078 

SNR -0.009 -0.014 -0.003 1259.676 0.001 

PC.hi:Sourceab 0.018 -0.003 0.038 830.253 0.087 

PC.hi:Sourceb 0.025 0.005 0.045 1100.000 0.013 

PC.hi:Sourceh 0.025 0.002 0.044 1100.000 0.018 

 

 

Table 2.10: Final LMM results for the effects of noise on whistle minimum frequency. 

 Estimate 
Std. 
Error 

DF T value P value 

(Intercept) 75.238 0.469 124.941 160.502 <0.001 

PC.lo 0.008 0.006 2768.503 1.526 0.127 

PC.lo-mid 0.017 0.011 6105.018 1.605 0.109 

PC.hi -0.046 0.016 7588.982 -2.863 0.004 

Locationlow 2.957 0.948 125.348 3.119 0.002 

 

 

Interactions between PC.lo and source type were included in the final models for 

peak frequency, bandwidth and repetition number. For every source of noise, these 

response variables decreased to varying extents with increasing PC.lo noise, with the 

exception of bandwidth, which showed a general increasing trend (Figure 2.14). TOD 

affected both bandwidth and repetition number in PC.lo noise. While bandwidth increased 
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in increasing PC.lo noise during both night and day (Figure 2.12), a statistically significant 

decrease in whistle repetitions occurred during the night relative to the day (Figure 2.11). 

Bandwidth was also affected by Location in PC.lo noise, displaying a statistically 

significant increase in increasing PC.lo noise at the low noise site relative to the high noise 

site (Figure 2.15). 

 

 

Figure 2.14: Fitted (sqrt) frequency bandwidth values plotted against PC.vlo, PC.lo and PC.hi noise 

for each level of Source. 
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Figure 2.15: Fitted (sqrt) frequency bandwidth values plotted against PC.lo noise (x-axis) for each 

level of Location. 

 

PC.lo-mid noise had a significant effect on both maximum (Table 2.4) and peak 

frequency (Table 2.8), and was also included in the final models for minimum frequency 

(Table 2.10) and whistle bandwidth (Table 2.6). All four response variables increased with 

increasing PC.lo-mid noise. For the whistle repetition and loop number models, a location-

dependent effect was observed (Table 2.7 and Table 2.11). In both cases, there was a 

statistically significant difference between the effect of PC.lo-mid noise on the response 

variable during the day versus the night. Loop number, in particular, demonstrated a 

marked upward trend in increased noise at the low noise site, while the reverse was seen 

at the high noise site (Figure 2.16). In contrast, whistle repetitions markedly decreased in 

increasing PC.lo-mid noise at the low noise site, with no discernible trend at the high noise 

site (Figure 2.13). The final whistle repetition model also included interactions between 

PC.lo-mid noise and source type, as well as TOD (Table 2.7). Strong negative trends in 
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whistle repetitions were observed for PC.lo-mid noise in abiotic and mixed noise relative 

to biotic and anthropogenic noise (Figure 2.10). Similarly, whistle repetition decreased in 

increasing PC.lo-mid noise during both day and night (Figure 2.11). 

 

Table 2.11: GLMM results for the effects of noise on the number of whistle loops. Only statistically 

significant (P < 0.05) terms and their main effects are shown. 

 post.mean l-95% CI u-95% CI eff.samp pMCMC 

(Intercept) -0.211 -0.283 -0.140 995.772 <0.001 

PC.lo -0.001 -0.002 0.000 1501.456 0.031 

PC.lo-mid -0.001 -0.004 0.001 1113.058 0.385 

Locationlow -0.130 -0.260 0.001 1477.140 0.046 

PC.lo-
mid:Locationlow 

0.004 0.000 0.008 1298.466 0.050 
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Figure 2.16: Fitted loop count values plotted against PC.lo-mid noise (x-axis) for each level of Location.  

 

 
PC.hi noise significantly affected minimum frequency (Table 2.10) with a decrease 

in minimum frequency observed in increasing noise, but also displayed a TOD-dependent 

effect on maximum frequency (Figure 2.17) and repetition number (Table 2.7), and a 

source-dependent effect on maximum frequency (Table 2.4), peak frequency (Table 2.8), 

and whistle repetition (Table 2.7) and element count (Table 2.9). Figure 2.18 shows that 

while the relationship between maximum frequency and PC.hi noise is a positive one for 

both day and night, this relationship is significantly stronger at night. In contrast, repetition 

count decreased with increased PC.hi noise during both night and day, with the stronger 

trend observed during the day (Figure 2.11). 
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Figure 2.17: Fitted maximum frequency values plotted against PC.hi noise (x-axis) for each level of 

Time of day. 

 

 

Figure 2.18: Fitted maximum frequency values plotted against PC.hi noise (x-axis) for each level of 

Source. 
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Of the source-dependent effects observed for PC.hi noise, peak frequency 

increased with increasing noise for each source type except mixed noise (for which there 

was no discernible trend; (Figure 2.19). Element number also increased in increasing 

PC.hi noise for both biotic and anthropogenic noise, but decreased in abiotic and mixed 

noise (Figure 2.20). However, whistle repetitions increased with increasing PC.hi noise 

only for anthropogenic noise, with strong negative trends being observed for the remaining 

noise categories (Figure 2.10).  

 

Figure 2.19: Fitted peak frequency values plotted against PC.lo and PC.hi noise for each level of 

source. 
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Figure 2.20: Fitted element count values plotted against PC.hi noise (x-axis) for each level of Source. 
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 Noise Source 

 

Source type influenced noise effects on whistle maximum frequency, peak 

frequency, bandwidth, repetition number, and element number (Table 2.4, Table 2.6, 

Table 2.7, Table 2.8 and Table 2.9), but had no statistically significant unique effect 

(observed when each model was re-run without any interactions). The effect of source 

type on the PC variables appeared to be greatest for PC.hi noise, as the interaction 

between these two variables was included in four out of these five models. In contrast, the 

interaction between PC.lo-mid and source only appeared in the final whistle repetition 

model. As previously described, the effect of PC.lo noise on peak frequency, whistle 

bandwidth and repetition number was also affected by noise source, as was the effect of 

PC.vlo noise on whistle bandwidth and repetition number. Examination of these 

interactions collectively via lattice plots revealed several interesting patterns that were 

difficult to discern by isolating each PC variable, as was done in the previous section. 

In increasing PC.lo noise, whistle bandwidth increased for every source type 

(Figure 2.14). In contrast, both peak frequency and whistle repetition values decreased in 

increasing PC.lo and PC.vlo noise for each source type (Figure 2.10 and Figure 2.19). 

Moreover, for the same peak frequency model, the reverse (i.e., an increasing trend) was 

seen for PC.hi noise in abiotic, biotic and anthropogenic noise. 

The number of whistle elements also increased in increasing PC.hi noise, but only 

for biotic and anthropogenic noise, with a sharp decrease observed in abiotic noise and 

mixed noise (Figure 2.20).  Similarly, whistle bandwidth also decreased in abiotic PC.hi 

noise and mixed PC.hi noise, and increased in biotic noise (Figure 2.14). However, a slight 

downward trend was observed in anthropogenic PC.hi noise. To a lesser extent, the same 

(latter) pattern was also observed for maximum frequency (Figure 2.18). The same sharp 

decrease was also observed in PC.lo-mid abiotic and mixed noise for repetition count, 
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along with the increase in repetition count with increasing PC.lo-mid anthropogenic noise 

(Figure 2.10). However, unlike with whistle elements, the number of repetitions decreased 

with increasing biotic PC.lo-mid noise. 

Increases in PC.vlo noise resulted in a similar pattern for whistle bandwidth and 

repetition number – a decrease in bandwidth in abiotic and mixed noise (Figure 2.14). 

However, while repetition number also decreased in biotic and anthropogenic noise, no 

discernible pattern in whistle bandwidth was observed for these source types.  

 Location 

 Location had a significant effect on every whistle parameter (Tables 2.4 – 2.8, 2.10, 

2.11) with the exception of whistle elements (for which location was not included in the 

final model). As described earlier, location significantly affected the effect of PC.lo-mid 

noise on the number of whistle repetitions and loops, and the effect of PC.lo noise on 

whistle bandwidth. It was also included in an interaction with PC.vlo noise in the final 

whistle repetition model. However, for the other whistle parameters, a unique location 

effect was observed. Compared to whistles recorded at the low noise site, the minimum, 

and peak frequencies of whistles recorded at the high noise site were found to be lower, 

maximum frequency higher, and duration longer on average.  

 When the models containing interactions between location and other variables 

were re-run without any interactions, location was found to affect significantly bandwidth 

(Est. = -6.875, Std. error = 1.547, P = <0.001), whistle repetition (Est. = 0.325, 95% CI = 

0.001-0.613, P = 0.035), and loop number (Est. = -0.133, 95% CI = -0.261-0.002, P = 

0.05). Whistle bandwidth and the number whistle loops were higher at the high noise site 

than the low noise site. The reverse was true for the number of whistle repetitions. 
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 Time of day 

 

Time of day was included in several interactions in the final models for maximum 

frequency, whistle bandwidth and whistle repetitions (Table 2.4, Table 2.6 and Table 2.7). 

As described earlier, the effect of PC.hi noise on whistle maximum frequency, and PC.lo 

noise on the number of whistle repetitions varied significantly with TOD. However, the 

effects of the remaining PC’s on whistle repetitions, as well as the effects of PC.lo and 

PC.vlo noise on whistle bandwidth, were also all TOD-dependent.  

When these three models were re-run without any interactions, TOD was found to 

have a statistically significant effect on maximum frequency (Est. = 541.318, Std. error = 

194.476, P = 0.006) and whistle bandwidth (Est. = 3.769, Std. error = 1.168, P = 0.001), 

with both of these response variables being larger at night relative to day. 

 SNR 

 

SNR had a statistically significant effect on maximum frequency (Table 2.4), 

duration (Table 2.5), frequency bandwidth (Table 2.6), and the number of whistle elements 

(Table 2.7). As the SNR of recorded whistles increased, the number of whistle elements, 

and whistle duration decreased. In contrast, as whistle SNR increased, maximum 

frequency and frequency bandwidth increased.  

 Minimum number of animals 

 

The minimum number of animals (represented by ‘ID Count’) was only included in the 

final whistle repetition model. Though this variable lacked statistical significance, it showed 

an increase in the number of whistle repetitions, with a greater minimum number of 

animals producing a larger number of whistle repetitions (Table 2.7).  
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Figure 2.21: 95% CI’s of each parameter estimate from final LMM models. 
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Figure 2.22: 95% CI’s for the posterior mean of each significant (P < 0.05) fixed effect in final GLMM models. 
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2.4  Discussion 
 

 
As noise in the marine environment is substantially increasing (Andrew et al., 2002), 

it is important to understand the adaptability of its inhabitants to this change. This is 

particularly true for cetaceans, for which sound is a key sensory modality. Underwater 

noise can vary considerably by a number of factors, several of which are considered in 

the present study.  Noise can affect the ability of animals to not only detect communication 

signals, but also to understand the information contained within these signals, which can 

have long-term consequences for both the animal and the population (e.g., Lusseau & 

Bejder, 2007). 

Noise had a statistically significant effect on every whistle parameter examined in 

this study. However, the characteristics of the noise producing these effects varied 

considerably among whistle parameters. Without considering the effects of predictor 

variable interactions, minimum frequency, peak frequency, whistle bandwidth, and whistle 

loops and elements, either increased or decreased in increased noise, depending on the 

PC noise variable. However, results were consistent for the remaining whistle parameters. 

Maximum frequency, whistle duration, and the number of whistle repetitions decreased in 

increased noise. These results are consistent with previously documented responses of 

multiple cetacean species to noise from a variety of sources (e.g., Lesage et al., 1999, 

Miller et al., 2000; Fristrup et al., 2003; Tougaard et al., 2003; Foote et al., 2004; Parks et 

al., 2007; May-Collado & Wartzok, 2008; Luis et al., 2014; Papale et al., 2015). 

Adjusting the frequency characteristics of signals can increase their SNR by 

allowing the signals to escape, partially or fully, noise masking frequencies (Weilgart, 

2007). Likewise, increasing call redundancy and duration increase the probability of 

detecting a signal in noise (Shannon & Weaver, 1949). Call redundancy can be increased 

by increasing the number of whistle repetitions, loops, and/or whistle elements, as these 

were defined in this study. The latter two were observed in this study, though it depended 

on noise frequency. The decrease in whistle repetitions observed here is consistent with 

a number of other studies that reported lower call rates in increased noise (e.g., Lesage 

et al., 1999; Fuller et al., 2007), which may serve as an alertness response, or to optimize 
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communication efficiency by reducing communication until the noise has subsided (Luis 

et al., 2014). Though increasing whistle duration or redundancy both come at an energetic 

cost (Holt et al., 2015), these results show that it is possibly more expensive to increase 

whistle rates than it is to increase whistle duration or the number of whistle elements or 

loops, at least in some circumstances. However, the relative energy expenditure of each 

of these strategies is still unknown. 

These results, however, are not consistent with the results of Buckstaff (2004), 

whose study of the same community of dolphins, found that no significant change occurred 

in frequency characteristics or whistle duration relative to vessel approaches (which was 

used as proxy for boat noise), as well as increased whistle rates at first introduction of the 

noise source. However, Buckstaff (2004) used vessel approach as a proxy for noise levels, 

when actual noise levels were measured in this study. In addition, the Buckstaff study was 

based on signature whistles, whereas all whistles were included in this study. Results may 

also have been unintentionally influenced by the research vessel itself, which was not a 

concern with the autonomous recorders used in this study.  Furthermore, Buckstaff (2004) 

examined the effects of vessel noise on 14 focal female dolphins with calves only, whereas 

this study examined the effects on all dolphins in the vicinity of the recorders. It is likely 

that groups of mothers and calves respond differently to anthropogenic noise than groups 

of other compositions. However, further research on this topic is needed to determine this 

conclusively.  

This study demonstrates the high vocal plasticity of Sarasota Bay bottlenose 

dolphin whistles in increased noise. Furthermore, it is one of few existing studies to 

examine how whistle responses vary with variations in specific characteristics of noise, 

such as actual noise levels, source, frequency bands, and frequency of noise exposure. 

As such, and particularly because this study considers the effects of more than one aspect 

of noise on dolphin whistles, it provides considerable insight on the adaptability of 

bottlenose dolphins to noisy environments. 

2.4.1 Frequency content of noise 
 

This study demonstrated that categorizing background noise by frequency is a 

more informative approach than simply examining the effects of RMS noise averaged over 

file:///C:/Users/Goldie/Downloads/Phillips_Dissertation20_LT_gp_newest4%20-%20Edited%20by%20nikki%20up%20to%20chap%202.docx%23_ENREF_71
file:///C:/Users/Goldie/Downloads/Phillips_Dissertation20_LT_gp_newest4%20-%20Edited%20by%20nikki%20up%20to%20chap%202.docx%23_ENREF_71
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the entire frequency spectrum. For example, some whistle characteristics were only 

affected by specific noise frequencies. The number of whistle loops was only affected by 

PC.lo and PC.lo-mid noise. Similarly, whistle duration was only affected by PC.vlo and 

PC.lo noise. Moreover, for minimum frequency, peak frequency, and whistle bandwidth, 

responses depended on the frequency composition of the noise involved.  

Whistle bandwidth increased in increased PC.vlo, PC.lo-mid, and PC.hi noise but 

decreased in PC.lo noise (unique effects). Investigation of the corresponding minimum 

and maximum frequency models revealed that for high frequency (PC.hi) noise, whistle 

bandwidth increased due to an increase in maximum frequency and a decrease in 

minimum frequency. May-Collado & Wartzok (2008) reported this same response for 

bottlenose dolphins in areas with strong low-frequency noise from dolphin-watching boats.  

To avoid overlap with a given frequency range of background noise, an animal can 

extend the frequency of its whistle above and/or below the masking frequencies (Weilgart, 

2007). This extension of the whistle bandwidth in both directions in response to increasing 

high frequency noise is just one example of how marine mammals can adjust the 

frequency characteristics of their whistles to reduce or overcome masking. Bandwidth also 

increased in increased PC.vlo and PC.lo-mid noise, but only due to an accompanying 

increase in maximum frequency.  

 Increasing the whistle minimum frequency would likely do little to alleviate the 

problem of masking in high frequency noise, particularly when the high frequency noise 

(PC.hi), as defined by this study, was dominated by 3rd octave bands 22-26, or a frequency 

range of 8.9-25kHz.  As such, the finding that animals instead lower their minimum 

frequencies in PC.hi noise is unsurprising.  For lower frequency noise however, increasing 

whistle minimum frequency to reduce overlap with this noise would be a more effective 

solution to masking. This behavior was seen with PC.lo and PC.lo-mid noise in this study, 

and has also been reported in a variety of species such as birds (Luther & Derryberry, 

2012) and cicadas (Shieh et al., 2012).  

Interestingly, the number of whistle loops significantly decreased in increased 

PC.lo noise, and decreased in increased PC.lo-mid noise at the high noise site. However, 

at the low noise site, the number of loops strongly increased when PC.lo-mid noise 
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increased. It seems that when background levels are high, the reduction of the number of 

whistle loops in both noise types likely functions to optimize communication efficiency, in 

the same manner as the observed reduction of whistle repetitions, as mentioned earlier. 

However, at the low noise site, the reverse is true.  

In addition, as low frequency (PC.lo) noise increased, peak frequency significantly 

decreased. Similarly, Morisaka et al. (2005) found that Indo-Pacific bottlenose dolphins 

produced whistles at lower frequencies in areas of high ambient noise. However, this study 

also found that as low-mid frequency (PC.lo-mid) and high frequency (PC.hi) noise 

increased, so did peak frequency (also significantly). The reason for this division is 

unclear. When noise frequencies are at the lower end of the spectrum, as spectral energy 

typically extends considerably upwards in frequency, perhaps it is energetically cheaper 

(especially considering that lower frequencies attenuate less quickly than higher 

frequencies) for the animals to lower whistle peak frequencies by a relatively small amount 

so that they fall below this noise due to relative quiet at these lower frequencies.  But, as 

peak noise frequency increases from this limit, lowering peak frequencies by an equivalent 

amount does little to reduce masking because considerable overlap still exists, making it 

necessary, and perhaps more practical to raise instead peak whistle frequencies above 

noise frequencies of greatest amplitude. 

2.4.2 Noise source 

This study found that the effect of noise on whistle parameters can depend on the 

source of noise, as well as the frequency composition. Though none of these effects were 

statistically significant, some interesting patterns were observed.  

It seems that of the interactions between source and PC noise variables examined 

in this study, the interaction between source type and PC.hi noise played the largest role. 

Of the five final models that included at least one interaction between source and PC 

noise, the interaction between source and PC.hi noise occurred in most of (four) the 

models. Furthermore, while whistle responses were similar across source types for most 

PC noise variables, for PC.hi noise, whistle responses consistently varied with source 

type. For example, as high frequency (PC.hi) noise increased, whistle bandwidth and 

maximum frequency decreased in all noise categories except biotic noise, where an 
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increase was instead observed. In a similar fashion, the number of whistle elements 

decreased in abiotic and mixed noise, but increased in biotic and anthropogenic noise. 

Though the final whistle repetition model did not also include PC.hi noise, the number of 

whistle repetitions decreased with an increase in each of the remaining noise variables, 

except anthropogenic PC.lo-mid noise. In each case, a contrasting response was 

observed in abiotic noise compared to biotic and/or anthropogenic noise. Furthermore, for 

four of these five models, the strongest trends (as evident by the gradient of the slope), 

were observed in abiotic noise.    

Biotic and anthropogenic noise were generally the largest noise source categories. 

As such, their influence on the effects of the PC noise variables on whistle parameters 

dominated. Given the pervasive nature of these noise sources, particularly for biotic noise, 

it is not difficult to see why the compensatory strategies of increasing maximum frequency 

and the number of elements in increased noise may be necessary in these contexts. 

Moreover, Serrano and Terhune (2001) found that harp seals increase the number of 

elements in their calls to avoid masking my conspecific vocalizations. Given that the 

dominant frequencies of PC.hi noise encompass 9-25kHz, and whistle fundamental 

frequencies often fall between 5 and 15kHz (Herman & Tavolga 1980), it is quite likely that 

this is also the case for the Sarasota Bay dolphins. 

Abiotic noise (such as rain), on the other hand, occurred much less frequently. 

Therefore, it is likely that the opposing and stronger trends observed in abiotic noise were 

due to both the  introduction of a relatively unfamiliar sound (Luís, Couchinho, & Santos, 

2014), and the practicality of conserving energy, for example, by reducing the number of 

elements, until this noise had subsided. For example, tawny owls have been reported to 

call less frequently in rainy weather  (Lengagne & Slater, 2002). 

In this study, the number of whistle repetitions consistently decreased in increased 

noise. Therefore, the increase observed in anthropogenic noise was somewhat surprising. 

Much research on bottlenose dolphin communication has focused on signature whistles, 

which are believed to function in maintaining group cohesion (e.g., Janik et al., 2006, 

Sayigh et al., 2007), and while whistle rates are known to vary (e.g., Esch et al., 2009), 

the reason for such variation remains unknown. It is possible that the number of times that 
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a whistle is produced projects some piece of critical information, such as an alert to nearby 

animals about the presence of an oncoming boat. This hypothesis is supported by the 

increase in whistle rate reported by Buckstaff (2004) at the onset of vessel approaches 

compared to during or after vessel approaches. Buckstaff (2004) hypothesized that this 

was due to increased motivation for animals to reduce their group spread, with whistles 

facilitating these changes. Similarly, it is possible that whistle repetition counts contain 

information for other group members that is in some way related to the source of 

anthropogenic noise.  Further research is needed to test this hypothesis. 

2.4.3 Location 

Location significantly affected all of the whistle parameters with the exception of 

whistle elements. Dolphins located in the high noise area produced longer whistles with 

higher maximum frequencies, larger frequency bandwidths, more whistle loops, lower 

minimum and peak frequencies, and lower whistle repetitions, compared to whistles 

produced in an area rarely affected by boat noise. These results are consistent with those 

observed in increased noise in this study. As previously discussed, increased frequency 

bandwidth and whistle loops, and longer whistle duration are both common compensatory 

strategies for improving communication success in noisy environments. Reduced calling 

rates in increased noise is likely more economical in terms of expended energy. Similarly, 

the lower peak frequency at the high noise site also lends strength to the previously 

proposed theory that when the dominant noise frequencies lie at the lower end of the 

spectrum, but with spectral energy that extends considerably upward in frequency (as in 

the case of boat noise), it may be more efficient for animals to lower their whistle peak 

frequency to below these dominant frequencies, rather than increasing it.  

These results are consistent with the hypothesis that the frequency of noise 

exposure does affect the parameters of whistles produced at a given location, with 

stronger trends observed at the low noise site relative to the high noise site. They are also 

consistent with the results of previous studies. For example, Bejder et al. (2006a) found 

that Indo-Pacific bottlenose dolphins in a low vessel traffic region in Shark Bay, Western 

Australia had stronger and longer-lasting behavioral responses to experimental vessel 

approaches than dolphins in a region of high vessel traffic. In addition to higher maximum 
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frequencies in an area with high ambient noise, May-Collado and Wartzok (2008)  also 

found that whistles emitted by bottlenose dolphins were longer in duration than whistles 

recorded in areas of low noise.  

However, as Bejder et al. (2006b) pointed out, the seemingly moderated or lack of 

response of animals to noise at the high noise site should not necessarily be interpreted 

as habituation of the animals to increased traffic/noise, unless the potential long-term 

impact of noise on the animals can also be investigated. It is also important to consider 

that though one crucial difference between sites was overall background noise levels, and 

attempts were made to ensure that recorders were deployed at locations that were 

otherwise matched (e.g., depth or bottom substrate), there were still differences between 

sites that could not be controlled for, such as proximity to a sea wall, or the maximum 

amount of group spread possible at each site, that may have played a role in the 

production of the results observed. As such, it is not possible to conclude definitively that 

results were due to the difference in noise exposure frequency. Further research would 

prove useful in teasing apart these differences, perhaps by measuring and including these 

explanatory variables in a similar model to reduce the number of potentially influential 

candidate variables.  

2.4.4 Time of Day 
 

Of the interactions between time of day and noise, similar trends were generally 

observed during both night and day as PC noise increased. For example, as PC.lo noise 

increased, the number of whistle repetitions decreased during both night and day. 

However, the decrease that occurred at night was significantly greater than the almost 

negligible decrease observed during the day. Similarly, maximum frequency 

demonstrated a statistically significant increase in increased PC.hi noise at night, relative 

to the increase observed during the day. As noted earlier, these responses to increased 

noise are common in marine mammals. However, in both cases, a stronger response was 

observed at night, relative to day.  

As boat noise is generally the most intense source of noise in Sarasota Bay, 

background noise levels tend to be lower at night, when boats pass by much less 

frequently. The stronger responses observed at night are therefore possibly startle 
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responses due to relatively large changes in noise levels compared to during the day. Holt 

et al. (2015) found that vocal modification of dolphin whistles such as increases in 

amplitude, duration and repetition rate result in increased energetic cost to the signaler. 

Therefore, another possibility, at least in the case of whistle repetitions, is that it was simply 

more cost-efficient for animals to reduce calling rates at night until noise levels returned 

to prior low levels after the passage of a boat, whereas during the day, boats passed by 

so frequently that reducing whistle repetitions in anticipation of a change in noise level 

might have proven futile.  

These results can further be explained by considering the type of noise present at 

night in greater detail. Due to a greatly reduced boat presence, the majority of noise 

occurring at night fell into the biotic category. This category included sounds such as 

snapping shrimp, conspecific vocalizations, and the vocalizations of soniferous fish. It is 

well documented that soniferous fish tend to be more vocally active at night (e.g., Ladich, 

1989; MacCauley & Cato, 2000).   Furthermore, the Sarasota Bay bottlenose dolphins are 

known to listen passively for their prey (Gannon et al., 2005), which consists primarily of 

soniferous fish (Berens et al., 2010). Fish typically produce low frequency sounds, 

primarily below 3 kHz (Amorim, 2006).  Therefore, low frequency (PC.lo) noise occurring 

at night was likely largely composed of vocalizations from soniferous fish. A reduction in 

the number of whistle repetitions in the face of increased noise from such a source may 

simply be the response of a predator listening for its prey.  

In addition to these interactions between time of day and the PC noise variables, 

statistically significant unique effects were observed for both maximum frequency and 

whistle bandwidth – both were higher at night relative to day. This result was surprising. 

Given that frequency bandwidth was larger in the high noise site relative to the low noise 

site, a similar trend was expected during the day relative to night, due to the reduced 

overall background noise levels during the latter. It is likely that the change in these whistle 

parameters had little to do with background noise levels, and instead was due to a factor 

that was unmeasured in this study – a factor that was different between night and day, but 

not between locations. For example, perhaps group spread was generally larger at night, 

requiring a given signaler to reach multiple receivers at a variety of ranges. Given the 
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complex properties of acoustic propagation in shallow Sarasota Bay, it is likely that such 

an increase in bandwidth would increase the probability that at least part of a whistle 

reached the intended receivers. However, due to the paucity of data on factors like dolphin 

group spread at night, which are difficult to obtain for obvious reasons, it is not possible to 

do much more than speculate about the reasons behind this particular result.  

2.4.5 SNR 
 
If a whistle has a high SNR, it means that either signal amplitude is high relative to 

background noise levels or…. the number of whistle elements and the whistle duration 

both decreased as SNR increased. This provides further evidence that increasing both of 

these parameters in increased noise allows animals to improve communication success, 

as discussed previously. As the SNR of whistles increase, the need for such 

compensatory mechanisms is reduced. Therefore, animals are able to conserve the 

energy expended to employ these mechanisms by decreasing the number of whistle 

elements produced as well as whistle duration. 

However, the increase in maximum frequency and frequency bandwidth with 

increasing SNR is difficult to explain by the same rationale. As was also the case at night 

relative to day (Section 2.4.4), it is possible that these responses had little to do with the 

background noise levels. Instead, it is possible that the increase in maximum frequency 

and bandwidth was due to a change in some unmeasured variable that was correlated to 

SNR. For example, the findings of Díaz López (2011) with respect to bottlenose dolphins 

in the Mediterranean Sea, suggest that whistle characteristics might be particularly 

sensitive to behavioral changes. However, no simultaneous behavioral data were 

available for this study. It is possible that the increase in maximum frequency and 

bandwidth may have been due to a behavioral change that also increases SNR. More 

data on the poorly understood context-specificity of whistle characteristics (Janik, 2009) 

is needed to elucidate the reason behind these results. 

Another possible explanation for the observed increase in maximum frequency and 

bandwidth, is that increased SNR of recorded whistles simply meant the increased 

detectability of high-frequency, lower-amplitude whistle components in recordings during 

manual whistle detections – whistle components that would have otherwise remained 



 
 

63 
  

 

undetected, making it falsely appear as though SNR resulted in increased whistle 

maximum frequency. Also, in this study, as SNR is a measure of how loud the received 

level of recorded whistles is relative to the background noise level, instead of the ratio of 

whistle source level to background noise level, and seeing that received levels can depend 

on factors other than whistle source levels, such as proximity of the whistling animal to the 

recorder, these results should be interpreted cautiously.  

2.4.6 Minimum number of animals 
 
The minimum number of animals present (ID.count) was found to affect 

significantly the number of whistle repetitions only, with a greater number of whistle 

repetitions occurring in the presence of more animals. While it was not possible to 

differentiate whether repetitions came from the same animal or from different animals 

producing the same whistle in this study, these results are consistent with previous 

findings for this same community (e.g., Cook et al., 2004).  As much evidence shows that 

whistles are used in communication (e.g., Diaz Lopez, 2011; Janik & Sayigh, 2013), it is 

likely that in larger groups, a greater degree of communication, in the form of a greater 

number of whistle repetitions, was necessary than in smaller groups. It may be also that 

the greater the number of animals present, the greater the amount of background noise 

produced by conspecifics with much potential for overlap, and therefore the greater the 

number of times a whistle must be repeated in order to be successfully received by the 

intended receiver. It may have been more meaningful to incorporate information on the 

composition or spread of the group. However, this was not part of this study. 

2.4.7 Summary 

This study shows that bottlenose dolphins are able to compensate for increased 

noise in their environment in a variety of ways, depending on a number of factors, such 

as the specific characteristics of the noise involved. However, it is important to consider 

the potential costs of employing such compensatory mechanisms. These costs include 

reduced transmission distance, increased risk of predation, altered energy budgets, and 

the loss of vital information (Read et al., 2014). For example, one response observed in 

this study was an increase in maximum frequency in increased noise. However, high 
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frequency sounds attenuate much more quickly than low frequency sounds. So while 

higher whistle frequencies may reduce overlap with masking noise, they also reduce the 

transmission distance of these sounds. Furthermore, though not as metabolically 

expensive as once believed (e.g., (Jensen et al., 2012), there is some evidence that such 

vocal adjustments are associated with greater metabolic cost in both non-marine mammal 

species (e.g., Lambrechts, 1996; Oberweger and Goller, 2001; Gillooly and Ophir, 2010)  

and marine mammal species (Holt et al., 2013). These higher energetic costs could in turn 

affect animal fitness. However, to assess these effects on animal fitness, further research 

that includes measurements of reproductive success and survival is needed. For the most 

meaningful results, such studies should also strive to include key elements such as a 

relatively long study period, and proper levels of replication (J. Read et al., 2014).  Finally, 

the modification of calls in response to increased noise may limit recognition of those calls 

by the intended receiver (Weilgart, 2007), and so potentially disturb important social 

interactions such as mating or mother-calf communication (Luis et al, 2014).  Additionally, 

in their review, Kight and Swaddle (2011) advocate the introduction of physiological, 

cellular and genetic investigations into more long-term work, as a means to providing a 

thorough understanding of responses from the molecular to the population level. While 

such an approach poses special challenges for studies on marine mammals, one cannot 

deny its value. If no vocal response was observed, it does not necessarily mean that no 

physiological response occurred. Thus, while this study does shed considerable light on 

the responses of bottlenose dolphins to noise of varying characteristics, much remains 

unclear, necessitating further research conducted from other angles. 

Kight and Swaddle (2011) also acknowledged the importance of determining which 

aspects of the acoustic stress (e.g. duration, amplitude, spectral and temporal frequency 

and predictability) elicit various responses when investigating the effects of noise on 

physiology, behavior and fitness of animals. This study is one of very few that attempt to 

categorize noise by more than one of these categories in order to understand better its 

effects on dolphin communication signals. Furthermore, this study is the first to attempt to 

ascertain which third octave bands elicit the strongest vocal responses in bottlenose 

dolphins, providing valuable insight. In addition, this study demonstrates yet another use 
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of PAM  - to detect the behavioral responses of dolphins to increased noise without the 

need for visual observations, as was also the case in La Manna et al. (2013). 

This study shows a clear link between auditory perception and vocal production, with 

the animals able to assess background noise and respond accordingly. However, even 

among the same species and the same community, considerable variation exists in 

responses to noise. According to Weilgart (2007), responses to noise can indeed be highly 

variable, depending on species, individuals, age, sex, physical state, presence of 

offspring, prior experience, characteristics of the noise source, behavioral state of the 

animal in question, among other factors. As this makes it difficult to extrapolate the 

reaction of one cetacean species/population to a noise source, similar research is needed 

on other cetacean species/populations, particularly those that are already threatened, or 

are particularly sensitive to noise.  

 

2.5 Conclusion 
 
 

This study sheds considerable light on the ability of dolphins to communicate in noisy 

environments. I found that bottlenose dolphins are able to compensate for increased noise 

in their environment using a wide range of strategies. These strategies include modifying 

the frequency characteristics of their whistles, increasing whistle duration, and increasing 

whistle redundancy via increases in the number of whistle elements or loops. Depending 

on the specific noise conditions, the study animals also seem to favor reducing their call 

repetitions. These strategies are employed in a singular fashion or in various 

combinations, depending on the frequency content of the noise, the noise source, the time 

of day, and possibly the frequency of noise exposure at the animals’ location. 

In light of widespread concern for the effects of anthropogenic noise on marine 

mammals, the implications of this study are significant. Bottlenose dolphins possess an 

impressive capacity to adapt to increasing noise in their environment. However, further 

research is needed to understand better this adaptability. We have put forth several 

hypotheses in an attempt to explain the biological significance of many of the whistle 
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responses observed. However, these are still just hypotheses. There is much that we still 

do not know. For example, what are the limits of the dolphins’ adaptability - are their noise 

levels beyond which animals are unable to adapt? What is the relative energetic cost of 

each compensatory strategy, and what are the long-term effects on animals/populations 

having to employ them? What are the non-energetic costs? Despite the unknowns that 

persist, this study provides a solid foundation upon which future studies can be built. 
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3 Abundance Estimation: A comparison of animal-

based methods 
 

 

3.1 Introduction 
 
 

To manage and conserve any species effectively, knowledge of population size is 

essential. Abundance or density (abundance per unit area) estimates of cetacean 

populations have largely been obtained through capture-recapture (also known as mark-

recapture) techniques using photo-identification of animals (e.g., Matthews et al., 2001; 

Read et al., 2006), and distance sampling through shipboard or aerial line transect 

surveys (e.g., Hammond et al., 2002; Dawson et al. 2004). Visual distance sampling 

surveys are sometimes supplemented with simultaneous passive acoustic surveys (e.g., 

Barlow & Taylor, 2005; Barlow 2006), and in some cases, acoustic surveys are 

conducted independently (e.g., Lewis et al., 2007, Gerrodette et al., 2011). However, 

abundance estimation exclusively using passive acoustic methods, such as fixed 

sensors, is still a field in the early stages of development. 

 In the passive acoustics context, abundance estimation can be conducted through 

direct animal counts, provided that it is possible to distinguish between animals based on 

sounds they produce. This is the focus of this study, which uses unique signature 

whistles to distinguish between acoustically detected animals. However, it should be 

noted that it is often not possible to distinguish between animals in this manner. In such 

cases, it is often more feasible to count cues, which (in this context) can be any easily 

identifiable sound produced by the animal of interest. If the average rate at which an 

animal produces this cue is also known, it becomes possible to estimate animal 

abundance using the same animal-based approaches, by dividing cue abundance by 

this average cue rate. This is the focus of Chapter 4, and will be described in detail in the 

following chapter.  

While passive acoustic data have been used in a number of studies to obtain 

information related to animal abundance, such as seasonal or relative abundance (e.g., 

Au et al., 2000; Charif et al., 2001; Širović  et al., 2004; Stafford et al., 2007), call density 
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(e.g., Martin et al., 2012), or a minimum density estimate (e.g., McDonald & Fox, 1999; 

Wiggins et al., 2004), only a few studies have used passive acoustics to obtain absolute 

estimates (Marques et al., 2013). There are several reasons for this. For example, there 

may be inadequate knowledge of acoustic behavior. As previously mentioned, in order to 

effectively use the vocalizations of a species to estimate its abundance, it is necessary to 

be able to acoustically distinguish between the sounds produced by that species and other 

sounds in the environment. Therefore, this method works best for species that produce 

loud, distinct sounds frequently. The context of acoustic behavior must also be fairly well 

understood. For example, if one wants to calculate total sperm whale abundance using 

acoustic methods alone, codas (short stereotyped click patterns), which appear to be 

produced primarily by females (Marcoux et al., 2006), might not be an appropriate choice. 

Bottlenose dolphins are a highly suitable study species as they probably have the best 

understood vocal repertoire of any cetacean species. Moreover, signature whistles are 

produced by all members of the community, with the exception of newborn calves that 

eventually model their signature whistles on sounds in their acoustic environment (e.g., 

Miksis-Olds et al., 2002; Fripp et al., 2005). The Sarasota Dolphin Community Signature 

Whistle Catalogue contains whistles from more than 150 long-term resident bottlenose 

dolphins in and near Sarasota Bay, Florida (Esch et al., 2009b). By matching recorded 

whistles to the whistles in this database, whistling animals can be identified. 

Knowledge of the acoustic behavior of cetacean species has been growing steadily 

over the past few decades (e.g., Sayigh et al., 1990; vanParijs et al., 2002; Oswald et al., 

2006). However, major development of statistical methods to estimate absolute 

abundance from acoustic data, while addressing some of the problems described above, 

has been very recent (Marques et al., 2013). This study evaluates three of these methods, 

traditional capture-recapture, spatially explicit capture-recapture (SECR), and a method 

that draws from both capture-recapture and distance sampling theory, henceforth referred 

to as snapshot mark-recapture distance sampling (SMRDS). Each of these approaches 

(described in detail below), involve direct animal counts. Furthermore, on small spatial 

scales, such as in this study, it becomes important to consider the time frame over which 

the resulting abundance estimate is valid. Here capture-recapture, SECR and SMRDS 
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produced total abundance (all the animals occupying the study area over the entire study 

period), daily abundance and instantaneous abundance (animals within the study area at 

a given instant in time) estimates respectively. Each of these methods is described in 

detail below. 

3.1.1 Capture-Recapture 

The fundamental concept behind capture-recapture methods is that the proportion 

of animals that are recaptured on a second capture occasion is equivalent to the 

proportion of animals that was marked on the first occasion from the entire population. 

This can be represented mathematically as 

 m

N̂
=

r

n
 

 
(Equation 3.1) 

 

which can be re-arranged to give the Lincoln-Petersen estimator: 

 N̂ =  
nm

r
 

 
 (Equation 3.2) 

where N̂ represents the total abundance of the population, m represents the number of 

animals marked on the first occasion, n represents the total number of animals that were 

captured on the second occasion, and r represents the number of marked animals that 

were recaptured on the second occasion. 

 (Equation 3.2 can be re-written as  

 N̂ =  
n

p̂
 (Equation 3.3) 

where p̂ represents r m⁄ , or the probability of capture (or detection probability in the case 

of proximity detectors). This two occasion example can be extended to t number of 

occasions. For a set of possible encounter histories Xω, with Mt+1 different animals 

caught in the entire study, and constant capture probability across animals and 

occasions, p can be estimated by maximum likelihood estimation from the likelihood 

(Otis et al., 1978): 
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L(N, p|𝐗) =

N!

[∏ Xω!ω ](N − Mt+1)!
(pn(1 − p)tN−m ) (Equation 3.4) 

In this case, n represents the total number of animals captured across all 

occasions, and m represents the total number of animals that were marked. Mt+1 

represents the number of unique animals that were encountered. However, the 

assumption of constant capture probability is unlikely to be realistic in real world 

applications. As a result, models have been developed that allow for variation in capture 

probability with different variables. Otis et al (1978) describes several of these, which 

allow for variation across occasions (“t”), behavioral responses to the trapping event 

(“b”), and individuals (“h”), in various combinations. (Equation 3.4 represents M0, as 

described by Otis et al (1978). 

When capture probability varies with occasion (Mt), the likelihood is as follows: 

 
L(N, pj|𝐗) =

N!

[∏ Xω!ω ]. (N − Mt+1)!
. ∏ pj

nj . (1 − p)N−nj

t

j=1

 (Equation 3.5) 

 

 

This study applied models M0, Mt and Mth to detection counts over the entire 

study period, producing a total abundance estimate of animals occupying the study area 

over the study period. 

 SECR 

SECR, first proposed by Efford (2004), is another extension of capture-recapture 

methods that was originally developed for live-trapping studies. With this approach, the 

probability of detecting an animal is modeled as a function of distances between ‘traps’ 

and unobserved locations X = (X1, X2……, XN), termed ‘home range centers’. Home range 

centers are estimated from animal capture histories. Incorporating spatial variation into 

capture probability in this way reduces bias in abundance estimates. Capture probability 

often varies with spatial attributes (such as habitat), which, if left unaccounted for, could 

result in inaccurate estimates. SECR models also allow other sources of heterogeneity in 
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detection probability to be modeled as is done in traditional capture-recapture models 

(Borchers et al., 2004). 

Like traditional capture-recapture methods, this approach offers the considerable 

advantage that it does not require range estimation. Unlike traditional capture-recapture 

approaches, however, its incorporation of detected animal locations as home range 

centers, means that SECR is not plagued with the problem of defining the sample area to 

obtain estimates of density– a powerful advantage. SECR allows density to be explicitly 

modeled, so that it can be estimated directly (Borchers 2012). This can be considered 

another advantage of SECR over the distance sampling methods described above, which 

require density to be estimated indirectly.  

Specifically, for a single trapping occasion, and an array of K (k = 1, 2…., K) 

hydrophones, if the probability of detecting a sound produced at X on hydrophone k is 

given detection parameters θ, is pk(X;θ), then the probability of detecting a sound at all (on 

at least one independent hydrophone) is equal to 1 minus the probability that it is missed 

on all the hydrophones. 

 

p.(X; θ) = 1 − ∏(1 −  pk(X; θ))

K

k=1

 

 
(Equation 3.6) 

   

pk(X; θ) is assumed to be a decreasing function of the distance d between animal location 

X and trap k (Borchers & Efford 2008). Therefore, 

 pk(X; θ) = g(dX,k;θ)  (Equation 3.7) 

which can be modeled using any of the candidate detection function models typically used 

to fit detection distances in regular distance sampling surveys, from which density D̂ can 

be derived by numerical likelihood maximization (see 3.2.2.1 for details) . It should be 

noted that a Bayesian approach is also possible through the combination of the likelihood 

with a suitable prior. However, in a comparative study, Marques et al. (2012) found that 

estimates for abundance and detection parameters were similar for both methods. The 

Bayesian approach was easier to generalize and the likelihood approach faster to 

implement. For the latter reason, the model selection process was also found to be simpler 
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and more straightforward. For these reasons, this study will use the likelihood approach 

to estimate abundance. 

In addition to being able to associate unique animals across recorders, animal-based 

SECR relies on knowing the location of the ‘traps’. Traps capture and recapture either the 

animal or a product of the animal, such as hair or sound. Efford et al. (2009a) classify traps 

as single-catch traps, which deactivate upon catching an animal until the trap is reset (e.g., 

Efford, 2004); multiple-catch traps, such as mist-nets, which catch multiple animals per 

trap on different trapping occasions (e.g., Dawson & Efford, 2009); or proximity detectors, 

which detect multiple animals within the same occasion and do not actually detain the 

animal. Proximity detectors include hair snares (Efford et al., 2009a; Obbard et al., 2010), 

camera traps (Royle & Dorazio, 2008; Royle et al., 2009) and the passive acoustic sensors 

that were used in this study (Figure 1). As they allow the same animal to be detected at 

multiple detectors within a single sampling period (“capture occasion”), proximity detectors 

offer another significant advantage over traditional capture-recapture methods. Unlike 

other trap types, a complete survey can be done with only a single sampling occasion 

(Efford et al. 2009b), reducing costs associated with duplicate field effort and increasing 

efficiency for a given set of detectors. The ability to conduct a complete survey within a 

single sampling occasion also meant that it was possible to obtain either a daily or total 

abundance estimate with this approach, depending on whether animals were associated 

across all occasions, as with traditional capture=recapture, or across multiple recorders 

within a single occasion.  

Proximity detectors can be classified into different categories, depending on the 

manner in which data are collected at each detector, and the way in which this data is 

subsequently modeled. For “count proximity detectors”, the number of times that an animal 

is detected at each recorder is collected (Efford et al. 2009b), and a Poisson count model 

is used for the detection function.  Instead of a count of the number of times an animal 

was detected at each detector, only animal presence is collected from a “binary proximity 

detector,” and a binary detection model fitted to this data (Efford et al. 2009b). While both 

the count and binary approaches could have also been applied to this data, the binary 

count model offers the advantage of simplicity without the loss of precision or increase in 
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bias that one might expect from reducing count data to presence-absence, provided that 

the number of recaptures per animal data is > 1 (Efford et al. 2009b). As such, this study 

treated the detectors as binary proximity detectors. Acoustic sensors can also be treated 

as “signal-strength proximity detectors”, where the relative received signal strength of 

detected signals is used as a proxy for distance between animals and detectors (Efford et 

al., 2009b). Efford et al. (2009b) showed that the precision of density estimates was 

substantially higher with signal strength models than binary detection models. However, 

the former requires an array of detectors to be situated at each point transect, as each 

array acts as a trapping grid.  

This approach was taken by Dawson and Efford (2009), in one of only a handful of 

acoustic applications of SECR. Using both an animal-based and likelihood-based 

approach to estimate the density of ovenbirds (Seiurus aurocapilla) in an eastern US 

deciduous forest, the authors used a small array of four microphones to record bird song 

at each of 75 sample locations over five days, relocating the array to a different sample 

location every 5 minutes. With 4 recorders available for this study, a similar spatial shift of 

recorders (with only one recorder per sample location) was conducted until all sample 

locations had been sampled. However, unlike with Dawson and Efford (2009), as the use 

of all four recorders as a single sample location would effectively reduce the number of 

sampled locations to one quarter their original number, this approach was not possible for 

this study. 

To my knowledge, the first and only marine application of SECR was conducted by 

Marques et al. (2012). In this study, Marques et al. (2012) estimated the density of minke 

whale ‘boings’ off the Hawaiian island of Kauai using an array of sixteen bottom-mounted 

hydrophones. In a later follow-up study, Martin et al. (2013) used data from a single 

tracked whale to produce a preliminary cue rate, which allowed the density of boings 

produced by the original SECR analysis to be translated into whale density.  

3.1.2 Snapshot MRDS (SMRDS) 

SMRDS also borrows from the traditional capture-recapture approach discussed 

above. However, this method additionally incorporates several aspects of distance 
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sampling, including one that deals with problematic animal movement, known as the 

“snapshot.”  

 Distance Sampling 

 Distance sampling is an extension of a simpler method, plot sampling, which is 

described first. In plot sampling, all of the animals within randomly located survey plots 

are counted. The abundance of animals in the larger study area, N̂, can then be estimated 

as follows 

 
N̂ =

nA

a
 

 
(Equation 3.8) 

 

where n is the number of detections obtained within the surveyed region a, and A is the 

area of the entire study region. So, the number of animals in the surveyed region is 

essentially scaled up to obtain abundance for the study area. However, this approach 

does not allow for the possibility that some animals within the surveyed area are not 

detected.   

Distance sampling allows for this incomplete detection through the incorporation 

of the parameter P̂, which represents the average probability of detecting an animal within 

the sampled area (Buckland et al. 2001).  P̂ adjusts the abundance estimate accordingly 

to account for missed animals. The abundance estimator therefore becomes 

 
N̂ =

nA

aP̂
 

 
(Equation 3.9) 

  

In the case of point transects (used in this study), the sampled area, a = kπw2, 

where k is the number of points or detectors, and w is the radial distance from a point 

beyond which the probability of detection is approximately equal to 0, and detections are 

ignored in the analysis (the practice of removing detections made at distances greater 

than w is called “right truncation”). Therefore, (Equation 3.9) can be re-written as 

 
N̂ =

nA

kπw2P̂
 

 
(Equation 3.10) 

  

More specifically, point transect distance sampling involves estimating distances 

to detected objects from fixed points, that are randomly or systematically distributed 
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throughout the study area. However, this method is sensitive to bias if animals of the 

target species can move into an area around a point when sampling. This is because the 

length of the count period tends to increase the count size, which creates upward bias in 

the abundance estimator (Buckland et al., 2001). Bias can also arise from undetected 

animal movement (Buckland et al., 2001; Glennie et al., 2015). 

 The Snapshot 

To solve the count period problem, the “snapshot” method is recommended 

(Buckland et al., 2001). The snapshot method involves recording locations of target 

animals at an instant in time, as though the animal locations were frozen. To do this, an 

observer identifies and locates the animals around a survey point shortly before the 

snapshot moment, then counts the animals at a specific snapshot time. This time is usually 

the midpoint of some short observation period. The observer then confirms animal 

locations following the snapshot moment. Buckland (2006) found that this method, which 

produces and instantaneous abundance estimate, is the most efficient of all the point-

sampling (distance sampling) methods, and produces unbiased density estimates unlike 

the conventional point sampling approach (timed count). 

This method of dealing with animal movement has been applied to several 

songbird populations (e.g., Buckland, 2006; Cimprich, 2009; Peak, 2011), as well as to 

multiple terrestrial species such as red foxes (Vulpes vulpes; Ruette et al., 2003).  It has 

also been applied to several cetacean species. For example, in one such study, Ward et 

al. (2012) used a version of the snapshot method to estimate sperm whale density from 

passive acoustic recordings in the Tongue of the Ocean, Bahamas. These authors used 

an algorithm to assign detected echolocation click sequences (click trains) to individuals 

assumed to be fixed in space within 10 minute intervals, and localized these click trains to 

obtain detection distances. The authors noted that the resulting estimate (0.158 

animals/1,000 km2) was much lower than the average global sperm whale density 

estimate for all areas surveyed via visual survey methods, and lower than of any of the 

estimates from individual sperm whale populations (including one on the US east coast), 

reviewed by Whitehead (2002). However, without knowing actual density for the study 

area, it is difficult to discern whether this was due to a true lower density of whales, as the 
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authors believed, or some other reason, such as a difference in methods (visual vs. 

acoustic). 

In another study, Kyhn et al. (2012) estimated the density of harbor porpoises off 

the coast of Denmark by visually tracking from an overlooking cliff the movement of 

animals around moored acoustic detectors. All recordings (including those without 

concurrent visual tracks) were divided into brief 15s equal time segments, which were 

each considered a snapshot. 15s was used as the segment time interval, as Kyhn et al. 

(2012) found it to be the most appropriate of candidate interval lengths 15s, 30s and 60s. 

These authors concluded that due to the assumption that the animal is “frozen” within a 

snapshot, the midpoint of a 15s interval provided the most accurate representation of the 

animal’s location. The SMRDS approach used here was based on this study.   

In Kyhn et al. (2012), while distances were measured to the location of animals at 

(the midpoint of) each snapshot, and those distances used to obtain the average detection 

probability, the manner in which average detection probability was derived varied 

considerably from distance sampling. One fundamental distance sampling assumption is 

that animals at the point transect are detected with certainty (g0=1). However, this is not 

always the case. This is especially true for marine mammals, who do not vocalize 

constantly, and therefore may remain undetected if they are silent when they are at a point 

transect. In this case, g0 simply needs to be estimated. This can be done by combining 

capture-recapture and distance sampling methods in a mark-recapture distance sampling 

(MRDS) approach (Buckland et al., 2004). This method is frequently applied to line 

transect surveys of marine mammals (Heide‐Jørgensen et al., 2010; Friday et al., 

2012),where as long as the observer (i.e. the boat) is traveling faster than the animals, 

bias caused by animal movement is relatively small (Glennie et al., 2015).  

In the hybrid approach (SMRDS) adopted both here and by Kyhn et al. (2012), 

MRDS approach was combined with the snapshot method to help eliminate the problem 

of animal movement. With this approach, average detection probability was estimated via 

a binary regression. To construct the detection function (a model that describes the decline 

in detection probability with increasing distance from the sample location), each snapshot 

for which there was a concurrent visual track was treated as a binary trial. If a visually 
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tracked animal was also detected acoustically, it was considered a successful trial (1). 

Otherwise, the trial was considered a failure (0). A binary regression of detection 

probability that predicted success/failure as a function of distance from the animal’s 

estimated location at the mid-point of the segment to the detector was built. This detection 

probability model was then integrated over a truncation distance selected by the authors 

to obtain the average probability of P̂ (Equation 3.10), from which animal density for a 

given snapshot period could then be calculated.  

While these authors found that the density estimates obtained with this method 

corresponded to visual density estimates for the same period, as with Ward et al. (2012), 

the accuracy of either density estimate is difficult to assess without having the actual 

animal density for comparison. The current study aimed to address this issue, while 

applying the approach of Kyhn et al. (2012) to the estimation of bottlenose dolphin 

abundance in Palma Sola Bay. Here, visual tracks were obtained through focal animal 

behavioral follows (Altmann, 1974) conducted near deployed recorders. 

3.1.3 Method Comparison 

By employing traditional capture-recapture, SECR, and SMRDS to estimate the 

abundance of dolphins occupying Palma Sola Bay, and comparing the resulting estimates 

to census results, this study aimed to evaluate the performance of each method. In this 

aim, it is original. It is also the first study to apply SECR to the abundance estimation of 

toothed whales, one of the first to apply SMRDS to a cetacean species, and the first to 

apply either approach to a bottlenose dolphin community.  

The ability to identify these animals using their signature whistles provides a 

unique opportunity. Many distance sampling studies (e.g., Buckland & Handel, 2006; 

Moretti et al., 2010) use counts of cues, such as whale blows, instead of direct animal 

counts, and adjust the resulting cue count by dividing it by the average cue rate in order 

to approximate the number of animals present. This approach eliminates the need to 

distinguish between animals. However, in cases where animals can be uniquely identified 

(or at least associated across detectors, as in the case of SECR), such as in this study, 

the potential for either method is tremendous. Though it will not be possible to identify 

animals from most other populations using signature whistles, other methods of 
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associating sounds with individuals are also possible (e.g., Fox, 2008; Baggenstoss et al., 

2011).   

Accuracy of abundance estimates can be improved by selecting an estimation 

method that is most appropriate for the study context (e.g., target species, the acoustic 

environment, available resources). However, the best choice may not always be obvious. 

By shedding light on the relative performances of these abundance estimation methods, 

this study aims to inform future abundance estimation method selections for other species 

and locations.  

 

3.2 Methods 
 

 

Palma Sola Bay is a shallow bay on the central west Florida coast, associated with 

the Sarasota Bay complex, with a maximum depth of approximately 4m, and area A =

 10.766 km2. It was selected for its suitability for obtaining a census of animals within it, 

due to its narrow entrance, through which entering animals could be detected visually. 

3.2.1 Data Collection 

Between June 14th and August 10th, 2013, four bottom-mounted recorders (DSG, 

Loggerhead Instruments Inc, Sarasota, FL; hydrophone sensitivities ranging from -160.4 

to -160.6 dB re 1V/μPa) were deployed at four adjacent sample locations (one recorder 

per location) following a systematic survey design (Figure 3.1). This process was repeated 

approximately every field day, systematically shifting the 4 recorders across the bay, until 

each of these 93 points had been sampled (last deployment consisted of only 3 recorders). 

However, due to unfortunate and sometimes unavoidable circumstances (e.g., equipment 

failure), usable data were only collected from 66 of these points. The major reason for this 

reduced data set was the late discovery of corrupted recordings by one of the original four 

recorders, resulting in a maximum of 3 effective recorders deployed per day. 
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Figure 3.1: Point transect survey design in Palma Sola Bay showing locations sampled in this study 

(green dots). The red dots indicate the locations from which no data were collected. 

Prior to each deployment, internal recorder clocks were synchronized using an 

electrical signal, and the time on these clocks matched to that of a GPS unit (Garmin GPS 

map 76Cx) used for all time measurements taken during this study. Recorders were set 

to record continuously for the length of each deployment. 

 Census 

At the start of each day, an observer was stationed at the bay entrance, at the location 

highlighted in Figure 3.2. From this location, the observer could clearly observe the 

westernmost edge of the study area, marked by the presence of a minor channel near the 

observer location. This observer subsequently reported any animals entering or exiting 

the bay (i.e., crossing the western edge of the study area) to the crew on a 6m boat, and 

took photos of animals when possible for post-field photo-identification. Following recorder 

deployment, a survey of the entire bay was conducted by the boat crew, to locate any 

animals already within the bay on that day. Observed animals were approached and 

photographed for later photo-identification. At the completion of this survey, any new 

animals reported to be entering the bay were also located, and photographed for later 

photo-identification.  As such, a census was not possible at night; only acoustic data 
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collected during daylight hours when an observer was stationed at the bay entrance were 

analyzed. This resulted in a count of the total abundance of animals within the bay of the 

study period. 

However, as the snapshot method produces abundance estimates for an instant 

in time (which cannot be compared to total abundance, which represents a different 

quantity as previously discussed), the average instantaneous abundance was also 

estimated for the bay.  All hours of monitoring were first arranged in chronological order, 

forming a single vector of time. Then, starting with a randomly selected time, the number 

of animals in the bay was counted systematically (at the start of every 4 survey hours), to 

obtain a reasonable sample size of 40 abundance counts, which were averaged to obtain 

the mean instantaneous abundance in Palma Sola Bay over the study period. 

Similarly, some of the SECR models fitted in this study produced estimates of total 

daily abundance (see 3.2.2.1). Therefore, a weighted (by total monitoring duration) 

average of animals present in the bay on each survey day was calculated. This value was 

used for comparison to the daily estimate obtained from the SECR analysis.  

 

 

Figure 3.2: Map of study area showing monitoring station (red star) and bottom habitat types. 
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 Focal Follows (SMRDS) 

When animals were observed in/approaching the vicinity (within 500m) of deployed 

recorders, a focal follow was initiated. When multiple animals were present, the focal 

animal was selected based on distinctiveness, to reduce chances of confusing it with 

another animal. All of the long-term resident dolphins of Sarasota Bay and vicinity are 

recognizable from natural markings or markings they have received during research since 

1970, and most are of known sex, age, and maternal lineage (Wells 2014). When possible, 

an attempt was made to follow animals of varying ages and sex (based on known 

biographical data for this dolphin community). Each follow lasted no more than one hour, 

after which, if animals were still within acoustic range of the recorders, another focal animal 

was selected, and another follow initiated. This continued until animals moved away from 

recorders, or new animals were reportedly seen entering the bay.  

Using a one-zero sampling scheme (Martin & Bateson 2007), behavioral state 

(foraging, resting, travelling, socializing), group size (with a group defined as all animals 

within 100m of the observation vessel), group composition, time of day, GPS location, 

compass bearing, and estimated distance to the focal animal, were recorded 

approximately every minute. Collectively, this data were used to ensure correct 

association of recorded whistles with focal animals, by essentially allowing for the tracking 

of the focal animal through time.  

Careful notes on the presence, movement and behavior of other animals in the area, 

whether belonging to the focal animal group or not, also allowed for the identification of 

non-focal animal signature whistles in acoustic recordings during the follow period. 

However, only non-focal animals with particularly distinctive signature whistles were 

selected, to avoid potential mix-up with other animals in the area. Again, as with the focal 

animals, the only recordings that were included in the analysis were those during time 

periods when the non-focal animal was definitely within acoustic range, and when the SNR 

of detected signature whistles allowed for clear animal identification. 

To facilitate the estimation of distances to focal animals, a laser rangefinder was used 

at the beginning of the field season for both observer practice, and the calibration of range 

estimations at the completion of the field season. Age and sex were also confirmed from 
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photos post-field. This data were collectively used together with ArcGIS 10.3.1 software 

to identify the signature whistle of the focal animal in corresponding recordings, and to 

determine the ranges to detected cues from nearby recorders for SL estimation (see 

details in (see Section 4.2.2.5.2).  

3.2.2 Data Analysis 

 Whistle Detection 

Manual whistle detection was performed on all recordings (for which concurrent 

visual monitoring data existed) in Raven Pro 1.4 (Hanning window, 512 FFT size, 50% 

overlap). For each detected whistle, the start and end times were noted, and the whistle 

classified as a signature or non-signature whistle. The total number of unique signature 

whistles detected over the study period represented the sampled number of animals n 

(Equation 3.15) within Palma Sola Bay. Signature whistles were primarily identified by 

matching recorded whistles to signature whistles within the Sarasota Bay signature whistle 

catalog. However, as not all of the animals observed during the census had documented 

signature whistles in this catalog at the time of this study, the SIGID criteria developed by 

Janik et al. (2013) for distinguishing signature from non-signature whistles in recordings 

of unrestrained dolphins were also used.  Under the SIGID criteria developed using the 

same community of animals under investigation in this study, any repeatedly occurring 

whistle that had not already been identified by the matching procedure, that was emitted 

at least 4 four times in succession within a period of 1-10s, was considered a signature 

whistle. This animal was given a unique ID, and counted as a new animal.  

Any whistle that was detected, but with a very low signal-to-noise ratio (SNR) that 

prevented the identification of the animal, was classified as a non-signature whistle. All 

non-signature whistles were ignored for the remainder of this analysis. In the unlikely event 

that a signature whistle was misclassified as a non-signature whistle, the regular re-

occurrence of signature whistles over the course of this study made it unlikely that the 

misclassified whistle would not be correctly classified on another occasion. Similarly, 

though bottlenose dolphins are known to mimic the signature whistles of nearby animals 

(Tyack, 1986), the examination of these distinct whistles over the course of the entire study 

period makes it unlikely that an animal mimicking the signature whistle of another was not 
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itself acoustically captured on the same, or another occasion. As a result, it is also unlikely 

that mimicry had any significant effect on the snapshot approach. However, for the SECR 

approach, though it was often possible to distinguish between two animals producing the 

same whistle (for example, due to whistle overlap), the final abundance estimate should 

be regarded as the abundance of unique signature whistles, and not of unique animals. 

Nevertheless, it is highly likely that the two are one and the same, as animals have only 

been known to mimic the signature whistles of dolphins in close proximity (Tyack, 1986). 

 Capture-Recapture: estimating total abundance 

Abundance was estimated using the conditional likelihood approach first 

described by Huggins (1989) for fitting capture-recapture models of closed populations. 

Following this approach: 

 
N̂ =  

Mt+1

[1 − (1 −  p̂1)(1 −  p̂2) … (1 −  p̂t)]
 

 
(Equation 3.11) 

 

Where Mt+1 represents the total number of animals captured, and p̂t is the 

probability of capturing (or detecting) an animal at occasion t divided by (or conditioned 

on) the probability of being captured at least once throughout the study p*. The 

probability of being captured at least once is equivalent to 1 - Pr (never being captured) 

or: 

 

 p∗ = 1 − (1 − p1)(1 − p2) … (1 − pt) (Equation 3.12) 

As was done in the SECR analysis (below), the data were classified into 25 

occasions, where each occasion represents a day during which 2-4 recorders were 

deployed. Three types of capture-recapture models were fitted: p constant across 

occasions with no difference between the probability of recapture c and the probability of 

initial capture p (M0), p=c but allowed to vary with occasion (Mt), and where both p and c 

represent different constants (Mb). Model parameters were obtained by maximum 

likelihood estimation using the RMark package (Laake, 2013) in R. As N̂ is not a model 

parameter with this approach, it was obtained using (Equation 3.11).  
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 SECR 

3.2.2.1.1 Estimating daily abundance 

The ability to identify animals by their signature whistles allowed for each animal 

to be associated across all recorders. Treating the recorders as binary proximity detectors, 

animal capture history at each point transect was compiled as shown in Table 3.1. 

Table 3.1: Table showing a sample of animal capture history obtained in this study. 

 

 

This capture history, combined with recorder (trap) locations formed the main input 

for each SECR model (described below) fitted with the secr R package (Efford, 2015c). 

Estimates were derived from SECR models by maximum likelihood. Density estimates are 

obtained by integrating over the unknown locations of animals’ home range center via the 

summation over points in a provided habitat mask (Efford, 2015c). Each point in this mask 

represents a grid cell of potentially occupied habitat. While this mask can be constructed 

by placing around the detectors, a buffer w of wide enough width to allow for stable density 

estimates, this mask can also take the form of a study area polygon. The latter was used 

in this study.  

A polygon of the study area was imported into R using the package maptools 

(Bivand et al., 2015), and used to construct a habitat mask. Any grid points falling outside 

this polygon are assumed to be non-habitat and excluded. Efford (2009a) recommended 

that the detection probability at the edge of a defined buffer be < 0.01. For a sizeable study 
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area, within which animals have a relatively small home range, one can simply increase 

the buffer size until the detection probability at its edge meets this criterion. However, in 

this study, animals ranged extensively throughout Palma Sola Bay (see Section 3.3.1) and 

therefore had large home range centers relative to the extent of the study polygon.  As a 

result, detection probability at the boundary of the habitat mask was more than 0.01, and 

the ability to stabilize estimates by increasing buffer size was limited. To compensate for 

this, a grid point spacing of 25m was instead chosen to maximize the stability of the 

resulting estimates, while providing good coverage of the study area polygon, and the 

buffer size set to 1400m for consistency with the snapshot method used in this study.  

Examination of animal acoustic capture history revealed spatial heterogeneity in 

animal captures due to a lack of detections in known seagrass habitat (see Section 3.3.1). 

This was possibly due to a lower animal density in those areas, lower detection probability 

caused by the rapid sound attenuation characteristic of seagrass habitat (Nowacek et al., 

2001), or a combination of the two. To explore these possibilities, several models were 

fitted using the default half-normal detection function, which is usually adequate for 

modelling detection probability (Efford, 2015c).   

For each of these models, animals were associated within an occasion, but not 

across occasions to produce an estimate of daily abundance in the bay, rather than total 

abundance. All detection parameters (e.g., detection probability at 01m g0, and density 

D) were first held constant across animals, occasions and detectors in Model 1 (default). 

Then, D and g0 were allowed to vary with habitat type (i.e., Model 2: D ~ habitat; Model 

3, g0 ~ habitat; Model 4: D ~ habitat, g0 ~ habitat). Habitat at each recorder (trap) and grid 

point within the mask was classified as 1 (non-seagrass) or 0 (seagrass) for the relevant 

model (Models 2-4). Models were compared using AIC with small sample correction 

(AICc). 

Moreover, to verify that the half-normal detection function was actually appropriate 

for this study, and examine whether the choice of detection function affected results,  four 

other detection functions were used to re-fit the final SECR model (i.e., the model with the 

lowest AICc value above) for comparison: hazard rate, negative exponential, compound 

half-normal, and cumulative gamma. These detection functions were selected from those 
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available in secr based on traditional usage in distance sampling literature, 

recommendations by Efford (2015c) regarding potential suitability for SECR,  and the 

availability of necessary data (e.g., no data for signal strength models). The resulting 

models were again compared using AICc.  

The joint likelihood for D and detection parameters 𝛉 can be written as 

  L(D, θ|n, ω) = Pr(n|D, θ) Pr (ω|n, θ)  

 
(Equation 3.13) 

 

where ω  represents the capture history of an animal, with ωik = 1  or 0 representing 

whether or not a sound produced by the ith individual is captured at hydrophone k, and n 

is the number of unique individuals detected (Borchers & Efford, 2008). This joint likelihood 

was numerically maximized for D and θ in secr, and the inverse of the information matrix 

used to estimate variances with confidence intervals obtained from profile likelihoods. D̂ 

and confidence limits were multiplied by the study area A  for reporting abundance 

estimate N̂, instead of D̂. Maximizing the full likelihood in this manner was necessary for 

the fitting of the inhomogeneous density models 2 and 4 (Efford, 2015a). For consistency, 

all models were fitted by maximizing the full likelihood. The best model was selected using 

AICc. 

3.2.2.1.2 Estimating total abundance 

For more effective comparison to the capture-recapture approach described in 

3.2.2.2, which estimated the total abundance of animals in the bay, animals were also 

associated across occasions, using the unique signature whistle ID’s of detected animals 

to associate the same animals across different days or occasions. This model was then 

re-fitted by assuming that the density surface was inhomogeneous, as was done earlier 

with Models 2 and 4. These model results were then also compared using AICc. 

As the deployment period varied among points for uncontrollable reasons, a usage 

attribute (or effort), in the form of the length of deployment (in hours), was associated with 

recorder locations to control for this known variability in all fitted SECR models. 

 SMRDS: estimating instantaneous abundance 
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In Kyhn et al. (2012), density was estimated while accounting for the false detection 

rate of each detector, by the inclusion of the multiplier 1 − ĉ in the numerator of (Equation 

3.14), as originally proposed by Marques et al. (2009). 

 
D̂ =  

n(1 − ĉ )

kπw2P̂T
  

 
(Equation 3.14) 

 

T in the above equation represents the total number of snapshots (duration of 15s in this 

study; details below) sampled at a single recorder, for k  recorders deployed 

simultaneously. This equation was design for the case where the number of deployed 

recorders and the number of snapshots obtained from each recorder were constant over 

the study period. In a situation where either of these quantities varies, the total number of 

snapshots summed across all recorders could more conveniently be expressed as K, 

which is simply the product of k and T. As both the number of deployed recorders and the 

length of deployment varied in this study, K is used from here on out.  

In (Equation 3.14, ĉ represents the proportion of false detections made by a given 

acoustic detector. Though the authors found this rate to be negligible, it was necessary to 

estimate because these acoustic detectors (T-PODs) do not allow the user to perform 

detections manually. Instead, they include software that automatically performs these 

detections using band-pass filters. Therefore, in the study of Kyhn et al. (2012), there was 

no way to confirm that the animal marked as being present was actually the animal of 

interest. However, in the present study, all whistles were identified manually, and since it 

highly unlikely that a distinctive signal like the signature whistle (particularly from such a 

well-studied population) would be classified as such, if it were not, the false detection rate 

was effectively 0. Therefore, this multiplier was unnecessary and (Equation 3.15) used to 

estimate abundance (density is multiplied by the study area to obtain abundance).  

 
N̂ =  

nA

Kπw2P̂
  

 
(Equation 3.15) 

 

3.2.2.2.1 Obtaining the “snapshots”  

Focal animal locations were calculated from corresponding boat locations, calibrated 

range estimates and compass bearings, using the GeodSolve utility program within the 

geographiclib package in Python (v. 2.7.8).  These animal locations were plotted in ArcGIS 
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(v. 10.3) and, assuming that each animal traveled at a constant speed and direction 

between consecutive surface localizations, locations were interpolated to produce a 

continuous track for each follow. Follows during which the focal animal was lost for more 

than 2 consecutive values (i.e., > 2 minutes without observing the focal animal) on multiple 

occasions were eliminated from the analysis, as the assumption of constant speed and 

direction are unlikely to hold between points that are too far apart. This resulted in a total 

of 13 tracks produced by 10 animals (see Section Error! Reference source not found.). 

Tracks were divided into equal segments corresponding to approximately 15s 

duration. These segments served as snapshots, during which the detection/non-detection 

(1/0) of animals was determined through manual examination of the corresponding 

acoustic recordings for the detection of the focal animal’s signature whistle. Each snapshot 

therefore represented a binary trial, for which the presence of an animal in the 

corresponding recording (i.e., both visual and acoustic detection) was regarded as a 

success (1), with the lack of acoustic detection (i.e., visual detection only) representing a 

trial failure (0).  

3.2.2.2.2 Obtaining the average probability of detection �̂� 

Distances between the midpoint of each segment and each recorder deployed 

during the relevant follow were calculated. Kyhn et al. (2012) used generalized linear 

models (GLMs) to determine the probability of detecting an animal given these distances. 

However, the application of local smoothing functions along predictor variables in 

generalized additive models (GAMs) allow for much greater flexibility in fitting data, 

particularly for data that does not conform to the more rigid parametric shapes of GLMs. 

Therefore, for this study, both a GLM and a GAM were fit in R (v. 3.1.) for comparison.  

The GLM was fit with the built-in R stats package, and the GAM was fit with the 

mgcv package (Wood, 2013). In both cases, the logit link function was used. The 

success/failure of each trial served as the response variable, with distance between the 

focal animal and a given recorder as a predictor variable. As detection probability was 

expected to be lower in seagrass habitat than other habitat within the bay (Nowacek et al., 

2001), habitat (within which the recorder was located) was also included in each model as 

a factor covariate. This covariate was generated by dividing all habitat into seagrass or 
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non-seagrass, with values of 0 and 1 respectively. Even though animals were sometimes 

located in a different habitat from that of a corresponding recorder location, this happened 

only rarely, and so was not considered to have any significant impact on results. 

As allowing mgcv to select the smoothness of the GAM curve resulted in unrealistic 

non-monotonic functions (see Section Error! Reference source not found.), the number 

of knots k was constrained to 5 to allow for a monotonic model fit. A final GAM was then 

refit (also using mgcv) to include track ID as a random effect (using the re() basis function 

in mgcv) . This was done to control for variance across animal tracks, and to avoid 

pseudoreplication resulting from using each track multiple times (for each recorder 

deployed that day). It should be noted that a monotonic GAM was initially fitted with the 

scam R package (Pya, 2014). However, results were almost identical to that of the GLM, 

with the GAM providing a superior fit to either of these models (see 3.3.3). 

In Kyhn et al. (2012), one detection function was estimated for each acoustic 

detector. Each detection function was then used to obtain a density estimate for that 

detector using the number of snapshots containing detections n (assuming the maximum 

number of animals present per snapshot was 1), averaged over the total number of 

snapshots T for that recorder (Equation 3.6). This produced an estimate of mean density 

applicable to a radius of w from each detector, for a 15s interval. In this study, there were 

several key differences. Instead of estimates being valid out to a particular radius from 

each recorder, the use of a systematic survey design allowed for inference about the entire 

bay. It was assumed that the single detection function derived from the 27 recorders 

deployed at the time of the follows was valid for the rest of the bay. Assuming also that 

the recordings corresponding to follow periods were representative of all the recordings 

collected in Palma Sola Bay during the study period, the number of animals detected in 

each snapshot was counted, without limiting this count to one animal per snapshot, and 

applied to (Equation 3.15) to estimate abundance for the entire bay. All whistles were 

counted in each snapshot. If a snapshot contained more than 1 whistle, whistle overlap, 

signal-to-noise ratios, and signature whistle IDs were used to differentiate between 

animals.  
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The average probability of detection P̂ was estimated for each habitat type by 

integrating the fitted detection function between the distance values of 0 and w (assuming 

uniform animal distribution out to radius w (Buckland et al., 2001): 

 
 P̂ =  

2

w2
∫ xĝ(x)dx

w

x=0

 
 

(Equation 3.16) 

 

   

A parametric bootstrap (R = 1000) was conducted to estimate the variance and 

95% confidence interval for P̂ (confidence interval estimated using the percentile method; 

Buckland et al., 2001). Under the assumption that P̂ was applicable to all of the sample 

points within the study area, it was applied to (Equation 3.15). The truncation distance 

w = 1400m was selected to occur just over the maximum range (between focal animal 

and recorder) observed in this study, to ensure that the probability of detection was 

indeed 0 beyond this point. Though the selection of w is somewhat arbitrary, due to the 

assumption of uniform animal distribution around each detector, as w increases, P̂ 

decreases. This means that the effect of varying w on the final abundance estimate N̂ is 

unlikely to be significant, provided that the probability of detection at w is 0. 

To estimate the coefficient of variation (CV) of N̂ for each level of habitat, the delta 

method (Buckland et al., 2001) was used as follows: 

 
CV(N̂) =  √CV(n)2 + CV(P)̂2 

 
(Equation 3.17) 

 

Unlike in Kyhn et al. (2012), only n and P̂ were included in (Equation 3.17), as they 

were the only non-constant components of (Equation 3.15) that were not known with 

certainty. Therefore, they were the only sources of variation in the abundance estimate N̂. 

Between-sample variance in encounters was used to estimate CV (n), where 

 
CV(n) =  

√var̂(n)

n
 

 
(Equation 3.18) 

and, 

 

var̂(n) =  
k ∑ (ni −  

n
k

)2k
i=1

k − 1
 

 
(Equation 3.19) 

where ni is the number of signature whistles in detected at point transect i, and k is the 

number of point transects used in the main survey. CV (P̂) was estimated as follows: 



 
 

91 
  

 

 
CV(P̂) =  

√var̂(P̂)

P̂
  

 
(Equation 3.20) 

 

where var̂(P̂) was obtained from the parametric bootstrap estimates using the formula: 

 
var̂(P̂) =  

∑ (Pi −  P̂)2b
i=1

b − 1
 

 
(Equation 3.21) 

 

where b represents the total number of bootstrap samples from i to b. 95% confidence 

intervals on N̂  were calculated by assuming that this estimate follows a lognormal 

distribution (Buckland et al., 2001): 

 
CI = (

N̂

C
, N̂. C) 

 
(Equation 3.22) 

where 

 
C = exp [zα. √var̂(ln N̂)] 

 
(Equation 3.23) 

 

and zα is the upper α point of the N (0,1) distribution (zα = 1.96 for a 95% CI), where 

 

 var̂(ln N̂) = ln [1 +
var̂(D̂)

D̂2 ]  
 

(Equation 3.24) 

   

   

3.3 Results 

  

97 unique animals were seen in Palma Sola Bay over a total of 25 survey days. The 

mean number of animals present in the bay at any given time was found to be 9.263 

animals, and the mean number of animals observed in the bay on a given day was found 

to be 23.906 animals. Deployments per sample location ranged in length from 3.1-11.6hrs, 

with a total recording time of 465.8h (summed over all sensors), from which a total of 8059 

whistles were detected. Of these whistles, 3857 were signature whistles belonging to n =

54 animals (CV(n) = 65.3 %). Of these 54 whistles, 8 were not found in the Sarasota Bay 

signature whistle catalog, but were instead identified as signature whistles using the SIGID 
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criteria as described in Section 3.2.2. On average, each animal was detected at 1.7 

sampling locations (sd = 0.7).  

3.3.1 Capture-Recapture (total abundance) 

Of the three capture-recapture models compared (Table 3.2), the model for 

which capture probability was allowed to vary with both day and individual (Mth) was by 

far the best fit to the data, with an AICc value of 993.6 (ΔAICc for the next model was 

72.2). For this selected model, capture probability p ranged from 1.080-11 - 0.815 with a 

mean of 0.179. This value is very close to the true mean detection probability (i.e., the 

average number of times an animal was detected per capture occasion), which was 

found to be 0.173. Despite the superior fit of this model relative to the other models 

considered here, it yielded an abundance estimate of N̂ = 60.5  animals (Table 3.2). This 

estimate, when compared to the equivalent census of 97 animals over the study period, 

demonstrates a significant underestimation of total abundance. 

Table 3.2: Table showing results of the capture-recapture analysis. 

Model N SE LCI UCI AICc  dAICc 

Mth (p=c, varies with time & 

individual) 

60.489 4.050 56.108 73.972 993.561 0.000 

Mt (p=c, varies with time) 54.303 0.563 54.028 57.321 1065.785 72.224 

M0 (p=c, constant) 60.661 4.810 55.871 77.714 1239.794 246.233 

 

 

3.3.2 SECR 

There were 160 animals recorded in a total of 234 detections across all occasions. 

Of these 160 animals, there were 54 unique signature whistle IDs. Detections occurred on 

41 of the 66 recorders. An average of 5.7 animals (sd = 4.6) were detected at each 

recorder.  

 



 
 

93 
  

 

 

Figure 3.3: Animal capture history. Each colored dot represents a recorder location at which at least 

one animal was detected (captured). The number within each dot indicates the number of animals 

that were detected at that location. The colored lines connect locations visited by the same animal, 

showing extensive movement of the study animals throughout Palma Sola Bay. The red crosses 

represent recorder locations at which no animals were detected, displaying a distinct lack of 

detections in known seagrass habitat. 

 

An examination of overall animal capture history (Figure 3.3) showed a distinct 

lack of captures in known seagrass habitat. Furthermore, many animals were shown to 

range widely throughout the bay (Figure 3.4).  
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Figure 3.4: Representative sample of individual animal capture histories over the study period. 

Unique animals are represented by dots of different colors. While some animals (e.g., the animal 

represented by the green dot) were only captured within the same general area, others (e.g., those 

represented by the red and purple dots) were captured at locations that spanned nearly the entire 

study area. 

 

 Daily abundance 

When animals were associated only within (and not across) occasions (Models 1-

4), results were comparable to the average daily animal count for the bay (9.263). The 

fitted models are summarized in (Table 3.3). Of the four models, the D~habitat model 

ranked highest, producing an abundance estimate of 22.882 animals in non-seagrass 

(Table 3.3), with a g0 of 0.033 (se=0.005), and a sigma of 345.678 (se = 21.195). In each 

applicable case, density in seagrass was found to be negligible. For example, in Model 2, 

the final model selected from Table 3.3, density in seagrass was estimated to be 1.771e-

13 animals/ha or 1.907e-10 animals within the study area on an average day. As such, 

summing the abundance in both habitats produced results that were no different (rounded 

to 3 d.p.) from abundance estimates derived from non-seagrass habitat alone. 
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Table 3.3: Comparison of Models 1-4 fitted in this study, ranked by AICc. Density estimates, SEs and 

CIs derived from each model were converted to abundance by multiplying each estimate by the 

study area 𝐀. Confidence intervals and SEs were adjusted in the same manner. 

Model �̂� SE LCI UCI AICc dAICc 

Model 2: D~habitat 22.882 4.172 16.053 32.616 1723.036 0.000 

Model 4: D~habitat, 

g0~habit. 

22.899 3.209 17.422 30.096 1724.669 1.633 

Model 3: g0~habitat 14.609 1.552 11.869 17.981 1757.838 34.802 

Model 1: D~1, g0~1 14.264 1.505 11.606 17.531 1761.530 38.494 

 

Abundance estimates did not differ appreciably among detection functions (Table 

3.4). Abundance estimates ranged from 22.2 to 23.4 animals/day. This is consistent with 

Efford (2012), which describes the choice of detection function as not critical. Despite the 

similarities across all models, there were also some interesting differences. Of the fitted 

detection functions, the default half-normal model performed the best, with a ∆AIC =

 2.084. The negative exponential model provided a particularly poor model fit, with an 

abrupt drop in detection probability at the start of the curve (Figure 3.5). This was followed 

closely by the hazard rate model (Table 3.4). (Efford, 2012)) cautions against using hazard 

rate models for SECR, as their long tails require unrealistically large buffer distances for 

stable estimates. In this case, the hazard rate model also had an unrealistically wide 

shoulder that underestimated detection probability at early ranges, then overestimated it 

for middle ranges (Figure 3.5). The cumulative gamma and compound half-normal 

detection functions performed similarly to the half-normal function, though the latter had 

the lowest AICc value (Table 3.4, Figure 3.5). 
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Table 3.4: Abundance estimates, SEs and CIs derived from models based on each of the 5 detection 

functions considered. Density estimates were converted to abundance by multiplying by the study 

area 𝐀. Confidence intervals and SEs were adjusted in the same manner. 

Model �̂� SE LCI UCI AICc dAICc 

Half-normal 22.882 4.172 16.053 32.616 1723.036 0.000 

Compound Half-norm. 22.974 2.419 18.700 28.225 1725.120 2.084 

Cumulative Gamma 23.111 3.420 17.320 30.838 1725.392 2.356 

Hazard Rate 23.354 2.449 19.025 28.667 1726.009 2.973 

Neg. Exponential 22.247 0.946 20.469 24.180 1727.195 4.159 

 

 

 

Figure 3.5: A comparison of detection functions fit using SECR. The final model (selected by AICc) 

was the half-normal model, shown as the solid black line on the above plot. 

 

 Total abundance  

When unique animals were associated across occasions, and a homogeneous 

density surface assumed, the results of SECR (Table 3.5) were almost identical to that of 

the capture-recapture analysis. Both of these approaches greatly underestimated the 

abundance of animals in the bay (97 animals). However, when density was allowed to 
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vary with bottom habitat, results improved dramatically with an estimate of 97.279 animals 

(Table 3.5). These results demonstrate that bottom habitat was a major source of 

heterogeneity in this study.  

 

Table 3.5: Comparison of inhomogeneous to homogeneous SECR models, when animals were 

associated across occasions as well as within. 

Model �̂� SE LCI UCI AICc dAICc 

Inhomogeneous 

Density (D~habitat) 

92.279 12.619 70.671 120.4941 1275.932 0.000 

Homogeneous 

Density (D~1) 

55.291 7.566 42.337 72.208 1278.822 2.890 

 

3.3.3 SMRDS (instantaneous abundance) 

Out of 17 focal follows conducted, 4 were discarded due to the focal animal being 

lost for more than 2 consecutive data points on multiple occasions. The remaining 13 focal 

follows ( 

Figure 3.6) were conducted on 10 animals, 6 females and 4 males, ranging in age 

from 4 to 25 years (at the time of the study). These follows were conducted over 9 

deployments (25 sample locations). The resulting tracks produced a total of T =  3796 15s 

snapshots/trials. Of these, 148 were successful (detected both visually and acoustically).  
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“Basin” 

 

Figure 3.6: Tracks of the 13 focal follows conducted on 10 animals in Palma Sola Bay. Each 

follow is represented by a different color track. The corresponding deployed recorder locations are 

depicted by a circle/triangle of the same color. The inset shows a more detailed view of an animal’s 

segmented track. Each black pin represents the midpoint of a snapshot.  The black dotted line 

delineates the area referred to as “the basin” in the text. It illustrates the concentration of focal 

follow tracks occurring in this area of the bay. 

 

“Basin” 
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Figure 3.7: Detection function fit using a GLM. The rug shown in gray at the top of the plot 

represents trial successes, and the rug at the bottom of the plot represents trial failures. 

 

 

Figure 3.8: Initial GAM fit produced using mgcv. The increases in probability observed at several 

points along the plot are unrealistic, illustrating the need for a constraint on monotonicity, which 

was implemented here by reducing the number of knots. The rug shown in gray at the top of the plot 

represents trial successes, and the rug at the bottom of the plot represents trial failures. 
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Figure 3.9: Final GAM model (k=5) without the inclusion of the habitat covariate. The rug shown in 

black at the top of the plot represents trial successes, and the rug at the bottom of the plot 

represents trial failures. Circles indicate the proportion of successful trials within each of 10 equal 

distance intervals, with vertical lines representing 95% binomial confidence intervals for each 

distance interval. 

 

 

Figure 3.10: Final GAM model showing the decrease in detection probability with increasing range of 

an animal from a detector for each level of habitat (smooth red line). 95% confidence intervals are 

shown as smooth dashed black lines. The rug shown at the top of the plots represents trial 

successes, and the rug at the bottom represents trial failures. Circles indicate the proportion of 

successful trials within each of 10 equal distance intervals, with vertical lines representing 95% 
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binomial confidence intervals for each distance interval. Using this model, average detection 

probability �̂� was estimated to be 0.0159 in non-seagrass habitat, and 0.0080 in seagrass habitat 

Table 3.6: Table showing model evaluation statistics for the GLM and GAM models. 

Model df AIC Deviance Explained (%) 

GLM 2.000 1014.625 19.3 

GAM (k=5; habitat excl.) 4.733 1016.424 19.5 

GAM (k=5; habitat incl.) 3.930 1013.006 19.6 

 

Despite the similar model fit between the final GAM (habitat included) and the 

GLM, the GAM did provide a slightly better fit than the GLM model with AIC=1.619 and 

a higher percentage of explained deviance (Error! Reference source not found.). The 

habitat covariate was found to be statistically significant (Est. = 0.738, Std. error = 0.295, 

P = 0.012), and, unsurprisingly, when this covariate was excluded from the GAM, model 

fit deteriorated (AIC=3.418; Error! Reference source not found.).  

The final fitted detection function is shown in  

Figure 3.10 for each level of habitat. For the non-seagrass habitat, the integration 

of this detection function between distances of 0 and w =1400m yielded the average 

probability of detection P̂ = 0.0159  (CV (P̂) = 11.2%, 95% CI = 0.0134 - 0.0200).This 

value of P̂ , together with the total count of signature whistles in this habitat n =

3033 (CV(n) = 14.3% )  detected in all snapshots T = 68112  (283.8h * 60min * 4 

snapshots/min) were inserted into (Equation 3.15). This produced the instantaneous 

abundance estimate N̂ = 4.898 animals with a CV of 18.2%, and 95% CI 3.441-6.972 

animals. 

For the seagrass habitat, the integration of this detection function between 

distances of 0 and w =1400m yielded the average probability of detection P̂ = 0.008 (CV 

(P̂) = 28.9%, 95% CI = 0.0049 - 0.0137).This value of P̂, together with the total count of 

signature whistles in this habitat n = 902 (CV(n) = 17.3% )  detected in all snapshots T =

43680 (182h * 60min * 4 snapshots/min) were inserted into (Equation 3.15). This produced 

the instantaneous abundance estimate N̂ = 4.488 animals with a CV of 33.6%, and 95% 

CI 2.363-8.525 animals. 
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Summing the abundance estimates from both habitats produced a total abundance 

estimate of 9.386 animals (CV = 38.2%). This result was almost identical to the 

comparable average count of 9.263 animals. 

 

3.4 Discussion 

 
One important assumption made in this study was that the census, and therefore 

abundances derived from the census, accurately represented the number of animals in 

Palma Sola Bay. However, one cannot ignore that animals entering (or leaving) the bay 

may have been missed by the observer stationed at the bay entrance. This may have 

occurred if multiple groups of animals entered the bay at the same time, or perhaps if 

animals entered the bay near its northern perimeter, instead of via the main channel, which 

would have made them more difficult to spot. Likewise, a few animals may have been 

missed by the boat. However, taken together, it is highly unlikely that any animals were 

missed altogether.  Moreover, animals often entered and left the bay several times in a 

given day, and were seen on numerous days over the course of this study. As a result, if 

any animals were missed, the effect on overall animal counts is considered negligible.  

The snapshot method produced an abundance estimate that was remarkably close 

to the mean instantaneous abundance for the bay. Similarly, the final SECR models (daily 

estimate and estimate over entire study period) produced abundance estimates that were 

close to the comparable abundances (4.3% and 4.9% underestimation, respectively). 

However, the final capture-recapture model greatly underestimated the total number of 

animals in the bay over the study. Results collectively indicate that the latter was a case 

of extreme unmodelled heterogeneity – a major problem with capture-recapture methods. 

The SECR results revealed that this heterogeneity largely stemmed from variation in 

animal density with habitat type. Therefore, though some heterogeneity was modeled in 

the capture-recapture analysis by allowing detection probability to vary with occasion and 

individual, the major source of heterogeneity remained unmodelled, resulting in an 

underestimation of abundance.  

Indeed, when density was modelled as a homogeneous surface, and animals were 

associated across occasions, SECR model results were only marginally better than those 
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of the final capture-recapture model. The capture-recapture model could have been 

improved with a more complicated model that, like the final SECR model, did also account 

for variation in density with habitat. However, this simple analysis was conducted primarily 

for comparison to the SECR analysis. As such, constructing a more complicated capture-

recapture analysis was beyond the scope of this study. 

Each method is described in further detail below. 

3.4.1 Capture-Recapture (including SECR) 

According to Borchers and Efford (2008), though animals generally do not 

distribute themselves in space in a uniform manner, the assumption of a homogeneous 

Poisson distribution of animals may be reasonable for small study areas and has been 

shown to be robust to mis-specification (Efford & Fewster, 2013). However, this study 

found that the opposite was the case. These results show that extreme caution needs to 

be taken before assuming that density is uniform, even for small study areas.  

As previously mentioned, unmodelled heterogeneity is a significant problem with 

capture-recapture approaches in general. A major source of this heterogeneity is often 

individual heterogeneity despite the fact that by explicitly incorporating spatial variation in 

animal exposure to detectors, SECR already accounts for one major source of individual 

heterogeneity (Efford, 2004). For example, in a study that combined multiple surveys to 

estimate densities of American black bears, Howe et al. (2013) found that density 

estimates fluctuated tremendously among detection probability models fit to the same data 

in an SECR analysis. These authors attributed this fluctuation to unmodelled individual 

heterogeneity. Unlike in the Howe et al. (2013) study, however, abundance estimates 

remained essentially unchanged with varying detection functions in this study. By the 

same reasoning as Howe et al. (2013), this indicates that unmodelled individual 

heterogeneity may not a major problem in the current study.  

These results demonstrate the importance of considering heterogeneity from 

multiple sources and at different scales. The contrast of the large effect of habitat type on 

density, to the small effect of habitat type on detection probability (at the daily temporal 

scale) in this study was a little surprising.  The results of the SMRDS led to the expectation 

that habitat type might have had a larger effect of detection probability, especially 
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considering the higher attenuation properties of seagrass, as discussed earlier. 

Furthermore, for studies occurring on small temporal and spatial scales, the results of this 

study demonstrate the importance of taking into consideration the temporal scale of 

abundance estimates (e.g., instantaneous vs. daily).  This is unlikely to be an issue on 

larger scales, for which there will be little to no difference among instantaneous, daily and 

total abundance estimates. 

 One assumption of SECR is that animals occupy home ranges with central 

locations that are independent and fixed during sampling (Efford, 2004). However, the 

capture of some animals at widely spaced recorders, with no recaptures at locations within 

the inner area occupied by these recorders (Figure 3.3) implies that either this assumption 

was violated, or that g(0) was truly this low. While the latter is certainly plausible, it is more 

likely the result of the former. 

The Sarasota dolphin community is known to have a fixed home range that 

extends across the entirety of Sarasota Bay (Irvine et al., 1981; Scott et al., 1990; Wells 

& Scott,1990; Wells, 1993), of which Palma Sola Bay is a tiny subset. As defined by Burt 

(1943), this home range refers to the area “…traversed by the individual in its normal 

activities of food gathering, mating, and caring for young.” However, the “home range” 

used in the context of SECR, is not necessarily the same one defined by Burt (1943). 

Efford (2004) describes the unobserved home ranges of SECR simply as “capture 

locations…drawn at random from a stationary distribution.”  

By the latter definition, it would be more be more appropriate in this case, to think 

of the home ranges used in SECR as core usage areas within the much larger overall 

home range that is Sarasota Bay. As such, the extensive ranging pattern observed within 

the bay could be the result of animals having large core usage areas relative to the size 

of the study area, or temporal variation in core usage area locations (which violates the 

fixed home range centers assumption), or a combination of the two. Both would explain 

recaptures of the same animal at distant points (which also corresponded to different 

days), with a lack of recaptures at locations interior to these widely-spaced capture 

locations.  
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3.4.2 SMRDS 

The accuracy of the snapshot method is most likely due to the inclusion of the habitat 

covariate in the detection function, and the estimation of abundance by habitat type, for 

the reasons mentioned above. Furthermore, the average detection probability in non-

seagrass habitat (0.016) was approximately twice that of seagrass habitat (0.008). This 

difference in detection probability and animal density across habitat types are reflected in 

Figure 3.3, which shows a lack of animal detections in the extensive seagrass habitat just 

inside the bay entrance. This is partly due to the high sound attenuation properties of 

seagrass habitat (Nowacek et al., 2001), though, as SECR results demonstrate, to a much 

smaller extent than the lower animal density in this area of the bay. It is also likely that the 

effect of habitat type on detection probability varied with temporal scale. These results 

indicate that habitat type plays a much larger role at the snapshot scale, than at the scale 

of a day or longer (as in the case of the SECR analysis).  

Without the inclusion of a habitat covariate, the average probability of detection 

due to a small sample of focal animals would have likely been highly biased. Focal follows 

were conducted on animals of varying age and sex where possible, however, only follows 

on 10 animals were usable for this study. This small sample might not be representative 

of the broader community, causing bias of the estimated average detection. Furthermore, 

it is possible that these animals had not been selected as randomly as initially assumed. 

A post-hoc examination of average group size showed that this value was for 2.67 for focal 

follow animals, compared to the average group size of 4.68 observed for the entire study. 

It is well-documented that bottlenose dolphins use signature whistles for communication 

(e.g., Janik, 2009; Janik & Sayigh, 2013), and that whistles rates generally increase with 

increased group size (Jones & Sayigh, 2002; Cook et al., 2004). As such, smaller groups 

could result in a lower count of animals present within snapshots. While large groups of 

dolphins (> 15) were observed on multiple occasions in Palma Sola Bay, the opportunity 

to capture focal animals that were part of such groups, while they were within acoustic 

range of the recorders did not present itself. Nevertheless, results seemed to be fairly 

unaffected.  
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The CV of average detection probability observed in seagrass habitat (28.9%) 

compared to that of non-seagrass habitat (11.2%) was relatively high. This may simply be 

due to less data available for the seagrass habitat. However, another factor could have 

been at work. It is possible that this factor might be depth. Though Palma Sola Bay is 

shallow, and therefore restricted in depth range, sounds can travel further in deeper water 

with less attenuation than they would experience in more shallow water. This would make 

it difficult to detect an animal very close to the recorder in very shallow water, particularly 

during low tide, when depths would often decrease to <0.5m in some seagrass habitat. 

Including this covariate would therefore likely have reduced this variance. However, this 

was not possible in this study. 

In this study, both the precision and accuracy of the detection function would likely 

have improved with a larger sample of focal animals. A larger, more representative sample 

would reduce both sampling error and bias. However, in this study, several constraints did 

not allow for such a sample. Results could also have been improved by the incorporation 

of other covariates (other than habitat type) that may influence either detection probability 

or animal density, that were not possible to include here. Nevertheless, including only 

habitat as a covariate did significantly improve accuracy in this study. 

Most animal focal follow tracks were located within the “basin” ( 

Figure 3.6). However, Figure 3.3 shows that animals also tended to favor this area. 

As a result, this increased effort in the basin was proportional to the density of animals 

there, and therefore likely did not affect abundance estimates.  

Recorders were shifted spatially each field day under the assumption that detection 

probability across survey days was constant, or at least variation was minimal. However, 

this may not have been the case. Temporal fluctuations in environmental variables such 

as boat presence or wind speed could have affected the detectability of recorded whistles 

and contributed to the high variance in average detection probability. Furthermore, 

detection probability is known to fluctuate with the varying sound propagation properties 

in Palma Sola Bay (Quintana-Rizzo et al., 2006).  

In this study, recorders were also shifted systematically from one end of the bay to 

the next, as it was less costly timewise to do so (which was important for this study). This 
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was possible because prior knowledge of animal movement within the study area 

indicated no major temporal trends. However, this approach is not recommended for 

cases where temporal trends in animal movement are known (or suspected) to exist, as 

this would result in biased estimates. Instead, recorders should be moved across the bay 

in a random manner.  

3.4.3 Method Comparison 

Both the snapshot and SECR methods have tremendous potential for marine 

mammal abundance estimation using independent passive acoustic detectors. However, 

the contexts in which they would best be applied vary. 

 As implemented and discussed in Kyhn et al. (2012), SMRDS is highly suitable for 

animals that possess stereotypic acoustic signals, and a loose group structure, such as 

the harbor porpoise. If an animal is travelling alone, acoustically identifying that animal (in 

a recording) to correspond with a visual detection is straightforward, provided that the time 

of both observations is synchronized. In this case, the assumption that the maximum 

number of animals produced per snapshot is 1, is a valid one. When other animals are 

nearby, the process becomes more complicated. However, if group spread is high, and 

the signal of interest is a highly directional echolocation click, as was used in Kyhn et al. 

(2012), this assumption will likely only be mildly violated. Nevertheless, these authors 

acknowledged that in the event of such a violation, resulting density estimates would be 

biased downward.  

If animals are tightly spaced, this assumption will no longer apply. While methods 

do exist for distinguishing between different recorded clicks or click trains (Gillespie & 

Leaper, 1996; Starkhammar et al., 2011; Le Bot et al., 2015), these methods typically 

involve complex algorithms. Moreover, attributing a particular click train to a visually 

detected animal will be nearly impossible unless distances to the entire group, instead of 

the individual animal is measured. In this case, the final group density estimate could then 

be adjusted for total density by its multiplication to the average group size (Buckland et 

al., 2001; Marques et al., 2013). 

Unlike harbor porpoises, bottlenose dolphins exist in a fission fusion society in 

small groups with constantly changing composition (Connor et al., 2000), this assumption 
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(maximum animals per snapshot = 1) was also unlikely to be valid in this study. Therefore, 

the number of animals was counted in each snapshot instead. To measure the potential 

consequences of violating this assumption, a post-hoc comparison was made of both 

approaches. When it was assumed that a maximum of one animal was detected per 

snapshot, n = 401. This would have resulted in an abundance estimate that was 32% 

lower than the one obtained in this study. This is a substantial difference. Therefore, this 

assumption should be avoided for any population with a similar (or tighter) group structure 

to that of the bottlenose dolphin.  

Bottlenose dolphin whistles are also omnidirectional (Sayigh et al., 1999). As a 

result, the potential for multiple whistles to occur in a snapshot is higher, regardless of the 

orientation of vocalizing animals to the recorder. The snapshot approach used here was 

possible for this study because of the ability to match signature whistles to animals. While 

few populations will meet this criteria, for populations of animals that tend to travel in 

moderately to tightly spaced groups, if the animals can be identified both from a visual 

marking, as well as some distinct acoustic trait, this approach would be directly applicable. 

SMRDS shows promise. However, it is restricted in its applicability to other species.  

On the other hand, SECR is broadly applicable to a variety of species and 

locations. While both of these methods rely on being able to associate animals across 

detectors (SECR) or observation platform (snapshot), it is, in general, not necessary to 

identify animals for SECR. Marques et al. (2012) used this approach to associate minke 

whale “boings” across hydrophones by using the timing and frequency content of these 

calls to associate sounds across recorders. However, it should be noted that in this study, 

calls and not animals, were associated across recorders. Such an approach requires a 

multiplier to convert the density of calls into the density of animals. This will be addressed 

in the following chapter.  If all recorders were deployed simultaneously on a single (brief) 

occasion, any marine mammal species with an identifiable call could be associated across 

hydrophones using a similar approach.  

This study introduces another possible approach. If detectors are shifted spatially 

across a number of days, as was done here, without having detailed acoustic knowledge 

of the study population, other than the ability of animals within it to produce signature 
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whistles, SECR can still be used to estimate abundance.  The SIGID method is a valuable 

tool for identifying signature whistles in recordings of unrestrained dolphins (Janik et al., 

2012). It can be used to identify distinct signature whistles within the study population, 

which can then be associated across detectors, as was done in this study. Without the 

ability to identify unique vocalizations across multiple days, repeated counts of the same 

individuals would lead to an overestimation of abundance. 

SECR also offers the powerful advantage of not requiring distance measurements. 

While the statistical theory behind SECR models is considerably more complex than that 

of distance sampling, the analysis is quite straightforward. Though unmodelled 

heterogeneity is a significant problem for SECR as well as traditional capture-recapture, 

the incorporation of covariates on a variety of levels (e.g., occasion, individual, trap) is 

fairly simple with the secr package in R. For example, if one wanted to account for known 

heterogeneity in detectability or density, introduced by shifting recorders spatially each 

day, one could have included a parameter for day. Furthermore, this study demonstrated 

how SECR models based on a homogenous Poisson process, can be easily adapted to 

an inhomogeneous process if density varies across the study area. 

Of the two methods, SECR has the potential for application to a broader range of 

scenarios than the snapshot approach used here, as it does not require auxiliary data that 

might be difficult, expensive or impractical to obtain. However, several studies have shown 

that the precision of estimates can be improved with the incorporation of additional data 

such as signal strength and time differences of arrival (Dawson & Efford, 2009; Stevenson 

et al., 2015). Despite its numerous advantages over traditional capture-recapture methods 

and distance sampling, however, there are several caveats that should be considered 

when applying this approach to other studies. To avoid biased abundance estimates, it is 

important to consider whether study animals exhibit strong preference for core areas 

within the study area, as well as the size of these core usage areas relative to the size of 

the study area. In the former case, despite the robustness of SECR to animal distribution 

misspecification as described earlier, it may be better to fit a density model that is not 

uniform (as was done in this study). The study area may be identical to the overall home 

range of the study population (or community), or it may be a subset of it, as in this study. 



 
 

110 
  

 

However, the core usage areas should be small relative to the size of the study area. In 

this study, animals did exhibit preference for, or rather avoidance of, certain areas of the 

bay (Figure 3.3). However, these core usage areas were very large in comparison to the 

study area. This is unsurprising, as Palma Sola Bay is not a large bay. However, such a 

small area was necessary in order to count accurately the number of animals occupying 

it. The center of these core usage areas are what the SECR method identifies as animal 

home range centers. If animals do not typically range extensively across the study area 

(as would occur with large core usage areas), but instead frequent small core usage areas, 

the spatial scale of animal capture history would be reduced, making it less likely that g(0) 

would be underestimated, as in this study. In such a context, SECR would be a highly 

suitable abundance estimation method. 

In the discussion of core usage areas above, detectors were treated as though they 

were simultaneously deployed. This was not the case in this study (but was accounted 

for). However, the points discussed are still applicable, as this extensive range of 

movement was observed over the course of this study, where some individuals were re-

sighted at different locations within the bay on the same day. In this study, the pattern 

observed in Figure 3.3 was observed despite having only a few detectors deployed at any 

given time. This implies that there was some temporal variation in home range center 

locations. It is therefore also important to consider the validity of the fixed home range 

center assumption of SECR. If this assumption is violated, then the scale at which 

temporal shifts in home-range center locations should be considered, so that the study 

occurs on a smaller temporal scale than the home range location shifts if possible. This 

would ensure that the home range centers remain ‘fixed’ for the duration of this study, 

similar to the SMRDS method used here. Passive acoustic sensors are expensive, and 

while it would be ideal to have detectors deployed at each point simultaneously, this would 

simply not be feasible in many cases. This study demonstrates the implementation of a 

much more cost-efficient application of SECR that can be adapted easily to the abundance 

estimation of a variety of marine mammal populations. 

This study also highlights an often overlooked aspect of abundance estimation in 

distance sampling or capture-recapture literature – the difference between “precision” and 
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“accuracy.” Often, these terms are used interchangeably to describe abundance or density 

estimates. However, as the SECR analysis demonstrates here, precise estimates can be 

very inaccurate. The problem is that the degree of bias in estimates is difficult to measure 

in real world settings. Nevertheless, this study provides valuable insight into the 

consequences of unmodelled heterogeneity, and violations of key distance sampling and 

SECR assumptions, on the abundance estimation of a realistic animal population. 

 

3.5 Conclusion 
 

Though indices of relative abundance or density are useful measures, particularly 

when no other information is available, absolute estimates are substantially more useful 

for successful species management. The use of passive acoustics to obtain absolute 

estimates of cetacean populations is an area with tremendous potential. However, given 

the youth of current methods for this application, there is considerable room for the 

refinement of present methods, the development of further methods, and a need to assess 

method performance under a variety of applications (Thomas & Marques, 2012). This 

study partially addresses the latter, in the first application of SECR to abundance 

estimation of toothed whales, and SMRDS to the bottlenose dolphin, using signature 

whistles to associate animals across recorders and observation platforms. This study 

demonstrated that both methods can be applied successfully to other marine mammal 

species and vocalizations. By comparing results to a full count of animals within the study 

area, as well as SECR results to traditional capture-recapture results, this study also 

provided valuable insight into the consequences of assumption violations and unmodelled 

heterogeneity when applying these methods to an animal population. Of the SECR and 

SMRDS approaches, the broad applicability of SECR makes it an attractive option for the 

abundance estimation of marine mammal populations. Nevertheless, each approach has 

its own advantages and disadvantages. Approaches that fuse advantageous elements of 

multiple approaches, such as SMRDS and those described in Borchers et al. (2015) show 

tremendous promise.   
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4 Abundance Estimation: A comparison of cue-based 

methods 
 

4.1 Introduction 

 

As discussed in Chapter 3, (Equation 3.15)  can be used to estimate abundance 

when the object being detected was the actual animal (or animal cluster, with an 

additional multiplier for average cluster size). However, estimates can also be obtained 

indirectly through cue-counting (Buckland et al., 2001). As discussed in the previous 

chapter, dividing a total cue count by the average cue rate is equivalent to counting 

animals. This approach is useful when it is not possible to directly count animals. 

A disadvantage of this method is that it requires auxiliary data on the cue rate r̂. 

Furthermore, the cue rate needs to be representative of the animals in the area and 

relevant to the time period in which the study is being conducted. If cues are produced 

by groups of animals (rather than single animals), then further information on average 

group size is also needed to obtain n (e.g., Moretti et al., 2010 – the cue was the start of 

echolocation clicks corresponding with a beaked whale group deep dive). 

Cue-counting was originally developed to estimate whale density via line transect 

surveys, using whale blows as cues (e.g., Hiby, 1985; Hiby & Hammond, 1989). Since 

then, cue-counting has been applied to point transect distance sampling using a variety of 

cues such as bird song (Buckland & Handel, 2006), beaked and sperm whale echolocation 

clicks (e.g., Marques et al., 2009; Ward et al., 2012), beaked whale group dive starts 

(Moretti et al., 2010), minke whale (Balaenoptera acutorostrata) ‘boings’, right whale calls 

(Marques et al. 2011), and finless porpoise echolocation clicks (Neophocaena 

phocaenoides; Kimura et al., 2010).  

Although echolocation clicks are generally less variable, and typically produced 

more regularly and loudly than whistles (Richardson et al., 1995), they are also highly 

directional signals that attenuate much faster than whistles, due to their higher frequencies 

(110-130 kHz; Au, 1993). The high directionality of clicks also means that detection is 

highly dependent on the orientation of the source animal, which overall makes a single 



 
 

113 
  

 

click harder to detect than an omnidirectional whistle (Sayigh et al., 1999). In the previous 

chapter, each of the abundance estimation methods relied on the ability to distinguish 

between animals. The existing signature whistle database for the Sarasota Bay animals 

provided such an opportunity. However, few marine mammal populations have such 

extensive data available. As such, cue-counting provides a practical alternative. For this 

reason, this chapter explores the use of the novel cue, the signature whistle, for 

abundance estimation, without making any attempt to distinguish between animals. More 

precisely, the cue used here is defined as the peak frequency of a signature whistle.  As 

defined in Chapter 2, peak frequency is the frequency at which the greatest whistle 

amplitude occurs, and therefore, is the most reliably detected part of a recorded whistle. 

In this study, abundance was estimated via three cue-based approaches: SECR, 

conventional distance sampling (CDS), and an acoustic modelling approach. These are 

described in detail below. 

4.1.1 SECR 

In Chapter 3, each SECR model was constructed using a detection function based 

on Euclidean distances between traps and animal home range centers. This implies that 

animal home ranges do not vary with spatial factors like bottom habitat, and that home 

ranges are symmetric. However, in reality, this may be far from the truth. Animals likely 

judge distance in much more complex and ecologically meaningful ways than Euclidean 

distances. For example, for marine mammals, the degree of attenuation of vocalizations 

may be dependent of far more than just distance. In this study, transmission loss, rather 

than distance, is used as the metric. 

The TL of a sound increases with increased distance between source and receiver, 

as the same amount of energy is spread outward from the source over a greater and 

greater area. As a result, one can reasonably expect that just as detection probability 

decreases with increasing distance between a recorder and an animal’s home-range 

center, detection probability would also decrease with increasing TL between a recorder 

and an animal’s home range center. The lower the RL of a sound, the less likely it is to be 

detected. Sound propagation is also affected by environmental variables such as bottom 

habitat and depth. These variables were also considered in this study. Though sound 
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propagation can be very complex, particularly in shallow environments, in general , TL is 

higher in very shallow water and seagrass habitat than deeper water with sandflat habitat 

(Forrest, 1994; Nowacek et al., 2001; Quintana-Rizzo et al., 2006), and the habitat of Palma 

Sola Bay was subdivided accordingly (see 4.2.2.3). 

In the first study to estimate density while also accounting for this “ecological 

distance” (as described by authors) in an SECR model, adopted a widely used cost-

weighted distance metric (Adriaensen et al., 2003) to define non-Euclidean ecological 

distances. These were then incorporated into an SECR analysis to model the effect of 

landscape structure on space usage. In their simulation study, Royle et al. (2013) 

demonstrated that ignoring ecological distance can lead to negatively biased density 

estimates, similar to the way that failing to model heterogeneity would. These authors 

pointed out that given the abundance of studies that have based their SECR models on 

homogeneous distance (the vast majority to date), it stands to reason that many of these 

may have underestimated density. This study provides the unique ability to test this using 

a real population, for which the abundance is already known. 

Royle et al. (2013) provided likelihood-based methods of estimating the 

parameters of the cost function. However, in the current study, a static TL cost surface 

based on empirical measurements in the same habitat was constructed and incorporated 

into an SECR model. This has the advantage of being simpler to implement than the Royle 

et al. (2013) approach. 

4.1.2 CDS 

 

As discussed in the previous chapter, abundance N̂ can be estimated in CDS (as 

applied to point transects) by: 

 
N̂ =

nA

kπw2P̂
 

 
(Equation 4.1) 

 

 

When cues are counted rather than animals, the number of detected individuals n 

can be obtained from the number of detected cues nc by dividing the latter by the average 

cue rate per animal or group r̂, and the duration of the study T as follows: 

 n =  
nc

r̂T
  

(Equation 4.2) 
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In the above equation, r̂T therefore represents the number of cues produced by 

the average animal over the time period being considered for the analysis. If (Equation 

4.2) is substituted into (Equation 4.1), it becomes: 

 
N̂ =  

Anc

Kπw2P̂r̂
 

 
(Equation 4.3) 

 

where nc is the number of detected cues, K is the deployment time summed over all 

recorders, and r̂ is the estimated whistle production rate (Marques et al., 2009).  

The original equation introduced in Marques et al. (2009), from which (Equation 

4.3 was derived, was a density estimator. For consistency with the previous chapter, the 

relationship D =
N

A
 was used to modify the original equation, where D represents density, 

N represents abundance, and A is the study area. In addition, the original equation by 

Marques et al. (2009) included the multiplier 1 − ĉ, where ĉ represents the estimated 

proportion of Type I (false positive) errors.  However, in the current study, as with the 

SMRDS approach used in the previous chapter, all whistles were identified manually.  

Since it is highly unlikely that a distinctive signal like the signature whistle (particularly from 

such a well-studied population) would be classified as such, if it were not, the false 

detection rate was effectively 0, and this multiplier was unnecessary. This estimator 

(Equation 4.3) was used in the CDS approach examined in this chapter. 

If animal locations are known from independent datasets, for example from tag data 

or visual observations, then a detection function can be obtained using a regression model 

(e.g., Marques et al., 2009; Kyhn et al., 2012), as was done in the SMRDS method of 

Chapter 3. In CDS, animal locations can also be measured or estimated using data from 

the sensors themselves. For single sensors, this has been done using multipath arrivals 

of calls (e.g., McDonald & Fox, 1999; Širović et al., 2007), modeling the dispersion of 

normal modes in shallow water (e.g., Wiggins et al., 2004; Marques et al., 2011), or other 

types of propagation models such as the parabolic equation model used by Stafford et al. 

(2007). In this study, distances were estimated via localization of recorded whistles, using 

time of arrival differences (TOADs; see 4.2.2.4 for details). 
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4.1.3 Acoustic Modelling Approach 

This approach varies from distance sampling, primarily in that the detection function 

can is obtained through the use of the passive sonar equation (Urick, 1983). This equation 

can be written as 

 SNR = SL − TL − DL − NL (Equation 4.4) 

where SNR represents the signal to noise ratio of a recorded signal, or the difference 

between the amplitude of a signal and that of background noise, SL represents the source 

level of a received signal, which is typically measured at 1 m from the source, TL 

represents the transmission loss or attenuation of a signal with increasing range from the 

source, NL represents the amplitude of background noise and DL is the directivity loss as 

sound travels away from a sound source’s acoustic axis. As DL is irrelevant for 

omnidirectional dolphin whistles (Sayigh et al., 1999), it was omitted in this study. 

Using data from a single hydrophone, Kusel et al. (2011) followed the approach 

outlined in Zimmer et al. (2008) to predict the SNR of simulated beaked whale clicks. 

Detector performance was used to generate a regression model that predicted detection 

probability as a function of SNR. The average probability of detection P̂ was estimated 

using a Monte Carlo procedure which sampled from assumed animal position, orientation, 

SL, TL, and NL distributions. The resulting mean density of 69.60 animal/1000 km2 differed 

somewhat from the density estimate (25.3-22.5 animals/1000 km2) obtained by Marques 

et al. (2009) for the same site (Atlantic Undersea Test and Evaluation Center, Bahamas), 

and time period.  Kusel et al. (2011) used published literature to obtain cue rates and the 

SL distribution, and propagation models (spherical spreading & Bellhop Gaussian beam 

tracing model) were used to obtain a TL distribution. This study conducted a similar 

approach to Kusel et al., (2011). However, in an attempt to improve the accuracy of the 

resulting abundance estimate, TL and SL distributions were obtained empirically, and cue 

rate measured using independent visual observations of the study community during the 

same time period.  

Strictly speaking, this approach requires only one recorder for the estimation of the 

detection function. However, it should be noted that one cannot obtain a reliable density 

estimate from a single sensor. For example, for the resulting detection function to be 
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integrated to produce an average detection probability, (in the case of point transects) one 

must assume a triangular distribution of animals around a sensor. However, this 

assumption will almost certainly be violated with a single sensor. In such a case, the 

random (or systematic) placement of multiple point transects throughout an area of 

interest that ensures that this assumption is met, is missing.  Nevertheless, in situations 

where sensors are widely spaced, or as in this study, are few in number, mandating their 

relocation to different grid locations, this approach may be suitable. 

With this approach, auxiliary data such as tag data or visual observations are not 

strictly required. However, unless a completely theoretical approach is taken, some 

auxiliary data are beneficial (e.g., ocean bottom composition and bathymetry data in 

Stafford et al., 2007). As the first of its kind to make a direct comparison between the 

passive sonar equation approach and CDS, this study aims to provide insight into the 

context in which each method would be best suited, while fully considering the challenges 

and advantages associated with both approaches. 

 

4.2 Methods 

 

As described in earlier chapters, Palma Sola Bay is a shallow bay on the western 

Florida coast, with a maximum depth of approximately 4m (Berens et al. 2010), and area 

A =  10.766 km2. It was selected for its suitability for obtaining a census of animals within 

it, due to its narrow entrance, through which entering animals could be visually detected. 

4.2.1 Data Collection 

Between June 14th and August 10th, 2013, four bottom-mounted recorders (DSG, 

Loggerhead Instruments Inc, Sarasota, FL; hydrophone sensitivities ranging from -160.4 

to -160.6 dB re 1V/μPa) were deployed at four adjacent sample locations (one recorder 

per location) following a systematic survey design (Figure 4.1). This process was repeated 

approximately every field day, until each of these 93 points had been sampled. However, 

due to uncontrollable circumstances (e.g., equipment failure), usable data were only 

collected from 66 of these points.  
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Figure 4.1: Point transect survey design in Palma Sola Bay showing the three habitat-depth strata as 

well as the locations of points (red dots) from which no data were collected. The green dots indicate 

the sample locations used in this study. 

 

Prior to each deployment, internal recorder clocks were synchronized using an 

electrical signal, and the time on a GPS unit (Garmin GPSmap 76Cx) matched to the time 

on the recorder clocks. Recorders were set to record continuously for the length of each 

deployment.  

 Census 

At the start of each day, an observer was stationed at the bay entrance, at the location 

highlighted in Figure 4.2. This observer subsequently reported any animals entering or 

exiting the bay to the crew on a 6m boat, and took photos of animals when possible. 

Following recorder deployment, a survey of the entire bay was conducted by the boat 

crew, to locate any animals already within the bay on that day. Observed animals were 

approached and photographed for later photo-identification. At the completion of this 

survey, any new animals reported to be entering the bay were also located, and 

photographed for later photo-identification. This allowed for a count of animals at different 

time scales (e.g., 1 minute vs. 1 day), for comparison to abundance estimates derived 
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from the analyses of this study. As such a census was not possible at night, only acoustic 

data from daylight hours during which an observer was stationed at the bay entrance was 

analyzed, making abundance estimates valid only for animals occupying Palma Sola Bay 

during the day.  

 

 

Figure 4.2: Map of study area showing monitoring station (red star) and bottom habitat types. 

 

 Focal Follows (cue rate estimation) 

When animals were observed in/approaching the vicinity (within 500m) of deployed 

recorders, a focal follow was initiated. When multiple animals were present, the focal 

animal was selected based on distinctiveness, to reduce chances of confusing it with 

another animal. However, when possible, an attempt was be made to follow animals of 

varying ages and sex (based on known biographical data for this dolphin community). 

Each follow lasted no more than one hour, after which, if animals were still within acoustic 

range of the recorders, another focal animal was selected, and another follow initiated. 

This continued until animals moved away from recorders, or new animals were reportedly 

seen entering the bay. 

 Using a one-zero sampling scheme (Martin & Bateson 2007), behavioral state 

(foraging, resting, travelling, socializing), group size (with a group defined as all animals 

within 100m of the observation vessel), group composition, time of day, GPS location, 

compass bearing, and estimated distance to the focal animal, were recorded 

approximately every minute. Collectively, this data were used to ensure correct 
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association of recorded whistles with focal animals, by essentially allowing for the tracking 

of the focal animal through time.  

To facilitate the estimation of distances to focal animals, a laser rangefinder was used 

at the beginning of the field season for both observer practice, and the calibration of range 

estimations at the completion of the field season. Age and sex were also confirmed from 

photos post-field. This data were collectively used together with ArcGIS 10.3.1 software 

to identify the signature whistle of the focal animal in corresponding recordings, and to 

determine the ranges to detected cues from nearby recorders for SL estimation (see 

details in (see Section 4.2.2.5.2).  

4.2.2 Data Analysis 

 Cue Detection 

As was done in the previous chapter, the number of cues (signature whistles) 

observed at each point transect was obtained from manual whistle detection performed 

on all collected recordings in Raven Pro 1.4 (Hanning window, 512 FFT size, 50% 

overlap). For each detected whistle, the start and end time was noted, and the whistle 

classified as a signature or non-signature whistle. All signature whistles were counted 

(including repeats). Any whistle that was detected, but with a very low signal-to-noise ratio 

(SNR) that prevented the identification of the animal, was classified as a non-signature 

whistle.  

  Signature whistles were primarily identified by matching recorded whistles to 

signature whistles within the Sarasota Bay signature whistle catalog. However, as not all 

of the animals observed during the census had documented signature whistles in this 

catalog at the time of this study, the SIGID criteria developed by Janik et al. (2013) for 

distinguishing signature and from non-signature whistles in recordings of unrestrained 

dolphins were also used.  Under the SIGID criteria developed using the same community 

of animals under investigation in this study, any repeatedly occurring whistle that had not 

already been identified by the matching procedure, that was emitted at least 4 four times 

in succession within a period of 1-10s, was considered a signature whistle.  
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 Cue Rate Estimation 

 

The average cue rate  r̂  was estimated from detected signature whistles produced 

during focal follows (by the focal animal). This data included periods over which the 

animals were not vocalizing to avoid bias. The mean cue rate was estimated as the 

weighted mean cue rate, weighted by the duration of focal follows. Due to a lack of 

analytical variance estimation methods for a weighted mean (Gatz & Smith, 1995),  the 

standard error of this weighted mean was estimated using a nonparametric bootstrap that 

involved the resampling of focal follow animal tracks, and CV(r̂ ) was estimated as follows: 

 
CV(r̂ ) =  

sê(r̂ )

r̂ 
 (Equation 4.5) 

 SECR: Estimating daily abundance 

In the animal-based SECR analysis performed in the previous chapter, animals 

were associated across recorders for each occasion. Each animal was counted only one 

time. However, for this analysis, every detected individual signature whistle was 

associated across deployed recorders, resulting in multiple associations of whistles 

produced by the same animal.  Despite the repetition of recorded signature whistles, 

duplicate whistles produced by an animal were never exactly identical. As a result, when 

the same whistle type occurred multiple times in succession, it was fairly easy to associate 

a specific whistle in this sequence with the same whistle (and sequence) detected at 

another recorder deployed on the same day.  

Another key difference between this SECR analysis and the one that was 

conducted in Chapter 3, is that in addition to fitting a detection probability model based on 

Euclidean distances between detectors and animal home-range centers, another SECR 

model was also fitted using non-Euclidean distances in the form of TL, a function of both 

the Euclidean distance between each pair of points, and the sound propagation properties 

of the bay. For the reasons described in 4.1.1, a static TL cost surface (or matrix) was 

constructed from empirical TL measurements conducted in Palma Sola Bay (details 

below). Each cell within this surface represents the cost of sound travelling from recorder 

k to mask point M, where each mask point represents a potential animal home-range 

center (Efford, 2015b).  
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4.2.2.3.1 Fitting a TL-based (non-Euclidean) detection function 

Palma Sola Bay was divided into (bottom) habitat-depth combinations based on 

TL measurements made by Quintana-Rizzo et al. (2006): seagrass, sandflat-deep (>=4ft), 

sandflat-shallow (< 4ft) and channel in ArcGIS. These re-defined “habitats” were chosen 

for known differences in sound propagation properties. 

TL was measured at the locations shown in Figure 4.3 between January 28 and 

March 7, 2013. TL values were obtained by comparing the received level (RL) of playback 

signals recorded at known ranges from the playback vessel, to their corresponding source 

level (SL). Playbacks were conducted at approximately every 50 m along each transect, 

each of which was at least 1km long. These computer-generated acoustic signals were 

played from an underwater speaker (Aquasonic AQ 339, Clark Synthesis, Littleton, CO), 

which was suspended off the side of a stationary boat at a depth of 1 m. The playback 

signal was composed of a combination of 1s duration 1, 3, 5, 7, 9, 11, 13, 15 and 17 and 

19 kHz tones played simultaneously, followed by two upsweeps of the same duration – 

one spanning 1-9kHz, and the other spanning 10-19kHz, with a silent interval of 1s 

between tones and upsweeps. This signal was repeated for 1 minute at each location. 

Both tones and upsweeps were used as some frequencies propagate more efficiently than 

others. As a result, the likelihood of detecting a playback signal was generally higher for 

the upsweeps, which spanned multiple frequencies, than for any given tone. Upsweeps 

were therefore used to estimate localization error (see 4.2.2.4). However, tones are more 

convenient for calculating transmission loss, which is frequency-dependent.  
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Figure 4.3: TL measurement locations in Palma Sola Bay. Green dots represent deployed recorders 

at which RL was measured, and small dots represent playback locations. Different point colors 

represent different days during which measurements were made. Measurements made in the 

southeastern corner of the bay were pooled into a single model. 

 

The SL of the projected signal was measured using a handheld recorder (Tascam 

DR-07MKII) connected to a calibrated handheld hydrophone (-163.9 dB re 1V/μPa) located 

1m away from the speaker.  During these measurements, recorders were temporarily 

marked with a surface marker (buoy) suspended from a taut rope attached to a weight 

deployed immediately adjacent to each recorder. The distance between the speaker and 

surface markers was measured with a laser rangefinder (Leica LRF800). However, as 

distances beyond approximately 200m proved to be difficult to obtain a reading on such a 
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small target, distances beyond 200m were measured by plotting the GPS coordinates of 

the boat location (taken only after the anchor line was taut) in ArcGIS. 

All playbacks were conducted in the absence of dolphins, manatees and vessels. 

To ensure the absence of dolphins and manatees during playbacks, the area was 

continuously monitored for 10 minutes prior to the start of each one. The engine of the 

playback vessel was turned off during playbacks, and the movement of persons on the 

vessel kept to a minimum for their duration.  

For each habitat, a TL regression model was constructed in R by fitting a logarithmic 

curve through the data. As previously mentioned, TL is frequency-dependent. However, 

while it would have been ideal to fit a TL model for each frequency per transect, several 

frequency-transect combinations had no more than 3 or 4 data points. As these were far 

too few to model with any semblance of accuracy, frequencies were instead pooled across 

transects, and one TL model produced for each of the 4 habitats. TL predicted by both 

spherical ( TL = 20 log10 r) and cylindrical spreading ( TL = 10 log10 r)  laws was also 

calculated for each range r and plotted for comparison to empirical models. All sound 

measurements were RMS amplitudes (root mean square; defined in Chapter 2), and are 

reported in dB re 1µPa. 

A mask, in the form of the study area polygon discretized into a series of points 

spaced 100m apart, was created using secr. Each mask point and recorder location were 

classified into one of the same 4 habitat categories used for the TL models. For each 

recorder-mask point pair, the points falling on or close to (within 5m) the line connecting 

the xy locations of the pair were identified. If the associated habitat of all of these points 

fell within the same category, the corresponding TL model was used to estimate TL for the 

Euclidean distance between the xy coordinates of the recorder-mask point pair. 

Otherwise, the line connecting the recorder-mask point pair was divided into contiguous 

sections of the same habitat, and the corresponding TL model applied to each section. 

The resulting TL values were then converted to the linear scale to be summed, in order to 

obtain the total TL across the line. This total TL value was then re-converted to the 

logarithmic scale and inserted into the grid cell representing the cost of travel between the 

recorder-mask point pair.  
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If any points on the line occurred outside the boundaries of the study area polygon, 

for example, as depicted in (Figure 4.4), TL was instead calculated along the line 

connecting x coordinates, followed by the line connecting the y coordinates of the pair, or 

vice versa, in order to avoid unrealistic sound paths and TL estimates. Similarly, the upper 

part of Palma Sola Bay is separated by a thin strip of land, except for a small bridge. If the 

line connecting xy coordinates of the recorder-mask point pair crossed this strip of land, 

TL was redirected through the bridge opening, in a rough approximation of the sound path 

in the face of such an obstacle (Figure 4.4).  
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Figure 4.4: Map showing the manner in which non-study area was handled in the creation of the TL 

cost surface. Red stars represent a recorder-mask point pair, with a dashed red line shown along the 

Euclidean distance connecting the two. The solid green lines represent the route through which TL 

was re-directed to deal with these obstacles. 

 

The result was a static matrix of TL values reflecting the travel cost of a sound 

moving between each recorder-mask point pair. It should be noted that this matrix was 

intended to be only a rough approximation of TL throughout the bay. The goal of this study 

was not to map TL in Palma Sola Bay, but to examine the effects of replacing the 

Euclidean distance matrix with one that reflected the cost of sound attenuation in the 
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construction of an SECR model. As such, the TL matrix used here was determined to be 

adequate for this study’s purpose. 

This matrix was then used to fit a non-Euclidean SECR model as described in 

Efford (2015a). The results of this non-Euclidean model was compared to a Euclidean 

model also constructed from this data, and the effects of applying a more ecologically 

relevant cost to the movement of sound between detectors and animal home-range 

centers explored.  

As the purpose of this study was to examine the outcome of using a TL non-

Euclidean cost surface, rather than Euclidean distances to build an SECR model, both 

models were fitted by assuming a flat density surface. It was assumed that sound source 

location (i.e., animal location when vocalizing) followed a homogenous Poisson process in 

two-dimensional space with intensity D (density). Instead of maximizing the full likelihood, as 

was necessary in Chapter 3 (3.2.2.1) due to the non-uniform density assumed for some of the 

models, numerical maximization was performed on the conditional likelihood 

 
L(ω|n, θ) ∝ a(θ)−n ∫ ∏ Pr (ω|n, θ)

n

i=1X∈A

 (Equation 4.6) 

 

where the effective sample area a(θ) was maximized for the equivalent θ in the full 

likelihood equation (Equation 3.13). The effective area is equal to πρ2, where ρ 

 represents the effective radius or the distance at which as many animals are detected 

beyond it, as are missed within it. Density was estimated using the Horvitz-Thompson-like 

estimator, D̂ =
n

â
. Maximizing the conditional likelihood allows for variance estimation of D̂ 

that is conditional on the population of the habitat mask (referred to as “binomial” in SECR 

help documentation), which provides estimates that are robust to departures of animals 

from a Poisson distribution (Marques et al., 2012). Cue rate variance was incorporated 

using the delta method. Confidence intervals were obtained by assuming that D̂ follows a 

lognormal distribution. D̂ and confidence limits were multiplied by the study area A for 

reporting abundance estimate N̂, instead of D̂. 

 CDS: Estimating instantaneous abundance 

Ranges to animals were obtained by localizing detected signature whistles received 

at three hydrophones using TOADs between each pair of hydrophones. Of these three 
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hydrophones, only one (the same recorder in each case) was part of the survey design 

shown in Figure 4.1. The remaining two recorders were placed strategically around the 

focal one, so as to maximize the spacing between the recorders while ensuring that 

whistles could still be detected on all three sensors, both of which are important for 

localization (Figure 4.5). The sound propagation properties of the bay described by 

Quintana-Rizzo et al. (2006), together with preliminary recorder spacing trials attempted 

prior to the start of the study period were used to inform recorder spacing, which varied 

with habitat and depth.  As it was not possible to place the two additional recorders at 

every point transect, range estimation was only possible for 10 sampling locations.  

Arrival times were manually measured on synchronized recordings in Raven Pro by 

locating a point on each detected signature whistle that was clearly visible on all three 

recordings. Localizations were conducted in Matlab2010a, using code (Mellinger, 

personal communication) designed for the well-known sound localization software, 

Ishmael (Mellinger, 2001). Salinity and temperature measurements were made using a 

YSI salinity-conductivity-temperature meter at each deployment site from which recorded 

whistles were localized. These measurements were made at the surface, middle and 

bottom of the water column, and averaged for an overall measurement at that site. In 

areas where water depth was < 1m, a single salinity and temperature measurement was 

made in the middle of the water column. These measurements were applied to the 

UNESCO equation (Chen & Millero, 1977) to calculate the average sound speed c at each 

deployment site, which was incorporated into localization calculations. 
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Figure 4.5: Locations of recorders used in the CDS analysis. The black dots represent the recorders 

involved in the main survey, and the purple dots represent the additional recorders placed near each 

main survey recorder for localization purposes only. 

 

N̂ was estimated using (Equation 4.3). Here, nc represented the total number of 

cues occurring over the entire study period, with K representing the recording length 

summed over all recorders. Between-sample variance in cue encounters was used to 

estimate CV (nc ), where 

 
CV(nc ) =  

sê(nc )

nc 
 (Equation 4.7) 

 

and, 

 

sê(nc) =  √
k ∑ (nci −  

nc
k

)2k
i=1

k − 1
 

 
 

(Equation 4.8) 
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where nci is the number of cues detected at point transect i, and k is the number of point 

transects used in the main survey. 

Ranges to animals, obtained from the localization of detected whistles, were used 

to fit a half-normal key function with adjustments (see 4.3.1) using the R package, 

Distance. To test the role of right truncation in improving precision or reducing bias in D̂, 

as described in Buckland et al. (2001), models were fitted to both untruncated data, and 

data truncated to the recommended truncation distance w, such that g(w) = 0.1. 

Adjustment terms for both the truncated and untruncated models were selected by AIC.  

The average probability of detection, P̂, was obtained by integrating this detection 

function between the distance values of 0 and w (assuming uniform animal distribution out 

to radius w ; Buckland et al. 2001): 

 
P̂ =  

2

w2
∫ xĝ(x)dx

w

x=0

  

(Equation 4.9) 

 

Under the assumption that P̂ was applicable to all of the sample points within the 

study area, it was applied to (Equation 4.3, using n from only the point transects used to 

obtain distance measurements for this analysis. This produced an instantaneous 

abundance estimate, as with the SMRDS approach examined in Chapter 3 (Error! 

Reference source not found.).  

CV (P̂) was estimated as follows: 

 
CV(P̂) =  

sê(P̂)

P̂
 (Equation 4.10) 

 

 

where sê(P̂) was estimated analytically with the Distance R package. 

To estimate the CV of N̂, it was assumed that the parameter variances were 

statistically independent, and the delta method (Buckland et al., 2001) was used as 

follows: 
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CV(N̂) =  √CV(nc)2 + CV(P̂)2 + CV(r̂)2  

(Equation 4.11) 

 

95% confidence intervals on N̂ were calculated by assuming that this estimate follows a 

lognormal distribution (Buckland et al., 2001): 

 
CI = (

N̂

C
, N̂. C)  (Equation 4.12) 

 

where 

 
C = exp [zα. √var̂(ln N̂)]  (Equation 4.13) 

 

and zα is the upper α point of the N (0,1) distribution (zα = 1.96 for a 95% CI), where 

 

 var̂(ln N̂) = ln [1 +
var̂(N̂)

N̂2 ]   (Equation 4.14) 

 

Localization error for each array was measured by localizing the playback 

upsweep signals described in Error! Reference source not found.. These were 

produced at each of 10 random (known) locations around each deployment site. 

Localization results were then compared to the XY locations of the corresponding 

playback site for error estimation.  

As with the TL measurements described in Error! Reference source not found., 

playback signals were projected from an underwater speaker, which was suspended off 

the side of a stationary boat at a depth of 1 m.  For the duration of these playbacks, 

recorders were temporarily marked with a surface marker (buoy) suspended from a taut 

rope attached to a weight deployed immediately adjacent to each recorder. The distance 

between the speaker and surface markers was measured with a laser rangefinder. 

Again, all playbacks were conducted in the absence of dolphins, manatees and 

vessels. To ensure the absence of dolphins and manatees during playbacks, the area was 

continuously monitored for 10 minutes prior to the start of each one. The engine of the 

playback vessel was turned off during playbacks, and the movement of persons on the 

vessel kept to a minimum for their duration. 
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 Acoustic Modelling Approach: Estimating instantaneous abundance 

In Kusel et al. (2011), instead of directly constructing a detection function that 

describes the decrease in cue detection probability with increasing range of the vocalizing 

animal from the detector, detection probability was expressed as a function of SNR at this 

recorder, with a decrease in detection probability with decreasing SNR. This was made 

possible by the characterization of detector performance through a comparison to ground 

truth results produced by manual detection. The resulting detection function was then used 

to predict the probability of detection of simulated beaked whale clicks with varying SNR 

and range values, thus allowing for the estimation of detection probability as a function of 

distance. However, in this analysis, as all whistles were already detected manually, 

characterizing detector performance in this way would be counterproductive. Instead, an 

SNR cutoff value was established. The SNR of all detected whistles were measured as 

per Equation 4.2., and the resulting values plotted. This plot was then used to select a 

conservative cutoff value above which it whistles would certainly be detected.  

This cutoff value was used to assign a value of “1” or “0” to each simulated whistle, 

where 1 represents a successful detection (i.e., if SNR >= cutoff), and 0 represents a failure. 

(i.e., if SNR < cutoff).   As simulated whistles also had associated range values (from the 

relevant recorder), a log regression model was fitted to the data with range as a predictor, 

expressing detection probability as a function of distance directly, without having to first model 

it as a function of SNR. This was done for each recorder, resulting in a density estimate per 

recorder, which was then averaged to get an overall density estimate for the bay. 

As Palma Sola Bay is shallow, and signature whistles, omnidirectional (Sayigh et al., 

1999), depth, animal orientation, and DL were all ignored in this study. TL, SL and NL 

distributions were obtained as follows. 

4.2.2.5.1 TL 

The TL matrix generated in Error! Reference source not found. was used to obtain 

the TL distribution for each recorder. A distance matrix of equal dimension (66 recorders 

x 1082 mask points) to the TL matrix was generated so that each TL grid value has a 

corresponding distance value. For every recorder (i.e., every row of the TL matrix), only 

(mask) points within a truncation distance of 2000m (w) were selected. 2000m was used 
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to ensure the validity of the assumption that g(w)=0. Of these, 10,000 TL samples were 

taken (with replacement). 

4.2.2.5.2 SL 

A SL distribution was obtained through back-calculation of the RLs of focal follow 

animal whistles that were detected on nearby recorders (Figure 4.6), using the TL models 

upon which the TL matrix was based. Ranges for this back-calculation were obtained by 

estimating focal animal locations from corresponding boat locations, calibrated range 

estimates and compass bearings, as described in Chapter 2.  These animal locations were 

plotted in ArcGIS, and assuming that each animal traveled at a constant speed and 

direction between consecutive points, points were interpolated to produce a track for each 

follow. Each track was divided into 15s intervals. The distance between the midpoint of 

each of these intervals and each deployed recorder was measured. For detected signature 

whistles produced by each animal, the distances between the animal location at this time 

(midpoint of corresponding track segment) and the respective recorder location were used 

as input for the TL model. The TL model used was determined by the dominant habitat 

type along the line connecting the recorder and animal locations. To ensure that RL 

measurements of recorded signature whistles were as accurate as possible, only whistles 

that were completely and clearly visible were included in back-calculations to obtain the 

SL distribution. This resulted in a sample size of 729 whistles produced by 7 animals.  

Kusel et al. (2011) used literature estimates derived from tag data from a different 

species of beaked whale (Cuvier’s) than the one under investigation (Blainville’s). In 

contrast, the SLs measured here were obtained from animals within the same species and 

population of interest, and measurements were also made during the study period only. 

Though SL measurements were only based on 7 animals, it is likely that the estimates 

derived here were more representative of the population under study, than would have 

been the case if the approach used by Kusel et al. (2011) had been adopted. 

4.2.2.5.3 NL 

To provide a representative noise sample of the entire bay, detected whistles in 

this study was arranged in chronological order, and NL was manually sampled 

immediately prior to every 130 whistles, to produce a total of 30 noise samples. Attempts 
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were made to avoid noise measurements influenced by dominant anthropogenic or 

biological sound sources (such as boats or particularly loud snapping shrimp) that were 

not also reflected in the whistle prior to which each measurement was made. As RMS 

measurements depend on the length of the time window used, NL was measured for the 

same time period over which the corresponding signature whistles occurred, as well as 

over the same frequency bandwidth. For each of the sampled SL values obtained as 

described in the previous section, a corresponding RMS noise measurement was made 

(same duration and frequency bandwidth) for each of the 30 noise samples. Therefore, 

for each simulated whistle with a particular SL, a NL measurement for the same frequency 

range and duration was selected (from the 30 samples). 
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Figure 4.6: Data sources used to generate the SL and NL distributions from which the SNR values of 

simulated whistles were estimated in the passive sonar equation approach. The light blue circles 

represent the points near focal animal tracks (solid lines, each color representing a different animal) 

where recorded whistle measurements were back-calculated, using the relevant TL model, to obtain 

SL values. The red triangles represent NL measurement locations. 

 

In a Monte Carlo method, 1000 SL values were sampled from the SL distribution 

(obtained from focal follow data). For each of these SL values, TL (from the TL matrix), 

and NL (obtained from a systematic sample taken throughout the bay) distributions were 

sampled 10,000 times for various xy locations (i.e., mask points) around recorder k. The 

binary values of 1 or 0 assigned to each of these 10,000 simulated whistles (based on its 

SNR value relative to the cutoff value) were used to build a detection probability model, 

and this model integrated between 0 and w=2000m to obtain 1000 different Pk̂ values for 

each of the k recorders. The mean of these 1000 P̂ values represented the overall P̂k for 
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recorder k. The percentile method was used to estimate 95% confidence limits and the 

variance of P̂ (Buckland et al., 2001). 

In this analysis, nck represented the total number of signature whistles that were both 

detected at recorder k, and above the SNR cutoff value (to avoid overestimating N̂).  

D̂k was averaged across all recorders to obtain an overall D̂ for the bay, which was 

then multiplied by the study area A to get overall abundance N̂. As with the CDS analysis, 

CV(N̂) was estimated using the delta method (Buckland et al., 2001; (Equation 4.11), where 

CV (nc) represents the between-sample encounter variance (Equation 4.7)(Equation 4.8)) 

and CV(P̂)  is estimated as specified in (Equation 4.10), with 

 

sê(P̂) =  √
∑ (Pi −  P̅)2k

i=1

k − 1
 

 
 

(Equation 4.15) 

 

A lognormal distribution was assumed for 95% confidence limits. 

 

4.3 Results 

 

97 animals were seen in Palma Sola Bay over a total of 25 survey days. The mean 

number of animals present in the bay at any given time was found to be 9.263 animals, 

and the mean number of animals observed in the bay on a given day was found to be 

23.906 animals. Deployments per sample location ranged in length from 3.1-11.6hrs, with 

an average of 6.8hrs, and a total recording time of 465.8h (summed over all sensors). A 

total of 8059 whistles were detected. Of these whistles, 3857 were signature whistles. The 

(weighted) mean cue rate was found to be 1.139 cues/min (CV(r̂) = 37.8%), or 465.357 

cues/day (with an average day length = 6.8hrs). 

4.3.1 CDS (instantaneous abundance) 

Out of a total of 1178 signature whistles detected on the 10 (main survey) recorders 

used for localization, only 81 whistles were successfully localized. This was largely due to 

a lack of detections on at least one of the three recorders. It was also caused by low SNRs 

of many whistles on one or more of the three available recorders (i.e., the main survey 
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recorder and the 2 additional recorders used to localize whistles on the main recorder) 

which made it difficult to accurately identify the same point on whistles across all three 

recorders. In addition, there was measurement error in the TOADs which produced some 

unrealistic results. These measurements were eliminated from the analysis. As a collective 

result, many whistles had to be discarded, leaving only a small sample size for the 

analysis. The localization error of the arrays used in this analysis ranged from 1.4m to 

56.8m, with a mean of 25.3m.  

Localized distances produced the detection functions shown in Figure 4.7. For both 

the untruncated and the truncated models, the half-normal detection function was fitted, 

and final models were selected based on AIC values, with both Hermite and cosine 

adjustment terms of varying order included in (separate) candidate models. For the 

untruncated model, the model with the lowest AIC value (1075.0) had 1 cosine adjustment 

term. The corresponding truncated model had 2 cosine adjustment terms (AIC = 778.6). 

Though the Q-Q plots shown in Figure 4.7 demonstrate that neither the untruncated nor 

the truncated model provided a particularly good fit to such a small dataset, results were 

surprisingly close to the comparable instantaneous abundance count of 9.263 animals. 

Even more surprisingly, and contrary to the suggestions of Buckland et al. (2001), the 

untruncated model produced more precise estimates than the truncated model for this 

data. 
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Figure 4.7: Q-Q plots (top row) and detection functions fitted to the data with and without truncation.  

For the untruncated model, w = 783m, which corresponded to the maximum 

distance observed in this dataset. The average probability of detection P̂ = 0.132 (CV 

(P̂) = 16.1%). The total number of cues detected by all recorders across the study period 

was found to be nc = 3857 (CV(nc) = 25.6%) animals. Inserting these values into 

(Equation 4.3) produced the instantaneous abundance estimate N̂ = 5.12 animals with a 

CV of 48.4%, and 95% CI 2.085 – 12.597 animals. 

When the data were truncated so that w = 405m (equivalent to ĝ(w) =   0.1) , the 

detection function resulted in an average probability of detection P̂ = 0.177 (CV (P̂) =

26.1%), and N̂ = 14.3 animals with a CV of 52.6%, and 95% CI 5.421 – 37.581 animals 

4.3.2 SECR (daily abundance) 

It was sometimes necessary to split TL measurements across multiple days. 

Equipment failure on one of these days resulted in a few missing points at one end of 

both the channel and sandflat-deep measurements (Figure 4.3). Nevertheless, log 
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regression models (Figure 4.8 - Figure 4.11) were fairly consistent with those obtained 

by Quintana-Rizzo et al. (2006) within the same bay.  

 

 

Figure 4.8: Overall TL model for the channel habitat. The red line represents cylindrical spreading, 

the blue line represents spherical spreading, and the black line represents the model fit to the 

empirical data. 
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Figure 4.9: The red line represents cylindrical spreading, the blue line represents spherical 

spreading, and the black line represents the model fit to the empirical data. 

 

TL generally occurred at a rate between that predicted by the theoretical cylindrical 

and spherical spreading models. As expected, the channel transect (Figure 4.8) had the 

lowest TL of the 4 habitats, and though very similar to the TL observed in the sandflat-

deep habitat (Figure 4.9), produced results that were much closer to cylindrical spreading 

values than the other 2 habitats.  

In the sandflat-deep habitat (Figure 4.9), depth and bottom type are similar to that 

of the channel. However, the relatively wide “basin” shape of this habitat likely allowed for 

a larger amount of spherical spreading than the narrow channel habitat, explaining the 

slightly greater TL observed here.  

 In both the seagrass and sandflat shallow habitats (Figure 4.10 - Figure 4.11), TL 

was markedly higher than in the other two habitats (Figure 4.8-Figure 4.9). However, due 

to rapid sound attenuation in the shallow seagrass habitat, none of the playback signals 

were detected beyond around 150m. The detection threshold of the seagrass receiver 

surpassed the RL of signals arriving from over 150m away. However, if detection of these 

signals had been possible, it is highly likely that the resulting TL model would have 
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intersected the spherical spreading model (Figure 4.10) within a few 100m, and continued 

downward with TL that was greater than that predicted by spherical spreading. As 

previously discussed, seagrass beds have a dramatic effect on sound propagation. 

Furthermore, they tend to occur in very shallow water, which amplifies these attenuation 

effects due to increased interactions between the surface and these very seagrass beds. 

 

 

Figure 4.10: Overall TL model for the seagrass habitat. The red line represents cylindrical spreading, 

the blue line represents spherical spreading, and the black line represents the model fit to the 

empirical data. 

  

There was considerably more data available for TL estimates in the sandflat-

shallow habitat than in all 3 other habitats (Figure 4.11; many of these measurements 

were made for the independent Chapter 2 study). Figure 4.11 clearly shows that TL was 

much closer to spherical spreading than cylindrical spreading, unlike in the channel and 

sandflat-deep habitats (Figure 4.8-Figure 4.9). These results were unsurprising, as the 

shallow depth of this water would hasten sound attenuation there relative to the other 2 

habitats, due to more frequent surface and bottom interactions. 
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Figure 4.11: Overall TL model for the sandflat-shallow habitat. The red line represents cylindrical 

spreading, the blue line represents spherical spreading, and the black line represents the model fit 

to the empirical data. 
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Figure 4.12: Map showing TL around a sample recorder. TL is measured in dB re 1uPa. 

 

There were 2992 cues detected on a total of 41 recorders out of 66, with 3895 

detections in total. As Table 4.1 shows, the non-Euclidean model outperformed the 

Euclidean model. When the number of cues were converted to abundance (by dividing 

by the cue rate/day), the non-Euclidean model produced an estimate of 21.056 animals, 

whereas the Euclidean model produced an estimate of 18.944 animals. Comparing 

these estimates to the census result of 23.906 animals (per day), the non-Euclidean 

model clearly produces the more accurate estimate, despite the slightly lower precision 

of this estimate compared to the Euclidean estimate (Table 4.1). However, both CI’s still 

fall just short (more so for the Euclidean model) of the true average daily abundance. 

Table 4.1: Results of the Euclidean and non-Euclidean SECR models. Abundance estimates, CV, and 

CIs were all obtained by dividing the number of cues estimated by the model, by the average number 

of cues estimated to be produced per day (465.357). 

Model Cues �̂� CV LCI UCI 

Euclidean 8815.628 18.944 37.964 17.592 20.400 

Non-Euclidean 9798.677 21.056 37.970 19.527 22.705 
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4.3.3 Acoustic Modelling Approach (instantaneous abundance) 

SL values 792 SL values were obtained from tracks of 6 animals. These values 

ranged from 114.4 - 150.6dB (mean = 130.5, sd = 5.8). As can be seen in Figure 4.13, 

noise levels were generally between 80 and 85 dB re 1µPa within the bay. As discussed 

in Chapter 2, Palma Sola Bay is a noisy environment. Much of this noise came from the 

frequent passage of boats and snapping shrimp.  

 

 

Figure 4.13: Boxplot showing NLs at each of the 30 sample locations. 729 NL measurements were 

made at each location (1 for each set of SL parameters). 

 

Based on the SNR distribution of detected whistles (Figure 4.14), a conservative 

cutoff value of 0 dB (shown in red) was selected. As this value was much higher than the 

lowest observed in the data, it ensured that all simulated whistles above this cutoff 

assigned would certainly be detected.  
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Figure 4.14: SNR values of all detected whistles. The red vertical line shown intersects the SNR 

curve at the selected cutoff value of 0dB. 

 

There were nc = 2733 (CV(nc) = 25.6%) signature whistles (with an SNR above 

the cutoff value) detected on all recorders. Simulations produced an average P̂  of 0.106 

(CV ( P̂) = 26.7% ). Results yielded an average density of 5.0-07 animals/m2, or an 

abundance N̂ of 5.380 animals (CV (N̂) = 53.6%) with a 95% CI 2.009-14.411 animals. 

This estimate is comparable to the instantaneous abundance count of 9.263 animals, 

showing that this approach underestimated instantaneous abundance significantly. 

 

4.4 Discussion 

 

Of the three methods compared in this study, the SECR was by far the most 

accurate, with a 12% underestimation of the true value for the non-Euclidean model, and 

a 20% underestimation for the Euclidean model. This was the case despite the assumption 

of a homogeneous distribution of animals, which Chapter 3 results clearly demonstrated 

to be a significant source of heterogeneity. Therefore, the precision of these estimates 

may have improved significantly by modeling the density surface instead of assuming a 

flat surface, as was done in Chapter 3. However, the purpose of this study was merely to 
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determine whether the use of a TL based distance matrix was more effective than a 

Euclidean distance matrix when estimating abundance of marine mammal populations.  

Though both SECR models performed better than the CDS or acoustic modelling 

approaches, neither of their CI’s contained the true value. This underestimation of density 

or abundance estimates is typical of unmodelled heterogeneity, as discussed in 3.4.1. 

While I have established that a significant source of this is animal density variation across 

the bay, there are other sources of heterogeneity that should also be considered. For 

example, the SECR analyses in this chapter required the additional estimation of the cue 

rate from auxiliary data.   

Incorporating a cue rate introduces an additional source of variance into the model, 

and the larger the variance of this estimate, the less precise the resulting abundance 

estimate. Furthermore, if the cue rate is not representative of the study population, it can 

result in considerable bias in resulting abundance estimates. It is for these reasons that it 

is strongly advised to use cue rates that are representative of the population being studied, 

location, and time period in which it is being studied (e.g., Buckland et al. 2001, Martin et 

al., 2013) . In this study, cue rate was measured during the study period, and from the 

study population. However, this cue rate was measured from a small sample size of only 

11 animals, each measured for no more than 1 hour (the maximum length of a focal follow) 

per animal. If this sample was biased, perhaps by consisting of particularly vocal animals, 

it would also help explain the underestimation of abundance observed.  

In a promising first attempt to incorporate a TL cost surface into an SECR model, 

these results demonstrated an improvement in abundance estimation accuracy when the 

TL matrix was used rather than Euclidean distances. This was the case even with only a 

rough approximation of TL throughout the bay. For a TL surface with better resolution, and 

greater accuracy, many more TL measurements would have been needed, and such 

extensive empirical measurements were not possible in this study. Furthermore, by 

incorporating a TL cost surface, one major source of detectability was automaticallt 

accounted for, precluding the need to include habitat in the detection probability model for 

g0 (or detection function scale). While the measurement of non-Euclidean distances may 

often be far from feasible, these results illustrate the importance of at least considering the 
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incorporation of more ecologically relevant distances into the fitting of the detection 

function in an SECR analysis.  These results hold great promise for future applications of 

this method to marine mammal populations.   

Of the two remaining methods compared in this study, the acoustic modelling 

approach slightly out-performed the CDS. However, neither model performed particularly 

well. The CDS approach was particularly inefficient. It required a minimum of three 

recorders to produce a single set of distances for estimating the detection function. 

Furthermore, the vast majority of detected whistles had to be discarded as it was not 

possible to localize them for reasons discussed in 4.3.1.   This resulted in a very small 

sample size, and a detection function that did not fit the data particularly well, for both 

truncated and untruncated models.  

Buckland et al. (2001) recommended right truncation at a distance w corresponding 

to g (w)=0.1, to delete outliers and facilitate the modelling of the data. These authors 

acknowledged that though some precision may be lost with truncation, it is usually slight. 

More often, truncation reduces bias and improves precision. However, Buckland et al. 

(2001) also note that these suggestions apply only to datasets that meet all of the distance 

sampling assumptions, which is probably not the case for the CDS data.  

 For previously discussed reasons, unmodelled heterogeneity is a major problem for 

capture-recapture analyses. As a result, it then becomes important to include covariates 

in the model that help explain some of this heterogeneity. This is the same approach that 

was taken with the SMRDS method in Chapter 3. However, in this situation, such a small 

sample size made it difficult to incorporate covariates like habitat into the model. 

The CDS method, as implemented here, is not recommended. While measurement 

error of detected whistles likely contributed to the considerable underestimation of 

abundance, the loss of recorded signals that were too faintly detected, or that were not 

detected on all three recorders was tremendous. Furthermore, such an approach requires 

considerably more sensors than were used in this study, as at least 3 sensors would be 

needed at every single point. If fixed hydrophones were not used, or all sensors could not 

otherwise be deployed simultaneously, the amount of effort required to shift recorders in 

space and time as was done in this study, until all survey points were sampled, would be 
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massive. Therefore, this method should only be used when many sensors can be 

deployed simultaneously – something that may not be practical in many situations. 

 It is unclear why the acoustic modelling approach performed so poorly. The 

average detection probability seems to have been greatly overestimated, resulting in a 

severe underestimation of abundance. It seems that this was especially the case in 

seagrass habitat. The distributions from which samples were drawn for simulations likely 

did not accurately reflect values for the seagrass habitat accurately. This must have been 

due to a lack of available data in this habitat, for example, there were no SL estimates 

made in seagrass habitat. This approach would likely have improved considerably if 

detection probability in seagrass habitat were more appropriately characterized. However, 

in this analysis, there were also other sources of heterogeneity that should be considered. 

In special circumstances, as described earlier, the acoustic modelling approach 

can be applied to a single sensor for density estimation, and thus, in these contexts 

presents a low-cost and feasible alternative to methods involving a larger number of 

acoustic detectors. However, it also relies heavily on many different sources of auxiliary 

data. Much of the variance in this abundance estimate was due to a high CV (P̂). Detection 

probability estimates obtained from simulations ranged widely across recorders. This was 

due in turn to high variance in one or more of the input distributions that were sampled in 

this study. 

While attempts were made to reduce this variance by including auxiliary data that 

was representative of the study population, for example, by using SL estimates obtained 

from focal animals followed during the study period, it seems that these attempts were 

inadequate. This was evident in the sizeable underestimation of instantaneous 

abundance. It is highly likely that the SL estimates obtained from such a small sample size 

(7 animals) were not representative of the study population. However, there were many 

constraints on the number of focal follows that could have been conducted to obtain more 

unbiased estimates. 

SL distribution data would have improved considerably if SLs were measured via 

the tagging of animals in the population during the study period. If animals were tagged, it 

would also present another useful opportunity – to attempt a capture-recapture approach 
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similar to the one used in the SMRDS analysis in the last chapter. This approach would 

involve the use of the animal as another “observer platform” to obtain the probability of 

detection given ranges of the animal from the sensor. 

It is also possible that, meant only as a rough approximation of TL across the bay, 

the TL matrix did not yield highly accurate TL estimates in many parts of the bay. While 

attempts were made to include at least one set of empirical measurements in each habitat 

type, more empirical measurements should have made across the whole bay for a more 

representative TL distribution. Moreover, in both the sandflat deep and channel transects, 

data on earlier distances were missing and could not be modeled adequately. This may 

have also led to bias in the final estimate. 

Using SNR to predict the detectability of signals is a useful approach. However, in 

reality, detectability of a signal at a sensor relies on many other factors than the signal’s 

SNR. For example, the peak frequency or duration of a signal are important predictors. A 

longer signal is more likely to be detected, and if, for example, a signal has a very high 

peak frequency, higher TL would also affect its detectability. However, these 

measurements need to be made at the source, something that was not possible in this 

study. This is yet another reason that auxiliary data from tagged animals would be 

invaluable. 

As discussed in Chapter 3, an important assumption made in this study was that 

the census, and therefore abundances derived from the census, accurately represented 

the number of animals in Palma Sola Bay. However, one cannot ignore that animals 

entering (or leaving) the bay may have been missed by the observer stationed at the bay 

entrance. This may have occurred if multiple groups of animals entered the bay at the 

same time, or perhaps if animals entered the bay near its northern perimeter, instead of 

via the main channel, which would have made them more difficult to spot. Likewise, a few 

animals may have been missed by the boat. However, taken together, it is highly unlikely 

that any animals were missed altogether.  Moreover, animals often entered and left the 

bay several times in a given day, and were seen on numerous days over the course of 

this study. As a result, if any animals were missed, the effect on overall animal counts is 

considered negligible.  
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4.5 Conclusion 

 

This study is the first of its kind to compare the acoustic modelling approach to the 

CDS approach directly. It demonstrated that CDS is a relatively inefficient method of 

marine mammal abundance estimation, as it requires a large number of sensors per 

location, from which the percentage of usable detections tends to be particularly low. 

Nevertheless, unless extreme care is taken to ensure that auxiliary data being used to 

create the distributions to be sampled for simulations are both accurate and highly 

representative of the study population and area, perhaps by the use of acoustic tag data 

as suggested, CDS is still preferred over the acoustic modelling approach. 

This study is also the first of its kind to incorporate TL as non-Euclidean distances 

in an SECR analysis. This approach significantly improved the estimates provided by the 

traditional Euclidean distance based approach in this study, and as such, is highly 

recommended for future SECR analyses. 
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5. General Conclusion 

 

In light of widespread concern about the effects of anthropogenic noise on marine 

mammals, the implications of this research are significant. Bottlenose dolphins possess 

an impressive capacity to adapt to increasing noise in their environment. However, further 

research is needed to better understand this adaptability. In particular, it is important to 

identify any limits to such adaptive strategies, as this step is necessary before any effective 

management decision can be made. Other questions, such as, “What is the relative 

energetic cost of each compensatory strategy?”, and “What are the long-term effects on 

animals/populations having to employ them?” are also important. Nevertheless, this study 

provides one more step in the right direction by providing a solid foundation upon which 

other studies can be built. 

Though indices of relative abundance or density are useful measures, particularly 

when no other information is available, absolute estimates are substantially more useful 

for successful species management. The use of passive acoustics to obtain absolute 

estimates of cetacean populations is an area with tremendous potential. However, there 

is a pressing need for the refinement of available methods, or the development of new 

methods to allow for reliable abundance estimation of a variety of marine mammal species 

at a varying locations. 

This research showed that though the theory underlying SECR is more complex 

than that of the distance sampling approaches, the actual analysis is straightforward, and 

requires the least amount of auxiliary data to produce fairly accurate results. However, it 

does require the ability to associate animals (or vocalizations, combined with a cue rate) 

across hydrophones, which should be considered prior to any study that adopts the same 

approach. SECR also provides a straightforward way to construct a density surface, if 

density varies across the habitat. Using both cues and animal counts, SECR has 

demonstrated its potential for broad application to other populations and locations. 

Furthermore, this analysis is possible with only a few recorders moved periodically in 

space and time – a powerful advantage as acoustic recording equipment tends to be 

expensive. 
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In terms of the complexity needed to produce an abundance estimation model that 

adequately accounted for significant sources of unmodelled heterogeneity, SECR 

performed better than traditional capture-recapture analyses. Furthermore, it’s explicit use 

of the spatial component of animal capture histories, allow for a straightforward method of 

substituting traditional Euclidean distances with more ecologically relevant “distances” 

such as TL, as both a static matrix, and via the construction of a dynamic function. 

The SMRDS approach, while accurate, requires a considerable amount of auxiliary 

data in the form of focal follows or an equivalent method of visually tracking acoustically 

detected animals. It is also severely limited by the need to identify the observed animals 

within the recordings, which can be very complicated when animals travel in groups, if 

they do not produce uniquely identifiable signals as in the case of the animals in this study. 

The acoustic modelling approach also requires a substantial amount of auxiliary 

data if reliance upon theory or literature estimates of key quantities such as vocalization 

SL is to be avoided. Moreover, this study demonstrated that it is absolutely imperative to 

ensure that the distributions sampled during simulations are highly representative of the 

study population, location and time period. To this end, the use of acoustic tags that record 

vocalizations directly from the source, together with simultaneously deployed recorders, 

are highly recommended.  

CDS, where localization is used to obtain the estimated distances, is not 

recommended for marine mammal abundance estimation in situations where few 

recorders are available, or in high sound attenuation environments with relatively low 

sample sizes. The loss of recorded signals that were too faintly detected, or that were not 

detected on all three recorders was tremendous. Furthermore, such an approach requires 

considerably more sensors than were used in this study, as 3 sensors would be needed 

per sample location. If only a few recorders are available, the amount of effort required to 

shift recorders as was done in this study, until a sufficient number of survey points were 

sampled, would be considerable. Therefore, this method should only be used when many 

sensors can be deployed simultaneously – something that may not be practical in many 

situations.  
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This study demonstrated the advantages of each method examined, and exposed 

flaws that may have been overlooked in previous studies, likely because the data to truly 

assess the performance of these methods were unavailable. Not only did this study 

demonstrate how these methods can be successfully applied to other marine mammal 

species, and vocalization types, by comparing results to a full count of animals within the 

study area, it provided valuable insight into the context within which each method may or 

may not be suitable for a given marine mammal population and location – something that 

has not been done before, and something that is hoped will prove useful to future studies.  

At relatively small scales, such as in the case of this study, methods that provide 

instantaneous abundance estimates would be preferable to managers seeking, for 

example, to examine the short-term effects of an event, such as a harmful algal bloom. 

However, for general population management, methods that provide an abundance 

estimate over a longer period might be more useful. In the latter case, both traditional 

capture-recapture methods and SECR would be suitable approaches, provided that one 

can distinguish between animals. This study was conducted over only 25 days, but 

estimates over longer periods, such as seasonal abundance, can easily be obtained with 

these methods by extending sampling duration.   

Collectively this research can be used to inform both abundance estimation 

approaches and studies aimed at examining or mitigating the effects of noise on marine 

mammals. For example, if one wanted to investigate the effects of brief, intense 

underwater noise production, such as seismic exploration by the oil and gas industry, on 

marine mammal presence in an area, instantaneous abundance could be estimated both 

before and after this event. Similarly, if one wanted to estimate abundance of animals in 

a noisy area, a better understanding of their acoustic behavior in such an environment 

would be helpful in planning fieldwork, such as deployment length or time period. It is 

hoped that these results will prove useful to both population managers and scientists 

seeking to do similar research in other locations, either on the bottlenose dolphin, or other 

marine mammal species. 
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