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Abstract 

Passive acoustic monitoring can be used to detect and classify whales. In the Gulf of St. 

Lawrence, endangered blue (Balaenoptera musculus) and sei (Balaenoptera borealis) 

whales are acoustically monitored in near real-time; however, their similar vocalizations 

can hinder species discrimination. To determine whether blue whale misclassification 

could be reduced in a region with irregular sei whale presence, a new blue whale call 

library for automated detection and classification and revised detection protocols were 

implemented during the 2025 monitoring season. Comparing detections from 2025 to 

previous monitoring seasons (2022-2024), before both advancements, showed that days 

with sei whale acoustic presence decreased, and days with blue whale acoustic presence 

increased. Modelling analyses revealed blue whale acoustic detections can vary 

depending on season and location. Overall, misclassifications were reduced, and blue 

whale call discrimination was improved, which is important as detections are used to 

monitor these species and must accurately reflect their presence. 
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Introduction 

1.1 Species discrimination 

Species identification is fundamental ecological information (Elphick, 2008; 

Solow et al., 2012). Researchers have been able to discriminate between species, 

including morphologically similar ones, for centuries using resources such as visual 

observations, photographs, and field guides to identify the distinguishing features of an 

organism (Egerton, 2015; Farnsworth et al., 2013). Positive species identifications 

obtained from these visual methods can be used to estimate densities (e.g., Barlow & 

Taylor, 2005), study behaviour (e.g., Machado & Cantor, 2022), or track individuals 

over long time-scales, which provides fundamental information on life-history, social 

structure, or fitness, for example (Clutton-Brock & Sheldon, 2010). However, visual-

based discrimination methods can be ineffective for cryptic species or unfeasible in 

certain environments, at night, or during difficult weather conditions (Austen et al., 

2016; Fitzpatrick et al., 2005; Mellinger & Barlow, 2003; Ross et al., 2023; Smith et al., 

2022). Nevertheless, accurate species-level data are important for effective population 

monitoring, especially for endangered species (e.g., Campbell et al., 2002; Fenton, 1997; 

Rodrigues et al., 2006), as misinformed conservation decisions based on uncertain 

species identification can have economic consequences (e.g., Solow et al., 2012). 

An alternative to visual species discrimination is acoustic discrimination, 

whereby species-specific sounds are identified in acoustic recordings. Acoustic data for 

ecological monitoring is often collected using passive acoustic monitoring (PAM) 
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because it offsets some of the challenges associated with visual observations; PAM is an 

autonomous, non-invasive method that does not risk the safety of field observers, disrupt 

organisms, or depend on weather or daylight conditions (Mellinger et al., 2007; Smith et 

al., 2022). PAM also offers flexibility when designing sampling schemes, so depending 

on the acoustic platform and deployment duration, data can often be collected 

continuously, across large spatio-temporal scales, and/or in remote environments (Aide 

et al., 2013; Baumgartner et al., 2013, 2014; Gibb et al., 2019; Mellinger et al., 2007; 

Van Parijs et al., 2009). These advantages have opened up the opportunity to monitor a 

broad range of taxa, including fish (e.g., Bolgan et al., 2023); amphibians and insects 

(e.g., Aide et al., 2013); birds (e.g., McIlraith & Card, 1997); and mammals (e.g., 

Parsons & Jones, 2000; Wrege et al., 2017), including marine mammals (e.g., Davis et 

al., 2020; Kowarski et al., 2025).  

Using PAM for acoustic species detection and discrimination can facilitate 

important contributions to ecological monitoring (Ross et al., 2023). Studies have used 

PAM to, for example, cost-effectively estimate biodiversity and species richness, 

achieving 70 times more detections than visual monitoring (Bell & Malerba, 2025), 

assess decade-long distribution shifts (Davis et al., 2020), or characterize the habitat 

(Johnson et al., 2025) of baleen whale species, and show sperm whale (Physeter 

macrocephalus) relocation away from the site of an oil spill (Ackleh et al., 2012). 

However, challenges still exist when using PAM; the absence of acoustic observations 

does not necessarily mean the species is absent, gleaning density estimates can be more 

difficult, and target sounds can be masked by environmental or anthropogenic sounds 

(Barlow & Taylor, 2005; Mellinger et al., 2007; Ross et al., 2023). 
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Species identification using PAM data first developed in bird research, where 

species are discriminated based on the unique and diagnostic acoustic features of their 

calls and call repertoires (Podos & Webster, 2022). Species-specific calls can vary 

across a range of acoustic features, including but not limited to the frequency, duration, 

amplitude, pattern, slope, inter-note intervals (INI) or shape on a spectrogram 

(Baumgartner and Mussoline, 2011; Podos and Webster, 2022; Wilder et al., 2022). 

Acoustically identifying species in this way has become the standard across PAM 

applications (e.g., Fenton, 1997); however, acoustic discrimination between species can 

be challenging when they co-occur and their call features overlap, which can lead to 

species misclassification. The inability to effectively differentiate between vocally 

similar species is especially problematic when monitoring endangered populations, as 

conservation measures rely on accurate species-specific detection and classification 

(Campbell et al., 2002; Rodrigues et al., 2006; Wood et al., 2024).  

 The gold standard of acoustic species discrimination is manual analysis by a 

trained human analyst. This involves listening to recorded or live audio and identifying 

the specific features of species calls or songs in audio spectrograms (e.g., Baumgartner 

& Mussoline, 2011). Manual analysis enables both visual and aural signal examination, 

as well as analysis of sounds inside and outside the human hearing range. Sounds 

outside the human range are identified by speeding up or slowing down a recording or 

inspecting a spectrogram. This is particularly important for marine mammal monitoring, 

since many produce sounds both above and below the human hearing range (Smith et 

al., 2020; Thomas et al., 2020). Manual analysis is a reliable method of acoustic species 

discrimination; however, manual analysis of large (i.e., months-long) PAM datasets can 



 

 4 

be laborious, time-consuming, and subjective (Baumgartner & Mussoline, 2011; Gibb et 

al., 2019). 

Many automated programs have been developed and tested for marine mammal 

species detection and classification in acoustic data to increase the efficiency of acoustic 

data analysis (e.g., Baumgartner & Mussoline, 2011; Bermant et al., 2019; Buchan et al., 

2020). In this case, detection refers to the process of identifying acoustic signals, and 

classification refers to assigning species identifications to the signals. Optimizing 

automated programs to determine species occurrence in acoustic data requires successful 

detection and classification, where both missed detections (missing signals altogether) 

and misclassifications (detected signals being misattributed to an incorrect species) are 

minimized to the extent possible. Techniques including neural networks (Bermant et al., 

2019; Potter et al., 1994; Rasmussen & Širović, 2021; Shiu et al., 2020), Hidden 

Markov Models (e.g., Buchan et al., 2020; Trawicki, 2021), and discriminant function 

analyses (e.g., Baumgartner & Mussoline, 2011) are popular, as they reduce the 

processing time required for data analysis by efficiently and effectively detecting and 

classifying signals when compared to manually analyzed data.  

The detection and classification abilities of these programs are promising and, in 

some cases, similar to those of manual analysis. A convolutional neural network-based 

click detector developed and tested using manually annotated sperm whale click data 

showed 99.5% detection accuracy, and, using other neural network methods, 93.6-

97.5% and 93.1-95.3% accuracy at classifying sperm whale coda types and vocal clans, 

respectively (Bermant et al., 2019). Likewise, a Hidden Markov Model was 83.5% 

accurate at detecting and classifying blue whale vocalizations when tested against 
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manually annotated data (Buchan et al., 2020). The low frequency detection and 

classification system (LFDCS; Baumgartner & Mussoline, 2011) correctly detected 54% 

and 48% of sei whale (Balaenoptera borealis) and North Atlantic right whale 

(Eubalaena glacialis; hereafter NARW) call detections (therefore missed 46% and 

52%), respectively, and correctly classified 65% and 52% of sei and NARW calls 

(therefore misclassified 35% and 48%), respectively, compared to manually analyzed 

data. Though these performance statistics may seem low, Baumgartner & Mussoline 

(2011) also found that due to inter-analyst subjectivity, manual analysis resulted in 

missed detection rates ranging from 38-54% and misclassification rates ranging from 7-

73%, compared to the principal analyst, for both species. This demonstrates that 

automated program performance can be on par with manual analysis, while significantly 

reducing the processing time required for acoustic analyses.  

1.2 Sei and blue whales in the Northwest Atlantic 

An example of a challenging acoustic discrimination problem in the Northwest 

Atlantic Ocean is the monitoring, detection, and classification of sei whales and blue 

whales (Balaenoptera musculus). Sei and blue whales often have overlapping ranges 

and can therefore co-occur in acoustic monitoring records. Sei whales are assessed as 

Endangered by the Committee on the Status of Endangered Wildlife in Canada 

(COSEWIC, 2019). The Northwest Atlantic sei whale population is estimated to contain 

fewer than 1000 individuals (COSEWIC, 2019; Thomas et al., 2016). The population 

was deemed Data Deficient by COSEWIC until 2019 when it was reassessed as 

Endangered (COSEWIC, 2019), but is still relatively under-researched compared to 

other whale species (Prieto et al., 2012). Sei whales are shelf-break associated species 
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regularly visually and acoustically detected in offshore waters along the Scotian Shelf 

and off the coast of Newfoundland into the Labrador Sea, as well as in the Gulf of 

Maine (Baumgartner et al., 2008; COSEWIC, 2019; Davis et al., 2020; Delarue et al., 

2022; Gomez et al., 2020; Horwood, 1987; Macklin et al., 2024; Prieto et al., 2014). 

Stranding data indicate sei whales occasionally occur in the Gulf of St. Lawrence 

(GoSL) (COSEWIC, 2019), though extensive aerial surveys and boat-based visual 

observations over the past decade suggest their occurrence to be rare in this inland sea 

(COSEWIC, 2019; Johnson et al., 2021). Sei whales have the ability to forage on 

diverse prey, including copepods, euphausiids, and occasionally schooling fish or squid 

(COSEWIC, 2019; Horwood, 1987; Prieto et al., 2012). In the North Atlantic, they 

primarily feed on Calanus finmarchicus copepods, which are thought to drive their 

distribution into and within inland regions, for example, in the Gulf of Maine 

(Baumgartner et al., 2011; Payne et al., 1990; Prieto et al., 2012). 

The Northwest Atlantic blue whale population is estimated to not exceed 250 

mature individuals (COSEWIC, 2012; Rocha et al., 2015; Thomas et al., 2016). They 

are listed as Endangered under the Canadian Species At Risk Act (SARA) (Fisheries 

and Oceans Canada, 2020). Blue whales frequent the coast of Newfoundland and the 

Scotian Shelf, similarly to sei whales, as well as the GoSL, unlike sei whales. Within the 

GoSL, they occur in the St. Lawrence Estuary between the Gaspé Peninsula and 

Québec, as well as in the Honguedo Strait between the Gaspé Peninsula and Anticosti 

Island (Beauchamp et al., 2009; Indeck et al., 2024; Lesage et al., 2017; Moors-Murphy 

et al., 2019; Ramp & Sears, 2013; Simard et al., 2016). Blue whales in the GoSL feed on 

euphausiid aggregations in this region (Beauchamp et al., 2009; Gavrilchuk et al., 2014).  
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 Both sei and blue whales can be acoustically monitored because each produces a 

repertoire of species-specific vocalizations; however, some acoustic features of one call 

type common to both species, the downsweeping call, overlap. Sei and blue whales 

produce downsweeping calls from frequencies of 30-80 Hz, and 25-150 Hz, 

respectively, within the human audible frequency range (Baumgartner et al., 2008; 

Calderan et al., 2014; Cerchio & Weir, 2022; Español-Jiménez et al., 2019; Macklin et 

al., 2024; Ou et al., 2015; Rankin & Barlow, 2007; Tremblay et al., 2019). Blue whales 

produce a repertoire of both audible calls (within the human audible range) and 

infrasonic calls (outside this range, typically between 10-20 Hz), and there is more 

variability in the shape of audible calls produced by blue whales, including those which 

can overlap with the stereotyped shape of sei whale downsweeps (Berchok et al., 2006; 

Boisseau et al., 2008; Mellinger & Clark, 2003; Thompson et al., 1996). Consequently, 

these species can be difficult to discriminate in acoustic recordings (Delarue et al., 2022; 

Macklin et al., 2026; Ou et al., 2015). In addition to sharing similar acoustic features in 

some call types, seasonal patterns in call production are similar for both species (Davis 

et al., 2020; Moors-Murphy et al., 2019; Wingfield et al., 2022).  

 To reduce species misclassifications in these species, researchers have used 

various methods of analyzing audio data within which both species were anticipated to 

be present, including identifying the similar vocalizations manually when validating 

automated detections (Delarue et al., 2022) and assessing the surrounding acoustic data 

for species-specific call types or patterns (i.e., the context) (Baumgartner et al., 2021, 

2020, 2019, 2013; Wilder et al., 2022). Ou et al. (2015) used a Pseudo Wigner-Ville 

distribution (PWVD) to create and visualize spectrograms at a higher time-frequency 
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resolution than traditional spectrograms, which revealed fine-scale time-frequency 

differences between similar sei, blue and fin whale downsweeps, increasing the call 

characteristics available to differentiate between the calls. This is a promising technique, 

but the elevated computational requirement of the PWVD makes it impractical to 

implement in large datasets or when efficient data processing is required, such as PAM 

in near real-time. 

1.3 Near real-time monitoring for marine mammal conservation 

Near real-time PAM can provide reliable, efficient species detection and 

classification data from hydrophones integrated with autonomous ocean platforms (e.g., 

moored buoys or underwater electric gliders). In this approach, passive acoustic data are 

sent to shore-based servers via satellite or undersea cabling, where human analysts 

regularly validate and disseminate the information for immediate use (e.g., triggering 

government management measures).  

Near real-time PAM presents additional challenges for detection and 

classification than typical PAM, which uses archived audio (Baumgartner et al., 2013; 

Gibb et al., 2019; Kowarski et al., 2020), or PAM via cabled observatories, which is 

limited to near-shore monitoring (Yurk et al., 2023). Due to the expense of transmitting 

large volumes of data via satellite, acoustic processing software typically operates on the 

platform, and only a fraction of the data available from the recorded audio files is sent to 

shore (Baumgartner et al., 2013, 2020, 2021; Gibb et al., 2019; Kowarski et al., 2020). 

Different research programs deal with this data transmission restriction differently. The 

near real-time monitoring approach developed by Baumgartner et al. (2013) uses a 

contour-based detection and classification algorithm to detect tonal sounds and classify 
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baleen whale species (Baumgartner & Mussoline, 2011). The data products sent to shore 

are the contours of high-amplitude sounds (so-called pitch tracks), and classification 

data (Baumgartner et al., 2013; Baumgartner & Mussoline, 2011). Another system ranks 

candidate detections from the detector-classifier by priority (i.e., endangered species 

highest) and transmits only the highest priority candidate detections in the form of 

contour tracings until the data limit is reached (Kowarski et al., 2020).  

Additionally, the computational power of the processing software on the 

platform is limited by battery power (Baumgartner et al., 2019, 2021). Since platforms 

used for near real-time monitoring are most beneficial when deployed for long periods 

of time (weeks to months), more sophisticated approaches to deal with species 

discrimination (i.e., machine learning algorithms or the PWVD employed by Ou et al. 

(2015)) are not yet practical to run onboard autonomous vehicles. In general, there is 

less visual information available for analysts in near real-time than during manual 

analysis, no acoustic information, and pitch tracks or candidate detections are only sent 

up until a data limit that balances the trade-offs associated with the cost of data transfer, 

is reached, so missed detections are possible (Baumgartner et al., 2019, 2020, 2021; 

Kowarski et al., 2020).  

As such, discriminating between species with similar call features can be a 

bigger challenge in near real-time than it is in traditional PAM. This is because the 

restrictions of near real-time data transfer, described above, limit the amount and quality 

of data available to researchers on shore (Baumgartner et al., 2013, 2019, 2021; 

Kowarski et al., 2020). For example, archival audio data, typically reviewed during 

traditional PAM data analysis, is too large to transmit via satellite (Kowarski et al., 
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2020). In addition, the system developed by Baumgartner & Mussoline (2011), for 

example, only pitch tracks sounds louder than 10 dB above background. Any quiet 

signals are undetected, meaning that faint calls that would typically provide additional 

context in support of species identifications during manual analysis, are not available in 

near real-time (Baumgartner et al., 2013, 2019, 2021). As well, the visual information 

available to analysts in near real-time is only contour-based representations of the sound 

(Baumgartner et al., 2013, 2019; Kowarski et al., 2020) and therefore does not provide 

as much information on call shape as audio data, especially when low-amplitude calls or 

interfering noise result in poor pitch tracks (Baumgartner et al., 2019, 2021). Missing or 

poor-quality information means similar species calls may not be discernible in near real-

time data, and species misclassifications are possible. 

Near real-time monitoring is important to continue developing because it has 

facilitated advancements in marine mammal conservation (e.g., Indeck et al., 2025b). 

For example, near real-time species detections can be relayed to stakeholders (e.g., 

Indeck et al., 2025a; Indeck et al., 2025b; Sanguineti et al., 2021; Van Parijs et al., 2009) 

to help mitigate human activities around endangered cetacean species where and when 

they are detected (e.g., COSEWIC, 2012, 2013, 2019; Laist et al., 2001; Vanderlaan et 

al., 2009). The approach to near real-time monitoring described in Baumgartner et al. 

(2013) has been adopted by many research groups along the coasts of Canada and the 

United States to create an informal network for conserving NARWs (e.g., Indeck et al., 

2025a; “Robots4Whales,” n.d.). Our research group applies this approach in the 

Laurentian Channel (LC), a deep channel bisecting the GoSL where a heavily trafficked 

shipping route connects all Eastern Canada’s major cities (i.e., Toronto, Montreal, and 
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Quebec City) to the rest of the world. In this area, near real-time detections of the 

critically endangered NARW trigger mandatory 15-day regional speed limits to reduce 

the risk of lethal ship strike (Indeck et al., 2025a; Transport Canada, 2026a, 2026b). 

Although slowdowns are only implemented when NARWs are acoustically or visually 

detected, species such as sei and blue whales are similarly susceptible to the threat of 

ship strike and are also acoustically monitored in the GoSL. 

1.4 Study objectives 

The ability to collect accurate near real-time acoustic data on sei and blue whales 

would expand our understanding of their occurrence in the Northwest Atlantic and 

advance scientific monitoring of these species in the future. As a precursor to this study, 

near real-time detections of sei whales from glider-based acoustic monitoring missions 

in the GoSL, collected following the near real-time process outlined by Baumgartner et 

al. (2013), were manually re-analyzed using the recorded audio after the gliders were 

recovered. It was found that almost all (97%) sei whale near real-time detections were 

misclassifications- most (91%) of the detections contained definite or probable evidence 

of blue whale acoustic presence (MacDonald, 2025). This analysis demonstrated that the 

similar call features of the two species resulted in sei and blue whales being over- and 

underrepresented, respectively, during near real-time acoustic monitoring surveys. This 

was because former near real-time detection protocols lacked a reliable way to 

discriminate between these two species. 

The objective of my M.Sc. thesis was to determine whether I could improve the 

near real-time acoustic detection of blue whales in a region with irregular sei whale 

presence, considering their similar call features. I refined the near real-time detection 
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protocols for blue and sei whales in the region and tested the species-discriminating 

ability of a new blue whale call library for automated detection and classification during 

the 2025 monitoring season. Near real-time detections of both species observed in 2025 

were compared to detections from the previous three years’ (2022-2024) monitoring 

missions in the same region, to broadly identify differences in detections, and determine 

whether species detection was improved.  

  Additionally, variability in blue whale near real-time detections has never been 

analyzed in this region. Therefore, another goal for this thesis developed as new data 

became available, which was to examine if any of the following factors are related to 

blue whale near real-time detections and call type use. The relationships between 

seasonal, locational, and annual differences and blue whale acoustic presence were 

assessed by modelling blue whale near real-time detections, and differences in call type 

use across seasons were examined.  
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Methods 

2.1 Data collection 

2.1.1 Study system 

This study focuses on near real-time PAM using underwater gliders deployed 

annually in the Laurentian Channel (LC) in the Gulf of St. Lawrence (GoSL). A portion 

of the LC is split into dynamic shipping zones (DSZs) A, B, C and E to facilitate area-

restricted speed limits under Transport Canada's dynamic management strategy to 

mitigate ship strikes to NARWs (Indeck et al., 2025a; Transport Canada, 2024) (Figure 

1). DSZ D is also dynamically managed but is outside the LC and will not be considered 

further because no acoustic data were collected there (Figure 1). In collaboration with 

Transport Canada, the DSZs in the LC have been seasonally monitored for baleen whale 

acoustic presence in near real-time since 2020 (Indeck et al., 2025a; Transport Canada, 

2026b), providing an opportunity to examine sei and blue whale near real-time acoustic 

occurrence. 



 

 14 

 

 

Figure 1: Map of the Gulf of St. Lawrence, Canada, depicting the five Dynamic 

Shipping Zones in teal boxes located in the Laurentian Channel, which runs through the 

center of the Gulf.  

 

2.1.2 Monitoring platforms 

Acoustic monitoring of the DSZs was conducted using battery-powered Slocum 

G3 and G3s electric underwater gliders (Teledyne Webb Research) (Figure 2). During 

deployments in the LC, the gliders move at a speed of ~0.15 m/s along pre-programmed 

tracks through the DSZ(s), performing sawtooth dives in the water column. All gliders 

are equipped with a digital acoustic monitoring (DMON) hydrophone and the Low 

Frequency Detection and Classification System (LFDCS) audio processing firmware 

(see Section 2.1.3 for system description) (Baumgartner et al., 2013). The hydrophones 

record and archive audio continuously throughout the deployment at a sampling rate of 
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2 kHz, which is sufficient to capture the audible vocalizations of many baleen whale 

species, including sei and blue whales. Archived audio is available upon retrieval of the 

gliders at the end of each deployment.  

 

 

Figure 2: Example of a Slocum glider (Teledyne Webb Research) with a DMON 

hydrophone attached to the front (left). Photo credit: Jude Van Der Meer (2024).  

 

2.1.3 Low-frequency detection and classification system description 

The LFDCS software identifies narrowband (i.e., tonal) sounds in recorded audio 

over an amplitude threshold of ≥10 dB above background noise and creates ‘pitch 

tracks’ of these sounds (Baumgartner & Mussoline, 2011). Seven attributes related to 

the temporal, frequency, and shape characteristics of each pitch track are extracted, and 

a quadratic discriminant function analysis is used to classify pitch tracks by statistically 

comparing their attributes to those of call exemplars contained in species-specific call 

libraries (Baumgartner et al., 2013; Baumgartner & Mussoline, 2011). Before this 

project, the LFDCS contained call libraries for sei, fin (Balaenoptera physalus), 
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humpback (Megaptera novaeangliae), and NARWs (Baumgartner et al., 2013), but until 

2025, not blue whales (see Section 2.1.5). Each species-specific call library contains one 

or more call types (i.e., an assemblage of recorded exemplars with similar acoustic 

features). The ‘quality’ of classifications is judged by calculating the Mahalanobis 

distance (MD), a measure that represents the statistical similarity between a pitch track 

and its classified call type. An MD of < 3 indicates that the pitch track matches the 

given call type well and was the threshold used here (Baumgartner & Mussoline, 2011). 

Pitch tracks with an MD > 3 and, therefore, higher classification uncertainty, were left 

unclassified. In this way, detected whale calls can be classified as the correct species, 

misclassified as an incorrect species, or unclassified by the LFDCS. Similarly, non-

whale sounds can be correctly left unclassified or misclassified as any of the whale 

species in the library.    

2.1.4 Near real-time detection and validation of baleen whales 

All gliders also used an Iridium satellite modem that enabled near real-time data 

transmission. As established in Baumgartner et al. (2013), the gliders were programmed 

to surface every ~4-6 hours and sent a subset of pitch track data and LFDCS 

classifications (up to a maximum of 8 kb per hour) in 15-minute chunks called ‘tally 

periods’, to onshore servers. Once daily, trained human analysts validated all tally 

periods, assessing their associated pitch tracks and classifications according to published 

near real-time species detection protocols (Wilder et al., 2022). Each tally period was 

scored as either ‘detected’, ‘possibly detected’ or ‘not detected’ for each species 

monitored (see the following paragraph) (Baumgartner et al., 2013; Wilder et al., 2022). 

Tally periods were scored systematically based on the LFDCS species classification data 
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and features of each pitch track, including the relative amplitude, shape, and context 

(e.g., isolation from other sounds or absence of similar calls from other species). The 

date, time, and detection score for every tally period across the entirety of each 

deployment were all accessible on the public-access website Robots4Whales soon after 

validation. 

The near real-time species detection protocols followed for validations are 

standardized protocols developed by the National Oceanic and Atmospheric 

Administration's Northeast Fisheries Science Center’s (NOAA NEFSC) Passive 

Acoustics Group and Woods Hole Oceanographic Institution (WHOI) and are used 

throughout the Northwest Atlantic (Baumgartner et al., 2020, 2019; Indeck et al., 2025a; 

Wilder et al., 2022). In an effort to be conservative and minimize false detections, 

periods can only be scored detected when standardized acoustic evidence that is 

diagnostic of a given species is present (Baumgartner et al., 2019). The original species 

detection protocols were created for sei, fin, humpback and NARW validation. Without 

a blue whale call library, prior to 2025, blue whale acoustic presence was scored 

opportunistically (i.e., without supporting LFDCS classifications) in the GoSL. A 

protocol to opportunistically but systematically score blue whale acoustic presence was 

developed in 2022 and has been implemented during monitoring deployments ever 

since; prior to 2022, blue whale opportunistic detections were not systematic.  

2.1.5 Sei and blue whale calls and call libraries 

 This study focused on sei whale downsweeps (1-2 seconds in duration, 80-30 Hz) 

since they are characteristic sei whale calls commonly used to identify the species in 

acoustic data from the Northwest Atlantic (Baumgartner et al., 2008; Davis et al., 2020; 
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Delarue et al., 2018; Macklin et al., 2024), including by the LFDCS (Baumgartner et al., 

2013; Baumgartner and Mussoline, 2011; Wilder et al., 2022). The LFDCS sei whale 

call library divides sei whale downsweeps into three unique call types, labelled 1 

through 3, representing ‘Downsweeps’ (approximate frequency range: 130-25 Hz)), 

‘High downsweeps’ (130-50 Hz) and ‘Long downsweeps’ (95-30 Hz), respectively (see 

Figure 1A of the Appendix). The call exemplars included in the sei whale library were 

recorded in the northwest Atlantic Ocean, including the Gulf of Maine, Davis Strait and 

Mid-Atlantic Bight (Baumgartner & Mussoline, 2011).  

 In addition to the temporal and frequency characteristics contained in the sei whale 

call library, the shape (concave-up on a spectrogram) and pattern of call production are 

also diagnostic features of sei whale downsweeps (Baumgartner et al., 2008; Macklin et 

al., 2024; Wilder et al., 2022). These features were considered in the protocol refinement 

stage of this study. Sei whale downsweeps are often observed as singlets (one call), but 

also as doublets (two calls in succession) or, less commonly, triplets (three calls in 

succession) (Baumgartner et al., 2008; Macklin et al., 2024; Wilder et al., 2022). The 

inter-note interval (INI) between doublet and triplet calls is 3.5 seconds in the Gulf of 

Maine (Baumgartner et al., 2008) and 2-2.5 seconds off the Scotian Shelf (Macklin et 

al., 2024).  

 Blue whales can produce different types of both audible and infrasonic calls, both 

of which are commonly used to identify and diagnose blue whales in acoustic data in the 

Northwest Atlantic (e.g., Davis et al., 2020; Delarue et al., 2022; Simard et al., 2016). 

However, since the acoustic features of some blue whale audible downsweeps (generally 

called ‘D calls’;1-6 seconds in duration, 150-25 Hz) overlap with those of sei whale 



 

 19 

downsweeps, audible calls were the primary focus of this study. Another type of audible 

call produced by blue whales is the ‘Arch call’, which is often produced in bouts 

(Mellinger & Clark, 2003). This call has a longer duration and an arched shape that 

begins from approximately 65-77 Hz, peaks in frequency around 72-90 Hz, then 

descends to 30-41 Hz (Boisseau et al., 2008; Mellinger and Clark, 2003; Wilder et al., 

2022). Concave-down D calls and arch calls can unambiguously indicate blue whale 

acoustic presence (Berchok et al., 2006; Mellinger and Clark, 2003; Wilder et al., 2022).  

The LFDCS had not been used to detect and classify blue whale audible calls 

prior to 2025, since there was no blue whale audible call library until one was developed 

in 2024 (DFO 2024, unpublished). The library contains five call types, labelled 30 

through 34, representing ‘Short downsweeps’, ‘Medium downsweeps’, ‘Arch’ calls, 

‘Steep downsweeps’, and ‘Long downsweeps’, respectively, all of which fall within the 

same frequency range (~20-110 Hz) as the downsweeps in the sei whale call library. 

Descriptions and visual representations of these call types can be found in Table 1A and 

Figure 2A of the Appendix. The exemplars in this library consisted of blue whale calls 

recorded in waters off eastern Nova Scotia, Newfoundland, and the GoSL (Babin et al., 

2025; DFO 2024, unpublished).  

The new blue whale library was evaluated using a canonical discriminant 

function analysis to compare sei and blue whale call types in their respective LFDCS 

libraries (Appendix Figure 3A, MacDonald, 2025). This analysis showed that some 

similarity exists between the LFDCS sei and blue whale call types; specifically, there 

was overlap between sei whale ‘Long downsweeps’ (call type 3) and blue whale ‘Short 

downsweeps’ (call type 30). These instances of overlap indicate where the LFDCS may 
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have trouble differentiating between call types and, therefore, species. Additionally, the 

ability of LFDCS to correctly classify blue whale calls with the library was pre-tested on 

manually annotated archival data (MacDonald, 2025) before use in the field in near real-

time (this study, Section 2.1.7). This resulted in the LFDCS correctly classifying one or 

more blue whale calls in 31% of periods known to have ‘Definite Blue whale’ acoustic 

presence. This provides a baseline prediction for the efficacy of the library in the field, 

indicating that ~30% of periods with unambiguous blue whale acoustic presence may 

have associated LFDCS classifications. Regardless, classifications are objective 

statistical support for species acoustic presence that are important to include in near real-

time decision making. 

Although blue whale audible calls were the primary call type considered in this 

study, infrasonic calls still provide information on the acoustic presence of blue whales 

and can be detected (just not classified) by the LFDCS. Infrasonic calls are low 

frequency (15-19 Hz),  ~8-11-second calls produced only by males and, therefore, likely 

serve a reproductive function (Berchok et al., 2006; Boisseau et al., 2008; Mellinger & 

Clark, 2003; Oleson et al., 2007).  

2.1.6 Updates to the near real-time detection procedure  

I revised the near real-time species detection protocols for both sei and blue 

whales in the GoSL prior to the 2025 monitoring season. Protocol updates were 

informed by manual analysis, which found that blue whale acoustic presence was 

frequently misclassified as sei whale acoustic presence in the GoSL from 2020-2023 

(MacDonald, 2025). Since the sei whale near real-time detection protocol was 

developed based on species occurrence in the Gulf of Maine, where these whales are 
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known to occur on a regular, seasonally-influenced basis (COSEWIC, 2019; Davis et 

al., 2020; Delarue et al., 2022; Johnson et al., 2021), using the same protocol in the 

GoSL, where visual and acoustic detections are irregular and unpredictable, could have 

contributed to the observed overestimated acoustic presence of the species in the GoSL 

(MacDonald, 2025). For example, since the original sei whale protocol only required 

one or two classified sei whale downsweeps to score a tally period possibly detected 

(Wilder et al., 2022), if the LFDCS misclassified one blue whale D call as a sei whale 

downsweep, following the original protocol would result in misclassifying the entire 15-

minute tally period.  

 As such, it was necessary to make the sei whale protocol more conservative for the 

GoSL region. Therefore, as per the updated protocol, only a characteristic doublet or 

triplet (with an INI no greater than 3.5 s) is strong enough evidence to score a sei whale 

as detected. Additionally, the 3+ classified singlet threshold can now only be used to 

score the species as possibly detected, as archival analyses found that some tally periods 

containing as many as 6 LFDCS-classified sei whale singlets in near real-time were 

classified as blue whale manually (MacDonald, 2025). The updated sei whale protocol is 

compared with the previous protocol in Table 1. 
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Table 1: Criteria used to score tally periods as either detected or possibly detected for 

sei whales in the GoSL, before and after detection protocol modifications in early 2025.  

 Original 2025 

Detected 

1+ classified singlet within 

a doublet/triplet (INI = 3.5 

seconds) OR 3+ classified 

singlets 

1+ classified calls within a 

doublet/triplet occurring with an 

INI of 2-2.5 or 3.5 seconds 

Possibly 

detected 
1-2 classified singlets 3+ classified singlets 

 

 

With the addition of the blue whale call library, it was necessary to incorporate 

criteria for validating tally periods with LFDCS-classified blue whale calls, to make 

scoring blue whale acoustic presence more objective. A single LFDCS-classified blue 

whale call was considered sufficient evidence to score a tally period detected for blue 

whales, since manual analysis with the new blue whale call library (see Section 2.1.5) 

found that all tally periods containing at least one LFDCS blue whale classification were 

confirmed to have either definite (89%) or probable (11%) blue whale acoustic presence 

(MacDonald, 2025). It was also necessary to make the criteria for scoring unclassified 

blue whale calls less restrictive after finding that blue whale acoustic presence was 

underrepresented using the original near real-time detection protocols (MacDonald, 

2025). Both of these updates to the blue whale protocol are shown and compared with 

the previous protocol in Table 2.  
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Table 2: Criteria used to score tally periods as either detected or possibly detected for 

blue whales in the GoSL, before and after call library implementation and detection 

protocol modifications in early 2025.  

 Original (2022-2024) 2025 

Detected 

3+ arch calls OR 

3+ D calls with at least 2 

being concave-down 

1+ arch call(s) or 1+ concave-

down D call(s) if classified OR 

2+ arch calls or 2+ D calls with at 

least 1 being concave-down if 

unclassified 

Possibly 

detected 

1-2 arch calls OR 

2+ D calls with at least 1 

being concave-down 

1 unclassified arch call OR 1 

unclassified concave-down D call 

 

 

Up until 2025, there was no standardized protocol for systematically scoring blue 

whale acoustic presence based on infrasonic calls in the GoSL; blue whales were 

therefore only ever scored opportunistically as possibly detected when these calls were 

detected. Recent protocol updates to maximize blue whale detections in the GoSL, 

outside of the present study, enabled analysts to use infrasonic calls for both detected 

and possibly detected scoring decisions. 2025 is therefore the only year with 

standardized blue whale infrasonic call detections. 

2.1.7 Field deployments  

Glider missions from 2022-2025 are included in this study because blue whale 

detections were not systematically validated during monitoring deployments prior to 

2022. Nine missions were completed: six from 2022-2024 and three in 2025. The 

deployment and recovery dates of each deployment, as well as the DSZ(s) each glider 
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monitored, are displayed in Table 2A in the Appendix. During a deployment, each glider 

made transits across the DSZ it was programmed to monitor based on annual monitoring 

plans established by Transport Canada. When gliders were deployed or retrieved outside 

of the DSZs, the number of days a DSZ was acoustically monitored, hereafter 

‘monitoring days’ differed from the deployment length. However, LFDCS data were 

still collected and validated in near real-time when the gliders were outside of the DSZs, 

so these days, hereafter ‘deployment days’, were included in all analyses that did not 

consider DSZ.  

During the 2022-2024 deployments, each glider was integrated with the original 

LFDCS firmware, which only contained call libraries for sei, fin, humpback and 

NARWs. Sei whale presence was scored using the original, cross-region near real-time 

species detection protocol (Wilder et al., 2022), and blue whale presence was scored 

opportunistically but systematically, adhering to the regionally specific protocol 

developed for the GoSL in early 2022 (Wilder et al., 2022). During the 2025 

deployments, each glider contained an updated version of the LFDCS firmware, which 

contained the new blue whale call library, as well as the original four libraries. Sei and 

blue whale presence were scored according to the updated 2025 near real-time species 

detection protocols for both species. 

2.2 Data processing and analyses 

The complete near real-time detection datasets and archived audio were obtained 

post-deployment from the Robots4Whales website for all nine deployments from 2022 

to 2025. For all blue whale detections or possible detections, each tally period was 

annotated with the call type (i.e., audible or infrasonic) that was used to decide its near 
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real-time score. Tally periods with a validation score based on a combination of both 

audible and infrasonic calls were assessed separately. Three scenarios were possible: 1) 

the tally period was annotated for audible calls, if the period would have been scored the 

same in the absence of infrasonic calls following the appropriate protocol, and/or 2) the 

tally period was also annotated for infrasonic calls, if the period would have been scored 

the same in the absence of audible calls, or 3) the period was omitted from analyses if 

either call type did not alone satisfy the requirements for the validated detection score.  

2.2.1 Daily validation score analyses 

I compared near real-time daily validation scores from the years before (2022-

2024) and after (2025) the updates to determine whether the new blue whale call library 

and 2025 protocol updates impacted the number of sei and blue whale near real-time 

detections observed. First, all tally periods scored possibly detected (2022-2025) or 

detected (2025) for blue whales that were annotated for infrasonic calls were excluded 

from this analysis. Prior to 2025, there was no formal protocol for systematically scoring 

blue whale presence using infrasonic calls, so tally periods that were scored 

opportunistically due to infrasonic calls were excluded for consistency. Then, I 

determined the number of days that contained one or more tally periods scored detected 

or possibly detected by an analyst in near real-time for sei and blue whales separately 

(four score categories). As deployments varied in length, the number of days that 

contained at least one detection for each score category was divided by the total number 

of days in the deployment to standardize by deployment duration. This yielded a 

proportion of survey days of each deployment where each species was either detected or 

possibly detected at least once. With these proportions, I also determined the mean 
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proportion of deployment days with at least one detection for each score category across 

all 2022-2024 and 2025 deployments separately, so I could calculate the percent change 

(relative increase or decrease) between the mean proportions before and after the 

updates were implemented.  

I ran chi-square tests of proportions using the R package 'rstatix' (Kassambara, 

2023) to test for significant differences in the mean proportion of deployment days with 

sei or blue whale detections and possible detections before (2022-2024) and after (2025) 

the updates. Four tests were run: one each for sei and blue whale detections and possible 

detections. Chi-square tests of proportions were appropriate to assess whether the mean 

proportion of daily validation scores across the three 2025 deployments (observed) 

significantly deviated from the mean proportion of daily validation scores across the six 

2022-2024 deployments (expected). All statistical tests performed in this study were run 

in R (R version 4.5.2) and compared to a significance level of 0.05.  

2.2.2 Generalized Linear Mixed Models  

Generalized linear mixed models (GLMMs) were used to model variability in 

blue whale near real-time acoustic detections across all deployments. Temporal 

independence of acoustic observations cannot be guaranteed; for example, consecutive 

near real-time detections may result because of the same calling individual across 

multiple 15-minute tally periods. GLMMs are therefore well-suited to these data 

because they allow for the inclusion of random effects to partially account for this 

temporal non-independence. In the models run, a temporal random intercept was 

included by grouping all deployments into consecutive time bins, each annotated with a 

unique datetime or day, depending on whether the response variable was modelled by 



 

 27 

tally period or day. The bin sizes sufficiently reduced autocorrelation, confirmed using 

the ‘acf’ function in the ‘stats’ package (R Core Team, 2025) applied to the model’s 

residuals (see section 3.3). All models met the assumptions of logistic GLMMs: the 

response variables followed a binomial distribution, multicollinearity was absent, 

temporal non-independence was accounted for through the random effects structure, and 

simulated residuals were approximately uniformly distributed. Variance inflation factor 

tests, autocorrelation plots and DHARMa residual diagnostics (Hartig, 2024) were used 

to confirm these assumptions.  

 Four binomial GLMMs were run to model the probability of acoustically 

detecting blue whales before (2022-2024) and after (2025) updates to the near real-time 

validation protocols and call library. These models evaluated how locational, seasonal 

and annual differences were associated with blue whale acoustic detections across the 

two time periods. Blue whale near real-time presence (1) or absence (0) was used as the 

response variable; predictor variables included Season, DSZ, and Year (for the 2022-

2024 models only), with datetime or date included as the random effect (Table 3). For 

two of the models, individual 15-minute tally periods (TP) were used to enable finer-

scale differentiation of the relationship between predictor variables and blue whale 

detection. For the other two models, daily (D) validation scores were used; therefore, a 

deployment day was considered detected if at least one tally period contained 

unambiguous blue whale presence. For the first 2022-2024 detection model (Model 1), 

only tally periods scored detected (based on audible calls) or not detected were included 

for analysis (n= 71771 total tally periods); tally periods scored detected based on 

infrasonic calls (as infrasonic call detections were not standardized across years) or 
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possibly detected were excluded from analysis (for a breakdown of sample sizes for all 

models, see Table 3A). The equation for Model 1 was:  

𝐵𝑊 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 (𝑇𝑃) ~ 𝑆𝑒𝑎𝑠𝑜𝑛 +  𝐷𝑆𝑍 +  𝑌𝑒𝑎𝑟 + (1|𝑑𝑎𝑡𝑒𝑡𝑖𝑚𝑒) (1) 

For the second 2022-2024 detection model (Model 2), only days scored detected (i.e., 

those with ≥ 1 tally period scored detected for blue whale presence in near real-time 

based on audible calls) or not detected were included for analysis (n = 827 total days); 

days scored detected based on infrasonic calls or possibly detected were excluded from 

analysis. The equation for Model 2 was: 

𝐵𝑊 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 (𝐷) ~ 𝑆𝑒𝑎𝑠𝑜𝑛 +  𝐷𝑆𝑍 +  𝑌𝑒𝑎𝑟 +  (1|𝑑𝑎𝑡𝑒) (2) 
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Table 3: Fixed and random variables that were used in the 2022-2024 and 2025 

GLMMs as predictors of blue whale presence - the response variable.  

Variable Model Type Levels Description 

BW 

detection 

(TP) 

1, 3 Numeric 2: detected 

(1) or not 

detected (0) 

Whether blue whales were 

detected or not detected in 

each 15-minute tally period. 

BW 

detection 

(D) 

2, 4 Numeric 2: detected 

(1) or not 

detected (0) 

Whether blue whales were 

detected or not detected in ≥ 

1 tally period on a given day. 

Season 1-4 Factor 3: Spring, 

Summer, 

Fall 

Season the detection was 

recorded. Spring: April, May 

and June. Summer: July, 

August and September. Fall: 

October and November. 

DSZ 1-4 Factor 4: A, B, C, 

E 

DSZ in which the detection 

was recorded. Any tally 

periods for which the DSZ 

was unknown were removed 

from the datasets. 

Year 1,2 Factor 3: 2022, 

2023, 2024 

Year the detection was 

recorded. 

Datetime 1, 3 Factor 24 1- hour 

or 6 4-hour 

bins 

Unique date and time of the 

deployment, assigned to tally 

periods for binning them into 

either 1or 4-hour increments, 

depending on the model; used 

as the random effect to 

account for the non-

independence of detections. 

Date 2, 4 Factor Each unique 

date of the 

year  

Unique date of the year; used 

as the random effect to 

account for the non-

independence of days with 

detections. 
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The first 2025 model (Model 3) did not include Year as a predictor variable but 

incorporated an interaction between Season and DSZ to assess whether blue whale 

detectability varied with glider monitoring location and/or seasonal whale distribution 

(Table 3). As above, Model 3 only included tally periods that were scored detected 

(based on audible calls) or not detected (n= 43489 total tally periods); tally periods 

scored detected based on infrasonic calls or possibly detected were excluded from 

analysis (for a breakdown of sample sizes, see Table 3A). The equation for Model 3 

was:  

𝐵𝑊 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 (𝑇𝑃) ~ 𝑆𝑒𝑎𝑠𝑜𝑛 +  𝐷𝑆𝑍 +  𝑆𝑒𝑎𝑠𝑜𝑛 ∗ 𝐷𝑆𝑍 + (1|𝑑𝑎𝑡𝑒𝑡𝑖𝑚𝑒) (3) 

For the second 2025 model (Model 4), only days scored detected (i.e., those with ≥ 1 

tally period scored detected for blue whale presence in near real-time based on audible 

calls) or not detected were included for analysis (n = 533 total days); days scored 

detected based on infrasonic calls or possibly detected were excluded from analysis. The 

equation for Model 4 was: 

𝐵𝑊 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 (𝐷) ~ 𝑆𝑒𝑎𝑠𝑜𝑛 +  𝐷𝑆𝑍 +  𝑆𝑒𝑎𝑠𝑜𝑛 ∗ 𝐷𝑆𝑍 + (1|𝑑𝑎𝑡𝑒) (4) 

All GLMMs were fit using the ‘glmmTMB’ function from the R package 

glmmTMB (Brooks et al., 2017). Model selection was conducted using the ‘dredge’ 

function in the R package MuMln (Bartoń, 2025), allowing candidate models to be 

compared based on their corrected Akaike Information Criterion (AICc). Models within 

ΔAICC ≤ 2 were considered to have comparable support, and the best-fitting model was 

retained for interpretation. The ‘emmeans’ and ‘pairs(emmeans)’ functions in the R 

package emmeans (Lenth and Piaskowski, 2025) were used to calculate the estimated 

marginal means for each predictor variable, which were plotted, and to perform post-hoc 
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pairwise comparisons of the estimated marginal means, respectively. All calculations 

were conducted on the ‘response’ scale so that the effect estimates were back-

transformed to the units of the response variable (0 = not detected, 1 = detected, for blue 

whale presence). 

2.2.3 Blue whale call type analyses 

 To examine any seasonal patterns in blue whale call type use, I determined the 

proportion of 2025 blue whale detections that were informed by either audible or 

infrasonic calls during the spring (April 1 until June 30), summer (July 1 until 

September 30) and fall (October 1 until December 31) seasons. This analysis included 

only tally periods in which blue whales were scored detected and annotated for either 

audible or infrasonic calls (total n= 2979). As a result, only 2025 data were used, since 

this was the only year with standardized detection data for both call types. Tally periods 

scored detected due to a combination of audible and infrasonic calls were annotated 

following the procedure described in Section 2.2. Since the 2025 summer season 

included September, for monitoring purposes, it encompassed more monitoring effort (3 

months) than spring (~1.25 months) or fall (1.5 months) 2025 seasons. To account for 

these differences, I used pairwise chi-square tests in the R package 'rstatix' (Kassambara, 

2023) to calculate effort-weighted expected detections by specifying the proportion of 

days monitored each season. Each test compared the observed seasonal detection counts 

to these expected values, to determine whether call detections differed within each 

season more than what would be expected. Separate chi-square analyses were run for 

audible and infrasonic calls.  
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2.2.4 Manual analysis of 2025 archival data 

A manual analysis was performed to determine the proportion of accurately 

scored tally periods and whether sei whale presence was misclassified in 2025, to assess 

the efficacy of the new updates. I manually analyzed the archival data retrieved from the 

gliders corresponding to all tally periods that were scored possibly detected for sei 

whales in near real-time in 2025 (no periods were scored detected), as well as the 15 

minutes before and after each tally period to glean more context about the tally period in 

question. This was done by aurally and visually inspecting audio spectrograms (1024-

point fast Fourier transform (FFT), Hann window, 2.81 Hz frequency resolution, 90% 

frame-to- frame overlap) using Raven Pro (version 1.6.5, K. Lisa Yang Center for 

Conservation Bioacoustics at the Cornell Lab of Ornithology, 2026). The extra 30-

minute buffer around each tally period allowed for the examination of additional 

acoustic context to more confidently identify the species present in the target tally 

period. Audio data were listened to at five times the normal speed to make the low-

frequency calls more audible, and spectrograms were viewed in 30-second pages. 

During analysis, I annotated calls using the box annotation tool in Raven Pro. Tight 

boxes were drawn around each call so that the begin time (s), end time (s), delta time (s), 

lowest frequency (Hz) and highest frequency (Hz) of each call were recorded in 

selection tables, where the species identification of the call was also manually noted, if 

distinguishable. 

Each 45-minute period was given a manual score of either ‘sei whale’, ‘definite 

blue whale’, ‘probable blue whale’, or ‘unknown’ during manual review based on the 

characteristics of the calls and the acoustic context of the period. The period was given a 
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manual score of ‘probable sei whale’ if there were steep concave-up downsweeps 

descending in frequency from 80-30 Hz in the period, and no convincing evidence of 

blue whale presence (i.e., concave-down calls). These periods were also reviewed by 

expert acoustic analyst, Dr. Kate Indeck. The ‘definite blue whale’ manual score was 

given to a period if it contained arch or concave-down D calls. The period was manually 

scored as ‘probable blue whale’ if variable downsweeps were present (i.e., in their 

temporal and frequency characteristics), but diagnostic arch or concave-down calls were 

absent, precluding unambiguous confirmation of blue whale presence. The period was 

manually scored ‘unknown’ if it was not possible to identify the species calling or if 

there were too few calls to determine species presence.  

2.2.5 Blue whale call library analyses 

 Finally, I determined the proportion of 2025 blue whale detections from audible 

calls that were informed by an LFDCS-classified blue whale call, as an indicator of how 

effectively the new blue whale call library identified true calls. I recorded the call type, 

detection score, whether the LFDCS classification represented a true call (i.e., 

resembled the diagnostic calls of the species), and whether that classification contributed 

to the tally period’s detection score. These notes were collected for all tally periods 

where blue whales were detected and contained at least one LFDCS-classified blue 

whale call for the Fundy, Sable, and Scotia deployments, and for all tally periods 

(regardless of validation score) containing at least one LFDCS-classified blue whale call 

for Peggy’s deployment. Using these annotations, I also determined the distribution of 

LFDCS-classified blue whale call types (i.e., 30-34) that contributed to tally periods 

scored as detected. 
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Results  

3.1 Glider monitoring effort 

The nine glider surveys from 2022-2025 resulted in 1360 monitoring days during 

the spring, summer and fall seasons across DSZs A, B, C and E (Tables 4 and 4A-7A). 

The DSZ/season combination with the highest effort was summertime monitoring of 

DSZ C (Table 4), which represented 24% of all monitoring effort and was monitored 

each year. Glider effort has increased over the past couple of years; the six 2024 and 

2025 deployments accounted for 72% of total monitoring effort included in this study 

(Table 4). DSZ E is not dynamically managed in the summer or fall, so no glider 

monitoring was conducted during those seasons in that zone. DSZ A has only been 

monitored since 2024. 
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Table 4: Glider monitoring effort in the Dynamic Shipping Zones (DSZs) of the 

Laurentian Channel from 2022-2025. The year and name of each glider, followed by the 

number of days the glider monitored in parentheses, are displayed in the corresponding 

zone and season grid cell. White denotes the spring season, light grey shading denotes 

summer, and dark grey shading denotes fall. NM = Not monitored. 

 DSZ A DSZ B DSZ C DSZ E 

2022 NM NM Peggy (2 days) Peggy (59 days) 

NM Peggy (7 days) Peggy (54 days) NM 

NM NM NM NM 

2023 NM NM Peggy (4 days) Peggy (71 days) 

NM Peggy (28 days) 

Fundy (29 days) 

Peggy (55 days) 

Fundy (38 days) 

NM 

NM Fundy (11 days) Fundy (24 days) NM 

2024 Scotia (6 days) Fundy (6 days) Peggy (4 days) Peggy (72 days) 

Fundy (64 days) 

Scotia (28 days) 

Fundy (28 days) 

Scotia (63 days) 

Peggy (92) 

 

NM 

Fundy (16 days) Peggy (12 days) 

Fundy (19 days) 

Scotia (21 days) 

Peggy (6 days) 

Scotia (18 days) 

NM 

2025 Sable/ Scotia 

(37 days) 

Fundy (40 days) Peggy (39 days) NM 

Scotia (92 days) Fundy (92 days) Peggy (92 days) NM 

Scotia (47 days) Fundy (47 days) Peggy (47 days) NM 

 

 

 



 

 36 

3.2 Daily validation score analyses 

The number of unique deployment days on which sei and blue whales were 

detected or possibly detected at least once, excluding tally periods that were scored due 

to infrasonic blue whale calls, are presented in Table 5.  

 

Table 5: Counts of deployment days with sei and blue whale detections (Ds) and 

possible detections (PDs). The blue whale counts exclude tally periods scored due to 

infrasonic calls. 

  Sei whale Blue whale 

Year 

(glider) 

Deployment 

days 

Days with 

Ds 

Days with 

PDs 

Days with 

Ds 

Days with 

PDs 

2022 134 3 83 27 54 

2023 

(Fundy) 
105 2 50 52 77 

2023 

(Peggy) 
159 9 85 25 44 

2024 

(Fundy) 
136 5 75 73 108 

2024 

(Peggy) 
186 9 86 47 87 

2024 

(Scotia) 
132 0 67 58 97 

2025 

(Fundy) 
179 0 1 117 107 

2025 

(Peggy) 
178 0 7 115 104 

2025 

(Sable/ 

Scotia) 

176 0 3 118 110 
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In 2025, when the new blue whale call library and updated species detection 

protocols were used, there were zero sei whale detections. This is a 100% decrease from 

previous years (2022-2024) that used the original LFDCS call libraries and detection 

protocols, during which sei whales were scored as detected on an average of 3% of 

deployment days (Figure 3a). The mean proportion of deployment days on which sei 

whales were possibly detected also decreased significantly in 2025 compared to 2022-

2024 (p < 0.0001, Table 8A) (Figure 3b). Sei whale possible detections occurred on an 

average of 53% of deployment days from 2022-2024, but only on an average of 2% of 

deployment days during the 2025 deployments, representing a 96% decrease (Figure 

3b). In contrast, the mean proportion of deployment days on which blue whales were 

detected increased significantly in 2025 (p < 0.0001, Table 8A, Figure 3c). On average, 

the glider recorded at least one blue whale detection on 66% of deployment days in 

2025, which was an 89% increase over the 2022-2024 deployments, during which blue 

whale detections were recorded on an average of 35% of deployment days using the 

original LFDCS call libraries and detection protocols (Figure 3c). Lastly, the mean 

proportion of deployment days with at least one blue whale possible detection across the 

2025 deployments was 60%, which was a 6% increase over the 2022-2024 deployments, 

where blue whale possible detections were recorded at least once on an average of 57% 

of deployment days (Figure 3d), but this difference was not significant (p = 0.1135, 

Table 8A).  



 

 

Figure 3: Proportion of deployment days on which a) sei whales (SW) were scored detected, b) sei whales were scored possibly 

detected, c) blue whales (BW) were scored detected, and d) blue whales were scored possibly detected in near real-time at least once

3
8
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plotted per year and glider. Detections from deployments using the original near real-time 

detection protocols and LFDCS call libraries (2022-2024) are shown in light blue, while 

detections from deployments using the updated protocols and the blue whale call library 

(2025) are shown in dark blue. The name of the glider (either Peggy, Fundy, Scotia, or 

Sable) used in each deployment is listed on the x-axis. The mean proportion of 

deployment days on which sei whales were possibly detected, across the three 

deployments in 2025, was significantly lower than that from 2022-2024; the opposite was 

true for blue whale detections.  

 

3.3 Generalized Linear Mixed Models 

3.3.1 2022-2024 GLMM  

For Model 1, only one model fell within a ΔAICC ≤ 2, which was the global 

detection model that included season, DSZ, and year (Equation 1). This model showed 

relationships between blue whale detections and both season and DSZ, which were 

statistically significant (Table 6). For Model 2, four models fell within a ΔAICC ≤ 2; 

unlike Model 1, the top model included season and DSZ, but not year. The other three 

models within a ΔAICC ≤ 2 included all three factors, included season and year only, and 

included season only. Model 2, like Model 1, showed significant relationships between 

blue whale detections and both season and DSZ (Table 6). Autocorrelation functions run 

on the residuals of Models 1 and 2 confirmed that the random effects of datetime, binned 

in 1-hour increments, and date, respectively, reduced time-lagged autocorrelation the 

most (Figure 4A in the Appendix). Analyses showed that no concerning multicollinearity 

existed in either model (Table 9A), and DHARMa simulated residuals showed that both 

models generally fit the data despite minor deviation in Model 1 (Figure 6A).  
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Table 6: Summary of global model outputs for the 2022-2024 blue whale tally period 

(TP) and daily (D) detection models (Models 1 & 2). Model estimates and standard errors 

are provided for each of the model terms. Bold denotes p-values < 0.05. Reference levels 

were Fall (Season), DSZ A (DSZ), and 2022 (Year). Sample sizes of the tally periods and 

days included in the models are displayed in Table 3A. 

Variable Model Term 
Estimate (Std. 

Error) 

2022-2024 

TP 

detection 

probability 

Model 1:  

BW detection ~ 

season + DSZ + year 

+ (1|datetime) 

Intercept -6.32(0.43) 

Spring -5.61(1.08) 

Summer -2.51(0.20) 

2023 -0.04(0.37) 

2024 -0.53(0.37) 

DSZ B -0.85(0.11) 

DSZ C -1.02(0.12) 

DSZ E 0.12(1.00) 

2022-2024 

D detection 

probability 

Model 2:  

BW detection ~ 

season + DSZ + year 

+ (1|date) 

Intercept 4.63(0.97) 

Spring -6.48(1.52) 

Summer -5.09(0.95) 

2023 -0.10(0.55) 

2024 -0.48(0.52) 

DSZ B -0.43(0.36) 

DSZ C -0.60(0.36) 

DSZ E -2.75(1.10) 

 

Pairwise estimated marginal means comparisons for Models 1 and 2 indicated 

strong relationships between season and blue whale acoustic presence (Tables 7 and 8). 

Odds ratios from both models showed that the odds of detection are higher in the fall than 

in either the spring or summer, with the largest seasonal contrast occurring between 

spring and fall (Tables 7 and 8). The odds of detection are also higher in summer 



 

 

41 

compared to spring, highlighting a strong seasonal progression in blue whale detection 

probability from spring to summer to fall (Tables 7 and 8). Model 1 also showed a 

relationship between the DSZ monitored and blue whale acoustic presence; differences 

between DSZs A-B and A-C were significant (Table 7). Pairwise comparisons showed 

that the odds of detection in DSZ A are ~2.3 times higher than in DSZ B and ~2.8 times 

higher than in DSZ C (Table 7). No DSZ contrasts from Model 2, nor any other DSZ 

contrasts from Model 1, were significant (Tables 7 and 8). Year effects from Model 1 

were not significant, suggesting that blue whale acoustic detection is relatively consistent 

across years (Table 7).  

 

Table 7: Estimated marginal means pairwise comparisons for the top-ranked 2022-2024 

tally period model (Model 1). Odds ratios and standard errors are provided for each of the 

model term comparisons. Bold denotes p-values < 0.05.  

Term comparison 
Odds ratio (Std. 

Error) 
Z ratio p-value 

Spring/Summer 0.05(0.05) -2.88 0.011 

Fall/Spring 271.83(294.00) 5.18 <.001 

Fall/Summer 12.30(2.48) 12.43 <.001 

DSZs A/B 2.33(0.26) 7.54 <.001 

DSZs A/C 2.78(0.32) 8.89 <.001 

DSZs A/E 0.89(0.88) -0.12 0.999 

DSZs B/C 1.19(0.12) 1.78 0.281 

DSZs B/E 0.38(0.38) -0.97 0.768 

DSZs C/E 0.32(0.32) -1.14 0.663 

2022/2023 1.04(0.39) 0.12 0.992 

2022/2024 1.69(0.62) 1.44 0.322 

2023/2024 1.62(0.34) 2.34 0.051 
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Table 8: Estimated marginal means pairwise comparisons for the top-ranked 2022-2024 

daily model (Model 2). Odds ratios and standard errors are provided for each of the 

model term comparisons. Bold denotes p-values < 0.05.  

Term comparison 
Odds ratio (Std. 

Error) 
Z ratio p-value 

Spring/Summer 0.25(0.26) -1.35 0.367 

Fall/Spring 564.08(746.00) 4.25 <.001 

Fall/Summer 143.13(121.00) 5.35 <.001 

DSZs A/B 1.62(0.57) 1.34 0.535 

DSZs A/C 1.89(0.66) 1.82 0.265 

DSZs A/E 14.71(15.80) 2.50 0.060 

DSZs B/C 1.17(0.34) 0.55 0.947 

DSZs B/E 9.10(9.83) 2.06 0.167 

DSZs C/E 7.78(8.22) 1.93 0.216 

 

 

 Figure 4a shows the probability that any 15-minute tally period (there are 96 tally 

periods possible per day) is scored as detected for blue whales, based on Model 1. 

Because detections were aggregated across six deployments over three years, tally 

periods scored as ‘not detected’ greatly outnumbered those scored as ‘detected’, resulting 

in low overall detection probabilities. For comparison, Figure 4b shows the probability 

that a deployment day contains at least one tally period scored detected, based on Model 

2. Both panels reflect the broader trends described above. For example, detection 

probability is noticeably higher in fall than in summer or spring (Figure 4) and decreases 

from west (DSZ A) to east (DSZ C) (Figure 4). Although DSZ E has a relatively high 

detection probability at the tally period scale, its confidence interval is wide, likely 

reflecting the small number of detections recorded in DSZ E during 2022-2024, all of 

which occurred in spring. In contrast, DSZ E has the lowest detection probability of all 



 

 

43 

the DSZs in the daily model, and the uncertainty around this estimate is comparatively 

smaller (Figure 4b). There are no observable differences in detection probability between 

years (Figure 4a).  
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Figure 4: Blue whale detection probability per a) 15-minute tally period (Model 1) and 

b) day (Model 2), as a function of DSZ, season, and year (only DSZ and season for b)) 

both modelled from the 2022-2024 data. Probabilities were estimated using emmeans. 

Error bars indicate upper and lower confidence intervals. Note the different scales of the 

y axes. 
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3.3.2 2025 GLMM  

For Model 3, only one model fell within a ΔAICC ≤ 2: the global detection model 

that included DSZ, season, and their interaction (see equation 3 in Section 2.2.2). This 

model found relationships between blue whale detections and each of the predictor 

variables and their interaction terms, all of which were significant (Table 9). For Model 4, 

two models fell within a ΔAICC ≤ 2; unlike Model 3, the top model only included season, 

not DSZ or the interaction term (DSZ ∗ Season). The other model within a ΔAICC ≤ 2 

included season, DSZ and their interaction. Model 4, like Model 3, showed a significant 

relationship between season and blue whale detections (Table 9). Autocorrelation 

functions run on the residuals of Models 3 and 4 confirmed that the random effects of 

datetime, binned in 4-hour increments, and the date, respectively, reduced time-lagged 

autocorrelation the most (Figure 5A in the Appendix). Analyses showed that no 

concerning multicollinearity existed in either model (Table 10A), and simulated residuals 

showed that the models fit the data well (Figure 7A).  
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Table 9: Summary of global model outputs for the 2025 blue whale tally period (TP) and 

daily (D) detection models (Models 3 & 4). Model estimates and standard errors are 

provided for each of the model terms. Interaction terms are indicated by colons, and bold 

denotes p-values < 0.05. Reference levels were Fall (Season) and DSZ A (DSZ). Sample 

sizes of the tally periods and days included in the models are displayed in Table 3A. 

Variable Model Term Estimate (Std. Error) 

2025 TP 

detection 

probability 

Model 3:               

BW detection ~ 

season + DSZ + 

season*DSZ + 

(1|datetime) 

Intercept -2.11(0.12) 

Spring -5.09(0.40) 

Summer -2.03(0.16) 

DSZ B -0.46(0.08) 

DSZ C -1.29(0.09) 

Spring:DSZ B 1.51(0.40) 

Summer:DSZ 

B 
0.36(0.12) 

Spring:DSZ C 2.50(0.40) 

Summer:DSZ 

C 
1.38(0.12) 

2025 D 

detection 

probability 

Model 4:               

BW detection ~ 

season + DSZ + 

season*DSZ + 

(1|date) 

Intercept 3.74(0.79) 

Spring -6.08(1.07) 

Summer -2.20(0.82) 

DSZ B 0.52(1.03) 

DSZ C -1.39(0.81) 

Spring:DSZ B 0.37(1.22) 

Summer:DSZ 

B 
-1.04(1.10) 

Spring:DSZ C 1.73(1.06) 

Summer:DSZ 

C 
1.39(0.90) 

 

 

Pairwise estimated marginal means comparisons for Models 3 and 4 both 

indicated relationships between blue whale detections and season comparisons (Tables 10 
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and 11). All Model 4 season comparisons were significant; however, without the 

interaction term, Model 4 (on the daily scale) could not provide as much information as 

Model 3 (on the tally period scale), which found that all fall and some of the spring 

season x DSZ interaction comparisons were significant (Tables 10 and 11). Both models 

showed that the odds of blue whale detection are consistently higher in the fall, followed 

by summer and then spring, and this was true across all DSZ comparisons for Model 3 

(Tables 10 and 11). In Model 3, the strongest interaction occurred in the fall, where 

differences among all three DSZs (A-B, A-C, and B-C) were significant (Table 10). 

During the fall, the odds of detection are highest in DSZ A, followed by DSZ B, and 

lowest in DSZ C. In the spring, DSZ A-B and A-C comparisons were significant, with 

lower odds of detection in DSZ A than in DSZs B or C (Table 10). This pattern suggests 

an east-to-west decrease in detection probability in the spring across DSZs, from highest 

(DSZ C) to lowest (DSZ A) (Table 10). The opposite is true in fall, during which the 

probability of detections increases east-to-west across DSZs (C < B < A) (Table 10). 

There were no significant differences among DSZs during summer, and no other 

interaction contrasts were significant (Table 10). 
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Table 10: Estimated marginal means pairwise comparisons for top-ranked 2025 tally 

period model (Model 3). Odds ratios and standard errors are provided for each of the 

model term comparisons. Interaction terms are indicated by colons, and bold denotes p-

values < 0.05. Individual predictor estimates for Season and DSZ are not presented as 

they could be misleading due to their involvement in the interaction.  

Term comparison 
Odds ratio (Std. 

Error) 
Z ratio p-value 

Spring:DSZs A/B 0.35(0.14) -2.70 0.019 

Spring:DSZs A/C 0.30(0.12) -3.15 0.005 

Spring:DSZs B/C 0.86(0.22) -0.59 0.824 

Summer:DSZs A/B 1.11(0.09) 1.22 0.444 

Summer:DSZs A/C 0.92(0.07) -1.07 0.533 

Summer:DSZs B/C 0.83(0.07) -2.29 0.058 

Fall:DSZs A/B 1.59(0.13) 5.46 <.001 

Fall:DSZs A/C  3.64(0.34) 13.69 <.001 

Fall:DSZs B/C 2.29(0.22) 8.76 <.001 

 

 

Table 11: Estimated marginal means pairwise comparisons for the top-ranked 2025 daily 

model (Model 4). Odds ratios and standard errors are provided for each of the model term 

comparisons. Interaction terms are indicated by colons, and bold denotes p-values < 0.05.  

Term comparison 
Odds ratio (Std. 

Error) 
Z ratio p-value 

Spring/Summer 0.04(0.02) -6.20 <.001 

Fall/Spring 143.95(98.60) 7.25 <.001 

Fall/Summer  6.16(3.01) 3.73 <.001 

 

  

 The probability that one 15-minute tally period is scored as detected for blue whales 

is low because detections were irregular relative to the total number of tally periods 

(Figure 5a). For comparison, Figure 5b shows the probability that a deployment day will 
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contain at least one tally period scored detected. Both panels in Figure 5 reflect the 

seasonal trend described above: detection probability is highest in the fall, followed by 

summer and then spring (Figure 5). Because the daily detection model did not include the 

DSZ x season interaction, it could not capture spatial-seasonal patterns in the same way 

as the tally period model. For example, in Figure 5a, the east-to-west increase in detection 

probability is evident during fall. Summer detection probabilities show no observable 

differences among DSZs, indicating a more even spatial distribution of blue whale 

detections during that season, while the very small spring estimates make differences 

among DSZs difficult to distinguish visually (Figure 5a). 
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Figure 5: Blue whale detection probability per a) 15-minute tally period (Model 3) and 

b) day (Model 4), as a function of season and DSZ (only season for b)), both modelled 

from the 2025 data. Probabilities were estimated using emmeans. Error bars indicate 

upper and lower confidence intervals. Note the different scales of the y axes. 

 

 

3.4 Blue whale call type analysis 

Across all three seasons monitored in 2025, blue whale audible calls contributed 

to more near real-time detections than infrasonic calls, qualitatively indicating that 
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audible calls are the predominant blue whale call type in the region (Table 12, Figure 6). 

Infrasonic detections were the most frequent in fall, followed by summer and then spring 

(Table 12, Figure 6). The observed detections of both infrasonic and audible calls in each 

season differed significantly from expected (Table 11A). In the fall, both audible and 

infrasonic calls occurred significantly more often than expected (Figure 6c). In the 

summer, the observed proportions of both call types were closest to the expected values, 

though both call types were detected less than expected (Figure 6b). In the spring, both 

audible and infrasonic call detections were significantly lower than expected, with no 

infrasonic detections recorded (Figure 6a). Together, these results show that detections of 

audible and infrasonic calls indicate clear seasonality in blue whale acoustic occurrence.  

 

Table 12: Counts of tally periods scored detected for blue whales by call type and season 

across the three 2025 deployments, where Days monitored indicates the sum of the days 

monitored across all three 2025 deployments.  

Season 
Audible call 

detections 

Infrasonic call 

detections 
Days monitored 

Spring 72 0 116 

Summer 1122 310 276 

Fall 1107 368 141 

Total 2301 678 533 



 

 

 

 

Figure 6: Observed versus effort-weighted expected proportions of 2025 blue whale detections that were informed by either audible 

or infrasonic calls during a) Spring, b) Summer, and c) Fall. Sample sizes for observed data are listed in Table 12. Significance codes: 

* p ≤ 0.05, ** = p ≤ 0.01, *** = p ≤ 0.001, **** = ≤ 0.0001.
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3.5 Manual analyses of 2025 archival data  

There were 14 tally periods scored possibly detected for sei whales in near real-

time in 2025. A manual analysis of the archival data corresponding to these periods, plus 

the 15 minutes before and after, resulted in most showing evidence of blue whale 

presence (Figure 7). Of the 14 periods analyzed, one was scored probable sei whale 

(7.1%), six were scored definite blue whale (42.9%), five were scored probable blue 

whale (35.7%), and two had too few calls to confidently determine the species, so were 

scored as unknown (14.3%) (Figure 7). The period scored probable sei whale also 

contained evidence of blue whale presence, so it was also scored as probable blue whale 

(although not counted in Figure 7). There was enough amplitude differentiation between 

the species’ putative calls to suggest that there could be two calling animals present. 

Therefore, since the detection score accounted for the possibility that both species may 

have been acoustically present, it appropriately identified a possible sei whale.  
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Figure 7: Distribution of scores given to manually analyzed periods that were scored 

possibly detected for sei whales in near real-time in 2025 (n=14).  

 

Three of the 14 tally periods were scored for both species in near real-time. One 

period was scored possibly detected for sei whales and detected for blue whales; it was 

manually scored as definite blue whale. The other two tally periods were scored possibly 

detected for both sei and blue whales. One was manually scored as definite blue whale, 

while the other was the period scored as probable for both species.  

3.6 Blue whale call library analyses 

Of all tally periods scored detected for blue whales in near real-time based only 

on audible calls (BWDs), 30.9%, 43.9% and 30.8% of those from the Fundy, Peggy and 
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Sable/Scotia 2025 deployments, respectively, contained at least one LFDCS-classified 

blue whale call (Table 13). Classified blue whale calls were an optional criterion for 

scoring tally periods detected for blue whales in the 2025 detection protocol (i.e., 

opportunistic scoring was possible using other criteria in the absence of LFDCS 

classifications). Among the 2025 BWDs with at least one classified call, classifications 

were the deciding factor for tally period scores in only 31.4%, 35.9% and 28.5% of the 

Fundy, Peggy and Sable/Scotia BWDs, respectively (Table 13). Overall, the new blue 

whale call library classified calls in an average of 35% of 2025 BWDs, but only an 

average of 32% of those BWDs required classifications for the detected score. This also 

means that the majority (on average, 65%) of the 2025 BWDs were scored entirely 

based on unclassified blue whale calls and that the LFDCS with the blue whale call 

library exhibited poor classification performance across these periods. However, this 

missed classification rate improved to 11% when blue whale detections with LFDCS 

classified calls were evaluated on a daily timescale: 132 days out of the total 148 days 

on which blue whales were detected in near real-time in 2025 included a blue whale 

detection containing an LFDCS-classified call.  
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Table 13: Counts of tally periods scored detected for blue whales in near real-time 

informed by audible calls (BWD), shown for each 2025 deployment according to 

whether they contained classified calls and whether the classified calls were required for 

the detected score.  

2025 

Deployment 

Total 

BWDs 

BWDs containing 

1+ LFDCS-

classified calls 

BWDs where the LFDCS-

classified call(s) were 

required for the score 

Fundy 764 236 74 

Peggy 685 301 108 

Sable/Scotia 855 263 75 

 

The number of individual blue whale calls classified by the LFDCS differed by 

deployment. Interestingly, the LFDCS classified the most blue whale calls during 

Peggy’s deployment, which was also the deployment with the fewest BWDs, while the 

fewest blue whale calls were classified during Fundy’s deployment. However, only 

52.1% of the classifications from Peggy’s deployment were actual blue whale calls, as 

the rest were spurious pitch tracks. 

The number of calls classified by the LFDCS with the blue whale call library 

differed drastically depending on the call type. The distribution of blue whale call types 

classified by LFDCS across the 2025 deployments is shown in Figure 8. The call type 

that was classified most often by LFDCS was call type 30, the short blue whale 

downsweep (Babin et al., 2025), and this was consistent across all deployments. Call 

type 33, the hooked or angular downsweep (Babin et al., 2025), was the next most 

classified call type for all deployments. Medium downsweeps (call type 31), arches (call 
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type 32) and long downsweeps (call type 34) (Babin et al., 2025) were classified the 

least. 

 

 

Figure 8: Call types of all individual calls classified by LFDCS within tally periods 

scored detected for blue whales across the three 2025 deployments. n = 1175 (312-

Fundy, 459-Peggy, 404-Sable/Scotia).  
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Discussion 

4.1 Sei and blue whale near real-time detection 

 This study tested a new blue whale call library for the LFDCS and new sei and 

blue whale detection protocols during glider-based near real-time monitoring missions 

in the LC. Results show species acoustic discrimination was improved using these 

updates; blue whales were accurately detected more often, and sei whale 

misclassifications were reduced. The mean proportions of deployment days with sei 

whale detections and possible detections using the new library and protocols were 

significantly lower than in previous years using the original libraries and protocols 

(Figure 3). There were zero days with sei whale detections and a 96% reduction in days 

with sei whale possible detections. Days with blue whale detections significantly 

increased by 89% using the new library and protocols, while blue whale possible 

detections exhibited a marginal 6% increase (Figure 3). Since as many as 91% of sei 

whale detections in the GoSL in previous years were manually attributed to blue whales 

(MacDonald, 2025), observing fewer sei whale detections and more blue whale 

detections in 2025 indicates that species discrimination has improved; blue whales are 

better accounted for through fewer misclassifications, as well as more systematic 

validations. Further, visual and acoustic detections of sei and blue whales in the 

Northwestern Atlantic validate the accuracy of the results here; blue whales are detected 

throughout the GoSL (Beauchamp et al., 2009; Indeck et al., 2024; Johnson et al., 2021; 

Lesage et al., 2017; Moors-Murphy et al., 2019; Ramp and Sears, 2013; Simard et al., 

2016), but sei whales rarely are (COSEWIC, 2019; Davis et al., 2020; Delarue et al., 

2022; Gomez et al., 2020; Johnson et al., 2021; MacDonald, 2025). 
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 This improvement in species discrimination demonstrates that the updates to the 

library and detection protocols that I tested were effective. Other research groups have 

also had success implementing similar updates to their near real-time detection 

procedures to optimize detector, software, or protocol performance. For example, 

Kowarski et al. (2020) updated their near real-time detection procedure by modifying 

the automated detection algorithm and making the analyst detection protocols more 

restrictive to minimize noise misclassification. The optimized system performed 

successfully- a precision of 1.0 was observed for all validated near real-time detections 

of fin, blue and NARWs, eliminating misclassifications, which was the objective of the 

optimization as the management application for this technology necessitates high 

precision. Overall, my work is an example of how continual evaluation and high-level 

refinement of near real-time detection systems are crucial to ensure species 

discrimination capabilities are representative and effective (Baumgartner et al., 2014; 

Kowarski et al., 2020).  

 Improving near real-time detection of these species is an important advancement 

because species-specific detections provide species occurrence data. Acoustic 

occurrence can be used for many important ecological applications, including estimating 

population density (e.g., Dawson & Efford, 2009), characterizing species distribution 

and habitat use (e.g., Davis et al., 2020; Fenton, 1997), or species-specific monitoring to 

implement conservation action (Baumgartner et al., 2019; Indeck et al., 2025a; Van 

Parijs et al., 2009). Therefore, observing significantly more blue whale acoustic 

detections in 2025 can expand current knowledge of the Northwest Atlantic blue whale 

population in the GoSL. Additionally, the minimal sei whale acoustic detections 
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observed in 2025 more accurately reflect visual observations from the region than 

previous years, providing a more reliable indication of this species’ acoustic presence in 

the GoSL than ever before. These are valuable results, as they can guide future studies 

and resources toward identifying and monitoring regions where sei whales are more 

prevalent.  

4.2 Blue whale detection in the Laurentian Channel 

4.2.1 Factors related to blue whale acoustic detection 

 This study also modelled how blue whale acoustic detections in the LC varied 

across seasons, locations and years. The 2022-2024 and 2025 models showed that blue 

whale acoustic presence can differ depending on the season and DSZ, but not year 

(Tables 7, 8, 10 and 11, Figures 4 and 5). All models showed the probability of 

acoustically detecting blue whales increases as the seasons progress, with the highest 

probability in the fall. Additionally, the 2022-2024 models showed that the highest 

probability of detection occurs in DSZ A, while the interaction term in the 2025 tally 

period model enabled me to determine that trends in blue whale detection among DSZs 

differed depending on the season. Though the two daily models could not provide fine-

scale information on the interactions between fixed effects, the seasonal and locational 

patterns they identified were consistent with the trends observed in the tally period 

models, while having less uncertain probability estimates. The estimates from the daily 

models could be particularly useful for predicting blue whale detections in the GoSL, as 

daily presence is used for management applications. This is another outcome of this 

research which can advance knowledge of this endangered population. 
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 The reputability of the seasonal and locational patterns in blue whale detection 

revealed by all models, but particularly the season x DSZ interaction in the 2025 tally 

period model, is supported by current knowledge of the Northwest Atlantic blue whale 

population. The 2025 tally period model found that during the spring, blue whales are 

more likely to be detected in the southeast (DSZ C) than the northwest (DSZ A) of the 

LC, with this trend reversing in the summer and fall (Figure 5). Though blue whales can 

reside year-round inside the GoSL (Lesage et al., 2017; Simard et al., 2016), those that 

undergo migration move into and out of the GoSL via the Cabot Strait in the spring and 

late fall/winter, respectively (closest to DSZs C and E, Figure 1) (Lesage et al., 2017). 

Therefore, the detection patterns observed here are consistent with what would be 

expected based on blue whale seasonal movements. For example, the higher probability 

of detection observed in DSZ C in spring is presumably attributable to whales returning 

to the region’s foraging areas via the LC migratory corridor. As blue whale euphausiid 

prey aggregate in the Lower St. Lawrence Estuary (Maps et al., 2015), which is closest 

to DSZ A, the highest probability of detection shifts to the northwest in the LC during 

the summer and fall, which is supported by visual detections in the region from August 

to November (Lesage et al., 2017; Sears & Calambokidis, 2002; Sears et al., 1990). 

Acoustic monitoring data did not extend into late fall/winter in 2025, which could be 

why the probability of detection did not increase near the Cabot Strait again, which 

would reflect outbound migratory movements.  

 Overall, the results of the modelling analyses revealed that the odds of blue whale 

acoustic detection are generally highest in the fall, and within the fall, highest in DSZ A. 

While detections are lowest in the spring, blue whales are more likely to be detected in 
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DSZs C and E at that time. These regions also coincide with critical habitat for blue 

whales; the Cabot and the Honguedo (which encompasses DSZ A) Straits are considered 

important transit corridors for blue whales (Fisheries and Oceans Canada, 2020). The 

fact that the 2022-2024 and 2025 models showed similar trends in blue whale detections 

across DSZs and seasons, and that regions identified by the models to have higher 

detection probabilities are supported by documented observations, affirms that the 

models capture variability in blue whale detections in the LC. 

4.2.2 Seasonality in blue whale call type use 

 This study also found that blue whale call type detections differed depending on 

the season in the LC. For example, blue whale infrasonic call detections were most 

frequent in the fall and least common in the spring (Figure 6). This finding is consistent 

with what is known about blue whale call type use throughout the Northwest Atlantic; 

along the Scotian Shelf and coasts of Newfoundland and Labrador, blue whales produce 

infrasonic calls from September to March, particularly from November to January, and 

audible calls from May until September (Delarue et al., 2022; Moors-Murphy et al., 

2019; Wingfield et al., 2022). In the GoSL, Berchok et al., (2006) recorded both 

infrasonic and audible blue whale calls during surveys from August to October.  

 It is also clear, based on the proportions of blue whale call detections in this study 

(Figure 6), and other glider-based monitoring studies in the region (Indeck et al., 2024), 

that audible calls are the predominant call type produced and detected on and around the 

GoSL foraging grounds. This is consistent with research that has associated blue whale 

audible calls with foraging behaviour (Oleson et al., 2007), and is reasonable as it is 

known that audible calls can be produced by blue whales of both sexes, whereas 
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infrasonic calls are produced only by males (Oleson et al., 2007). As audible calls are 

detected more frequently and consistently during acoustic monitoring in this region, they 

will be the most important for near real-time detections moving forward, so it is 

therefore critical to ensure audible call discrimination is optimized and accurate during 

near real-time monitoring. The protocol and library updates implemented for the 2025 

season, which focused on increasing correct detections of blue whale audible calls, are 

therefore justified by this result and were an important first step towards improving blue 

whale detection in the LC. 

4.3 Evaluation of updates 

4.3.1 Near real-time detection protocols 

 The significant reduction in the proportion of deployment days with sei whale 

detections and increase in blue whale detections observed in 2025 compared to previous 

years indicates that the updated near real-time species detection protocols performed 

well. When I updated the protocols to try to reduce misclassification of blue whales, it 

was important to test whether misclassifications were actually reduced and ensure true 

sei whale detections would not be missed. The manual analysis helped evaluate this 

concern. Most (11 of 14) of the tally periods scored possibly detected for sei whales in 

2025 were manually confirmed to have either definite or probable blue whale presence 

(Figure 7). Although these tally periods were still misclassified despite the more 

conservative sei whale protocol, the fact that there were zero sei whale detections and 

far fewer possible detections in 2025 indicates that the updated protocols were 

successful at reducing misclassifications. Additionally, since the only tally period 

manually scored for sei whale presence (scored possibly detected) was also correctly 
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scored as possibly detected for sei whales in near real-time, the updated procedure 

seems capable of capturing true sei whale acoustic occurrence. These results indicate 

that the updated protocols are appropriate for future sei and blue whale near real-time 

monitoring in the LC. 

  A protocol to detect blue whales using infrasonic calls was also implemented for 

the first time during the 2025 monitoring season. Therefore, data from this study can be 

used to assess the effectiveness of this protocol as well. The use of the infrasonic 

protocol resulted in an additional 593 blue whale detections in 2025 that would not have 

otherwise been recorded (i.e., periods that did not also contain blue whale audible calls). 

Additionally, since sei whales are not known to produce infrasonic calls, the ability to 

use these calls to identify a blue whale can provide the additional context necessary to 

score a period detected, if not otherwise possible based on audible calls alone. 

Considering the additional detection information available from infrasonic calls, I think 

it is appropriate to continue using this protocol to acoustically detect blue whales in the 

region.  

4.3.2 Blue whale call library 

 The new blue whale call library performed comparably to previous tests. In 2025, 

an average of 35% of periods scored detected for blue whales in near real-time based on 

audible calls contained at least one LFDCS-classified call. Most of these were either call 

type 30 (the short blue whale downsweep) or call type 33 (the hooked or angular 

downsweep) (Figure 8). This performance is consistent with that observed when using 

the library on the LFDCS desktop software, where 31% of periods scored definite blue 

whale (manually) contained at least one LFDCS-classified call, and call types 30 and 33 
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were classified most often (MacDonald, 2025). Therefore, the new blue whale call 

library performs similarly on periods with known blue whale presence, both in the field 

and archivally. Since 257 blue whale detections recorded in 2025 were due to LFDCS 

classifications alone (Table 13), the blue whale library is an important tool for detecting 

blue whales in near real-time.  

 However, the blue whale call library did not perform as well as near real-time 

analysts, nor what I believe could be its optimal performance. Many blue whale call 

pitch tracks observed in near real-time were not classified by the LFDCS during the 

2025 monitoring season- on average, 65% of 2025 blue whale audible call detections 

were scored opportunistically (Table 13). That is, all contained pitch tracks of blue 

whale audible calls deemed sufficient by an analyst to score the period detected for blue 

whales, which the LFDCS theoretically could have classified with the new library but 

did not. Additionally, three of the five blue whale call types in the new library were 

rarely classified in 2025, including arch calls (Figure 8). Arch calls are a common, 

stereotyped blue whale call in the GoSL and were frequently used to opportunistically 

score blue whales as detected in the LC in 2025 (anecdotal evidence). These 

characteristics should make them good candidates for detection and classification 

systems (Baumgartner et al., 2020; Gibb et al., 2019), but the low number of arch calls 

detected indicates that arch calls in the library do not seem to statistically match those 

observed in the GoSL. Poor library performance can occur when exemplars in the 

library were collected from a different geographic region than the one it was used in 

(e.g., Baumgartner et al., 2014). The new blue whale call library contained blue whale 

call exemplars recorded off the coasts of Newfoundland and Nova Scotia, as well as 
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those recorded in the Honguedo Strait in the GoSL (Babin et al., 2025). However, the 

distribution of exemplars and call characteristics contained in the call library may not be 

representative of the call variation in each specific region, which seems to be the case 

for the GoSL.  

4.3.3 Future directions for system updates 

 

 The new blue whale call library’s relatively poor performance at classifying calls 

indicates that there is room for improvement. Future steps to continue improving species 

discrimination in this system could include updating the blue whale call library to add 

more region-specific call exemplars and re-testing the library using known region-

specific blue whale calls. If the LFDCS still tends to misclassify blue whale calls as sei 

whale after this update, another option would be to adjust the relative prior probabilities 

within the LFDCS firmware to guide LFDCS classifications towards the species that is 

known to be detected more often in the region (in this case, blue whales) (see 

Baumgartner & Mussoline, 2011). These additional updates may help the classification 

potential of the library approach that of other LFDCS libraries, which have shown 

correct classification rates of 52% and 65% on individual right and sei whale calls, 

respectively, in archival data (Baumgartner & Mussoline, 2011), or recall rates ranging 

from 33-73% for sei, humpback, right and fin whale 15-minute tally period detections in 

near real-time using the LFDCS libraries (Baumgartner et al., 2019).  

 Overall, it is important to continue to develop an optimal blue whale audible call 

library because blue whale acoustic detection in the North Atlantic is often based on 

infrasonic calls (e.g. Davis et al., 2020; Delarue et al., 2022; Simard et al., 2016), which 

are produced exclusively by males and influenced by season and migratory 
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cycle/behavior (Oleson et al., 2007). Optimizing an audible blue whale call library for 

use in near real-time ensures that blue whale acoustic data is not biased by age or sex 

and targets the calls predominantly detected on the GoSL foraging grounds. 

Additionally, LFDCS classifications provide objective evidence for analysts during near 

real-time decision making, which is crucial for standardizing near real-time monitoring 

practices.  

4.5 Sources of uncertainty  

 One limitation of this study is that I cannot explicitly isolate the individual 

contributions of the new blue whale call library and modifications to both detection 

protocols on decreasing sei whale detections and increasing blue whale detections, since 

all three were implemented during the same monitoring season. Though this reduces the 

conclusions I can draw about the effectiveness of each of the updates, it does not impact 

the main conclusion that the use of the updates together is beneficial. Moving forward, 

this means the three updates should continue to be used and optimized together, or 

further research on the efficacy of the individual updates is required.   

 Differences in glider effort across deployments included in the 2022-2024 model 

and complete separation in the blue whale call type data restricted the analyses I could 

run. Estimating interactions between variables in GLMMs requires that data were 

collected under each set of combinations (e.g., that monitoring occurred in each season, 

DSZ, and year). This was not true of the 2022-2024 data (e.g., DSZ E was only 

monitored in the spring), which was why an interaction term (i.e., DSZ x Season) was 

not included in the 2022-2024 models, even though this could have provided more 

insight into how blue whale detections changed locally throughout the seasons during 
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those years. The available 2022-2024 data limited the relationships I could analyze from 

those years, however, since the trends observed were similar to those of the 2025 model 

that included the interaction, the overall patterns in blue whale detection probability 

were likely captured. Additionally, since there were zero blue whale detections 

attributable to infrasonic calls in the spring of 2025, there was complete separation of 

the data. When this occurs, maximum likelihood estimates, like those used to fit 

GLMMs, do not exist (tend towards infinity), and techniques that deal with complete 

separation (i.e., Firth’s correction) do not handle GLMM structure. This is why a chi-

square test was used instead of a model for the blue whale call type analysis. Some 

inferential ability was lost with this decision; for example, I was unable to quantify 

differences in detections between audible and infrasonic call types. However, the 

qualitative differences still provided an indication of which seasons were associated 

with higher observed detections of the two call types.  

 Another consideration in this and future research is the efficacy of PAM 

technology at detecting blue whale calls under variable ambient noise levels. Many non-

biological processes contribute to ambient noise in the ocean, such as weather (wind, 

rain), vessel noise, and, during monitoring, platform-related noise, such as glider self-

noise (Gehrmann et al., 2023; Hildebrand, 2009; Indeck et al., 2024). Since the LFDCS 

firmware used for monitoring in the GoSL only pitch tracks and, therefore, sends ashore, 

calls with an average amplitude above 10 dB (Baumgartner and Mussoline, 2011), 

increased ambient noise levels can restrict the quantity of calls detected in near real-

time. In the Honguedo Strait of the GoSL, glider-based monitoring research has shown 

that the main contributor to elevated background noise levels in the frequency band 
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corresponding to blue whale audible calls (50-200 Hz) is vessel noise, indicating the 

shipping lanes could be a region where elevated ambient noise restricts call detections 

(Gehrmann et al., 2023; Indeck et al., 2024). At the 63 Hz one-third octave band 

(centered over the primary blue whale audible call frequency range), ambient noise 

increased by a few decibels inside the shipping lanes compared to outside the lanes; 

however, this effect was thought to be minimal on blue whale detection probabilities 

(Indeck et al., 2024). Monitoring within the shipping lanes does, however, increase the 

possibility of nearby vessel transits, which could result in temporary decreases in call 

detection probability (Gehrmann et al., 2023; Indeck et al., 2024). As my study did not 

assess ambient noise levels, it is important to acknowledge the bias they could introduce 

into the acoustic detections assessed in this study, particularly as vessel noise is the 

primary contributor to ambient noise at the frequency of blue whale calls, and the 

deployments assessed in this study transited the DSZs. 

 A last caveat worth noting is that a period with no detection in near real-time (i.e., 

one in which a species is considered acoustically absent) does not imply true absence. 

An individual could be present but not calling, the individual’s calls could be missed by 

the pitch-tracking algorithm (i.e., too quiet to reach the 10 dB amplitude threshold), or 

the individual could have produced too few calls for a detection score. This does not 

affect the conclusions I drew regarding the probability of acoustic detection in this 

study, but does limit conclusions regarding general blue whale presence. 

4.6 Management implications in the Northwest Atlantic 

 In the GoSL, blue whales are endangered and susceptible to vessel-related 

mortality (Fisheries and Oceans Canada, 2020; Indeck et al., 2024). Therefore, 
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management programs to conserve blue whales, especially from vessel strike, could be 

considered. Dynamic speed restrictions like those used to protect NARWs from vessel 

strike could be implemented, and in that case, the work I did in this study to improve the 

accuracy of blue whale near real-time detections would ensure the economic trade-offs 

associated with slowdowns are justified. However, this study found that in 2025, when 

blue whale detection was improved using the updates, blue whales were detected on an 

average of 66% of deployment days in the LC in 2025 (Figure 3). As such, the current 

management program for NARW, where a 15-day speed restriction is implemented 

based on one detection and can be extended, may not be appropriate for blue whales. 

Additionally, future research on the detection ranges of different blue whale call types 

will be crucial to better understand the utility of dynamic management in the DSZs for 

protecting blue whales. For example, if certain call types have large detection ranges, 

using acoustic detections of those calls to trigger dynamic management protocols in the 

DSZs would be unreasonable (i.e., if a whale could be 150 km away from the detection 

platform, implementing vessel speed restrictions to mitigate lethal ship strike would not 

necessarily provide justifiable risk reduction for the animal or industry).  

 Seasonal or voluntary speed-restricted zones are examples of non-dynamic 

management plans that have been used to try to reduce the likelihood of ship strikes to 

NARWs (Laist et al., 2014) and Pacific blue whales (McKenna et al., 2012), 

respectively. These management strategies may be more effective and less resource-

dependent options to protect blue whales from vessel strikes in the GoSL. However, the 

DSZs of the LC are vital corridors for ship traffic between important Canadian cities and 

the rest of the world, so seasonal or voluntary zones may not be economically or 
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logistically feasible to implement with the high quantity of ship traffic. Overall, the 

trade-offs associated with different management strategies highlight the need for 

continued, accurate monitoring and further research of blue whales in the LC, to be able 

to better inform managers and policymakers about blue whale acoustic occurrence and 

shape future conservation plans. 

4.7 Implications for other systems 

 In the GoSL, blue whales are common but sei whales are rare, and the protocol 

updates implemented in this study were tailored so that acoustic detections better 

reflected the known presence of both species. The GoSL-specific protocol updates 

performed well in this study; by making the sei whale protocol more restrictive and 

requiring objective and less opportunistic evidence for blue whale detections, correct 

blue whale detections increased. It is possible that true sei whale detections were missed 

by making the detection criteria more restrictive, but that trade-off made sense for the 

region- it is more useful to miss the occasional sei whale, than to falsely detect a species 

that is rarely present and miss detecting a commonly occurring, local species.   

 However, populations of whale species overlap spatially to varying degrees 

depending on the region. In other regions, sei whales could be common and blue whales 

could be rare, one could exist in a region without the other entirely, or both could be 

common. In any of these cases, the performance of the GoSL protocols may differ. For 

example, in a system where blue whales are rare or absent, and sei whales are common, 

using the GoSL protocols could result in missing sei whale detections and an 

unreasonably high number of blue whale misclassifications. When sei whales and blue 

whales are both common, as is the case for the Gulf of Maine and Scotian shelf, for 
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example (e.g., Davis et al., 2020; Delarue et al., 2022), the GoSL protocols would likely 

continue to capture blue whale detections well, as requiring either objective evidence 

(classified calls) or concave-down D calls (opportunistic scoring) ensures that scores are 

based on high-quality, diagnostic calls. Since the GoSL protocols capture sei whale 

acoustic presence that is based on objective evidence and diagnostic doublets or triplets, 

their acoustic presence should be adequately detected in these regions as well; however, 

in instances where sei whale calls do not meet these more conservative criteria, they 

could be missed more often than with the original protocol. Importantly, the degree to 

which misclassifications or false detections are acceptable can vary and depend on a 

project’s objective(s). Detecting rarer species can sometimes be more important. For 

example, the calls of humpback and NARWs can overlap acoustically (Mussoline et al., 

2012; Wilder et al., 2022) and in regions where their distributions overlap and NARWs 

are dynamically managed, misclassifying a humpback as a NARW can have severe 

consequences.  

 As general practice, caution should be exercised when using protocols that require 

only one classified call for a detection or possible detection because near real-time 

detection scores are intended to be conservative and minimize false detections 

(Baumgartner et al., 2019). In the GoSL, a one-classified-call threshold was 

implemented as an option in the updated blue whale protocol because a preliminary test 

of the blue whale library demonstrated that it was appropriate (MacDonald, 2025). 

Additionally, the objective statistical evidence provided by the blue whale LFDCS 

classifications, now able to be compared to the sei whale call library, means that LFDCS 

blue whale classifications are chosen over sei whale with a high level of confidence. 
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However, in general, using a one-classified-call threshold can risk misclassifications. 

For example, prior to the updated protocol, sei whales could be possibly detected with 

one or more classified calls, which led to misclassifications in the GoSL, although there 

was no blue whale library to compare to at the time (MacDonald, 2025). Therefore, I 

suggest that if the sei and blue whale distribution is similar to that in the GoSL, or both 

species are common, the one-classified-call threshold established in the protocols 

developed for this study could be used for blue whale detection, in addition to the 

opportunistic scoring criteria. However, for other species distributions, or if there is no 

prior knowledge about their occurrence, detections based on LFDCS classifications for 

both species should be informed by two or more classified calls, to ensure low 

misclassification rates.  

4.8 Conclusion 

 In an effort to improve species discrimination, I tested a new blue whale call 

library and updated near real-time species detection protocols prior to the 2025 

monitoring season. 2025 was also the first season that a standardized protocol for 

detecting blue whales from infrasonic calls was used. This study found that 

implementing the new library and updated protocols were effective ways to improve 

near real-time acoustic discrimination between previously misclassified sei and blue 

whales in the LC (MacDonald, 2025). Due to the study design, the precise effect of each 

of the updates on the overall change in the proportion of detections cannot be isolated, 

however, the low classification rate and lack of diversity in audible call types classified 

using the new LFDCS library indicate an avenue for future research and development. 

This study also found that blue whale audible calls are the dominant blue whale call type 
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detected in the LC, but the lesser-produced infrasonic calls occur more often in the fall. 

Detections informed by both call types differed depending on the season, although the 

strength of this result could be quantified due to the data available each season. 

As methods for species acoustic detection and classification continue to develop, 

it is important that species discrimination remains accurate. Improving species 

discrimination between sei and blue whales is crucial since blue whales are endangered 

and live in a socioeconomically important region. When using near real-time data to 

inform conservation measures, which often balance biological and economic trade-offs, 

species detection data must be reliable, so that any mitigating action is justifiable. 

Overall, this study highlights the importance of continuing to evaluate and refine 

acoustic detection methods and a strategy to do so effectively. However, monitoring 

groups facing similar species discrimination challenges should evaluate the species 

distribution specific to their region and tailor their objectives accordingly, before 

implementing the updates I tested in the GoSL. 
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Appendix 

Table 1A: Names, descriptions and characteristic frequency ranges of blue whale call 

types included in the new LFDCS blue whale call library. (MacDonald, 2025, based on 

DFO 2024, unpublished). 

 Name 

Approximate 

Frequency Range 

(Hz) 

Description 

Call type 30 
Short 

downsweep 
25-110 

2-4 second long downsweep 

with a hook or short upsweep 

at the beginning 

Call type 31 
Medium 

downsweep 
25-75 

~4-9 seconds in duration, 

often with a plateau at the 

beginning or short upsweep 

Call type 32 Arch 20-85 
Calls of any duration with 

clear upsweep at the start 

Call type 33 
Steep 

downsweep 
25-105 

Angular downsweep of any 

duration with a steep slope 

Call type 34 
Long 

downsweep 
25-85 

Long downsweeps 9 or more 

seconds in duration that 

plateau at the beginning 

 

 

 

 



 

 

 

Table 2A: Summary of glider deployments in the Laurentian Channel from 2022-2025 and the associated Dynamic Shipping Zones 

(DSZ) monitored, deployment and recovery dates, and monitoring start and end dates. All dates are in the format yyyy-mm-dd in UTC 

time. 

Year (glider) DSZ 
Deploymen

t date 

Start 

monitoring 

End 

monitoring 

Recovery 

date 

Days 

monitored 

2022 B/C/E 2022-04-21 2022-05-01 2022-08-29 2022-09-01 121 

2023 (Fundy) B/C 2023-07-26 2023-07-27 2023-11-03 2023-11-07 100 

2023 (Peggy) B/C/E 2023-04-17 2023-04-17 2023-09-21 2023-09-22 158 

2024 (Fundy) A/B 2024-06-23 2024-06-25 2024-11-04 2024-11-05 133 

2024 (Peggy) B/C/E 2024-04-17 2024-04-17 2024-10-18 2024-10-19 185 

2024 (Scotia) A/B/C 2024-06-23 2024-06-25 2024-11-01 2024-11-05 130 

2025 (Fundy) B 2025-05-22 2025-05-22 2025-11-16 2025-11-26 179 

2025 (Peggy) C 2025-05-22 2025-05-23 2025-11-16 2025-11-26 178 

2025 (Sable/ 

Scotia) * 
A 2025-05-22 2025-05-22 2025-11-16 2025-11-26 176 

* The glider Sable suffered a malfunction and was recovered on 2025-06-19. It was replaced by a different glider, Scotia, on 2025-06-

23. 

8
6
 



 

 
87 

Table 3A: Tally periods scored detected (due to audible calls) or not detected for blue 

whales and days with at least one blue whale detection (due to audible calls) or days 

without, recorded across all nine glider deployments included in this study. The counts 

of tally periods or days listed in the ‘detected’ and ‘not detected’ columns are the sample 

sizes of the data included in Models 1-4, as appropriate.  

 

 

 

 

 

 

 

 

 

 

Deployment 
Detected 

tally periods 

Not detected 

tally periods 

Detected 

days 

Not detected 

days 

2022 74 10858 26 95 

2023 Fundy 379 7915 48 52 

2023 Peggy 109 14275 24 134 

2024 Fundy 531 10531 73 60 

2024 Peggy 208 16010 47 138 

2024 Scotia 273 10608 58 72 

2025 Fundy 764 13976 117 62 

2025 Peggy 684 14262 115 63 

2025 

Sable/Scotia 
853 12950 118 58 
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Table 4A: Percentage (and count) of the total number of tally periods that were 

recorded during the 2022 glider deployment (Peggy) in the Laurentian Channel by 

season and zone. n= 12233 total tally periods. 

 DSZ B DSZ C DSZ E 

Spring  1% (172) 51% (6242) 

Summer 7% (862) 41% (4957)  

Fall    

 

 

Table 5A: Percentage (and count) of the total number of tally periods that were 

recorded during the 2023 glider deployments (Fundy and Peggy) in the Laurentian 

Channel by season and zone. n= 23695 total tally periods.  

 DSZ B DSZ C DSZ E 

Spring  1% (367-Peggy) 28% (6529-Peggy) 

Summer 
11% (2648-Fundy) 

11% (2638-Peggy) 

14% (3332-Fundy) 

22% (5136-Peggy) 
 

Fall 5% (1122-Fundy) 8% (1923-Fundy)  



 

 

Table 6A: Percentage (and count) of the total number of tally periods that were recorded during the 2024 glider deployments(Fundy, 

Peggy and Scotia) in the Laurentian Channel by season and zone. n= 39789 total tally periods. 

 DSZ A DSZ B DSZ C DSZ E 

Spring 1% (568-Scotia) 1 % (560-Fundy) 1 % (278-Peggy) 16 % (6471-Peggy) 

Summer 
15 % (5863-Fundy) 

7 % (2598-Scotia) 

6 % (2526-Fundy) 

15 % (5812-Scotia) 
21 % (8397-Peggy)  

Fall 3 % (1357-Fundy) 

4 % (1444-Fundy) 

3 % (1040-Peggy) 

3 % (1040-Scotia) 

1 % (473-Peggy) 

3 % (1362-Scotia) 
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Table 7A: Percentage (and count) of the total number of tally periods that were 

recorded during the 2025 glider deployments (Fundy, Peggy and Sable/Scotia) in the 

Laurentian Channel by season and zone. n= 45302 total tally periods.  

 DSZ A DSZ B DSZ C 

Spring 
7% (3164-

Sable/Scotia) 
8% (3638-Fundy) 8% (3512-Peggy) 

Summer 
18% (8351-

Sable/Scotia) 
18% (8252-Fundy) 18% (8189-Peggy) 

Fall 
7% (3184-

Sable/Scotia) 
8% (3388-Fundy) 8% (3624-Peggy) 

 

 

Table 8A: Results of the chi-square tests of proportions run to compare whether the 

observed proportion of deployment days with either sei whale possible detections, blue 

whale detections, or blue whale possible detections in 2025 differed significantly from 

the expected proportion (the mean proportion of deployment days with either detections 

or possible detections from 2022-2024). **** = p ≤ 0.0001.  

 

Observed 

proportion 

(2025) 

Expected 

proportion 

(2022-2024) 

𝝌2 

Statistic 
df p-value Significance 

Deployment 

days with 

sei whale 

possible 

detections 

0.0206 0.5253 544.3 1 <0.0001 **** 

Deployment 

days with 

blue whale 

detections 

0.6567 0.3471 225.32 1 <0.0001 **** 

Deployment 

days with 

blue whale 

possible 

detections 

0.6023 0.5683 2.5054 1 0.1135 ns 
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Table 9A: Variance inflation factor (VIF) values measuring the multicollinearity 

between the levels of the predictor variables included in Models 1 and 2. Season 

comparisons are against Fall, DSZ comparisons are against DSZ A, and year 

comparisons are against 2022. Generally, values between 5-10 indicate 

possible/moderate multicollinearity, while values above 10 indicate high 

multicollinearity. 

Variable level VIF Model 1 VIF Model 2 

Spring 3.65 3.04 

Summer 1.10 1.65 

2023 5.34 2.40 

2024 5.91 2.78 

DSZ B 1.96 2.00 

DSZ C 2.29 2.35 

DSZ E 3.70 2.69 
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Table 10A: Variance inflation factor (VIF) values measuring the multicollinearity 

between the levels of the predictor variables included in Models 3 and 4. Season 

comparisons are against Fall and DSZ comparisons are against DSZ A. Interaction terms 

are indicated by colons. Generally, values between 5-10 indicate possible/moderate 

multicollinearity, while values above 10 indicate high multicollinearity. Although some 

values in Model 4 indicate high multicollinearity, they were not included in the top 

model.   

Variable level VIF Model 3 VIF Model 4 

Spring 7.86 8.35 

Summer 2.82 8.18 

DSZ B 2.56 17.35 

DSZ C 3.11 10.06 

Spring:DSZ B 4.30 8.71 

Summer:DSZ B 3.15 15.42 

Spring:DSZC 4.91 5.08 

Summer:DSZ C 3.88 8.74 

 

 

 

 

 

 

 



 

 
 

Table 11A: Results of the pairwise chi-square tests run to compare whether observed blue whale detections of both audible and 

infrasonic calls differed significantly from effort-weighted expected detections. Significance codes: ** = p ≤ 0.01, *** = p ≤ 0.001, 

**** = p ≤ 0.0001.  

 Season 
Observed 

value 

Expected 

value 
𝝌2 Statistic df p-value Significance 

Infrasonic 

calls 

Spring 0 149.16 191.23 1 <0.0001 **** 

Summer 310 352.56 10.70 1 1.07e-3 ** 

Fall 368 176.28 281.77 1 <0.0001 **** 

Audible 

calls 

Spring 72 506.22 477.51 1 <0.0001 **** 

Summer 1122 1196.52 9.67 1 1.87e-3 ** 

Fall 1107 598.26 584.62 1 <0.0001 **** 
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Figure 1A: Pitch tracks of the call exemplars (shown by the individual vertical lines), 

offset from one another along a false time axis in the frequency vs. time plot, that make 

up call types in the LFDCS library for each sei whale call type. The exemplar 

identification numbers are listed below each exemplar. The top panel shows exemplars 

for sei whale Call type 1, the middle panel shows sei whale Call type 2, and the bottom 

panel shows sei whale Call type 3 (MacDonald, 2025).  
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Figure 2A: Pitch tracks of the exemplars in the new LFDCS library for each blue whale 

call type, presented in a frequency over time plot, with the exemplar identification 

numbers listed below each exemplar. The top panel shows exemplars for Call type 30, 

below shows exemplars for Call type 31, followed by Call type 32, Call type 33, and the 

bottom panel shows exemplars for Call type 34 (MacDonald, 2025).  
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Figure 3A: Visual representations of the seven-dimensional discriminant function 

analyses of the acoustic attributes of call types on 2 canonical axes. a) shows all call 

types included in both the sei and blue whale call libraries and b) shows only the sei and 

blue whale call types with the greatest overlap (Sei whale Call type 3 and Blue whale 

Call type 30) along with humpback whale Call type 17, whose exemplar distribution is 

similar to that of sei and blue whales. Note that the colour scheme differs between the 

two panels.  
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Figure 4A: Autocorrelation functions (ACF) of the residuals of the 2022-2024 a) tally 

period (Model 1) and b) day (Model 2) models, where probability of acoustically 

detecting a blue whale was modelled, and the datetime of the deployment, binned by 1 

hour (a), or the date (b) was the random variable. 
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Figure 5A: Autocorrelation functions (ACF) of the residuals of the 2025 a) tally period 

(Model 3) and b) day (Model 4) models, where the probability of acoustically detecting 

a blue whale was modelled, and the datetime of the deployment, binned by 4 hours (a), 

or the date (b) was the random variable. 
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Figure 6A: QQ plots and residual vs. predicted plots for the residuals of a) Model 1 and 

b) Model 2. Although QQ plot a) shows significant deviation tests, significant tests are 

expected for models with large sample sizes, like this one. However, the uniformity in 

the scaled residuals is not perfect and could indicate deviation. In the residual vs. 

predicted plot a), there are no obvious patterns in the greyscale colouration, meaning the 

model likely captures the data structure well. QQ plot b) shows very good uniformity in 

the scaled residuals and no significant dispersion or deviation. The residual vs. predicted 

plot b) shows no pattern in the dispersion of residuals along each categorical predictor 

(vertical) and states that no significant problems were detected. 
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Figure 7A:  QQ plots and within-group deviation from uniformity plots for the residuals 

of a) Model 3 and b) Model 4. QQ plot a) shows very good uniformity in the scaled 

residuals and few significant test results despite the large sample size, indicating the 

model fits the data well. QQ plot b) shows very good uniformity in the scaled residuals, 

indicating a well-fit model. The within-group deviation from uniformity in both plots a) 

and b) show that the predictors have equally spread and generally centred data, 

indicating the model accounts for the structure. However, homogeneity of variances is 

not a strict assumption for binomial models, so the significant homogeneity test for a) is 

not concerning. 
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