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ABSTRACT:
We present a processing routine for marine mammal call detection and localisation, using North Atlantic right whale

(NARW) upcalls and moans passively recorded by a sonobuoy grid in July 2018 in the southern Gulf of St.

Lawrence, Canada. Right whales are critically endangered and at risk from ship strikes and fishing gear

entanglement. We demonstrate the effectiveness of passive acoustic monitoring followed by a three-step analysis as

a mitigation tool. The first step detects NARW calls using a publicly available deep learning model, trained on open

acoustic datasets, adapted and optimised for the sonobuoy dataset using a smaller adaptation set. The second step

applies spectrogram correlation for contact association and time difference of arrival estimates, identifying the same

call across multiple sonobuoys. The third step estimates call location via nonlinear Bayesian inversion, assuming

direct call propagation, yielding source positions with uncertainty estimates. This three-step analysis effectively

detects and localises NARW upcalls, especially from within or near the sonobuoy grid. It enhances information com-

pared to visual surveys and provides realistic uncertainty estimates, supporting its role in conservation and manage-

ment efforts. https://doi.org/10.1121/10.0042758

(Received 12 August 2025; revised 3 December 2025; accepted 7 January 2026; published online 11 March 2026)
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I. INTRODUCTION

Localising North Atlantic right whales (NARW) in the

Gulf of St. Lawrence (GSL) has become an important task

toward preservation of the critically endangered species.

Historically, NARW migrate along the western North

Atlantic between Florida, United States, and Newfoundland,

Canada. Since 2015, NARW have been regularly

observed foraging in the GSL. The shift in foraging

behavior is climate-driven due to warming of the North

Atlantic and changes in ocean circulation altering prey

availability. NARW, since then, have suffered from ele-

vated rates of anthropological-caused mortality, such as

ship strikes and entanglement in fishing gear (Crowe

et al., 2021; Davies and Brillant, 2019; Davis et al., 2017;
Meyer-Gutbrod et al., 2021, 2023). The government of

Canada has established dynamic vessel and fishery man-

agement zones to preserve the NARW population, balanc-

ing economic and environmental interests (Minister of

Transport, Chrystia Freeland, 2025). The successful

implementation of these dynamic zones therefore depends

on high spatial and temporal resolution in NARW distri-

bution and their uncertainties (e.g., Ross et al., 2021;

Indeck et al., 2025).
Passive acoustic monitoring (PAM) to monitor marine

mammal presence and density based on their vocalisation

habits has been widely established (e.g., Zimmer, 2011).

PAM is more cost effective than aerial and ship-borne sur-

veillance, less impacted by adverse weather conditions, and

suitable for continuous monitoring during day and night.

PAM has been successfully implemented for NARW detec-

tion on acoustic data from moored hydrophones as well as

real-time implementations on underwater gliders (e.g.,

Baumgartner et al., 2013; Simard et al., 2019; Davis et al.,
2017).

Our study presents a workflow establishing the presence

of NARW and their location and associated uncertainties

using acoustic data from two sets of sonobuoy deployments

in 2018 in a dynamic vessel and fishery management zone.

This workflow combines a set of state-of-the-art methods:

detection of NARW upcalls by adapting a pre-trained deep

learning (DL) model, cross-spectrogram cross correlationa)Email: Romina.Gehrmann@forces.gc.ca
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for contact association, and Bayesian inversion for source

location and uncertainty estimates.

A. Introduction to the study area

The focus of our study is the Transport Canada-defined

restricted area located south of Gaspe Peninsula (Fig. 1).

Location and size of the restricted area are based on histori-

cal data of NARW aggregations, and restrictions for vessels

to avoid the area or reduce speed are triggered by near real-

time detections (Transport Canada, 2024). The restricted

area overlaps with the Shediac Valley, an area of 1530 km2,

which is rich in biodiversity and a variety of fish species,

such as the Atlantic cod seek refuge, feed, nurse, and spawn

in the area. It is a suitable NARW foraging habitat all year

round with a larger food (mostly zooplankton Calanus fin-
marchicus) abundance from June to August (Plourde et al.,
2024). Meyer-Gutbrod et al. (2023) note, however, that

NARW are most likely driven to forage in the southern GSL

by decreased prey availability in previously consistent sum-

mer foraging habitats in the Gulf of Maine and Scotian

Shelf, and alert about the general decline of the food source

as an additional stressor on NARW.

B. Introduction to the dataset

The underwater acoustic dataset used in this study is

from two sets of sonobuoy deployments in a core NARW

foraging habitat in the southern GSL on 30 and 31 July

2018, here referred to as day 1 and day 2, respectively. Each

day 32 sonobuoys were deployed in a grid at about 8 km

apart (see Fig. 1) recording up to 6 h of underwater acoustic

data each. In addition, visual surveys for the presence of

NARW were performed on board the survey vessel (both

days) and from an airplane (on day 2). A Slocum ocean

glider acquired conductivity, temperature, and pressure/

depth (CTD) data within the sonobuoy array.

The sonobuoys were deployed from a Royal Canadian Air

Force aircraft. Upon impact with water, sonobuoys inflate a

surface float with a radio transmitter for communication and

release a hydrophone to a pre-specified depth, here, �27.4 m

below sea level. The acoustic data were telemetered back to

the aircraft through a radio link in multiplexed format and

recorded. After the survey, the data were demultiplexed and

saved in .wav format. Note that the data made available for the

Detection, Classification, Localisation, and Density Estimation

(DCLDE) 2024 workshop were first downsampled to 8000Hz

but later re-extracted and downsampled to 7350Hz. We use

the latter version of the dataset. The original dataset had

recording times with second precision. We use a matched filter

to re-create the recording times with respect to a single sono-

buoy using the radio frequency (RF) signal present on all sono-

buoys at the same time resulting in ms precision.

On day 1 and day 2 sonobuoy type AN/SSQ-53F and

53D3 were used, respectively. The main difference between

the types is that coordinates for the 53D3 buoys are only

known for the time when the buoy hits the water, whereas

the 53 F buoys transmitted regular updates during the

deployment (von Benda-Beckmann et al., 2022).
Sonobuoy arrays have unique advantages and disadvan-

tages. One advantage is that they are time-synchronised,

which allows using the time difference of arrival methodol-

ogy for target localisation. The disadvantage is that sono-

buoy deployments are time-limited to a few hours. They are

easy to deploy, however, in a hydrophone grid of your

choosing and offer a near-real time data acquisition and

analysis, which make them suitable for short-term

FIG. 1. Topography of experiment area in the southern Gulf of St. Lawrence, southeast of Gaspe Peninsula (GEBCO Compilation Group, 2024, GEBCO

2024 Grid, doi:10.5285/1c44ce99-0a0d-5f4f-e063-7086abc0ea0f). Sonobuoy locations (black dots: 30 July 2018, showing the drift of the buoys over time;

red dots: 31 July 2018) and NARW sightings (black circles: 30 July 2018; red circles: 31 July 2018) within the Transport Canada defined restricted area near

the Shediac valley (Transport Canada, 2024). The inlay in the top left corner is the ESRI oceans map showing the eastern part of North America and the sur-

vey area (black rectangle).
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experiments with medium to high frequency resolution for

underwater signals.

The data were made publicly available as part of the

Detection, Classification, Localisation, and Density

Estimation of Marine Mammals workshop in 2024. The true

location of the calling whales, however, remained unknown

(von Benda-Beckmann et al., 2022). Hence, we compare

our source location results to visual observations.

C. NARW vocalisations

The acoustic dataset was manually annotated for four

different right whale call types, upcalls, gunshots, moans

and screams, as well as minke whale pulse trains, low-

frequency sounds by blue, fin, or sei whales, blows by

unknown species, and generally unknown signals. The total

annotated NARW vocalisations are below �600 on day 1

and below �1300 on day 2 (von Benda-Beckmann et al.,
2022). In this paper we focus on the NARW low-frequency

upcalls and moans.

Upcalls are frequency-modulated upsweeps between

about 50 and 200Hz. Higher frequency harmonics up to

3140Hz are often attenuated by the time the signal reaches

the receivers (Matthews and Parks, 2021; Parks et al.,
2011). The annotated upcalls are up to 1.5 s long [Fig. 2(a)].

Moans are generally in the range of 50–500Hz and

vary in amplitude and frequency modulations. NARW have

been observed to produce moans facultatively, within the

top 10 m of the water and at a higher rate when in larger

groups (Matthews et al., 2001). Annotated moans can be up

to 6 s long and some show initial downsweep characteristics

that level out after 1–2 s [Fig. 2(b)]. In some cases we

observe higher-frequency harmonics.

D. Introduction to DL methods for whale call detection

Computational bioacoustics has significantly benefited

from the advent of DL to address and automate the analysis

of large acoustic datasets that were previously unmanage-

able due to their sheer volume and complexity (Stowell,

2022). Traditional methods of detecting and classifying

marine mammal vocalisations were time-intensive, often

relying on hand-engineered features and manual analysis

(Baumgartner and Mussoline, 2011; Binder and Hines,

2012). Deep Neural Networks (DNNs) have shifted this par-

adigm, allowing researchers to leverage powerful models

that can implicitly learn complex patterns directly from the

acoustic time series or from straightforward transformations,

such as spectrograms, drastically reducing the level of fea-

ture engineering required by other methods (e.g., Li et al.,
2020; Kirsebom et al., 2020).

A DNN consists of multiple interconnected layers that

sequentially learn hierarchical representations of input fea-

tures, from low-level components, such as frequencies and

time segments, to more abstract representations of specific

calls or environmental noises (Goodfellow et al., 2016).

Convolutional Neural Networks (CNNs), a subtype of

DNNs, have been particularly impactful in bioacoustic

applications due to their proficiency in extracting spatial and

temporal patterns when combined with spectrogram repre-

sentations of the audio.

For NARW classification and detection, the upcall vocal-

isation [Fig. 2(a)] is widely recognised as a primary acoustic

indicator of presence (Parks and Tyack, 2005; Parks et al.,
2011). This vocalisation is produced by both sexes across vari-

ous behavioral contexts, thus making the upcall an ideal target

for automated detection due to its distinct and consistent acous-

tic signature (Kirsebom et al., 2020; Padovese et al., 2023;
Shiu et al., 2020). For this study, we utilise a pre-trained DNN

that specifically trained to detect and classify NARW upcalls

(Padovese et al., 2023), based on an open-source, Python-

based toolbox, Ketos, (Kirsebom et al., 2021) designed for

marine bioacoustics. We choose this tool over other detection

algorithms due to the data-driven adaptation ability. We evalu-

ate the model’s performance against the annotations. Note that

the spectrogram cross correlation and localisation analysis

described below are also applied to upcalls, which were anno-

tated but missed by the detector, and moans, which were only

manually annotated.

E. Introduction to time difference of arrival (TDOA)
analysis and spectrogram cross correlation
approaches

When a signal is detected in multiple, spatially sepa-

rated receivers, the TDOAs can be used to constrain the

FIG. 2. Example of a spectrogram representation of a NARW upcall (a) and

of a NARW moan (b). Sound pressure spectrum level (dB re lPa2/Hz)
increases from dark blue to yellow.
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location of the source. TDOA geometric localisation is a

well-established approach in underwater acoustics since the

1960s (Watkins and Schevill, 1972). Due to the nonlinearity

of the problem and measurement uncertainties, the source

location is often inferred using least squares or maximum

likelihood algorithms (e.g., Knapp and Carter, 1976; Chan

et al., 2006). The accuracy of these algorithms depends on

the precision of the receiver locations and the synchronisa-

tion of internal clocks. The accuracy with which the sound

propagation can be modelled also plays into the accuracy of

the source localisation.

Depending on the number of receivers in the array, the

array geometry, and the acoustic source position relative to

the array, the source may be localised in one, two, or all

three spatial dimensions with varying levels of accuracy

using TDOA (e.g., Thode, 2005). In general, at least three

receivers are required to localise the source in two spatial

dimensions, whereas four receivers are required to localise

the source in all three dimensions. The technique generally

requires that the source and the receivers are in line of sight

(e.g., Li et al., 2016).
Determining the time of arrival of a NARW upcall with

sufficient precision to localise the calling whale is a non-

trivial task, even for the wide-aperture array considered in

the present work. Sound propagation effects cause calls to

be received differently at different locations, which makes

the determination of the arrival time an ambiguous task. The

finite (�1.0 s) duration of the NARW upcall easily causes

errors of over 100 ms, a sizable error considering that the

maximum TDOA between any two adjacent receivers sepa-

rated by 10 km is �7 s.

One commonly used method to reduce systematic errors

and obtain a robust TDOA estimate involves computing the

cross correlation of the acoustic signals measured at the

receivers. The computation may be performed either in the

time or frequency domain. Clark and Ellison (2000), for

example, estimate the TDOA of bowhead whale calls using

3–5 hydrophone arrays with 1–4.5 km spacings. They used

both spectrogram and waveform correlation and point out

the improved time resolution using waveform correlation.

The benefit of the spectrogram cross correlation is that it

displays the call’s time-varying frequency modulated struc-

ture and that this structure is more robust against propaga-

tion effects (such as interference nulls at the receiver).

Simard and Roy (2008) find using spectrograms generally

easier for TDOA estimation than using a filtered time series

due to noise interference. Tiemann et al. (2004) also com-

pared the waveform vs spectrogram correlation and found

that the localisations using spectrogram correlations yielded

a better match with visual observations. Helble et al. (2015)
point out the benefit of several second-long sequences when

applying cross correlation of humpback whale songs, which

improve the TDOA results. NARW upcalls, however, may

not occur in comparable sequences.

Following an approach adopted in multiple previous

studies (Fucile et al., 2006; Hendricks et al., 2019; Janik
et al., 2000; Ramaswamy et al., 2001), we compute the

cross correlation in the frequency domain. This approach

has the advantage of being computationally more efficient

and allowing us to apply certain noise-suppression steps,

described in detail below. These methods are essential to

building an automated system capable of localising NARW

in near real time in a realistic deployment scenario with lim-

ited resources for in situ data processing at the receiver and

constrained bandwidth for data transmission. The method is

also more suitable for large-aperture arrays, such as the one

considered here, where uncertainties introduced by sound

propagation effects dominate. Spectrogram cross correlation

has been successfully applied not only to TDOA estimation

but also to detect calls in the first place (e.g., Mellinger and

Clark, 2000, found that the method did only slightly worse

compared to neural networks, although the comparison was

done against a shallow, fully connected neural network, i.e.,

from before the advent of modern deep CNNs).

F. Introduction to nonlinear Bayesian inversion
approaches

Localising marine mammals using the TDOAs can be

solved with deterministic inversion techniques. However,

the solution to the inverse problem is typically non-unique

and there may be several models for which the predicted

data fit the observed data equally well within the data error

(e.g., Tarantola, 2005). Bayesian inversion is a statistical

approach that uses probability to estimate which possible

solutions are most likely, using the measured data, the data

error, and the prior knowledge about the system. Instead of

producing a single “best-fit” answer, it provides a range of

possible solutions and their associated probabilities. This

means it not only locates the marine mammal but also quan-

tifies how uncertain that estimate is. Therefore, it is impor-

tant to evaluate data errors that are comprised of

measurement errors due to ambient noise and instrumenta-

tion limitations, and systematic errors due to approximations

in the physical theory implementation, as well as errors

based on the choice of parametrisation of the model.

The underlying physical system is often nonlinear,

which can be overcome with a linearised approximation for

the case at hand. However, linearisation generally does not

allow a rigorous uncertainty estimation. Instead, we imple-

ment a nonlinear Bayesian inversion (based on work by

Warner et al., 2017; Dosso and Wilmut, 2008), which esti-

mates a posterior probability density for all unknown or

uncertain parameters. The model and uncertainty estimated

from Bayesian inversion need to be understood as the most

appropriate solution for the observed data given the specific

parametrisation (e.g., Gelman et al., 2008). In this study,

parametrisation beyond the unknown source location

includes unknown receiver location differences to the latest

location update, or original deployment position, a time

delay between individual buoys, and the average sound

speed.

Bayesian inversion is generally more time intensive

than deterministic inversions, but our approach takes advan-

tage of the short computational effort required for the
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TDOA forward model (Spiesberger, 2005). The technique

performs relatively well compared to inversions that use

more accurate forward models (Warner et al., 2016), which
take the modal-dispersion in a shallow-water environment

into account.

G. An integrated approach to NARW acoustic
localisation

Our paper addresses the challenge of localising NARW

using underwater acoustic data from a sonobuoy grid. We

use a pre-trained DL model to automate the detection of

NARW upcall. Through transfer learning, we adapt the

model to the target dataset, demonstrating that a small set of

training samples is sufficient to achieve a significant

improvement in performance.

We describe and implement an algorithm for estimating

TDOAs based on spectrogram cross correlation functions,

which utilises compressed (binary) spectrograms. The

reduced data size generally (although not tested here) allows

for efficient data transfer from the individual hydrophones

to a central or cloud-based server.

Finally, we discuss a Bayesian inversion approach to

estimating the source location, addressing uncertainties in

the receiver parameters, and assessing the source location

uncertainty, which can be substantial, especially when the

sound source is outside the array. The inversion algorithm is

more expensive computationally than the detection and

TDOA estimation steps but enables quantitative estimates of

the location uncertainties.

In the absence of ground truth—in the form of known

locations of vocalising whales—we validate our methodol-

ogy by comparing our source localisation estimates to visual

observations using the Mahalanobis distance.

We argue (but do not demonstrate) that our solution can

be implemented in a practical setting with realistic power

budgets, computational resources, and data transmission

bandwidths, providing localisation estimates in near real

time. Call detection and spectrogram computation and com-

pression can occur locally using individual hydrophone

data, and source localisation through TDOA analysis and

Bayesian inversion can take place on central server or in the

cloud.

Although our solution was developed for a sonobuoy

dataset, we argue that it is applicable to a broader range of

hydrophone array deployments, the key requirements being

well-synchronised hydrophones with known positions and

capacity for local data processing and data transmission.

II. METHODS

A. DL model for upcall detection

For the task of detecting and classifying NARW

upcalls, we utilised a pre-trained model available in the

NARW detection tool (Padovese et al., 2023). The tool

employs a conventional ResNet-18 architecture (He et al.,
2016), a residual neural network consisting of 18 layers that

utilise skip connections to facilitate the learning of deeper

features without performance degradation. ResNet architec-

tures have been widely adopted in bioacoustic classification

tasks due to their relative ease of implementation and robust

performance across various species and vocalisation types

(Stowell, 2022). The network was trained on over 50 000

NARW upcalls clips, collected from hydrophones stationed

at various locations. Additional details on the tool and mod-

el’s implementation can be found in Padovese et al. (2023)
and its associated GitLab repository.1

The ResNet-18 model operates on 3-s magnitude spec-

trograms with a frequency range of 0–500Hz to classify

audio segments as either containing a NARW upcall or not.

To generate spectrograms compatible with the ResNet

model, audio files from the DCLDE 2024 dataset were first

downsampled to 1000Hz and then pre-processed. For each

3-s segment, a magnitude spectrogram was computed using

a Hamming window with a duration of 0.256 s (256 sam-

ples) and a step size of 0.032 s, resulting in an 87.5% over-

lap between consecutive windows. This configuration

produced a two-dimensional spectrogram with dimensions

of 94 time frames and 129 frequency bins. Finally, the spec-

trograms were standardised individually by subtracting its

mean and dividing by its standard deviation to ensure con-

sistent scaling across all inputs (Stowell, 2022). The prepro-

cessing approach, along with the chosen time-frequency

configuation, follows similar, though not identical, method-

ological conventions established in previous NARW upcall

detection studies (e.g., Kirsebom et al., 2020; Shiu et al.,
2020).

The detection is performed twice. In an initial run the

original model is used without modifications. Three perfor-

mance metrics are estimated, recall, precision, and number

of false positives per hour. Recall is calculated by dividing

the true positives by the sum of the true positives and the

false negatives. Precision is calculated by dividing the true

positives by the sum of the true positives and the false posi-

tives (Saito and Rehmsmeier, 2015). Precision decreases

with the number of false detections and is smaller when

there are initially less true detections. It might therefore not

be the best indicator to decide if the detector results are suf-

ficient. A better indicator could be the number of false posi-

tive per hour. Shiu et al. (2020), for example, use a

threshold of 20 false positives per hour to evaluate their

detector success.

After the initial run, we inspect the detections and anno-

tate them as hard negatives (background) if they were false

positives or positives (upcalls) if they were true positives.

We then adapt the NARW upcall model with 1992 back-

ground (hard negatives) and 194 upcalls (true positives)

from the sonobuoy dataset as described in Padovese et al.
(2023). The detection is then performed a second time using

the adapted model and followed by metrics evaluation.

Note: The decision to adapt the model to the sonobuoy data-

set and run it a second time resulted from evaluating the first

run. It may, however, be sufficient to run it only one time

for other datasets that are more similar to the original train-

ing dataset.
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B. Source localisation from TDOA

The TDOA of the call is based on a simple direct-path

propagation model. A source signal, such as the whale call,

at time tS, at the coordinates xS, and yS is received at

receiver i with the coordinates xi and yi at time ti. The time

from the source to the receiver is the path length divided by

the average speed of sound through the water c. Including a

potential time delay of the receiver clock DtRi, the arrival

time becomes

ti ¼ tS þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxS � xiÞ2 þ ðyS � yiÞ2

q
c

þ DtRi: (1)

Subtracting the time from the source to the receiver for

two different receivers i and j, the TDOA between two

receivers becomes Dtij ¼ ti � tj, eliminating absolute mea-

sures such as tS, and introducing DtRiRj, the relative time

delay between two receivers’ internal clocks.

With 3þ 2N þ ðN � 1Þ parameters for N receivers, but

only N-1 independent TDOAs, the problem becomes over-

parameterised, which may lead to overfitting the data and

therefore fitting the data error, as well as overestimating

parameter uncertainties. Note that additional data points

from pairing different receivers results in data points that

are correlated with each other and do not offer additional

information. Fortunately, receiver locations are relatively

well-known (most recent Global Positioning System (GPS)

fix from the aircraft on day 1, or drop off point on day 2)

and our prior is a uniform distribution of a relative drift in

position. Additionally, the internal sonobuoy time delays are

to be assumed minimal, and we choose a uniform prior with

2 s maximum delay.

In the present case, with the receivers all found at the

same depth (27.4 m below sea level), the depth of the acous-

tic source is essentially unconstrained by TDOA, whereas

the source’s latitudinal and longitudinal position may be

determined with varying levels of uncertainty.

C. TDOA estimation using spectrogram cross
correlation

The technique presented in this section aims to enable

near real-time processing in a realistic deployment scenario

where computational resources and transmission bandwidth

are limited.

1. Spectrogram computation and data compression

In the following, we describe the steps adopted for com-

puting the spectrograms used as input for the TDOA analy-

sis. Magnitude spectrograms are computed using a window

size of 256 ms and step size of 12.8 ms (95% overlap) using

a Hamming window function and converted to decibel scale

(Fig. 3, left).

Next, a number of cuts and noise suppression methods

are applied to the spectrogram with the dual purpose of

enhancing the cross correlation signal and reducing the

amount of transmitted data. Row and column medians are

subtracted to suppress narrow-band, tonal noise and broad-

band, impulsive noise, respectively (Fig. 3, middle).

Frequency bins below 60Hz and above 260Hz are dis-

carded. A fixed (configurable) threshold of 8 dB is applied,

assigning the value 0 to pixels below this threshold and the

value 1 to pixels above this threshold. All isolated, positive

(1) pixels were subsequently converted to negative (0) pix-

els (Fig. 3, right).

This last step reduces the data size by a factor of 32

because every pixel in the spectrogram is represented by a

binary value (0 or 1) instead of a 32-bit precision float. With

the spectrogram dimensions and resolution used in this

study, the data size is reduced from 134 kb to 4.2 kb.

Depending on the spectral structure of the background noise,

the data size can in some cases be further reduced by con-

verting from a matrix representation of 0 s and 1 s to a

point-cloud representation in which only the positions of the

positive pixels are stored.

The 8-dB threshold used here was found to provide a

good balance between upcall sensitivity and data compres-

sion. A systematic exploration and optimisation of this

threshold parameter as well as the window and step size

used in the spectrogram computation is beyond the scope of

the present study.

2. Event construction and cross correlation analysis

A NARW acoustic event is triggered when an upcall is

detected by the DL model in any of the receivers, with a

score and signal-to-noise ratio (SNR) above fixed (configu-

rable) threshold values. A simple algorithm (Kirsebom

et al., 2020) is used for estimating the SNR of the call. In

this study, we use a score threshold of 0.5 and SNR thresh-

old of 8 dB.

Given the upcall detection time, ti, in the primary

(triggering) receiver i, a “trigger window” is computed for

all other receivers as ðti � rij=c� Dt; ti þ rij=cþ DtÞ,
where rij is the straight-path distance between receivers i
and j, c is the speed of sound, assumed here to have the

constant and uniform value c ¼ 1; 480 m/s within the

water volume sampled by the receiver array, and Dt ¼ 3 s

is the uncertainty on the detection time, given by the

width of the input spectrogram of the DL model. Any

upcall detected by the DL model within the trigger win-

dow at other receivers is considered part of the same

acoustic event. Note that multiple upcalls may occur in

the same receiver within the same trigger window. In the

present study, the same score and SNR thresholds were

used to accept/reject the primary/triggering signal and the

secondary signals.

For each detected upcall, we extract a 9.0-s wide seg-

ment (the 3.0-s wide window flagged by the DL model, plus

3.0 s on either side) and compute the compressed/binary

spectrogram representation described above. For every pair

of detections, a and b, we slide the central 3.0-s window of

a across the full 9.0-s window of b, at every step computing
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the cross correlation of the two spectrograms. The time shift

yielding the largest cross correlation is then used as the

TDOA (Fig. 4).

This approach to estimating the TDOA is expected to

work well when the upcall has similar spectral structure in

the two receivers (i.e., sound propagation effects have not

altered the upcall substantially) and is reasonably free of

overlapping transient noise. When these assumptions are not

fulfilled, the spectrogram cross correlation approach may

not yield an accurate TDOA estimate. We use the ratio of

the maximum and the median cross correlation value as a

metric to automatically detect poor-quality cross correlation

functions. In this study, a ratio of 10 or greater was required

for a cross correlation function to be accepted. See Fig. 4 for

a comparison between an accepted (left) and rejected (right)

instance.

In cases where multiple detections occur in the same

receiver, the detection with the largest, aggregate cross cor-

relation (summed over the detections in the other receivers)

is selected and the others discarded. For an event with N
detections in separate receivers, we thus obtain N2 � N
TDOA values. Using a v2 minimisation routine, we use this

to constrain the N � 1 independent TDOAs, obtaining best-

fit values and estimates of statistical uncertainties r. These
form the inputs for the source localisation routine, discussed

below.

We stress that these computational steps take place on a

single machine/server, receiving the compressed 9.0-s spec-

trograms from the individual receivers, and additionally

allow further processing for a near-real time deterministic

estimate of the source location.

D. Source localisation and uncertainties with
nonlinear Bayesian inversion

The nonlinear Bayesian inversion enables the estima-

tion of unknown parameters and their uncertainty during the

post-survey analysis.

1. Likelihood function and error assumption

The data error rk for the observed TDOA data dk at

each data point k is estimated during the spectrogram cross

correlation process. It does not include systematic errors and

is assumed to be Gaussian-distributed. The likelihood func-

tion therefore becomes

LðmÞ ¼
exp �0:5

XN�1

k¼1

dk � dkðmÞ
rk

� �2
" #

ð2pÞN�1
2

YN�1

k¼1

rk

; (2)

where dkðmÞ is the predicted TDOA data for model parame-

ter vector m.

2. Nonlinear Bayesian inversion

In the Bayesian framework, the data d and the

unknown model parameters m are random variables, each

with specific probability densities (e.g., Gelman et al.,
2008). The general solution to the Bayesian inverse prob-

lem is the posterior probability density PðmjdÞ, PPD, of a

FIG. 3. Two examples of spectrogram processing results for upcalls with estimated SNRs of 21 dB (top row) and 7.6 dB (bottom row). From left to right:

raw spectrogram (dB, uncalibrated), denoised spectrogram (dB, uncalibrated), and binary spectrogram. The high-SNR upcall (top) was detected in receiver

40 at 17:43:14.2 on 31 July 2018, whereas the low-SNR upcall (bottom) was detected in receiver 97 at 17:43:20.4 on 31 July 2018.
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model given the observed data, and given a known param-

eterisation of the model Bayes’ rule defines

PðmjdÞ ¼ PðdjmÞPðmÞ
PðdÞ ; (3)

where PðdÞ is the probability of the data, PðdjmÞ is the like-
lihood function (introduced above), and PðmÞ is the prior

knowledge about the model parameters independent of the

data. The prior probability densities are chosen to be uni-

formly distributed.

The PPD can be sampled numerically. To avoid sam-

pling the whole parameter space, including areas with low

PPDs (as is the case for a large fraction of the model

space), a Markov-chain Monte Carlo (MCMC) method

with the Metropolis-Hastings (MH) acceptance criterion is

applied (Hastings, 1970; Metropolis et al., 1953). The tech-
nique used in this paper additionally addresses correlation

between model parameters and samples in the independent

eigenparameter space instead (Dosso and Wilmut, 2008).

Parameters are rotated using the eigenvalue decomposition

of the model covariance matrix, which is estimated from

all previous MCMC samples. The rotated parameters are

perturbed using a Cauchy distribution and then rotated

back into their original space. Additionally, we avoid being

caught in local minima and to explore potential multi-

modal distributions by implementing parallel tempering

(Dosso et al., 2012), which relaxes the likelihood in the

MH criterion in parallel MCMC chains, allowing the

exploration of a larger model space. The parallel chains

exchange models with the main chain, however, with the

original likelihood function. Additionally, we use a chain-

thinning approach that only accepts every fifth accepted

sample to reduce the correlation between samples and rep-

resent the PPD more efficiently (Warner et al., 2017). The
sampling is completed after 1 00 000 accepted samples.

The computation requires between a few minutes and sev-

eral hours depending on problem complexity, when run on

a single central processing core (2.6 GHz) with 32 Gbits of

random access memory.

For the Bayesian inversion, we use a starting model

estimated with a hybrid optimisation technique comprising a

transition from a global to a local search (Dosso et al.,
2001). We allow source and relative receiver locations as

well as sound speed and receiver clock drift as free parame-

ters. The prior bounds for the receiver deviations are about

�10 to 10 m from the last measured GPS buoy location on

day 1 and up to �1000 to 1000 m on day 2. The clock drift,

which is essentially a relative delay time between the buoys,

is allowed to vary by �1 to 1 s. Even though the relative

delay times between the buoys has ms precision, early inver-

sion results indicate that models with larger delay times are

preferred, potentially also accounting for systematic errors,

such as not considering the three-dimensional variability of

the ocean sound–speed profile, which can affect measured

travel times of acoustic arrivals. The source location can be

up to 80 km away from the centre of the grid.

3. Mahalanobis distance between visual and acoustic
observations

The Mahalanobis distance D measures how far a point

x lies from the mean l of a multivariate distribution while

taking into account the covariance structure (here, two-

dimensional),

DðxÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx� lÞC�1ðx� lÞ

p
: (4)

It generalises the concept of the standard score (distance in

standard deviations) to multiple correlated dimensions.

Hence, a small number supports the hypothesis that the

visual observation is part of the posterior probability distri-

bution of the source location and therefore a match between

visual and acoustic observations (e.g., Johnson and

Wichern, 2023). We choose a threshold of 3 to consider a

visual observation to match with the acoustic one.

FIG. 4. Correlation function of the two upcalls shown in Fig. 3. The time difference of arrival is estimated from the maximum of the correlation function.

Correlation functions are rejected when the ratio of the maximum and the median is below a set threshold. In this study, a threshold of 10.0 was used, imply-

ing that the correlation function to the left was accepted, whereas the one to the right was rejected.
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III. RESULTS

A. DL model for upcall detection

The original DL model for NARW upcalls (Padovese

et al., 2023) achieves a recall above 50% and precision of

about 10% for a score threshold of 0.5. It achieves a num-

ber of false positives per hour below 10 (Fig. 5, top). After

the model adaptation and rerun of the detection, the recall

improves slightly to 58%, and the precision increases to

almost 80%. The number of false positives per hour

reduces to about 0.3 (Fig. 5, bottom). Although the number

of false positives per hour is significantly reduced, just

under 50% of the annotated calls (which were annotated by

an expert human annotator) are missed by the adapted

model.

B. Source localisation and uncertainties with
nonlinear Bayesian inversion

1. Call localisations on day 1

During the first day of the experiment, the sonobuoys

were of type AN/SSQ-53F and provided frequent updates of

their position. The prior bounds for the deviation from the

last position were therefore set to 10 m. The sonobuoys

drifted on average about 0.2 m/s with the ocean currents and

on average 2 km from their original position. The source

position, as expected, is less well-constrained when the call

originates from outside the sonobuoy grid (Fig. 6) than

when it is received by receivers from multiple directions

toward the source of the call (Fig. 7).

The average sound speed profile is not well-

constrained, but marginal probability densities overlap with

the observed sound speed profiles (Fig. 8).

The marginal probability density for the time delays

between the buoys overlap within the error bars.

NARW low-frequency vocalisations originated in the

northwest, southwest, and east of the grid (Fig. 9). The

source location to the northwest is not as well-known

because the calls originated at least 10 km away from the

buoy grid (Fig. 6). A train of low-frequency moans is

located close to the grid to the east. The moans occurred

during a 3.5 h time frame with well-constrained source loca-

tions that seem to move away from the grid. The train covers

about 9 km between the first and the last moan.

FIG. 5. DL results metrics precision, recall, F1 score, and number of false positives per hour over the score threshold for the original model (top) and the

adapted model (bottom).
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2. Call localisations on day 2

Call locations are better constrained when originated

within the grid. For example, an upcall around 17:43 UTC

originated close to buoy D56 and is located in the general

area of visual observations of right whales on day 2

(Fig. 10). The upcall was recorded on nineteen buoys result-

ing in 59 free parameters. The receiver locations are less

well-constrained than for day 1 due to the unknown drift of

the sonobuoys after dropping into the ocean (marginal prob-

ability densities for receiver locations are represented by

error bars in Fig. 10).

Most of the calls on day 2 originated from the southwest

outside the grid and are not well-constrained (Fig. 11).

Several visual NARW observations were made in the

upper middle of the sonobuoy grid and were within a 30 km

radius north of calls localised from PAM data.

3. Mahalanobis distance between visual and acoustic
observations

On day 1, only a few observations were made from a

vessel between 15:50 UTC to 22:50 UTC to the southwest.

No aerial surveys were possible and visibility was restricted

due to weather. Only one acoustic detection that is located

in the southwest (light purple line at about 47.9� N, 64� W

on Fig. 9) could be related to a visual observation with a

Mahalanobis distance D ¼ 2:7. The detections are about

1.5 h apart. The acoustic detections in the northwest and east

(Fig. 9) cannot be related to visual observations.

On day 2, we localise 13 calls in the southwest corner

of the sonobuoy grid between 15:15 UTC and 18:00 UTC.

The one to five visual observations with Mahalanobis dis-

tances D < 3 were observed between 15:20 UTC and 16:30

UTC (Fig. 12). Three acoustic observations in the centre of

the grid between 17:43 UTC and 17:46 UTC have

Mahalanobis distances D < 2 for visual observations

between 16:40 UTC and 17:00 UTC (Fig. 12). Thirty visual

observations in the centre and northeast of the grid between

11:55 UTC and 18:15 UTC have Mahalanobis distances

D < 3 (15 have D < 2) for one acoustic call location in the

northeast (15:24 UTC). The nearest visual observation was

observed at 13:48 UTC (yellow cross-at about 48.1� N and

63.57� W) with D ¼ 1:3. At least 11 visual observations in

the centre do not match with marginal probability densities

from acoustic observations using our methods.

IV. DISCUSSION

A. DL model

The pre-trained NARW upcall DL model is straightfor-

ward to use and already offers a >50% recall compared to

the human-annotated calls. The number of false positives

per hour is below 10, which is relatively low compared to

the threshold of 20 after which detector results can be

deemed useless (concluded by Shiu et al., 2020). Using the

upcalls from the model requires manually eliminating the

FIG. 6. Marginal probability density distribution of the source location of

an upcall initiated around 17:02 UTC on 30 July 2018. The 69% credibility

interval is extracted to compare to other calls in Fig. 9. The receiver coordi-

nates over time (grey x) are overlain by the last receiver location before the

call (black x) and the inferred receiver locations and their uncertainties

(blue cross). Visual observations within an 8-h time frame are located in the

southwest of the grid and with a minimum Mahalanobis distance D¼ 10.3

are likely not related to the acoustic detection.

FIG. 7. Marginal probability density distributions of the source location of

a moan initiated around 17:44 UTC on 30 July 2018. The receiver coordi-

nates over time (grey x) are overlain by the last receiver location before the

call (black x) and the inferred receiver locations and their uncertainties

(blue cross). Visual observations within an 8-h time frame are located in the

southwest of the grid and with a minimum Mahalanobis distance D¼ 200

are likely not related to the acoustic detection.
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false positives. However, after adapting the model with

1992 hard negatives and 194 upcalls, we are able to reduce

the number of false positives per hour to about 0.3. The

annotation is more time-efficient compared to manually

annotating the whole underwater acoustic dataset, as the

model effectively filters out a large portion of irrelevant

data, significantly reducing the workload.

During this step, we find additional positives that the

DL model detected compared to the manually annotated

upcalls (about 3% of the new total number of upcalls).

Annotating is a subjective process, and it can happen that

calls are overlooked even by experienced annotators.

Additionally, the purpose of the annotations for this dataset

was localisation and not detector performance (von Benda-

Beckmann et al., 2022).
The adaptation of the model was performed using an F1

score as loss function. The relatively small variation in pre-

cision and recall across score thresholds (Fig. 5) is a known

artifact of models trained with an F1 score (or other non-

decomposable) loss functions. Such losses encourage a sta-

ble operating point that maximises the harmonic mean of

precision and recall rather than producing well-calibrated

probability outputs. As a result, the model tends to output

scores clustered near the extremes (close to 0 or 1), yielding

limited sensitivity to threshold changes. Although uncon-

ventional, this pattern reflects that the optimisation target

corresponds to consistent performance at the default score

threshold of 0.5.

Although just under 50% of the annotated calls are

missed by the adapted model, it is able to significantly

FIG. 8. Observed sound speed in m/s calculated from CTD measurements

from an underwater glider over depth (left axis). The shaded areas are stan-

dard deviations over several glider dives for one day. The normalised

marginal probability density for the inferred (for the call location shown in

Fig. 6) sound speed is overlain (right axis).

FIG. 9. Localisation of NARW vocalisations on 30 July 2018 between

12:50 and 16:21 local time. Localisations encompass the 68% probability

margin for low-frequency sounds, including upcalls and moans (solid line).

Whale localisations are indicated in the northwest, southwest, and close to

the sonobuoy grid in the east. Visual observations (crosses) were made in

the southwest. Regularly updated buoy locations are shown as black dots.

[Bathymetry source: GEBCO Compilation Group (2024) GEBCO 2024

Grid (doi:10.5285/1c44ce99-0a0d-5f4f-e063-7086abc0ea0f).]

FIG. 10. Marginal probability density for upcall source location that was

initiated around 17:43 UTC on 31 July 2018. The 69% credibility interval is

extracted to compare to other calls in Fig. 11. Visual observations (red

crosses) were made in the northeast within the sonobuoy grid. The receiver

coordinates over time (grey x) are overlain by the last receiver location

(black x) at the initial drop time and the inferred receiver locations and their

uncertainties (blue crosses). Visual observations that were made in a 4-h

window are shown as red crosses. The larger the crosses, the closer the time

was to when the call was recorded. When the Mahalanobis distance D is

smaller than 3, observations are marked with black circles.
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reduce the false positives. Reasons for the model to not per-

form as well on the sonobuoy dataset can be that the sono-

buoy dataset has a rather distinct kind of noise signature and

other features compared to the original data the model was

trained on. The background noise profile of the sonobuoys

differs to the training datasets’ noise profiles due to the

intermittent RF communication, as well as the depth and

nature of the system’s deployment. One advantage of the

sonobuoys that compensates for missed detections is the

large number and relatively small distance between sono-

buoys compared to most moored arrays, which offers a level

of repetition/redundancy. If detections are recorded on at

least three sonobuoys, a localisation based on the TDOA

method can be performed.

Human activity and other biological sounds as well as

other environmental factors, i.e., breaking waves, wind, and

rain can reduce the SNR of the call. Variations in sound

propagation further influence how a vocalisation is per-

ceived, as it may be altered by reverberations, diffraction,

attenuation, and reflections. Additionally, although transfer

learning does not require a large dataset, the 194 upcalls

used here for adapting the model might just be too small.

Ways to improve the recall that were not the focus of this

study could be to increase the number of upcalls by augmen-

tation (e.g., time shifts, Padovese et al., 2021).
When considering a new dataset that has not been anno-

tated yet, running the NARW upcall model as described

above is a reasonable first step to detect NARW upcalls for

further localisation analysis. The number of detections can

intrinsically improve when applying the spectrogram cross

correlation, which is an independent way to detect the same

calls on different receivers.

The adapted model can now be used for underwater

acoustic data recorded with sonobuoys. It, however, does

only consider data in one specific shallow water environ-

ment and two specific kinds of sonobuoys, and might require

additional adaptation for different underwater environments

and equipment. The DL framework is available as open soft-

ware and comes with a tutorial for running and adapting it

(Padovese et al., 2023).

B. TDOA-based source localisation

1. Practical Implementation

To implement our solution in a practical setting, the fol-

lowing requirements must be fulfilled: The hydrophones

must be well-synchronised (millisecond precision) and have

known positions, which can be achieved with GPS. Call

detection and spectrogram computation must take place

locally at the hydrophone in real time. This can be achieved

by equipping the hydrophone with a small computer. For

example, a Raspberry Pi would be able to compute spectro-

grams and run our DL model in real time using only a few

watts on average. Last, the hydrophones must be able to

transmit the compressed and timestamped spectrograms to

the “outside world” with little or no latency. This could,

e.g., be achieved with hydrophones tethered to surface

buoys or uncrewed surface vehicles (USVs) communicating

via satellite link (e.g., Iridium). An implicit assumption is

that the buoy/USV is capable of powering these devices for

FIG. 11. Localisation of NARW vocalisations on 31 July 2018 between 11:45

and 15:21 local time. Localisations encompass the 68% probability margin for

low-frequency sounds, including upcalls and moans (solid line). Whale local-

isations are indicated in the north, northeast, southwest, and inside the sono-

buoy grid in the east. Visual observations (crosses) were made in the

southwest and inside the grid. Drop buoy locations are shown as black dots.

[Bathymetry source: GEBCO Compilation Group (2024) GEBCO 2024 Grid

(doi:10.5285/1c44ce99-0a0d-5f4f-e063-7086abc0ea0f).]

FIG. 12. Marginal probability density for upcall source location that was

initiated around 15:23 UTC on 31 July 2018. The 69% credibility interval is

extracted to compare to other calls in Fig. 11. The receiver coordinates over

time (grey x) are overlain by the last receiver location (black x) at the initial

drop time and the inferred receiver locations and their uncertainties (blue

crosses). Visual observations that were made 4 h before or after the acoustic

observation are shown as red crosses. The larger the crosses, the closer the

time was to when the call was recorded. When the Mahalanobis distance D
is smaller than 3, observations are marked with black circles. The closest

visual observation has a Mahalanobis distance of 2.

2134 J. Acoust. Soc. Am. 159 (3), March 2026 Gehrmann et al.

https://doi.org/10.1121/10.0042758

https://doi.org/10.1121/10.0042758


the duration of the deployment (e.g., by a combination of

batteries and solar power).

The TDOA estimation and source localisation would

take place on a central server or in the cloud. TDOAs are

determined with a fast and fully automated cross correlation

algorithm, utilising the compressed (binary) spectrograms to

reduce the amount of data that needs to be transferred from

the individual hydrophones.

Our current implementation of the Bayesian inversion

algorithm has not been optimised for speed and, as a result,

is comparably slow to the other two methods. However, we

foresee that the computational time can be drastically

reduced through improved algorithm engineering and high-

performance computing infrastructure, allowing the full

processing pipeline to run in near real time with a latency of

minutes, rather than hours, as required for dynamic manage-

ment purposes.

2. Spectrogram cross correlation

NARW upcalls and moans are finite signals and vary in

intensity and duration. Questions arise such as: Should the

time of maximum sound intensity be used or the time at

which the intensity first exceeds some arbitrary signal-to-

noise threshold relative to the ambient background level, or

rather take advantage of the spectral shape and duration

using correlation algorithms? Spectrogram cross correlation

methods to estimate TDOAs are a robust choice given the

variability of the calls (e.g., Simard et al., 2008; Tiemann

et al., 2004). One source of error that contributes to the

TDOA uncertainty is the time resolution of the digitised sig-

nal or of a spectrogram used in cross correlation. Other sour-

ces of error are the uncertainties in the exact position of

hydrophones or in the speed of sound at the field site, and

the use of a two-dimensional array in a three-dimensional

environment (Janik et al., 2000).
In our case, the measurement errors for the TDOAs are

estimated from the spectrogram cross correlation technique

for each buoy and assumed to be Gaussian distributed.

Instrumentation limitations comprise time delays between

the recording at the sonobuoy and the transmission to the

aircraft, and gaps of buoy location GPS updates (especially

on day 2 of the experiment). The physical theory is approxi-

mated with a direct acoustic wave propagation ignoring

propagation loss, modal dispersion, or seabed parameters,

which become more important in shallower water and lower

frequencies. We are also simplifying the sound speed profile

by assuming one average sound speed for the whole water

column. The time window chosen for the cross correlation,

however, seems to account for errors in the sound propaga-

tion assumption.

Helble et al. (2015) point out that setting a threshold for

the TDOA estimation implies a trade-off between the accu-

racy of the TDOA readings (and therefore the resulting

localisation) and the number of accepted TDOAs (i.e., call

instances). They test their threshold for the signal strength

using simulated call sequences and varying levels of

ambient noise. A detailed evaluation of the chosen thresh-

olds is beyond the scope of this article. In our case, it is pref-

erable to use as many call instances as possible to the

relatively small number of NARW vocalisations. However,

that may result in incorrect TDOA estimations, which can

be caused by noisy signals, non-direct paths, and overlap-

ping calls. We therefore exclude outliers, and additionally,

the Bayesian approach proved to sample inefficiently for

incorrect TDOAs.

C. Discussion on localisation results using nonlinear
Bayesian inversion

Nonlinear Bayesian inversion enables estimating the

source location and unknown experiment parameters.

Especially on day 2, when the receiver locations were

known with about 1 km uncertainty, the Bayesian approach

incorporated the uncertainty, whereas deterministic

approaches, such as time offset and receiver locations,

would not be able to.

Marginal probability densities for time delay between

buoys usually are within the �1 and 1 s range. The sono-

buoys, however, are expected to have a much smaller delay

between buoys of the same type. The delay might therefore

potentially account for other factors, such as arrival time

that depends on environmental factors, bathymetry, etc, that

varies for different source-receiver paths. We also only

invert for an average sound speed and ignore the sound

speed profile. Results, however, show that the average sound

speed is within the limits of the measured sound speed

profile.

On the second day, receiver locations may be as differ-

ent to their drop positions (on average �2 km over up to 6

h). The inversion results present little sensitivity to the posi-

tion, and the marginal probability densities often cover the

area between the prior bounds (�1 to 1 km). The inversion

results for the receiver location could be improved in the

future using different calls at the same time that were

recorded on the same buoys to improve the data to unknown

parameters ratio. Unfortunately, however, there are not

many calls that fit these requirements due to the facultative

calling behavior of the whales.

The presented work uses an average sound speed profile

and a simple direct path assumption for the location estima-

tion. Using a more sophisticated propagation model for the

water depth and frequency range and including topography

and source depth might improve the results (e.g.,

Spiesberger and Fristrup, 1990).

We analysed not only the detected but also the remain-

ing annotated upcalls and moans. Therefore, it is possible to

compare our localisation results to other approaches from

the DCLDE 2024 workshop in the future.

D. Discussion on call occurrences used for
localisation

Localisations are possible for 14 upcall and moan

events on day 1 and 21 events on day 2. These events are
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associated with 122 of 282 annotated calls on day 1 and 129

of 557 annotated calls on day 2. Nine and 21 calls, respec-

tively, that were found during the cross correlation could not

be assigned to an annotation. Reasons for not being able to

utilise all the calls that were annotated could be that they

were not assigned to an event with more than two calls dur-

ing the cross correlation process due to their SNR, the cho-

sen thresholds for spectrogram reduction, and the threshold

for accepting cross correlation peaks as TDOA. The expla-

nation could also be that the calls origins were significantly

outside the sonobuoy grid and only recorded on a couple of

buoys. The sonobuoys have presented unique advantages

and disadvantages. Calls inside the grid and near the grid

were easy to localise within a small radius due to multiple

sonobuoys recording the same call. The TDOA algorithm is

most sensitive to timing errors. Therefore, the time synchro-

nisation between the buoys across several km proves to be

an important asset. Sonobuoy deployments are also quite

flexible. During the survey, the operators were able to adjust

the deployment location for the second day to move closer

to where the whales were being observed. Main challenges

are that the second day recording did not have updated loca-

tions for the buoys and that the buoys are short-lived and

cannot be used to analyse call behaviour for larger than a 6-

h time series.

E. Discussion on NARW calling behaviour

On day 1, acoustic and visual observations can poten-

tially be matched for one visual observation with a

Mahalanobis distance of 2, whereas localisations from

acoustic detections in the northwest and east do not match

with visual observations. That is likely caused by weather

restricting visual surveys on that day to the southwest of the

grid. Therefore, we cannot make any conclusive correlations

between visual observations and inferred call locations from

PAM data in this case.

On day 2, 13 calls that are localised in the southwest of

the grid can be matched with one to five visual observations.

The acoustic and visual observations overlap in time, but

acoustic observations still occur 1.5 h after the last visual

observation. Therefore, PAM data successfully complement

the visual observations by extending the time frame of

NARW observations.

Three calls that are localised in the centre of the grid

match with visual observations that were made one hour ear-

lier. However, over 40 visual observations were made to the

northeast of the acoustic observation with Mahalanobis dis-

tances larger than 3 that are likely not related. About 30 of

these, however, have Mahalanobis distances smaller than 3

for a call that originated in the northeast. The Mahalanobis

distances are likely small due to the large uncertainty of the

call location. However, at least 11 visual observations do

not match with acoustic observations, suggesting that the

NARW did not necessarily produce upcalls or moans when

observed, but rather sounded facultatively and possibly

when submerged (as also found by Matthews et al., 2001).

In this case, the visual observations successfully comple-

ment the acoustic observations by detecting NARW when

they cannot be detected acoustically.

V. CONCLUSIONS

The presented integrated processing solution for marine

mammal calls on passive acoustic data effectively detects

and locates NARW upcalls in the GSL.

A publicly available DL model is successfully adapted

to the sonobuoy dataset, which required a much smaller

dataset size than the original training dataset and therefore

minimal manual annotation efforts.

The spectrogram cross correlation technique is a fully

automated approach designed to be suitable for deployment in

power and bandwidth constrained environments, and allows

for source localisation and overall confidence estimates.

The nonlinear Bayesian inversion allows for estimates

not only of the source location but also of relative receiver

locations, instrument clock drift, and average sound speed.

The simple forward model allows for the inversion to run

relatively fast (minutes up to a few hours) dependent on the

number of parameters.

Implementing these techniques, we are able to constrain

the position of the NARW when calling (Figs. 9 and 11) and

highlight the importance of passive acoustic monitoring in

addition to visual observations due to its larger range and

ability to monitor 24/7 for vocalising whales, including

when submerged, in all weather conditions.
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