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Abstract We introduce semantic segmentation for time–frequency representations of seismic data, en-
abling pixel-level detection and characterisation of signals. We curate a small, manually annotated dataset of
500 spectrograms containing a range of feature classes in the 1 to 50 Hz frequency band from a single ocean
bottom seismometer (OBS) from the UPFLOW array in the mid-Atlantic region. We explore several machine
learning (ML) training techniques that are specialised for low-data training regimes, and compare their per-
formances for two feature classes (instrument resonances and blue whale calls). We find that a synthetic pre-
training step significantly improves performance relative to semi-supervised approaches and finetuning an
off-the-shelfmodel, with a∼5% improvement in performance for well-represented features, and an improve-
ment of over 100% for rare features. Despite the small dataset, our method can be utilised to accurately and
efficiently segment spectrogramdata across 43 OBSs from the large-scale UPFLOWarray, as well as data from
previous OBS deployments. We next investigate a range of applications for the trained segmentationmodels.
We demonstrate that our ML algorithm identifies current-induced instrument resonances accurately enough
to extract a tidal signal. In addition, it reliably detects blue whale calls across the entire UPFLOW array, and it
even enables automated tracking of individual whales detected simultaneously at multiple OBSs.

1 Introduction

Ocean-bottom seismology offers a unique glimpse into
a diverse set of processes at the seafloor. Typically,
the primary motivation of ocean-bottom seismometer
(OBS) experiments is to improve seismic data coverage
and imaging quality in the oceans, which are some of
the most under-instrumented regions on Earth. How-
ever, the exposure and proximity of OBSs to a wide vari-
ety of noise sources often represent a problem for typi-
cal seismological studies.
Noise for one scientific objective, however, may rep-

resent signal for another. Natural and anthropogenic
noise sources on land stations and OBSs have been
used to glean insights into a wide range of processes.
Cryosphere andweather-relatedphenomena such as ice
calving, sea-ice cover, and ocean storms have been in-
vestigated (O’Neel et al., 2007; Walter et al., 2010; Net-
tles and Ekström, 2010; Aster et al., 2008; Anthony et al.,
2014; Bromirski et al., 2005; Kedar et al., 2008; Koper
and Burlacu, 2015; Davy et al., 2014; Barruol et al., 2015;
Gualtieri et al., 2018). Anthropogenic signals include
ship tracks (Pakhomov and Goldburt, 2006; Trabattoni
et al., 2023). Additional studies have explored biologi-
cal activity (Gaspà Rebull et al., 2006; Dréo et al., 2019;
Pereira et al., 2020) and even tracked ocean currents us-
ing instrument noise (Stähler et al., 2018; Essing et al.,

∗Corresponding author: a.saoulis@ucl.ac.uk

2021; Corela et al., 2023; Godin et al., 2024; Tan et al.,
2025). Identifying such signals heavily relies on man-
ual inspection and expert-informed heuristic methods,
which are time-consuming and difficult to scale. In this
study, we explore how modern machine learning (ML)
methods can be used to detect and track a wide variety
of non-seismic signals efficiently, with relatively limited
manually annotated datasets.
Most of the previouswork using OBS data has focused

on noise estimation and removal. Various algorithms
havebeendeveloped to remove anddecreaseOBSnoise,
such as compliance noise (Crawford and Webb, 2000;
Bell et al., 2015). A range of approaches utilising algo-
rithmic noise estimation and filtering techniques have
also been explored (e.g., Mousavi and Langston, 2017;
Negi et al., 2021; An et al., 2022; Zali et al., 2023). ML has
also found significant success in improving the signal-
to-noise ratio for seismological data analyses through
denoising (e.g., Zhu et al., 2019; Yu et al., 2019; Dah-
men et al., 2022; Chen et al., 2024). Generally, such
approaches suppress noise without distinguishing be-
tween its diverse physical sources. This study instead
utilises ML to automatically detect and characterise
these signals in seismic data.
One signal class of interest here are instrument vi-

brations detected by the seismometer. On the seafloor,
OBSs are exposed to oceanic currents. They are ob-
stacles around which water must flow, creating vor-
tices that interact with components of the instrument.
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The periodic lift and drag effects, coupled with the me-
chanical strumming of components, lead to the pro-
duction of vibrations that propagate through the frame
of the instrument and are recorded by the seismome-
ter (e.g., Corela et al., 2023). In certain conditions, the
frequency at which vortices are shed from a specific
component matches its eigenfrequency, and construc-
tive interference leads to the generation of overtones,
or resonances, which are recorded by the seismometer
(Griffin, 1985; Trehu, 1985b; Stähler et al., 2018).
Another class of signals often recorded by OBSs are

baleen whale vocalisations, particularly those of blue
whales (Dunn and Hernandez, 2009; Brodie and Dunn,
2015; Dréo et al., 2019; Wilcock and Hilmo, 2021) and
fin whales (McDonald et al., 1995; Gaspà Rebull et al.,
2006; Wilcock, 2012; Matias and Harris, 2015; Pereira
et al., 2020). These are well-suited for detection by
seafloor seismic arrays due to the low frequency (< 50
Hz) and relatively high amplitude of the vocalisations
(> 180 dB relative to 1 µPa at 1 m; Širović et al., 2004;
Miller et al., 2021b). Automated detection and charac-
terisation of whale vocalisations is an active area of re-
search, using both seismic instruments and specialised
passive acousticmonitoring instruments (Baumgartner
and Mussoline, 2011; Miller et al., 2021a; Rasmussen
and Širović, 2021; Allen et al., 2021; Plourde and Nedi-
mović, 2022; Goodwin et al., 2022; Stowell, 2022; Miller
et al., 2023; Napoli and White, 2023; Cotillard et al.,
2024). This study focuses on the detection of blue whale
vocalisation.
MLhas seenwide success in seismology for signal de-

tection and arrival picking (Mousavi and Beroza, 2022,
2023). Thesemethodsmost often operate directly in the
time domain, performing classification of fixed-length
windows or 1-D segmentation, where the probability of
an arrival is predicted for each time step (e.g., Zhu and
Beroza, 2018; Mousavi et al., 2020; Münchmeyer et al.,
2022; Woollam et al., 2022; Bornstein et al., 2024). A
smaller number of studies instead use time–frequency
representations, but these approaches either classify
entire spectrogram segments (Nakano et al., 2019; Step-
nov et al., 2021; Shakeel et al., 2022; Xi et al., 2024; Tan
et al., 2024; Si et al., 2024) or perform 1-D first-arrival
segmentation using time-frequency images (Mousavi
et al., 2019b; Saad et al., 2021; Choi et al., 2024; Peng
et al., 2025).
Here, we introduce 2-D semantic segmentation for

time–frequency representations of seismic data. This
approach assigns a class label to every pixel of the spec-
trogram (for a review, see Minaee et al., 2021), which
has the unique advantage of enabling detailed charac-
terisation of detected signals, including their tempo-
ral extent, spectral bandwidth, and even energy con-
tent. Our formulation parallels semantic segmenta-
tion in natural images (Minaee et al., 2021; Peláez-Vegas
et al., 2023; Zhou et al., 2024), enabling us to draw on
mature computer vision methods. These techniques
have now proven effective in audio (Jansson et al., 2017;
Venkatesh et al., 2022), and have even seen (very lim-
ited) adoption in bioacoustics (Jin et al., 2022).
In addition, the significant successes of ML in seis-

mology can be attributed in part to the very large,

openly available seismic arrival datasets (e.g., ISC-GEM;
Storchak et al., 2013 and STEAD; Mousavi et al., 2019a),
which allow for the supervised training of deep learn-
ing ML models. However, in settings where no large
datasets exist, adopting these ML techniques remains
challenging (e.g., in understudied signal classes and
new regions; Lapins et al., 2021; Jiang et al., 2021; Wang
et al., 2023; Koper et al., 2024; Zhong and Tan, 2024;
Zhu et al., 2023, or different instrument classes such as
OBSs; Bornstein et al., 2024; Niksejel and Zhang, 2024).
Therefore, this study investigates strategies to improve
model performance under limited annotated training
data.
In this study, we use data from the recent Upward

mantle flow from novel seismic observations (UPFLOW)
(Tsekhmistrenko et al., 2025) OBS array in the Azores-
Madeira-Canary Islands region (Atlantic Ocean). We de-
velop and evaluate several approaches for training se-
mantic segmentation models to detect and classify dif-
ferent signals recorded on OBS data. We focus on iden-
tifying two signals: instrument resonances in the 4Hz
to 30Hz range and∼17Hz blue whale vocalisations.
This paper is structured as follows. Section 2 presents

the data used in this study and introduces key back-
ground information on OBS noise relevant to this study.
Section 3 then presents the methodology underpinning
this work, covering the ML-based techniques, as well
as the modified training strategies utilised to deal with
small annotated datasets. The results are given in Sec-
tion 4, exploring model performance on instrument
reverberation and blue whale vocalisation detections.
Section 4 also presents a range of downstream proof-of-
concept applications to validate the methodology. Fi-
nally, Section 5 presents the discussion and conclu-
sions.

2 Data

2.1 The UPFLOW array

Fifty free-fall broadband OBSs were deployed and 49
were recovered as part of the largest passive seafloor
experiment in the Atlantic Ocean so far – the UPFLOW
experiment in the Azores-Madeira-Canary Islands re-
gion between June 2021 andAugust 2022 (Ferreira, 2024;
Tsekhmistrenko et al., 2025). The UPFLOW array, for
which typical inter-station distances were 110-160 km,
is shown in Fig. 1. All OBSs were equipped with hy-
drophones; 49 had three-component broadband seis-
mometers, which were mostly Trillium Compact seis-
mometers (with a corner period of T=120 s), and one
OBS (UP17) included a SiliconAudio accelerometer. The
sampling rate of the OBSs used in this study was either
100Hz or 250Hz. Following comprehensive data quality
analyses, Tsekhmistrenko et al. (2025) identified three
malfunctioning OBSs - UP10, UP19 andUP23 - likely due
to broken sensors and/or damaged components (e.g.,
damagedpins on connectors), which are not used in this
study. Furthermore, three OBSs were prototypes that
either had data issues due to firmware failures (UP07,
UP24) or had an accelerometer, which was not useful
for this study (UP17)(Tsekhmistrenko et al., 2025) and
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Figure1 a) TheUPFLOWOBSarray located in theAzores-Madeira-Canaries region. Each triangularmarkerdenotes the loca-
tion of the 49OBSs thatwere recovered: redmarkers denote stationswhose datawere used in this study, while blackmarkers
denote stations with data issues. b) Two random examples of spectrograms from the UPFLOW UP05 station, alongside the
manually annotated regions that corresponds to data features of interest. This work utilises ML techniques to automatically
detect feature regions corresponding to instrument resonances (red) and blue whale calls (light blue).

hence are not used either. For all other stations, it was
found that overall, the data quality wasmostly high. For
example, vertical component data showed lower long-
period noise levels than in previous experiments. In ad-
dition, the quality of the horizontal component data en-
abled orientations of horizontal components to be rel-
atively easily estimated onboard the scientific recovery
cruise (Tsekhmistrenko et al., 2025).

2.2 OBS data noise

Compared to land stations, free fall OBSs are typically
less sheltered from environmental conditions and their
data are thus usually noisier. OBS-specific noise sources
can be divided into four main categories: seafloor com-
pliance, tilt noise, instrument-sediment coupling and
current-induced vibrations (Duennebier et al., 1981;
Lewis and Tuthill, 1981; Trehu, 1985a; Sutton and Duen-
nebier, 1987; Crawford et al., 1991; Crawford andWebb,
2000; Stähler et al., 2018; Corela et al., 2023, among
others). Tilt and seafloor compliance noise are both
low frequency (<0.1Hz) signals. The former is caused
by the torque around the horizontal axis applied by
ocean currents that make the instrument tilt period-
ically (Crawford et al., 1991; Webb, 1998). The lat-
ter is caused by the deformation of the seafloor by
the passage of long-period ocean waves (Crawford and
Webb, 2000). Instrument-sediment coupling noise is
site-specific (Trehu, 1985b) and is present during the en-
tire deployment as a narrowband signal within the 2Hz
to 15Hz band.
Current-induced noise is generated by vortex shed-

ding from the instrument frame, as well as auxiliary
components such as antennas, flags, ropes, and floats.
Aswater flows past the instrument, it generates vortices
that apply lift and drag forces that cause the instrument
to shake. Theflowspeed v, the characteristic dimension
of the object L (usually its diameter), and the Strouhal
number St (a dimensionless number that describes os-

cillating flow dynamics, Triantafyllou et al., 2016) affect
the Strouhal frequency fvort, or the frequency at which
vortices are shed:

fvort = St
v

L
. (1)

These vibrations are transmitted to the seismic sen-
sor, where they are recorded as high-frequency sig-
nals above 1Hz (Corela, 2014; Stähler et al., 2018; Es-
sing et al., 2021; Corela et al., 2023). In some con-
ditions, the Strouhal frequency approaches the natu-
ral oscillation frequency of the different OBS compo-
nents, inducing a resonant state (Corela et al., 2023).
Due to constructive interference, the amplitude of the
vibrations increases suddenly as the lock-in regime is
reached (Skop and Griffin, 1975; Griffin, 1985). In this
regime, harmonics become discernible. The number of
detectable harmonics may be affected by turbulent to-
pographic wakes generated by seamounts and spillways
(Tarakanov et al., 2018; Mashayek et al., 2024). Current-
induced noise, or resonance noise, is instrument type-
specific, with the same frequencies and number of har-
monics appearing at multiple stations of the same type,
but also site-specific, as seafloor topography can dra-
matically affect current velocities.

3 Methodology
3.1 Data processing and annotation
We computed 15min spectrograms between 1Hz and
50Hz for vertical component data across all stations
from the UPFLOW array. The precise details of the
spectrogram computation and processing are given in
Text S1 in the Supplementary Materials. The spec-
trograms were then linearly interpolated onto a target
time-frequency grid. This had a time resolution of 15 s
and a frequency resolution of 0.125Hz, leading to 2D
image-like datawith dimensions (60, 399)pixels in time-
frequency. The choice of 15min time windows (and the
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fine frequency resolution) was motivated primarily by
the characteristics of the resonance signals: they are
highly narrowband and can persist for tens of minutes
to hours, in contrast to more transient seismic events
or whale vocalisations (e.g., Corela et al., 2023). Using
longer windows ensures that these resonances are ade-
quately captured while still maintaining a manageable
data volume for manual annotation, training, and eval-
uation. These design choices were therefore made to
prioritise robust representation of the resonance signal
class.

We thenmanually annotated three datasets using the
Label Studio package (Tkachenko et al., 2020-2024).
The first was a training dataset using randomly sampled
15min spectrograms from UPFLOW station UP05. We
generated a dataset of 500 spectrograms and manually
annotated five distinct feature classes: instrument res-
onances, blue whale vocalisations, earthquakes, ship
noise, and an “other” category used for potentially inter-
esting but unidentified signals. Three operators manu-
ally annotated the spectrograms, cross-checking work
to ensure relatively consistent labelling criteria. The
whole process took around 40 annotator-hours, though
annotating sped-up considerably aswebecamemore fa-
miliar with the signal types and annotation software. A
pair of examples of manually annotated spectrograms
is shown in Fig. 1. Of the classes considered here, res-
onances were by far the most common (both in pixel
coverage and in number of objects), while blue whale
vocalisations occurred significantly less frequently. The
full class distribution is shown in Figure S1.

The second and third datasets were annotated for use
as validation sets. We manually annotated instrument
resonances in 50 spectrograms from the UPFLOW sta-
tion UP34, as well as another 50 spectrograms from sta-
tion RR40 of the OBS RHUM-RUMdeployment in the In-
dian ocean in 2012-13 (Stähler et al., 2016; Barruol et al.,
2017). Each chosen station had a different OBS type:
UP05 had a “LOBSTER”, UP34 had a “NAMMU”, and the
RR40 instrumentwas a “LCPO2000” (Stähler et al., 2016).
This diversity of OBS types and geographic location,
which leads to different noise backgrounds and instru-
ment resonances, was chosen to test the robustness of
the ML models. This approach allows for a controlled
comparison of how differences in instrument type (as
well as both instrument and deployment setting) affect
model performance. It is distinct from randomly sam-
pling spectrograms from the entire array, which would
make interpretation more challenging. Again, all spec-
trograms were collected from times randomly sampled
across the deployments.

Finally, spectrograms were globally clipped between
a suitable dynamic range, scaled between [0, 1] and zero
padded to dimensionality (64, 416) pixels. This last
step was performed because several of the ML mod-
els required standardised input dimensions. The spec-
togramswere input as single channels into theMLmod-
els (i.e., as greyscale images).

3.2 Machine learning techniques

A key motivation for this work was to leverage modern
ML techniques for efficient and accurate feature dectec-
tion, particularly in situations where annotated train-
ing data are scarce. To this end, we utilised two frame-
works for improvingmodel performance in the lowdata
regime: semi-supervised learning and transfer learn-
ing.
Semi-supervised learning algorithms are a popular

approach to improve model performance when there
is a limited set of annotated data (for reviews, see e.g.
Van Engelen and Hoos, 2020; Yang et al., 2022). The
principle behind semi-supervised learning is to jointly
train on both labelled and unlabelled data. There is a
wide range of approaches for utilising unlabelled data,
of which perhaps the most popular is consistency reg-
ularization. This approach feeds two views of an un-
labelled image, with different distortions or noise, and
trains the ML model to ensure a consistent output over
the two views.
Among ML methods, deep convolutional neural net-

works (CNNs) have been particularly influential in seis-
mology, where they are widely applied to tasks such as
arrival-time picking and denoising (e.g., Mousavi et al.,
2020; Zhu and Beroza, 2018; Zhu et al., 2019; Yu et al.,
2019; Münchmeyer et al., 2022; Bornstein et al., 2024;
Trappolini et al., 2024). A key strength of CNNs is their
ability to learn hierarchical, transferable feature repre-
sentations (Sharif Razavian et al., 2014; He et al., 2016).
This has motivated the use of pre-trained “foundation
models,” which can be then adapted to new tasks with
limited labelled data (Tajbakhsh et al., 2016; Yosinski
et al., 2014; Kornblith et al., 2019; Dosovitskiy et al.,
2021; Zhai et al., 2022; Liu et al., 2022). This strategy is
known as transfer learning and has proven especially
valuable in domains with small, expensive-to-acquire
labelled datasets (e.g., Hoffmann et al., 2019; Jain et al.,
2022; Mishra et al., 2022; Hu et al., 2022).
In this work, we make extensive use of deep CNN

models. We use an encoder-decoder model approach,
which is a popular approach for semantic segmentation
tasks (Badrinarayanan et al., 2017; Chen et al., 2018).
An overview of this architecture is given in Fig. 2. In
this framework, the encoder is utilised to extract fea-
tures from the spectrograms (passed in as single chan-
nel greyscale images), while the decoder then composes
these extracted features to make the class predictions
on each pixel value. This work utilises a Residual Net-
work (ResNet)18 for the encoder, a popular deep CNN
that is well-suited for transfer learning tasks (He et al.,
2016). A convolutional UNet architecture is then used
as the decoder, which combines information over in-
creasingly large spatial scales to produce the final pixel-
level classifications (Ronneberger et al., 2015). We im-
plement theneural network architecture insegmenta-
tion_models_pytorch (Iakubovskii, 2019), a high-
level Pytorch-based library containing a range of pre-
built models that are frequently used for semantic seg-
mentation.
It is important to note that we train a separate model

for each feature class. We found this approach outper-
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Figure2 Semantic segmentation takes inputdata (spectrograms; left)andoutputsaclass foreachpixel in the input (colored
feature map; right). We use an encoder-decoder neural network architecture based on deep CNNs.

formed multiclass segmentation models. This slightly
simplifies model training and evaluation. Each model
outputs a probability mask of the same spatial dimen-
sions as the input spectrogram, where each value be-
tween [0, 1] indicates the probability that a given pixel
belongs to the target feature class. Pixels can then be
assigned to the feature or background class by thresh-
olding this probability.

3.3 Training Techniques
This section describes the three distinct training strate-
gies we deployed to train the ML model:

• Supervised learning, which only uses manually an-
notated data as a baseline approach.

• Semi-supervised learning, which leverages unla-
belled data through consistency regularisation via
the Mean Teacher framework.

• Synthetic transfer learning, which pre-trains the
model on a large set of synthetic examples before
using the manually annotated data.

The latter approaches were chosen to mitigate the
small size of themanually annotated dataset, which can
significantly degrade the performance of deepMLmod-
els. We compare the performance of these approaches
in Section 4. We performed a significant amount of
heuristic-based hyperparameter optimisation, initially
optimising architecture with the supervised learning
approach, before optimising the training parameters
(e.g., learning rates, training duration, batch sizes) for
each approach separately. To provide a more reliable
estimate of model performance, we repeated training
several times with identical settings, with exact details
provided below.

3.3.1 Supervised learning

The simplest approach to leverage our manually anno-
tated dataset is to perform supervised learning; that is,
to train the network to emulate themanual annotations

made on the dataset. We follow standard practice by us-
ing a pixel-wise binary cross entropy loss Lsup on label
masks ylabel ∈ {0, 1} and predictions ypred:

Lsup(ypred, ylabel) =
− [ylabel · log

(
ypred

)
+ w · (1− ylabel) · log

(
1− ypred

)
] .
(2)

Thenull class featureweightw, which decreases the rel-
ative importance of the null class in the loss function,
is a hyperparameter that can encourage the segmenta-
tion model to make more predictions of the target class
(a common choice when dealing with severe class im-
balances; Japkowicz and Stephen, 2002). This loss func-
tion trains the network to predict the probability that
each pixel belongs to the target class. At inference time,
a pixel is classified as belonging to the target class if
ypred > τ , where τ ∈ [0, 1] is the decision threshold.
The default is typically τ = 0.5, but τ can be tuned de-
pending on the desired tradeoff between false positives
and false negatives.
Note that even in the base supervised learning case,

we initialise the ResNet encoder with weights from pre-
training on ImageNet (Deng et al., 2009). This means
we always perform a form of transfer learning, but
in the supervised learning case we use a very generic
pre-trained model that was only trained on natural im-
ages. This is in contrast with the highly specialised pre-
training introduced in the synthetic data approach in
Section 3.3.3.

3.3.2 Semi-supervised learning: The Mean
Teacher framework

A key idea in semi-supervised learning is consistency
regularisation, which posits that training a model to
ensure consistent outputs under distorted views of the
samedata should improve robustness of themodel (e.g.,
Laine and Aila, 2017; Sohn et al., 2020; Yang et al., 2022).
This is particularly useful when dealing with very small
annotated datasets, where consistency regularisation
can be leveraged over the large unlabelled portion of
a dataset (Fan et al., 2023). The mean teacher frame-
work approaches this problem by tracking two models:

5 SEISMICA | volume 5.1 | 2026



SEISMICA | RESEARCH ARTICLE | Semantic segmentation for feature detection in ocean bottom seismometer data

a student and a teacher model, and enforcing consis-
tency between each of the model outputs (Tarvainen
and Valpola, 2017). The student model is constantly
trained via standard gradient descent on the loss func-
tion, while the teacher model weights are set to an ex-
ponentialmoving average of the studentmodelweights.
The semi-supervised loss function combines the super-
vised loss on labelled data with a consistency regulari-
sation loss on unlabelled data:

Lsemi-sup = Lsup + λconsLcons , (3)

whereLsup is identical to Eq. (2),Lcons is the consistency
loss encouraging agreement between the teacher and
studentmodels, andλcons controls theweight of the con-
sistency loss.
The consistency loss Lcons measures the disagree-

ment between the student’s predictions y(s)
pred and the

teacher’s predictions y(t)
pred on unlabelled data. For seg-

mentation tasks, this can be implemented as a mean
squared error between the logits:

Lcons =
∥∥∥y(s)

pred − y(t)
pred

∥∥∥2
. (4)

A crucial aspect of consistency regularisation is the
distortion of input views through augmentations, the
addition of noise, or both. This promotes robustness
under realistic sources of noise, which can be particu-
larly useful in improving the model’s performance us-
ing unlabelled data. In this work, we designed a sim-
ple noise algorithm that injected global white noise,
as well as transient broadband signals and persistent
narrowband signals over random regions of the image.
We randomly sampled around 5000 unlabelled spectro-
grams from the UP05 station for use as unlabelled data.
These are demonstrated in Fig. 3. This noise is added
to the student model data view, after which the semi-
supervised loss function from Eq. (3) can be computed.
The teachermodel’s weights θt are updated every gra-

dient descent step using an exponentialmoving average
of the student model’s weights θs:

θt ← αθt + (1− α)θs , (5)

where α is the smoothing coefficient controlling how
much the teacher depends on the current parameters
of the student model. The teacher therefore provides a
set of stable pseudo-labels for the unlabelled data that
the student model is trained to match.

3.3.3 Synthetic data generation and transfer
learning

We expect that generic natural image pre-training may
be suboptimal for producing a useful feature extractor
in the encoder given the very different characteristics of
spectrograms. In addition, natural image datasets (e.g.
Deng et al., 2009) tend to contain large objects in the im-
age, so the resulting encoder may not be well suited to
the fine-scale nature of both the instrument resonances
and the whale calls we address in this work. Instead, by
constructing a synthetic generator of the relevant fea-
tures, the network can be pre-trainedwith amuchmore

Figure 3 Two examples of pairs of original 15-min spec-
trograms and their slightly distorted counterpart. Minor
white noise is added globally, as well as periodic persis-
tent narrowband noise and (more subtle) transient wide-
band noise. These perturbations are used for consistency
regularisation, as well as a data augmentation strategy in
the synthetic pre-training scheme. The exact noise distor-
tions can be found in the software (Saoulis et al., 2025).

representative dataset. This allows the model to learn a
better tailored set of generic feature extractors that are
simpler to fine-tune on real data.
For both the instrument resonance and the blue

whale call classes, we created stochastic feature genera-
torswhich produce realistic-looking features (see Fig. 4)
according to a range of heuristics (e.g., number of fea-
tures per image, rough location of the features, relation-
ship between features). These were tuned to roughly
match the appearance of the observed pattern of res-
onances and blue whale calls in the real data. A more
detailed description of the synthetic feature generation
procedure is provided in Text S2 in the Supplementary
Materials, alongside examples of the synthetic feature
templates (Figure S2) and a comparison between the
synthetic and annotated feature characteristics (Figure
S3).
The next step was to collect realistic background

spectrograms that did not contain the relevant features,
as training would otherwise be complicated by the exis-
tence of unlabelled features. We used a simple segmen-
tation model trained in a supervised fashion for each
of the target classes (following the procedure in Sec-
tion 3.3.1), and used this to find spectrograms that did
not contain any of the target class features. We found
around 250 spectrograms with a very low probability
of resonances, which were very rare. We visually in-
spected these spectrograms to validate that there was a
very low rate of resonances. For the whale call detec-
tion task, we used a random set of 1600 spectrograms
containing no blue whale calls (these were easy to find).
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Finally, we combined the synthetic feature genera-
tors and background spectrograms with the noise dis-
tortions in Section 3.3.2. This addition of extra noise
ensured further augmentation of the background spec-
trograms and synthetic features, allowing pre-training
to continue for a large number of steps without overfit-
ting. Synthetic pre-trainingwas thenperformedby con-
tinuously sampling random background spectrograms,
adding the stochastically generated synthetic features
and noise, and then passing this mock data alongside
the synthetic labels to the model for supervised train-
ing per Eq. (2). A visual demonstration of this proce-
dure is provided in Figure S2. Examples of the resulting
synthetic feature spectrograms and the corresponding
known labels are given in Fig. 4. The exact implemen-
tation can be found in the software (Saoulis et al., 2025).

Figure 4 Three examples of synthetic feature generation
in 15-min spectrograms and the associated labels for each
of the feature types. a) shows the synthetic generation of
instrument resonances, while b) shows the synthetic blue
whale calls at 17Hz.

3.4 Evaluationmetrics
We rely on three metrics to evaluate model perfor-
mance: precision, recall, and intersection over union
(IoU). For false positives (FP), false negatives (FN), and
true positives (TP), thesemetrics are defined as follows:

• Precision, which measures the fraction of the pre-
dicted positive pixels that are correct:

Precision = TP

TP + FP
. (6)

• Recall, whichmeasures the fractionof labelledpos-
itive pixels that are correctly predicted:

Recall = TP

TP + FN
. (7)

• IoU, which measures the overlap between the pre-
dicted positive region and the ground truth positive
region, defined as the ratio of their intersection to
their union:

IoU = TP

TP + FP + FN
. (8)

One common alternative metric used in binary classifi-
cation tasks is the F1 score. Here, we instead rely on IoU
as it is generally the headline metric in segmentation
benchmarks, offers a clear geometrical interpretation,
and is mathematically related to the F1 score, convey-
ing the same information.
In thiswork,we found that the exact definitionand re-

gion of each feature was often ambiguous (we see some
evidence for this in our reported inter-annotator agree-
ment statistics; see Table ST4). This led to small dis-
crepancies across the dataset in terms of exactly how a
feature was defined and annotated. In addition to this,
some features were occasionally missed (particularly
for the subtle, narrowband instrument resonances). We
therefore argue that first IoU, and then recall, are more
useful indicators for good model performance, as they
do not overly penalize models for finding features that
were missed during annotation. We also do not expect
very high precision and recall scores, since the labels
cannot be regarded as perfect “true” annotations.

4 Results

4.1 Model training
All training was performed on the 500 annotated UP05
spectrograms. We used an 80%-20% train - valida-
tion split throughout all experiments. Unless otherwise
stated, we kept the validation set the same for all re-
sults to ensure comparable performance between runs.
This left 400 spectrograms in the training set and 100
in the validation set. The two extra annotated datasets
fromUP34 and RR40, each containing 50 spectrograms,
were not seen until all models had been optimised and
trained.
TrainingwasperformedonaNVIDIARTXA6000GPU,

with all training runs taking between 2− 10 minutes to
run. For the supervised learning approach using an-
notated datasets, we trained resonance models for 20
epochs and whale call models for 60 epochs, where one
epoch corresponds to a complete pass through of the
entire manually annotated dataset. For the synthetic
transfer learning approach, we fine-tuned the models
by training on the annotated dataset for 8 epochs, find-
ing that training for longer quickly led to overfitting.
Since the concept of an epoch is less meaningful for the
unsupervised and synthetic pre-training stages, we in-
stead quote the total number of spectrogramsprocessed
during training below.

4.1.1 Hyperparameter selection

We systematically explored a broad range of archi-
tectures and hyperparameters. Key parameters were
varied independently and the best-performing value
was selected. This optimisation was performed man-
ually between heuristically chosen ranges, rather than
through exhaustive grid searches or automated proce-
dures. The quantitative results of a number of represen-
tative experiments are provided in Table ST1 and Table
ST2. Below, we summarise the optimal choices.
We evaluated multiple neural network architectures
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Figure 5 Two zoomed in examples of 15min spectrograms with instrument resonances from the validation set, along with
the associatedmanual labels. The three columns after show predictions from resonance segmentationmodels trained using
each of the three approaches discussed in the main text. All three approaches show close agreement with the manual an-
notations, with some instances of incorrect predictions (e.g. top row, semi-supervised at 5Hz) and cases where all models
found resonances missed by the manual annotators (e.g. top row, 7Hz).

for the encoder and decoder shown in Fig. 2. For the
encoder, we tested Vision Transformers (ViTs; Dosovit-
skiy et al. 2021; Strudel et al. 2021), includingMiT-b1 (Yu
et al., 2023); for the decoder, we examined widely used
segmentation architectures such as DeepLabV3+ (Chen
et al., 2018) and Segformer (Xie et al., 2021). Although
these models have been highly successful in many im-
age segmentation applications, they proved unsuitable
for our task as they operated at scales too large to anno-
tate the fine-scale features in the spectrograms.

As such, we limited our search to several fully-
convolutional networks. For the encoder, we tested
various ResNets: ResNet18, ResNet50, and ResNet101,
where the number denotes the number of residual con-
volutional blocks in the network. The shallowest net-
work, ResNet18, performed as well as the deeper alter-
natives (this is consistent with previous passive acous-
tic whale detection work, see e.g. Bergler et al., 2019;
Rasmussen and Širović, 2021), so we chose this net-
work for its efficiency advantage. Performance across
all tasks and training techniques was slightly improved
by using ResNet18 weights that had been pre-trained
on ImageNet. We did not see much change in per-
formance when utilising more advanced decoders than
the UNet, such as UNet++ (which includes a global at-
tention mechanism at some stages of the network ac-

tivations; Vaswani et al., 2017; Zhou et al., 2018). The
performance of these architectures across both signal
classes are reported in Table ST1. Finally, we found that
training the network to perform binary segmentation
always yielded better performance (a separate network
for each task, rather than training a single network to
performmulticlass prediction).
Once the architecture was settled, we performed hy-

perparameter optimisation for each training technique,
with a representative set of results shown in Table ST2.
We found that a small batch size of 10 spectrogramsgave
the best results (performing much better than larger
batch sizes). We also utilised a weight-decay of 0.01
for all experiments, which regularises the neural net-
works by encouraging smaller magnitudes of the net-
work weights (Krogh and Hertz, 1991), finding that it
gaveminor improvements. For the supervised objective
Lsup, we tuned the null class weight w: we set w = 0.5
for the resonance segmentation model and w = 0.1 for
the whale segmentation model. The former choice led
to improved performance (see Table ST2), while larger
w values in the whale task led to unstable training, with
the model ignoring all whale calls.
For the semi-supervised approach, we optimised the

exponential moving average parameter for the teacher
network, finding α = 0.98 resulted in the best perfor-
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Table 1 Metrics for each of the training techniques, evaluated on each of the evaluation datasets. The mean performance
and standard error over three independent training runs are reported for each metric. Intersection over Union (IoU) for the
UP05 validation set is presented to three decimal places as the standard error estimates were very small. In all cases, larger
metric values correspond to better performance.

Dataset UPFLOW UP05 Validation Set UPFLOW UP34 RHUM-RUM RR40
Metric IoU Precision Recall IoU Precision Recall IoU Precision Recall

Supervised 0.420 ± 0.001 0.62 ± 0.03 0.57 ± 0.02 0.49 ± 0.02 0.56 ± 0.03 0.81 ± 0.02 0.52 ± 0.01 0.64 ± 0.02 0.73 ± 0.04
Semi-supervised 0.431 ± 0.002 0.62 ± 0.01 0.59 ± 0.01 0.47 ± 0.01 0.52 ± 0.01 0.85 ± 0.01 0.50 ± 0.02 0.63 ± 0.05 0.72 ± 0.06
Transfer 0.441 ± 0.002 0.63 ± 0.01 0.60 ± 0.01 0.53 ± 0.01 0.60 ± 0.01 0.83 ± 0.01 0.49 ± 0.01 0.63 ± 0.01 0.70 ± 0.02

mance. We used a linear ramp-up schedule that in-
creased the consistency loss factor from λcons = 0 to
λcons = 0.5 in Eq. (3) over the first 20 000 spectrograms
passed into themodel. To compute the semi-supervised
objective function in Eq. (3) we used 10 labelled spectro-
grams for Lsup and 100 unlabelled spectrograms for the
consistency loss contribution Lcons in every batch.
The main hyperparameters for the synthetic transfer

learning were the training durations and learning rate
of the two training stages, both of which use Lsup. Pre-
training on the synthetic data examples was performed
for around 40 000 spectrograms. Fine-tuning using the
manual annotations was then performed for 8 epochs
with a low learning rate.
The exact configuration for all training runs can be

found in the software (Saoulis et al., 2025).

4.2 Instrument resonance segmentation
In this section, we compare the results of each of the
training approaches introduced above on the task of in-
strument resonance segmentation. This was by far the
most frequently appearing feature in the dataset, with
several hundred resonant pixels in the majority of the
500 annotated images (see Figure S1 for a comparison).
We therefore expect that the semantic segmentation ap-
proach should have enough examples in the training
dataset to ensure stable training and acceptable perfor-
mance even without the improved training strategies.
We set the resonance classification threshold to τ = 0.5
for all results, finding that this gave the best IoU scores.
A comparison of segmentation results of the three

methods is presented in Fig. 5. Broadly speaking, we
see that all three models reproduce the majority of the
human-annotated labelled resonances. There are still
disagreements between themanual annotations and all
models, and we validated that none of the models were
capable of achieving the same level of performance as
inter-annotator agreement (see Table ST4). However,
the rate of false-positives is relatively low across all
models. Careful inspection of Fig. 5 reveals that some
of the ML models occasionally correctly identify some
weak resonances that were missed by the human anno-
tators.
A quantitative appraisal of eachmethod is given inTa-

ble 1, where the model performance over various met-
rics was computed for the three datasets: the UP05 val-
idation set, the UPFLOW UP34 evaluation set, and the
RHUM-RUM RR40 evaluation set, as explained in Sec-
tion 3.1. We repeated training using each method three

times, with the mean and standard error for each met-
ric given in the table. We validated that our evalua-
tion dataset sizes were large enough to provide reliable
model performance estimates by performing a boot-
strapping analysis, with results presented in Table ST3.

As explained previously, we take IoU as a headline fig-
ure for performance, while precision and recall give a
slightly more granular breakdown of the strengths and
weaknesses of each model. The results show that the
improved training strategies yield modest but signifi-
cant improvements over the standard supervised learn-
ing strategy, between 0.01− 0.02 IoU (corresponding to
around 2 − 5%). In addition, all models perform very
well on the UP34 and RR40 datasets. This is particularly
impressive since these are different instrument types to
UP05, and therefore have different resonance charac-
teristics than those seen in the training data. This is an
indication of the strong generalisation performance of
the models.

The results in Table 1 suggest a preference for a syn-
thetic pre-training transfer learning strategy for the UP-
FLOW dataset. This is most clear from the IoU scores,
where the synthetic pre-training approach performs 5%
better than supervised learning on the UP05 validation
dataset. We therefore utilise the best of these mod-
els for downstream applications on the UPFLOW ar-
ray. However, the transfer learning approach performs
slightly worse than the other two training strategies for
the RHUM-RUM station (though with low statistical sig-
nificance given the standard error estimates). One po-
tential explanation could be the substantially different
noise background and instrument resonance character-
istics of theRHUM-RUMstation. The longperiod of pre-
training on UPFLOW-like noise and signals could have
slightly overfit the model, leading to a minor drop in
performance on this out-of-distribution data.

An account of the effects of hyperparameters is given
in Table ST2, which indicates that hyperparameter im-
provements for the supervised approach could improve
performance by a maximum of 0.02 – 0.03 IoU. In prac-
tice, the supervised model did not exceed ∼ 0.42
IoU despite extensive architecture and hyperparameter
experimentation. By contrast, synthetic pre-training
achieved ∼ 0.44 IoU, indicating that transfer learning
provides performance gains beyond what was achiev-
able through hyperparameter optimisation alone.
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Figure 6 Left column: Three zoomed-in examples of 15-
min spectrograms containing the 17Hz blue whale call.
The following columns show the associated manual la-
bels, alongsidepredictions frommodels trainedusing semi-
supervised learning and our synthetic transfer learning ap-
proach.

4.3 Blue whale call segmentation

We now explore the results on the blue whale call seg-
mentation task. Blue whale calls could be observed at
UP05 for severalmonthsduring thedeployment, though
at intermittent times. As such, less than 10%of spectro-
grams contained these whale calls, with a little over 200
individual vocalisations annotated in the UP05 dataset
(significantly fewer than the resonance example; see
Figure S1). These calls generally took the form of a
periodic signal occurring at around 17Hz. We found
that using a greater probability threshold τ improved
the model’s ability to segment individual call regions,
an important property for the applications discussed in
Section 4.4.2. We therefore set the whale call classifica-
tion threshold to τ = 0.8 throughout.
We present qualitative examples of the semi-

supervised and transfer learning approaches compared
with the manual annotations in Fig. 6. In this example,
there is a stark difference in the quality of the model
predictions. The semi-supervised model is incapable
of producing separate segmentation regions for each
individual whale call. We find that this behaviour is
replicated for various different hyperparameters, such
as learning rate, class loss weighting, and architectures
with both supervised and semi-supervised training.
On the other hand, the synthetic transfer learning ap-
proach is capable of segmenting each individual whale
call, with minor inaccuracies or differences with the
manual annotations. This qualitative improvement is
very valuable, given that the identification of individual
calls is an essential precondition in order to associate
calls and perform source location inversions.
Table 2 shows how each approach performs on the

UP05 validation dataset. In order to produce reliable
performance estimates given the small set of annotated
whale calls, we perform repeat training multiple times
over three different train-validation splits. The syn-
thetic transfer learning approach significantly outper-
forms supervised and semi-supervised learning across
all metrics, with an increase in the headline IoU met-

Table2 Bluewhale call segmentationperformanceon the
UP05 validation dataset by Intersection over Union (IoU),
precision, and recall. The mean performance and standard
error are reported across 9 runs, obtained from three dis-
tinct train/validation splits with three independent training
repetitions per split.

Metric IoU Precision Recall

Supervised 0.100 ± 0.025 0.21 ± 0.06 0.22 ± 0.07
Semi-supervised 0.098 ± 0.031 0.18 ± 0.05 0.22 ± 0.07
Transfer 0.299 ± 0.027 0.48 ± 0.05 0.49 ± 0.04

ric from 0.100 ± 0.025 and 0.098 ± 0.031 respectively
to 0.299 ± 0.027. We note that the uncertainties in the
IoU performance are significantly greater than in Ta-
ble 1. This is due to the very limited size of the annotated
dataset, which leads to less stable training and greater
variability in evaluation across such a small set of ex-
amples. Nonetheless, by considering the lower bound
of the transfer learning result against the upper bounds
of the weaker baselines we still find a (conservative) rel-
ative improvement in IoU of ∼ 100%. This is a very
large improvement compared to the resonance segmen-
tation discussed in Section 4.2. With a small dataset,
supervised training was less stable and more suscepti-
ble to inconsistent labels, leading to degraded perfor-
mance. On the other hand, pre-training on a large cor-
pus of synthetic data enabled themodel to first learn the
correct structure of features, and it could thereafter be
fine-tuned quickly and effectively on the small number
of real examples.

4.4 Applications
We ran inference using the best-performing transfer
learning models for each signal class on the whole UP-
FLOW array. Spectrograms for the year-long UPFLOW
deployment were computed in approximately 24 hours
using 40 cores on a desktop class machine (around 2 s
per spectrogram per core). Once array-wide spectro-
grams were computed, producing the predictionmasks
for 43 stations took around 2h for each signal class on a
desktop class machine with a NVIDIA RTX A6000 GPU.
The runtime varied approximately linearly with spec-
trogram count (and therefore station count), meaning
that a full year of data froma single OBS station could be
processed in approximately 3 min. In addition, model
inference couldbe runon thedesktopCPUsat around35
spectrograms per second. Our framework could there-
fore be deployed to run in real time on consumer-grade
hardware.

4.4.1 Tidally driven instrument resonances

The movement of tidal water masses plays an impor-
tant role in the modulation of permanent and seasonal
ocean bottom currents because it can reinforce or sub-
due the prevailing flowpatterns depending on its phase,
amplitude, and interaction with local bathymetry (for
e.g., van Geel et al., 2020; Bailey et al., 2024). Given
that OBS resonances are in large part driven by wa-
ter flowing past the instrument, we therefore expect
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Figure 7 Upper panels: panel a) shows the resonant energy power spectral density (PSD) curves for a subset of theUPFLOW
stations around Madeira Island (Fig. 1). Red dashed lines indicate the expected periods of tidal peaks at 12 h 25 mins and 6h
12mins. A zoom in on themain tidal peak (dashedblack box) is shown in b), where the ratio between the PSDpeak amplitude
and the surrounding backgroundPSD is computed for each station. Lower panels: plots c) and d) repeat the analysis of a) and
b) for the raw spectrogram data (i.e. unprocessed with no separation between resonances and other sources of noise).

to find some relationship between tidal-imprinted cur-
rents and the energy deposited in the instrument reso-
nances.
In order to estimate the resonant energy, we used the

segmentation model to produce masks identifying res-
onant and non-resonant regions in the spectrograms.
Resonant energy was obtained by extracting the power
of the resonant pixels and subtracting the background
power spectrum. The mean background power spec-
trum was estimated from the non-resonant pixels by
averaging across 0.75Hz bands of the 15min spectro-
gram. The width of this band was chosen to exceed
the width of the largest resonant bands (∼ 4 pixels, or
0.5Hz), ensuring a reliable background estimate. This
procedure yielded a year-long time-series of resonant
energy for each station with a sampling rate of 15 s (the
time-resolution of the spectrograms), whichwe reduced
to a 15min sampling rate by averaging over each spec-
trogram. For the analysis in the main text, we simply
summed the resonant energy contributions across all
frequency bands.
We first explored whether a tidal signal could be ex-

tracted from the resonant energy series. Fig. 7 shows
the power spectral density (PSD) of these time series for
a subset of UPFLOW stations surrounding Madeira Is-

land (Fig. 1). For reference, Fig. 7 also presents the PSD
of the raw spectrograms, without any distinction be-
tween resonances andbackground. Under idealised cir-
cumstances, the tide-induced currents have a frequency
of double the tidal frequency (i.e. at a period of 6.25 h).
However, the prevailing mid-Atlantic current roughly
counteracts the tidal currents in one direction around
Madeira, leading to a weaker first peak at 6.25 h and
a stronger peak at double the period of 12.5 h (Corela
et al., 2023). This effect is clearly visible in Fig. 7, and
the exact degree of suppression of the first peak and the
amplification of the second peak depends on the spe-
cific station. This is qualitatively expected, given that
exposure to each type of current is highly dependent on
station location and sea bottom spillways. Further work
is required for more quantitative interpretations. Im-
portantly, Fig. 7 shows that the extracted resonant en-
ergy has a much stronger tidal signature than the raw
spectrograms.

InText S6 in the SupplementaryMaterials, wedemon-
strate that our segmentation approach also enables a
more granular, frequency-specific analysis. We find
that a very narrow frequency band between 6.5 − 7.5
Hz contains a strong tidal signal, and again demon-
strate that our resonance segmentation model signif-
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Figure 8 Scatter plots of the projected current velocity (see main text for details) at each station against the energy de-
posited in the instrument resonances for UPFLOW stations UP42 and UP46. Each raw time series has been bandpass filtered
between 11 h and 13 h to extract the tidal signal, and normalised to between [0, 1]. The complex structure of the scatter plots
indicates a non-linear, time-varying relationship between the current data product and the measured resonances. The raw
time series for station UP46 are presented in Fig. S5.

icantly amplifies the tidal signal relative to the back-
ground noise. The existence of a single resonance ex-
cited by tidal currents suggests that instrument reso-
nances recorded by OBSs have the potential to physi-
cally disambiguate between different current regimes.
We then more directly probed whether the resonant

energy can be used as a proxy for current. To do this,
we extracted a time-series of barotropic current veloci-
ties at each of the UPFLOW stations from the Coperni-
cus Atlantic-Iberian Biscay Irish-Ocean Physics Reanal-
ysis dataset (Copernicus Marine Service, 2024). Prior
analysis has demonstrated that the strength of instru-
ment resonances can strongly depend on the directions
of currents (Corela et al., 2023). We therefore con-
structed a projected velocity quantity that related the
ocean current to the OBS instrument orientation, with
details given in Text S3 in the Supplementary Materials.
Both the projected current and resonant energy time

series were bandpass-filtered between periods of 11 h
and 13h for each station. Both time series were then
normalised between [0, 1] on a per-station basis. A scat-
ter plot of the relationship between the resulting reso-
nant energy and current time series is shown for UP42
and UP46 in Fig. 8.
We find that a complex relationship between tidal

currents and resonant energy emerges for these two sta-
tions. This relationship is time-varying, with different
lobes in the scatter plot activating over different peri-
ods of the deployment. The raw, unfiltered time se-
ries of these quantities is presented in Figure S5, which
demonstrates periods of strong correlation. While the
currents continually oscillate, strong periods of reso-
nances only activate under certain conditions. The
existence of this non-random, time-varying structure
within the scatter plots indicates some latent relation-
ship between the two variables. Uncertainty in the reli-

ability of the current product at the seafloor complicates
interpretation, especially given the likely impacts of lo-
cal effects such as seafloor topography. For other sta-
tions, particularly when the tidal energy peak in Fig. 7
is not as strong, there is no clear relationship in the scat-
ter plot.
This example demonstrates a methodological goal of

this study, i.e. accurate and precise feature detection
using semantic segmentation. However, building a pre-
dictive model of ocean current from OBS instrument
resonances is not achievable in this study. Substan-
tial additional work is needed to calibrate the mapping
between resonances and currents (notably through the
collection of current-meter data), and to establish the
robustness of this approach across different stations
and instrument types.

4.4.2 Blue whale call detection across the UP-
FLOW array

We repeated the spectrogram segmentation procedure
from Section 4.4.1 with the best-performing blue whale
call segmentation model.
To restrict detections to the blue whale call region

and reduce false positives, we applied a simple post-
processing step: thepredictedwhale callmaskwasmul-
tiplied with a binary frequency mask spanning 16–18
Hz, thereby retaining only detections within the 17Hz
blue whale band. This simple frequency masking step
illustrates a unique strength of the spectrogram seg-
mentation approach: prior expert knowledge can be in-
corporated directly into the analysis at the prediction
stage.
Once the whale call prediction masks were gener-

ated for the whole array, we processed these into call
counts by finding the number of connected prediction
regions containing more than 6 pixels. This threshold
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Figure 9 Blue whale call counts across the entire deployment. Model predictions produced by the synthetic transfer learn-
ing model. Main: the total number of counts at each station, visualised by the bubble size at each station. Insets: temporal
breakdowns of the total call count for a few station subsets. An animation showing the weekly whale call counts at each sta-
tion is provided in the Supplementary Materials (see Figure S4).

provided a satisfactory balance between reducing false
positives and identifying clear, high SNR whale vocali-
sations. Note that individual whale call segmentation,
and therefore call counting, was only possible using the
model trained via transfer learning (Fig. 6).
Fig. 9 shows the spatial and temporal distribution of

thedetectedwhale counts across theUPFLOWarray. We
find that blue whale calls are detected across the entire
array, with over 1000 calls detected at 39 of the 43 OBSs
analysed. Only at UP37, in the far south-east of the ar-
ray, were less than 40 calls detected, several of which
were false positives. Fig. 9 shows significant spatial vari-
ations in the whale call detections: many of the stations
north and south of the Azores recorded a very large
number of whale calls (> 10000), while towards the
north-east and east of the array there are significantly
fewer calls recorded at most stations (< 5000). A full
table of detected call counts is given in Table ST6. We
find the seasonal distribution of the whale calls closely
matches previouswork (Romagosa et al., 2020), with the
vast majority of detected calls occurring between mid-
October to mid-March.
An animation of the spatial distribution ofwhale calls

by week of the deployment is available in the Supple-
mentary Materials (Figure S4). This animation shows
that the first arrival of blue whale calls appears around
August, concentrated to the north of the Azores islands.
Over the next three months, we see significant whale
call activity across the entire deployment, matching the
general pattern in Fig. 9. Finally, towards the end of the
season in February, we see a migration of calls towards
the southern side of the OBS deployment, which gradu-
ally tapers away. Our results are consistent with the ex-
pected seasonal distribution ofwhale calls in the Azores
islands (Romagosa et al., 2020); however, it is unclear
whether the observed spatio-temporal variations in the
bluewhale vocalisations are caused by genuine changes
in the location distribution of thewhales, or by thewell-
documented seasonality of the 17Hz call, which is not
produced in the spring and summer months (Lockyer,
1984; Stafford et al., 2001; Akamatsu et al., 2014; Ro-
magosa et al., 2020).
We also performed a quantitative analysis of the blue

whale vocalisation detection false positive rate. The
migration patterns and seasonal behaviour of the blue
whales also provide a proxy for the false positive rate.
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Over the summer months, no blue whale vocalisations
are expected in the Azores region (Romagosa et al.,
2020). We analysed this period and found a detection
rate, and therefore false positive rate, of 4.4 calls per sta-
tion per week. In order to further validate this, weman-
ually assessed model detections over around 200 hours
of data sampled uniformly across the array, detailed in
Text S5 in the Supplementary Materials. We found that
our manually verified out-of-season false positive rate
of 5.9 ± 2.5 was consistent with the 4.4 figure. How-
ever, during the active season the false positive rate was
substantially higher (15.6 ± 5.3 per station per week),
particularly during periods of intense calling activity
whenearthquakes andotherbroadband transientswere
sometimes misclassified as calls. Even so, these false
positives represent only∼ 1−3%of the total detections,
indicating that the vast majority of detections remain
reliable. The full details and further interpretation of
this analysis are presented in Text S5 in the Supplemen-
tary Materials. We also present a range of examples of
automated call detections in Figure S7, demonstrating
the relatively low false positive rate.

We investigated the spikes in false positive rates at
UP25 and UP38 outside the vocalisation season of blue
whales (shown in Fig. 9 ii) and iii) respectively). In both
cases, we found that the false positive rate was driven
by an onset of a repeatedly occurring impulsive signal.
At UP25, this lasted for a few weeks, while at UP38 the
signal recurred for the whole second half of the deploy-
ment. An example of these signals is shown in Figure
S7. The physical origin of these short-duration events
is unclear, and further work would be required to de-
termine whether they match the wide range of signals
previously reported in the literature (such as gas-related
processes at the seafloor Batsi et al., 2019). Neverthe-
less, the rarity of these false positives highlights the re-
liability of the ML-based blue whale call detection algo-
rithm as applied to the UPFLOWarray.

Interestingly, we detectmany bluewhale calls around
Madeira, where blue whale sightings are very rare (Fer-
nandez et al., 2021; Valente et al., 2019). Indeed, Freitas
et al. (2012) reported a record of only 4 bluewhale sight-
ings inMadeiran waters, as of 2012. While wemanually
verified that the vast majority of these detections were
genuine blue whale calls, the distance of the whales
to the OBSs is not clear (see Figure S7 for a range of
examples). There is a wide range of maximum detec-
tion distances for low frequency passive acoustic sur-
veys in the literature, ranging fromO(10) km (e.g., Har-
ris et al., 2013; Hilmo and Wilcock, 2024) to >100 km
(e.g., Širović et al., 2007; Samaran et al., 2010; Kuna
and Nábělek, 2021; Wilcock and Hilmo, 2021). Recent
work has shown that blue whale calls can be detected
at ranges of up to 1000 km (De Castro et al., 2024), with
strong directionality preferences induced by factors in-
cluding bathymetry and seafloor properties. These fac-
tors, combined with the relatively low signal-to-noise
ratio of many of the detections at the Madeira stations,
indicate further analysis is required to confirmwhether
these calls are being made near Madeira.

4.4.3 Whale tracking through source localisation

Finally, we present a proof-of-concept exploration of
whether the synthetic transfer learning blue whale de-
tection model can be applied to whale tracking. This
exercise is intended to illustrate potential applications,
rather than to provide a robust localisation analysis.
There is a wide range of strategies that can be lever-

aged for whale call source location (e.g., Harris et al.,
2013; Dréo et al., 2019; Pereira et al., 2020; Hilmo and
Wilcock, 2024). Advanced localisation techniques, such
as multipath ranging approaches and three-component
analysis, can in principle improve accuracy, but they
require both detailed propagation models (bathymetry,
sediment properties, sound-speed profiles) and the
ability to resolve precise arrival times and multipath
structure in the recordings. However, our coarse tem-
poral resolutions (15 s) cannot resolve these features
at the required precision, meaning that higher-fidelity
propagationmodelswouldbeunlikely to yieldmeaning-
ful improvement. We therefore adopt standard arrival-
time localisation as a pragmatic choice.
Unfortunately, the inter-station distance of the UP-

FLOW array is large enough to make call association
challenging, since inter-station arrival time differences
approach and surpass typical inter-call intervals. In-
stead, we applied our model to an example from the
RHUM-RUM array, where inter-station distances be-
tween some stations are much shorter. We took an
Antarctic blue whale tracking example from the array
studied by Dréo et al. (2019), where whale calls were
manually picked and localisationswere performedwith
a multi-path ranging technique. We used our model to
generate whale call predictions across the same subset
of stations used in Dréo et al. (2019). Given the different
call frequency of the Antarctic blue whale call, for this
application we multiplied the model predictions with a
differentmask centeredon the expected 25Hzwhale vo-
calization band. This allowed us to generate a catalogue
of timestamped calls for all five stations surrounding
the whale track.
We then associated call arrivals that occurred within

an interval 30 s of each other. For calls with at least 3 as-
sociated arrivals, we utilised the equal differential time
(EDT) likelihood (Lomax et al., 2000), a 2-D arrival time
difference algorithm. In this framework, the parame-
ter σ represents the assumed arrival-time uncertainty
entering the EDT likelihood. We adopted a conservative
value of σ = 30 s to absorb small timing errors in the
segmentation-derived call timestamps. We assumed a
constant sound velocity of 1.5 kms−1 everywhere. This
produced a 2D probability density field for each asso-
ciated call. Due to the very low time resolution, each
source location solution had very broad uncertainties.
To account for this, we stacked all source location solu-
tions in 30minute intervals to produce aggregated prob-
ability density fields over time. The results of this anal-
ysis are presented in Fig. 10, overlaid with the results
from Dréo et al. (2019). Note that accurate whale vocal-
isation timestamps were only possible due to the pixel-
level segmentation predictions of the model.
We find good qualitative agreement between the two
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Figure 10 Comparison between our automated probabilistic tracking algorithm (coloured by time) for blue whale calls
recorded by RHUM-RUM stations RR41, RR43, RR44, RR47 and RR48 in the Indian ocean on 31 May 2013, overlaid with the
tracking results fromDréo et al. (2019). The latter were produced bymanual arrival time picking (shownby the blackmarkers
and the dashed red line).

tracks, indicating that our whale call detection model
is capable of producing call timestamps that are suffi-
ciently accurate for exploratory localisation analyses.
At the same time, the limitations of this simple ap-
proach are evident in the inferred track. The location
resolution becomes very poor at the start and end of the
track, potentially due to the weak constraining power
of the station distribution. There is also an eastward
bias of our track. We hypothesise that this may be
caused by our simplistic propagation model, which ig-
nores bathymetry and ocean layering that can affect the
potential detection of different ray paths at each station.
These oversimplifications may also be exacerbated by
the asymmetric station distribution.

5 Discussion
This study introduces semantic segmentation for time-
frequency representations of seismic data. We have
demonstrated the feasibility of semantic segmentation
to quickly and accurately identify a range of non-
seismic features in OBS data. We showed that a small
manually annotated dataset is sufficient to fine-tune
deep learningmodels that have beenpre-trainedonnat-
ural image data. Moreover, wewere able to significantly
improvemodel performance by designing a simple syn-
thetic pre-training dataset for each signal type, out-
performing the more generic semi-supervised learning
framework. Our ML-based feature detection approach
was capable of generalising from simple, simulated fea-
tures to real data with only a small set of realistic exam-
ples, demonstrating its flexibility.

We then validated our methodology across a range
of examples: tracking the relationship between instru-
ment resonances and tidally-driven ocean currents, de-
tecting blue whale vocalisations across the UPFLOW
array, and recovering a blue whale track from the
RHUM-RUM experiment (Dréo et al., 2019). This was
all achieved after training on just 500 (randomly se-
lected) spectrograms from a single OBS station. The
fact that performance remained strong across instru-
ments and deployments highlights the robustness of
our approach, evenwithout explicit cross-domain adap-
tation. While domain adaptation strategies (e.g., per-
station fine-tuning, normalization, and latent represen-
tation alignment) could further improve transferability,
our results suggest that acceptable performance can al-
ready be achieved in a zero-shot setting.
We also demonstrated that our approach enables ac-

curate detection of features while requiring several or-
ders of magnitude fewer annotations than traditional
deep learning pickers. The method could in principle
achieve even greater label efficiency by focusing anno-
tation efforts on specific target signals. Although these
results aredemonstratedhere for resonances andwhale
calls, similar strategies could in principle be applied
to other seismic phenomena with distinctive time–fre-
quency signatures. Future work could explore whether
the techniques introduced here could serve as a start-
ing point for detecting and analysing signals such as vol-
canic tremors, short-duration events, earthquake fore-
shocks, or deep earthquakes, where datasets may be
limited or site-specific.
Our pixel-level annotation of spectrograms is unique
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among prior work in seismic signal detection. It pro-
vides more fine-grained, interpretable predictions than
previous work performing segment classification or 1-
D time series segmentation. Time-frequency segmen-
tation enables automated extraction of detailed fea-
ture characteristics, such as energy deposited in res-
onances and whale call timestamps, as demonstrated
here, with a wide range of possible future applications
(e.g., whale vocalisation duration and frequency). In
addition, our time-frequency representation approach
places this work in contrast to the widespread use of
time-series representations in seismology. This draws
on the dominant trend in audio processing, which has
largely shifted toward time-frequency representations
as input for deep learning models (e.g., Dieleman and
Schrauwen, 2014; Van den Oord et al., 2013; Piczak,
2015; Miller et al., 2023; Stowell, 2022). The data ef-
ficiency and high accuracy observed here is likely re-
lated to this well-chosen data representation, as convo-
lutional neural networks (CNNs) excel at learning the lo-
calised spectral-temporal patterns of desired features.
This can improve generalisation by enhancing discrim-
ination of overlapping signals and noise, particularly at
high frequencies.

5.1 Limitations and future directions

Our methodology has some limitations. Manual an-
notation, particularly the pixel-level annotation re-
quired for semantic segmentation, is relatively time-
consuming. To this end, more advancedML techniques
such as weakly-supervised learning, which learns seg-
mentation regions from image-level class labels, could
be explored (Wei et al., 2016; Ahn andKwak, 2018; Zhou,
2017). Moreover, where the desired model output is the
detection of discrete events, such aswhale vocalisations
and earthquakes, the object detection framework may
be a more desirable alternative to semantic segmenta-
tion (e.g., Redmon et al., 2016; He et al., 2017; Wang
et al., 2024; see Zou et al., 2023; Terven et al., 2023 for
reviews). Additionally, while CNNs are translationally
equivariant and therefore robust to local time-shifts, our
approach does not capture continuity across windows.
This can limit robustness at window edges. This could
be improved by leveraging sliding-window consistency
checks, or at least by applying the model over overlap-
ping windows.
The design of our pre-training datasets was driven

by very simple heuristics (e.g., the rough incidence
rate, frequency, and amplitude of the features). Note
that our heuristic-driven synthetic data generation was
made simple by the native time-frequency representa-
tion. Improved pre-training techniques could involve
more realistic signal and noise simulations, such as
observation-driven whale call emulation. In addition,
Table 1 showed that synthetic pre-training slightly de-
graded performance when transferring from UPFLOW
data to RHUM-RUMdata, potentially as a result of amis-
match between the background noise profiles. Future
work could explore whether generalisability to differ-
ent stations could be improved by incorporating unla-
belled data frommore stations in the training phase (i.e.

directly in the semi-supervised approach, or by using
background noise spectrograms from many stations in
the synthetic pre-training stage).
While we found that binary class segmentation mod-

els performed best for supervised learning, multi-class
segmentation would be significantly more computa-
tionally efficient. It is also possible that, with larger
annotated datasets, multi-class training could mitigate
against some of the systematic false positives identified
in this work, such as earthquakes being misidentified
as whale calls. To this end, future work could explore
whether synthetic pre-training could be leveraged for
multiple signal classes at once to enable acceptable per-
formance in a multi-class model. We leave exploration
of the other feature classes in our annotated dataset to
future work.
There remains a wide range of challenges that must

be addressed before our methodology can be applied
in a more systematic way. While we show instrument
resonances can be treated as a proxy for currents at the
seafloor, current-meter data collected close to the OBS
(e.g. replicating Godin et al., 2024; Tan et al., 2025 for
OBSs, or in the lab as in Wu et al., 2023), are required
to build calibrated models of the current. Such models
could potentially allow for current estimations across
both UPFLOW and historical OBS deployments, at least
for a given instrument type. For blue whale density es-
timation, quantitative estimates of the spatio-temporal
false positive rates are required (see e.g.,Marques et al.,
2013; De Castro et al., 2024). In addition, extending the
methodology to other marine mammal species (e.g. fin
whales), as well as producing more accurate localisa-
tions and characterisations of the calls, requires higher
time-frequency resolution, as well as a more accurate,
expert-labelled dataset.
Finally, it would be desirable to perform a compari-

son between themethodology presented here and alter-
native techniques for identifying instrument noise (e.g.,
Essing et al., 2021; Zali et al., 2023) and marine mam-
mal detections (e.g., Allen et al., 2021; Plourde andNed-
imović, 2022; Stowell, 2022; Napoli and White, 2023).
This could guide future efforts to improve the training
techniques and architectures used to identify both com-
mon and uncommon features in OBS data. In bioa-
coustics, a few earlier traditional approaches also per-
formed pixel-level classification (e.g., Roch et al., 2011;
Gillespie et al., 2013), but Jin et al. (2022) appears to be
the only prior study to apply semantic segmentation to
whale vocalisations, as we have done here (Rasmussen
and Širović, 2021; Cotillard et al., 2024 instead use ob-
ject detection frameworks). Most other previous studies
use the more standard feature extraction or ML-based
binary segment classification frameworks.

6 Conclusion
In conclusion, this study presents a flexible, data-
efficient approach for detecting a wide range of fea-
tures in OBS data, such as instrument reverberations
and blue whale calls, using semantic segmentation for
time-frequency representations of seismic data. We
demonstrated thatwith specialised training techniques,
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accurate feature detection can be achieved with rela-
tively fewannotations, all whilemaintaining robustness
across instruments and deployments. Our pixel-level
time-frequency framework also enables fine-grained,
interpretable analyses that go beyond traditional time-
series or segment-level classification, unlocking a wide
range of potential applications.
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