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ABSTRACT: Obtaining in situ wind speed measurements over the ocean is paramount to (i) better calibrate numerical
models and satellite imagery and (ii) increase our understanding of upper ocean processes such as mixed layer depth
(MLD) dynamics and air–sea gas exchanges. For instance, increasing wind speeds deepens the MLD through surface tur-
bulence and mixing. In this study, we evaluate the use of acoustic meteorology as an alternative to conventional reanalysis
and scatterometer products by training regression models and long short-term memory (LSTM) neural networks on pas-
sive acoustic data recorded from biologged elephant seals. The study presents the first LSTM fine-tuned on wind speed
data products from the China–France Oceanography Satellite (CFOSAT) mission, exhibiting remarkably low errors with
an average error over all deployments of 0.86 m s21. Using an innovative validation protocol, by correlating wind speed
predictions with collocated MLDmeasurement, the different models are compared. All models’ wind speed predictions ex-
hibit better correlation coefficients with the MLD than the ERA5 reanalysis wind speed products, underscoring the added
value of acoustic meteorology in resolving ocean–atmosphere coupling. This work highlights the potential of passive acous-
tic monitoring as a robust, scalable, and accurate tool for oceanographic and climate studies.

KEYWORDS: Southern Ocean; Wind; Wind gusts; Acoustic measurements/effects; ScatterometerDeep learning

1. Introduction

Ocean winds are critical for improving weather and climate
forecasting, supporting marine operations, and advancing en-
vironmental monitoring applications. These winds are sam-
pled using both in situ instruments like buoys and ships, and
remote sensing tools such as satellite-based microwave radio-
meters and scatterometers. However, too few buoys are de-
ployed in the Southern Ocean due to the harsh and cold
conditions (Venkatesan et al. 2018). The lack of in situ data in
such regions is problematic as they are necessary for the calibra-
tion of satellites and numerical weather prediction (NWP) and
reanalysis models. This is conveyed by important discrepancies
in wind measurements, with studies reporting root-mean-square
errors (RMSEs) as high as 3.2 m s21 between anemometer and
scatterometer data (Derkani et al. 2021). Similarly, Tetzner et al.
(2019) highlighted that the ERA5 reanalysis (Hersbach et al.
2023) model in coastal portions of the Southern Antarctic
Peninsula underestimated wind speed by 1.48 m s21.

In addition, most available wind products for the oceans have
low temporal resolution. Remote sensing techniques, such as
scatterometers for instance, are limited by their orbits, which
usually result in repeat cycles longer than 4 days (Bentamy et al.
2021). Reanalysis models, like ERA5 and MERRA-2, for

example, provide measurements on a global scale with a tempo-
ral resolution of 1 h. However, these models often apply spatial
and temporal averaging and do not capture fine temporal-scale
wind variability, potentially limiting their accuracy in resolving
localized or rapidly evolving events.

Winds in the Southern Ocean are uninterrupted and omni-
present and therefore impact heavily every process at stake in
the water column. For instance, they are responsible for the
alteration of the sea surface temperature seasonal cycle
(Zhang et al. 2024), and their near-endless fetch leads to the
generation of rogue waves (Toffoli et al. 2024). Better estima-
tions of wind speed in these regions will help better character-
ize the mixed layer depth (MLD)}the depth of the upper
layer of the ocean with uniform density, quantify the oceanic
uptake of CO2 more accurately, or increase our understand-
ing of sea ice formation (Gregor et al. 2024). Obtaining in situ
wind measurements with a fine temporal and spatial scale is
therefore paramount to a better qualification of the Southern
Ocean sea state and MLD variations. In this study, we investi-
gate the use of acoustic meteorology, defined below, as an alter-
native and complementary in situ source of fine temporal-scale
wind speed estimations in the Southern Ocean.

Knudsen et al. (1948) showed that there is a strong correlation
between surface wind speed and underwater ambient noise quan-
tified through the overall pressure level. When wind-generated
waves and whitecaps break, they produce a layer of oscillating
and cavitating bubbles near the surface. The oscillations of these
bubbles are an important noise source, with the intensity of the
noise being correlated with the density and height of the bubble
layer and therefore with surface wind speed (Franz 1959; Farmer
and Vagle 1988; Medwin and Beaky 1989). The development of
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models and algorithms to estimate wind speed from underwater
passive acoustic data is thereafter referred to as acoustic meteo-
rology. Many studies have developed such models, starting with
regression models including logarithmic laws (Vagle et al. 1990),
quadratic laws (Pensieri et al. 2015), or cubic laws (Nystuen et al.
2015). More recently, machine learning models such as random
forest classifiers or neural networks, namely, long short-term
memory (LSTM) networks, have been evaluated, with the latter
giving mean absolute errors (MAEs) as low as 0.84 m s21 (Taylor
et al. 2021; Zambra et al. 2022). However, these methods are still
being improved, as lower wind speed regimes do not generate
waves and therefore produce less sound, and at higher regimes,
existing bubbles start absorbing noise from new breaking waves
(Vagle et al. 1990; Vakkayil et al. 1996). These limits do not
hinder the potential of acoustic meteorology and studies have
started addressing these issues, with neural networks able to
predict low wind speeds (under 3 m s21) with an RMSE of
0.84 m s21 and less (Zambra et al. 2022), and with the develop-
ment of models leveraging low frequencies which successfully
estimate wind speed during hurricanes, with results similar to
those from aircraft measurements (Wilson and Makris 2008).

Using a multiple linear model, Cazau et al. (2017) have
already obtained wind speed estimations from Acousonde
acoustic tags deployed on southern elephant seals, obtaining
an accuracy of 2 m s21. Their study shows that depth and div-
ing behavior do not seem to affect the model’s performance.
Biologging implemented on elephant seals is an excellent way
to sample the oceans due to their impressive diving abilities
and predictable patterns as well as the long periods they spend
at sea. Furthermore, their behavior is independent of the harsh
conditions of the Southern Ocean. The data obtained from
such deployments have already been of importance in the de-
velopment of the Marine Mammals Exploring the Oceans Pole
to Pole (MEOP)1 dataset giving access to a new type of ocean-
ographic data in the hard-to-sample polar regions (Roquet et al.
2014; Treasure et al. 2017). In addition, precise wind speed
measurements from biologged elephant seals could prove in-
valuable for the calibration of scatterometers and NWP models,
and lead to the creation of new MEOP datasets that include
wind speed products collocated with other fine-scale variables
such as salinity, temperature, and oxygen.

In this study, we compare different methods for obtaining
in situ wind speed data from 12 biologged female elephant
seals equipped with acoustic biologgers. We demonstrate the
potential of acoustic meteorology for operational deployment
by using low-complexity regression models and LSTM neural
networks trained on the coarse-grained pseudo-ground-truth
wind speed data from the ERA5 reanalysis model. Furthermore,
by training the first fine-tuned model on scatterometer data from
the China–France Oceanography Satellite (CFOSAT), we gener-
ate a new in situ, high-precision wind speed product for the
Southern Ocean, derived from biologged animals. This frame-
work is nested in a long-term vision of embedded codes in the
next-generation tags to get real-time in situ wind speed estima-
tions from acoustic data.

2. Data processing

a. Datasets

Between 2017 and 2021, 12 female southern elephant
seals were equipped at the end of the breeding season with
head-mounted DTAG4 devices (Johnson and Tyack 2003).
Three individuals were from the Peninsula Valdés popula-
tion in Argentina and nine individuals from the Kerguelen
population in the Southern Indian Ocean (Fig. 1). The
DTAG4s are equipped with a hydrophone sampling at
32 kHz or 38.4 kHz, a pressure sensor and magnetometer
sampling at 50 Hz, and an accelerometer sampling at 200 Hz.
In addition, a satellite data relayed logger equipped with a
CTD sensor (CTD hereafter) from the Sea Mammal Research
Unit was deployed on the back of the seal. It logs pressure,
temperature, and salinity sampled continuously at 0.5 Hz
throughout the deployment.

A reference time frame is constructed for each elephant
seal from the first timestamp at which the deployed tag starts
logging. This reference time frame has a time step of 3 s to
match inertial biologging data processing (section 2). Pres-
sure, temperature, and salinity data are interpolated to match
this timeframe. Each available time-referenced data, includ-
ing acoustic, inertial, depth, and joined wind speed data, for
one individual is referred to as a dataset. The overall corpus is
therefore composed of 12 such datasets.

Each 3-s time step dataset is then segmented into dives. A
dive starts when the elephant seal dives below a depth of
10 m. It consists of the dive itself as well as the following sur-
facing period up until the animal dives back down under the
10-m threshold.

Data points for which the animal is above a depth of 10 m
are then filtered out as a preliminary study showed the first
few meters of the water column are not suited for acoustic
meteorology. This 10-m threshold matches this study’s defini-
tion of a dive and the reference depth used for the MLD algo-
rithm (section 3). Dives shorter than 5 min or longer than
40 min are removed from the datasets (see section 2). Table 1
shows the number of dives for each dataset.

1) PASSIVE ACOUSTIC DATA

The overall acoustic data amount to 326 days, 14 h, and
7 min. Recordings are resampled at a sample rate sr 5 32 kHz.
The passive acoustic data are converted into pressure in Pas-
cals using the instrument’s gain, the peak voltage of the ana-
log-to-digital (A–D) converter, and the sensors’ sensitivity,
which give a total correction factor of 175 dB. The recordings
are then cut into 3-s chunks to match the reference datasets.
Following the method outlined by Merchant et al. (2015),
the power spectral density (PSD) of each chunk is calcu-
lated by applying a Hamming window wn and performing a
fast Fourier transform without any overlap on 1024 bin sub-
signals x. The single-sided power spectrum Px

s is obtained by
squaring the Fourier transform, which is then doubled and
normalized:

Px
norm 5 Px

s 3 2:0 ∑(wn)2 3 sr

[ ]21
: (1)1 https://meop.net/.
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This spectral density is then converted to decibel scale with
respect to pref 5 1 mPa2 Hz21:

PSDx 5 10log
Px
norm

p2ref

( )
: (2)

All PSDx are then averaged to get the final PSD of the
3-s chunk. The final corpus amounts to 14 583 621 PSDs
with 513 frequency bins, each having a bandwidth of
31.25 Hz.

2) INERTIAL DATA

Based on the study by Benhamou (2024), the raw accelero-
meter and magnetometer data are averaged over 3-s windows
to get the animal’s body posture. The elevation angle (from
2p/2 to p/2 rad), the bank angle (from 2p rad to p rad), and
the azimuth angle (from 2p rad to p rad) are computed. Using
declination data (Alken et al. 2021) at the last surfacing posi-
tion, azimuth angles are converted to azimuth with regard to
the east. These angles are an indication of the hydrophone’s

FIG. 1. Trajectories of the 12 female elephant seals with passive acoustic tags. Geographic cov-
erage of the data deployments from the seal population on Kerguelen Island and from the seal
population at Peninsula Valdés.
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orientation, animal behavior, and coupled with the depth data,
an indication of the animal’s speed.

3) MIXED LAYER DEPTH

The MLD was calculated from the potential density anom-
aly profile s0 (with a reference pressure of 0 dbar) derived
from the temperature and salinity profiles provided by the
CTD tags. For each dive, one MLD value is computed using
data sampled during the upward trajectory of the elephant
seal. Defining the MLD being arbitrary, the conventions from
de Boyer Montégut et al. (2004) were chosen. Using the thresh-
old method on density with a threshold of D 5 0.03 kg m21 and
a reference depth of 10 m, the MLD is found. This method and
parameters have already been used successfully in the Southern
Ocean (Buongiorno Nardelli et al. 2017).

b. Meteorological sources

1) ERA5 REANALYSIS DATA

The ERA5 reanalysis model2 offers global data on a regular
latitude and longitude grid of 0.258 and a temporal resolution
of one data point every hour (Hersbach et al. 2023). The
model is based on data assimilation by combining the laws of
physics with as much observations as possible. Such a data
source is particularly useful as it can be joined to every data-
set and allows for homogeneous training and validation. What
is more, ERA5 reanalysis products accurately estimate the
winds in the Southern Ocean, especially temporal variations,
showing high correlation with in situ data across all wind
speed ranges (Schmidt et al. 2017). In this framework,
ERA5 reanalysis u10 and v10 data (10-m eastward neutral
wind and 10-m northward neutral wind) are joined to the
acoustic dataset using a 3D interpolation to match the ele-
phant’s position with a pseudo-ground-truth wind speed
value. ERA5 reanalysis wind products have previously
been utilized in acoustic meteorology studies (Boittiaux
et al. 2020; Zambra et al. 2022), obtaining good results us-
ing 10-m neutral wind speed data. In their study, Vagle
et al. (1990) showed that the RMSEs for U3, U10, and U10
neutral wind speed were of 0.56, 0.63, and 0.59 m s21,
respectively, with a similar correlation coefficient of 0.97 with
wind data from a buoy. As a result, no conversion to surface
wind speed was applied. Similarly, other studies, including
those introducing the models discussed in section 1, also rely
on 10-m wind speed data (Zedel et al. 1999; Reeder et al.
2011; Pensieri et al. 2015; Hildebrand et al. 2021). Figure 2
shows the distributions of the PSDs as a function of ERA5 re-
analysis wind speed for each dataset.

2) CFOSAT

The CFOSAT scatterometer provides a precise source of
local wind speed data, making it well suited for serving as
ground truth for acoustic meteorology. For wind speeds over
the oceans, the RMSE between CFOSAT measurements and
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buoy observations is 1.39 m s21, making it a relevant source of
data for model training (Ye et al. 2021). However, due to the
limited temporal resolution}as the satellite has a repeat cycle
of a couple of days}the ground truth volume is insufficient
for initial model training. Furthermore, as the satellite was
launched in 2018, only the deployments from 2019 to 2021 are
useful here. However, CFOSAT wind data remains an ideal
source for fine-tuning models that have initially been trained
with ERA5 reanalysis data. Scatterometer data were thus re-
tained for fine-tuning whenever two or more observation
beams were available, regardless of the measured wind speed

range. Figure 3 compares the two pseudo-ground-truth data
together, namely, ERA5 reanalysis and CFOSAT. The RMSE
between the two sources is 1.08 m s21. Although most meas-
urements are similar, the disparity increases for lower wind
speeds (under 10 m s21).

While other satellite wind products are available, theCFOSAT
was selected for fine-tuning as it has not been assimilated into
the ERA5 reanalysis model}unlike ASCAT or SEAWINDS
for instance}providing an independent data source for addi-
tional training. Moreover, since the study was funded by CNES,
preference was given to using data from their satellite, CFOSAT.

FIG. 2. PSDs at 5 kHz as a function of the corresponding wind speed from the ERA5 reanalysis model for all 12 individuals. Orange den-
sity curves are for downward trajectories, and blue density curves are from upward trajectories. The bottom phases of dives are ignored.
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c. Model selection and training routine

Multiple regression models have been developed to esti-
mate wind speed from underwater passive acoustic record-
ings. A benchmark of five such models was evaluated using a
reference dataset corpus (Gros-Martial et al. 2025). In this
study, two models are applied: a logarithmic model, which is
the most widely used in the literature (Piggott 1964; Shaw
et al. 1978; Evans et al. 1984; Vagle et al. 1990; Chapman and
Cornish 1993; Ma and Nystuen 2005; Nystuen et al. 2015;
Hildebrand et al. 2021), and a two-regime linear-quadratic
model already evaluated on SES data (Pensieri et al. 2015;
Cazau et al. 2017). In recent years, deep learning models have
been successfully trained on underwater passive acoustic data
to estimate surface wind speed. This trend is specific not only
to acoustic meteorology but also to physical oceanography as
a whole, with both fields rapidly evolving and benefiting from
the development of computational resources and data collec-
tion techniques (Sonnewald et al. 2021). Machine learning
approaches are now used for a wide range of tasks with applica-
tions in data assimilation}such as estimating errors or improving
observation interpolation}ocean modeling}such as forecasting
or detecting climate events}and ocean observation}such as
improving ocean sampling or classifying eddies, for instance
(Bauchot et al. 2025). Given that wind regimes exhibit temporal
patterns, models capable of temporal learning, like recurrent
neural networks (RNNs) and LSTMs, should be preferred. Since
LSTM models have been previously applied with promising re-
sults (Zambra et al. 2022; Trucco et al. 2022, 2023), this study
also adopts an LSTM approach.

To apply a model to the acoustic data of a specific individ-
ual, the training process for all models is similar. Table 1
shows the amount of training data for each deployment. The
corpus is divided into 11 elephant seals for training and one
for validation. Each individual is used once as the validation
set, following a cross-validation protocol. In a real-time wind
measurement scenario, data can only be transmitted while the
elephant is surfacing; therefore, the aim of the study is to make
one wind speed prediction per dive. The target label is either the
pseudo-ground-truth data from ERA5 reanalysis or CFOSAT
averaged during the considered dive. The overall corpus of data-
sets offers a remarkable experimental setup to assess and im-
prove model generalization capability across different years,
locations, wind distributions, bathymetry, soundscapes, distances
to shore, and swimming behaviors of the elephants.

1) REGRESSION MODELS

Two regression laws put forth by Pensieri et al. (2015) and
Hildebrand et al. (2021) are used as reference. Models are
trained using wind data U in meters per second corresponding
to the 10-m wind speed, as provided by the ERA5 reanalysis
dataset. For each model, three experiments are carried out us-
ing the cross-validation protocol. As the regression models can
only take one input per dive, the frequency and temporal di-
mensions of the PSDs need to be pooled. When elephant seals
go out to sea after fasting during the breeding season, they are
denser than water and have different swimming behaviors
when diving down or swimming back up to the surface. For
the first experiment, model training uses the mean PSD during
the entirety of the dive, the second experiment estimates wind
speed from the PSDs averaged during the downward trajecto-
ries where the animal has little swimming activity and glides
down, and in the final experiment, models are trained only us-
ing the PSDs averaged over the upward trajectories where the
animal swims actively. For the first experiment, different fre-
quencies are tested, with f 2 {50, 100, 200, 300, 500, 1000, 2500,
5000, 8000, 10 000, 12 000, 15 000, 16 000} Hz. The best fre-
quency is then used for the two other experiments.

The first model is a two-regime linear-quadratic model pro-
posed by Pensieri et al. (2015) [Eqs. (3) and (4)],

U 5 a1 3 PSDf 2 b1, (3)

U 5 a2 3 PSD2
f 1 b2 3 PSDf 1 c2, (4)

with a1 and b1 for Eq. (3) and a2, b2, and c2 for Eq. (4) being train-
able parameters for each corpus split. The regime shift between
Eqs. (3) and (4) occurs at a wind speed of 5.5 m s21 with Eqs. (3)
and (4) being used for low and high wind speeds, respectively.

The second model, inspired from Hildebrand et al. (2021),
is based on a logarithmic relationship between noise power
and wind speed:

PSDf 5 a 1 20 3 b 3 log10(U) 2 10 3 c 3 log10(f ), (5)

where a, b, and c are trainable parameters and f is the fre-
quency at which the noise power is computed.

FIG. 3. Comparison of CFOSAT and ERA5 reanalysis wind
speed data. Each orange point represents the wind speed for both
sources at the time and locations of a surfacing individual. Trans-
parency is used for better visualization of data density. Contour
lines represent the areas with similar densities. The dives used for
this analysis are summarized in Table 1.
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2) NEURAL NETWORK

LSTM neural networks (Hochreiter and Schmidhuber
1997) are renowned for their adequate applications for time
series prediction tasks. They can also handle high-dimensional
inputs; therefore, all available frequencies and timestamps
during a dive are considered, and dives are no longer seg-
mented and averaged for downward trajectory or upward tra-
jectory. Acoustic data are cropped between 290 and 40 dB re
1 mPa2 Hz21 to limit the impact of outliers during the normali-
zation process. All input data are normalized using a max–min
rescaling before being fed to the LSTM. For training purposes,
each input is zero-padded to a maximum sequence length of
800 or 40 min, to feed batches of 64 samples to the model. Di-
ves longer than 40 min were removed as too much padding
could be detrimental in the training process. Two experiments
are considered: One training is based solely on the acoustic
data (513 frequency bins or features), and the other has depth
and the inertial angles as input as well (517 features). Each of
the input data has for the target value the average wind speed
during the dive. The chosen model comprises a single recur-
rent unit with a hidden layer size of 1024 features. The LSTM
layer is followed by three fully connected layers (FCLs), re-
ducing the input size to 512 and to 256 before resulting in the
final output. The Adam optimizer is used with a learning rate
of 0.0001 and a weight decay of 0.0001. The loss function is the
mean square error loss. The training protocol for the regres-
sion models is kept, with 11 datasets making up the training
set, and the final dataset being used as validation. For each of

the 12 runs, the model with the lowest loss computed on the
validation set after 30 epochs is saved.

3) FINE-TUNING ON CFOSAT DATA

To obtain better prediction, scatterometer data fromCFOSAT
are used to fine-tune each of the 12 models. Weights and biases
from the previous trainings, with inertial and depth data added
to the inputs and ERA5 reanalysis data as the target, are loaded.
The recurrent unit and the first two FCLs are frozen, and the
weights and biases of the last FCL are updated by training on di-
ves with available CFOSAT data as a new target wind speed
(Fig. 4). As mentioned previously, performance can only be ob-
tained for tags deployed after 2018. However, predictions can still
be obtained for each dataset of the corpus as training data from
the CFOSAT are available for each split. This fine-tuned LSTM
model will be referred to as FT LSTM.

4) VALIDATING MODELS USING THE MIXED

LAYER DEPTH

When models are trained on pseudo-ground-truth data, a
significant challenge arises in the validation process. ERA5
reanalysis and CFOSAT products both exhibit inaccuracies
and discrepancies, particularly in regions such as the Southern
Ocean. Additionally, as model training and validation are not
consistently based on labels from a single data source, direct
performance comparisons become difficult. Therefore, an in-
dependent data source is necessary for robust model valida-
tion. Several studies have demonstrated a direct relationship

FIG. 4. Schema of the LSTMmodel. Each dive is formatted into a padded input of size (800513) [or size (800517) if inertial and depth data
are added], which is fed sequentially into a LSTM cell. The final hidden state of size 1024 is passed through two FCLs with LeakyReLU activa-
tions to produce the final wind speed estimation per dive. During fine-tuning on CFOSAT data, the blue blocks indicate the components with
frozen weights and biases, while the green block (final FCL) is the only trainable layer. For visualization purposes, the red rectangle represent-
ingX[t] was drawn wider, although only one temporal bin is fed to the LSTM.
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betweenMLD and surface wind speed, with wind forcing increas-
ing the MLD (Pollard et al. 1973; Kitaigorodskii et al. 1979; Price
et al. 1986; Álvarez et al. 2016; Ushijima and Yoshikawa 2020;
Wang et al. 2024). As outlined in section 3, temperature and salin-
ity data give MLD measurements collocated with wind speed
estimates. Correlating wind speed predictions from acoustic mete-
orology models with these MLD values derived from CTD pro-
files can thus provide an indication of model relevance.

3. Models’ performance

a. Best frequency for wind estimation

In the first experiment, models are trained using the average
PSD from each dive to compare the performance of the loga-
rithmic and two-regime linear-quadratic models across different
frequencies. The results are shown in Fig. 5, highlighting which
frequency is best suited for acoustic meteorology under the con-
ditions of this study involving biologged southern elephant seals
with DTAG4s. For both models, the best frequency for wind es-
timation is around 5 kHz, which is therefore chosen to train the
regression models for the rest of the study. Lower frequencies,
under 2500 Hz, show important errors, with a marked drop off
in performance. The MAE increases steadily for frequencies

higher than 5 kHz, reaching errors similar to low frequencies
for the 16-kHz frequency.

b. Model trained on ERA5 pseudo ground truth

Once the frequency for regression models was fixed at 5 kHz,
different segments of the dives, with different swimming behav-
iors from the elephant seals, were used for wind speed estima-
tions. The regression models trained on the upward trajectories
of the elephant seals have the best predictions (Table 2) with
the two-regime linear-quadratic and logarithmic models having
MAEs of 1.30 and 1.41 m s21, respectively (Fig. 6). The models
trained on the downward trajectories still predict ERA5 reanalysis
pseudo ground truth, though with less precision, having a MAE

FIG. 5. MAE between estimation from the (left) two-regime linear-quadratic model and (right) logarithmic model
and ERA5 reanalysis wind speed data for 13 frequencies (at 50, 100, 200, 300, 500, 1000, 2500, 5000, 8000, 10 000,
12 000, 15 000, and 16 000 Hz).

TABLE 2. RMSE (m s21) of estimated wind speed for the
three experiments using the logarithmic and two-regime models
at 5000 Hz.

Logarithmic Two-regime

Upward 1.86 1.66
Downward 2.17 1.89
Dive 2.01 1.75
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of 1.52 m s21 for the two-regime model and of 1.71 m s21 for the
logarithmic model. Finally, models trained on the PSDs averaged
throughout the entirety of each dive perform marginally worse
than those trained on the upward trajectories, with MAE values
of 1.37 and 1.53 m s21. Therefore, the regression models trained
on upward trajectories are chosen as reference and hereafter re-
ferred to as the two-regime and logarithmic models. Finally, for
all evaluation experiments on these distinct dive segments, the
logarithmic model has higher errors than the two-regime linear-
quadratic model, with the RMSE being between 0.20 and
0.28 m s21 higher. This observed error variability is similar to the
improvements gained from selecting specific trajectory segments,
as the best logarithmic model and the worst two-regime model
have similar RMSEs of 1.86 and 1.89 m s21, respectively.

Following the evaluation of both regression models across vari-
ous frequencies and dive segments, identifying the two-regime
model fitted at 5 kHz on upward trajectories as the best model,
the study next examines the relevance of a deep learning ap-
proach to the task. As shown in Fig. 7 and Table 3, neural net-
work models outperform the two-regime model, and other
regression models, in predicting ERA5 reanalysis pseudo
ground truth, with an error of 1.15 m s21 for the LSTM trained

using only the acoustic features. This corresponds to a MAE de-
crease of 0.15 m s21 with regard to the two-regime model. How-
ever, the standard deviation of the residuals is similar between the
two models, increasing from 1.52 to 1.58 m s21 for the LSTM and
the two-regime model, respectively (Table 4). Furthermore, Fig. 7
illustrates that the LSTM does not consistently outperform the two-
regime model across all wind speed ranges; however, the two-
regime model exhibits higher MAEs near the regime transition and
tends to underestimate high wind speeds (starting from 10m s21).

A closer examination of the different neural network results re-
veals that the LSTM models, with and without the inertial and
depth data as input, perform similarly. The LSTM with inertial
and depth data shows a slight improvement in predictive perfor-
mance of 0.02 m s21 (Table 3). Validation accuracies per dataset
show important discrepancies with MAE varying from 0.91 to
1.38 m s21. For the rest of the study, only themodel with added in-
ertial and depth data will be considered and referred to as LSTM.

c. Fine-tuning on satellite data

Table 3 presents the results for the FT LSTM, assessing the
added value of incorporating CFOSAT data into the training
scheme and whether fine-tuning on scatterometer data yields

FIG. 6. MAE densities for the regression models across the 12 datasets. The first and third quantiles are represented by the horizontal bar.
The average MAE for each model is indicated by the central marker.
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better results. The FT LSTM, validated using CFOSAT
data, shows a significant improvement in accuracy, with an
average MAE of 0.86 m s21, which represents a 0.27 m s21

decrease in error from the LSTM results. The lowest error
across all datasets is of 0.64 m s21. When validated against
the ERA5 reanalysis wind speed pseudo ground truth, the

FT LSTM still performs well with an absolute deviation of
1.20 m s21 (Table 3).

d. Model validation

With models trained and evaluated on two different prod-
ucts, being ERA5 reanalysis and CFOSAT wind speed,

FIG. 7. LSTM model and two-regime model estimations vs pseudo-ground-truth wind speed
from ERA5 reanalysis.

TABLE 3. MAE (m s21) for the two neural networks. From left to right, the columns show the results for the LSTM model
validated on ERA5 reanalysis data, the LSTM trained with inertial data validated on ERA5 reanalysis data, the FT LSTM model
validated on all CFOSAT data, and the FT LSTM model validated on all ERA5 reanalysis data, respectively.

LSTM Inertial LSTM FT LSTM on CFOSAT FT LSTM on ERA5

ml17_280a 0.92 0.91 0.99
ml18_296a 1.38 1.38 1.48
ml18_294b 1.00 0.99 1.02
ml19_292a 1.18 1.14 0.74 1.22
ml19_292b 1.27 1.23 0.85 1.29
ml19_293a 0.93 0.93 0.78 1.24
ml19_294a 1.36 1.29 1.09 1.37
ml20_293a 1.32 1.28 0.94 1.18
ml20_296b 1.03 1.05 0.64 1.08
ml20_313a 0.96 0.95 0.75 0.98
ml21_295a 1.21 1.24 1.16 1.29
ml21_305b 1.19 1.19 0.80 1.21
Average 1.15 1.13 0.86 1.20
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models are further evaluated by relating the estimated wind
speed with in situ colocalized MLD values. Figure 8 illustrates
how these wind estimations from different models correlate
to the MLD across various temporal lags. All models follow a
similar trend, with their relationship gradually strengthening
over time and the correlation coefficient peaking for the

MLD at t0 1 14 h. The pseudo-ground-truth ERA5 reaches
its peak slightly later, at t0 1 15 h. All acoustic meteorology
models show similar correlation values with a peak correla-
tion between 0.318 and 0.342. Among all models, the LSTM
consistently shows the strongest relationship. In contrast, the
ERA5 reanalysis wind speed exhibits the weakest correlation
with the MLD across all temporal lags.

To better visualize the wind speed estimations from the dif-
ferent models, Fig. 9 represents a time series of the ERA5 re-
analysis and CFOSAT wind speed data and three models
(two-regime, LSTM, and FT LSTM). All three acoustic mete-
orology models exhibit fine temporal-scale variations not pre-
sent in the ERA5 reanalysis data. This variability is also
present in the few CFOSAT wind speed measurements avail-
able. Furthermore, while all wind products vary similarly, ex-
treme wind events and low wind speeds show the highest
discrepancies between estimations from the three acoustic me-
teorology models and the ERA5 wind speed. On 5 November,
both neural networks predict a wind gust, whereas the ERA5
model predicts wind speeds under 5 m s21.

Table 4 shows the standard deviation of the residuals of
each model when evaluated against ERA5 reanalysis wind
speed. While the results per dataset vary, the average std
across all datasets is very similar for the three models with

TABLE 4. Standard deviation error (m s21) between the two-
regime model, LSTM and FT LSTM estimations, and ERA5
reanalysis wind speed.

Two-regime LSTM FT LSTM

ml17_280a 1.30 1.22 1.21
ml18_294a 1.64 1.96 1.84
ml18_294b 1.33 1.35 1.33
ml19_292a 1.66 1.40 1.62
ml19_292b 1.57 1.65 1.68
ml19_293a 1.33 1.25 1.20
ml19_294a 1.50 1.69 1.68
ml20_293a 2.18 1.54 1.71
ml20_296b 1.51 1.45 1.44
ml20_313a 1.28 1.50 1.45
ml21_295a 2.03 1.60 1.57
ml21_305b 1.59 1.65 1.61
Average 1.58 1.52 1.53

FIG. 8. Correlation between MLD and wind speed estimations for all elephant seals, as a
function of temporal lag (h).

G RO S - MAR T I A L E T A L . 1227SEPTEMBER 2025



standard deviations of 1.58, 1.52, and 1.53 m s21 for the two-
regime model, LSTM, and FT LSTM, respectively. Figure 9
corroborates this result, as all three acoustic models capture
both the fine-scale temporal variations and the broader tem-
poral trends from the ERA5 reanalysis wind product.

4. Discussion

a. Best regression model

With the deployments from the present study differing in
both time and space, (i) wind distributions are different for
each dataset, (ii) the bathymetry and shore distance change
for each individual, and (iii) each elephant seal has its own
swimming behavior; therefore, individual models are ex-
pected to be different. However, the final models obtained by
training on 11 elephant seal datasets are robust and generalize
well to new individuals. As elephant seals leave their colony
after breeding and fasting, elephant seal females are in poor
body conditions and have less body fat. As a consequence,
they are negatively buoyant (i.e., denser than seawater) and
they remain so during most of their postbreeding foraging trip
(Richard et al. 2014). Consequently, when diving downward,
they can glide with little to no swimming effort (Aoki et al.
2011; Richard et al. 2014). In contrast, when ascending toward
the surface, they need to actively stroke. Acoustic data from
these upward trajectories reveal that flow noise is a significant
sound source. However, the results show that regression models
calibrated using data from upward trajectories outperformed
those from downward trajectories. There could be two main
reasons for this. First, the wind noise models were deliberately
calibrated using a higher frequency (5 kHz) outside the range
dominated by flow noise, where wind-generated noise is ex-
pected to be the primary contributor. Second, the hydrophone

on DTAG4s is positioned at the front of the tag. While the hy-
drophones are omnidirectional, the tag itself blocks noise origi-
nating from behind the animal. When the seal swims toward the
surface, the tag is oriented toward the sound source of interest,
increasing the likelihood of detecting noise from breaking
waves and whitecaps. Furthermore, while higher frequencies
are also outside of the range contaminated by flow noise and
are more likely dominated by wind-generated noise, attenua-
tion makes them less relevant for analysis especially with in-
creasing depth (Vagle et al. 1990), making 5 kHz the ideal
frequency for wind speed estimation from biologged elephant
seals. This value is consistent with published regression models
and studies reporting optimal frequencies for wind speed esti-
mation between 2 and 6 kHz, with good results up to 10 kHz
(Lemon et al. 1984; Zedel et al. 1999; Pensieri et al. 2015;
Hildebrand et al. 2021).

Moreover, the two-regime model consistently outper-
formed the logarithmic model. This discrepancy likely stems
from the behavior of the logarithmic models for high PSD val-
ues at 5 kHz. Some of these PSD values are outliers, meaning
dives with high acoustic intensity at low wind speeds, and
heavily impact the regression models. Such outliers could be
due to the animal’s behavior or the presence of other sound
sources, though rare, such as precipitation, odontocete vocal-
izations, or shipping traffic, which generate noise at 5 kHz.
Furthermore, the two-regime model, by fitting five parameters
rather than the three of the logarithmic model, is better able
to fit the data. However, both regression models outperform
the existing models for wind speed estimation using biologged
elephant seals, with Cazau et al. (2017) reporting RMSE be-
tween model estimations and a derived ASCAT wind speed
ranging from 1.9 to 2.1 m s21 for drift phases and from 2.6 to
3.4 m s21 for active swimming phases (Table 2). Note that

FIG. 9. Example of predictions from three models (two-regime, inertial LSTM, and FT LSTM) over 9 days. Pseudo-ground-truth wind
speed data from ERA5 reanalysis (solid line) and CFOSAT (scatter points) are also plotted.
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different hydrophones were used in their study, with Acou-
sonde tags being deployed on the back of the animal.

b. Added value of neural networks

The LSTM outperforms published regression models,
thanks to the higher number of features in input data, but also
because of the complexity of the model and number of pa-
rameters that are fitted. At wind speeds below 3 m s21, mini-
mal surface noise is generated, leading to the models’ inability
to accurately estimate these conditions. The neural network
leverages richer input data}incorporating multiple frequen-
cies and temporal features}to better identify and estimate
these lower wind speeds. Furthermore, the regression models
are particularly impacted by outliers, namely, sound record-
ings containing other noise sources than wind-generated
noise. This susceptibility results in the erroneous estimation
of wind events exceeding 20 m s21 and a general underestima-
tion of surface wind speeds when additional noise sources
raise the mean PSD, skewing predictions. These events should
be flagged beforehand when using a regression model (Vagle
et al. 1990; Nystuen and Selsor 1997). Based on Fig. 6, with re-
gression models trained on upward trajectories}i.e., positive
elevation angle}having lower MAE than for the downward
trajectories}i.e., negative elevation angle, the addition of in-
ertial data to models was supposed to be significant. However,
results show that adding inertial features in the LSTM model
only improves performance slightly. The model’s perfor-
mance increases only by 0.02 m s21 because inertial data are
implicitly encoded in the temporal component of the LSTM,
with the first temporal bins of the input corresponding to the
downward trajectories and the last to the upward trajectories.
The small improvement can be linked to a better estimation
of wind speed during drift dives, where the animal has no
swimming activity, and therefore, less flow noise is present in
the recordings (Richard et al. 2014). Similarly, regression mod-
els could be adapted to take depth into account (Hildebrand
et al. 2021). While depth had little impact on LSTM perfor-
mance, similar to the effect of adding inertial data, adapting
the wind model for a specific depth or incorporating depth as a
parameter could help refine the prediction.

Neural networks are computationally expensive during training
and remain heavy and complex models especially for onboard
deployments. Models of intermediate complexity, tree-based
models}such as random forests or gradient boosting}kernel-
based models}such as SVMs}or regularized linear models}
such as LASSO (least absolute shrinkage and selection operator)
or ridge}could have been tested. However, past studies have fo-
cused on fitting regression models to the acoustic and wind speed
data, and more recently on LSTM architectures (Nystuen et al.
2015; Pensieri et al. 2015; Hildebrand et al. 2021; Trucco et al.
2022; Zambra et al. 2022). Although some random forest algo-
rithms have previously been applied (Taylor et al. 2021), only the
low-complexity regression models and the LSTM approach were
chosen in this study to illustrate both the baseline performance of
easily deployable models and the best accuracy achievable with
state-of-the-art methods on biologged elephant seal data.

c. Fine-tuning on CFOSAT

Fine-tuning on CFOSAT data was expected to improve the
LSTM model’s performance, the main reason being that the
temporal and spatial scale of CFOSAT data is more closely
aligned with those of our study case compared to ERA5 rean-
alysis. With a coarse resolution of 1 h and on a grid of 0.258
(or a longitudinal distance of 18 km at a latitude of 2498),
ERA5 reanalysis provides smoothed wind speed products
at large spatial and temporal scales. For a hydrophone at
depth h in meters, 90% of the signal is composed of sources
coming from a surface listening area A90% of size A90% 5p(3h)2
(Ma and Nystuen 2005). This represents an area of 10.18 km2 at
a depth of 600 m, and only 1.13 km2 at a depth of 200 m for seal
acoustic data. The scale of the hydrophone’s integration area is
about 40 times finer than the ERA5 reanalysis spatial resolution.
With dives lasting about 20 min, the temporal resolution of our
models is also about three times finer than ERA5 reanalysis.
While CFOSAT products have a similar spatial resolution to
ERA5, their much higher temporal resolution allows for training
on co-occurring wind speeds. Although these differences in spa-
tial and temporal resolution, as well as in the integration area
and spatial averaging, inevitably introduce uncertainties into the
acoustic meteorology models, these datasets remain essential for
training in remote regions where no in situ observations are
available.

The results of the FT LSTM are comparable to studies
training LSTMs using collocated anemometers with a fixed
mooring. Such studies report MAEs ranging from 0.62 to
0.76 m s21 (Trucco et al. 2022) or of 0.665 m s21 for a
K-cross-validation protocol (Trucco et al. 2023). Using an au-
toencoder on the same dataset (Pensieri et al. 2015) yields an
RMSE between 0.89 and 0.97 m s21 (Zambra et al. 2022).
The consistently low MAE scores observed across all FT
LSTM models indicate that training on scatterometer data
yields highly accurate wind speed estimations, outperforming
those obtained using the ERA5 reanalysis dataset. Similarly
to acoustic meteorology}which estimates wind characteris-
tics based on the acoustic signatures generated by bubble for-
mation from wind-driven surface waves}scatterometers infer
wind speed by analyzing the backscatter signal produced by
surface roughness and wind-induced oceanic ripples. Both
methods are fundamentally grounded in the physical interac-
tions between wind and the sea surface. In contrast, reanalysis
models synthesize data from diverse observational sources
and employ numerical models to interpolate spatial and tem-
poral gaps.

The results show that the LSTM model trained on ERA5 re-
analysis data exhibits a stronger correlation with the MLD com-
pared to the FT LSTM model, while the pseudo-ground-truth
ERA5 wind speed data shows the weakest correlation (Fig. 8).
These differences likely arise from the complex nature of the
mixed layer, which deepens under sustained wind forcing over
large spatial and temporal scales}better captured by the
LSTM trained on smoothed data from ERA5 reanalysis than
the FT LSTM, thereby resulting in a higher Pearson correlation.
However, the MLD is also highly sensitive to short-term wind
variability and gust events, which are not well-represented in

G RO S - MAR T I A L E T A L . 1229SEPTEMBER 2025



the coarser-resolution ERA5 reanalysis data (Fig. 9). This limi-
tation likely accounts for the lower correlation observed with
the ERA5 wind speed measurements. Furthermore, most stud-
ies use the 0.03 kg m21 threshold to compute the MLD average
data over specific time periods and areas}typically over a day
and on a grid of 0.58–18}to analyze long-term variations and
regional differences. However, the MLD fluctuations in this
study’s context are driven by local wind variations that occur on
finer spatial and temporal scales. Further research on the best
density threshold for this context might help refine the valida-
tion protocol.

d. Acoustic as an alternate source of wind speed

Figure 9 highlights how ERA5 reanalysis data are smoothed
out compared to acoustic meteorology products. These fine
temporal-scale variations are due to the variations in the sur-
rounding soundscape from (i) changes in wind speed and in
wind-generated noise and (ii) other sound sources likely due
to the elephant seals’ movements. Elephant seals typically for-
age in areas with little to no human activity. Other sound sour-
ces in these regions, including baleen whale vocalizations,
seismic activity, and breaking ice caps, are low-frequency
sounds and are not picked up by the 5-kHz frequency. These
long-ranging and extended sources are not possible explana-
tions for small temporal-scale variations seen in Fig. 9. Poten-
tial sound sources that could interfere with the 5-kHz
frequency}such as rainfall or vocalizations from odontocetes
(clicks, whistles, or buzzes)}are expected to be minimal or
negligible with regard to the duration of the study period. The
regression models however could be heavily influenced by
transient noise from the elephant seal’s movement, which ac-
counts for some of the variation. However, both the LSTM
and FT LSTM, by leveraging multiple frequencies and time-
stamps, are able to filter out these outliers. This is further
evidence that acoustic meteorology picks up on fine temporal-
scale wind speed variations (Cazau et al. 2017).

While acoustic meteorology has been explored and devel-
oped over the years, its full potential and relevance in ocean–
atmosphere studies are still being evaluated. This study pre-
sents a compelling case for its application, through regression
models and neural networks, providing an accurate wind
speed product capable of capturing fine-scale wind variations
as well as low and high wind speed events. Notably, FT LSTM
models trained on scatterometer data had exceptionally low
MAE values, highlighting the ability of acoustic meteorology
models to give precise in situ wind speed measurements and
this through a simple neural network architecture. Moreover,
integrating acoustic meteorology with floats or moored hydro-
phones presents opportunities for long-term monitoring of
air–sea interactions. In particular, improving the in situ wind
speed products could enhance estimates of CO2 uptake, which
is tightly linked to surface turbulence and MLD variability.
However, these benefits depend critically on the recording
strategy. Continuous acoustic recordings, as used in this study,
preserve the high temporal resolution necessary for resolving
short-term wind dynamics. In contrast, hydrophones operat-
ing on duty cycles or those triggered by depth (e.g., on mobile

platforms) risk losing this precision, potentially limiting their
utility for fine-scale ocean–atmospheric coupling studies.

5. Conclusions

This study highlights the relevance of acoustic meteorology
in obtaining fine temporal-scale in situ wind speed products.
The results show that neural network approaches, here a
LSTM, significantly outperform traditional regression models
due to their ability to leverage richer input data and handle
noise more effectively. This study also presents, to the best of
our knowledge, the first model fine-tuned on satellite scatter-
ometer data, significantly increasing the accuracy of the pre-
dictions. Given the limited size of the CFOSAT dataset, the
results show that opportunistic training on scatterometer
data, ship-based wind speed measurements, or other alterna-
tive sources can greatly benefit acoustic meteorology. Finally,
this study underscores the potential of acoustic meteorology
as an alternative wind speed measurement method. The strong
correlation between mixed layer depth variations and wind-gen-
erated noise supports the use of acoustic meteorology models as
an in situ ground truth wind speed product. Unlike ERA5 rean-
alysis data, which is constrained by its hourly resolution, acoustic
recordings capture very localized short-term wind variations,
making them particularly valuable for studying oceanographic
processes.
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