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ABSTRACT
The underwater ambient sound field contains quantifiable information about the physical and biological
marine environment. The development of operational systems for monitoring in an autonomous way the
underwater acoustic signal is necessary for many applications, such as meteorology and biodiversity protection. This paper develops a proof-of-concept study on performing marine soundscape analysis from
acoustic passive recordings of free-ranging biologged southern elephant seals (SES). A multivariate multiple
linear regression (MMLR) framework is used to predict the measured ambient noise, modeled as a multivariate acoustic response, from SES (depth, speed, and acceleration) and environmental (wind) variables.
Results show that the acoustic contributions of SES variables affect mainly low-frequency sound pressure
levels (SPLs), while frequency bands above 3 kHz are less corrupted by SES displacement and allow a good
measure of the Indian Ocean soundscape. Also, preliminary results toward the development of a mobile
embedded weather sensor are presented. In particular, wind speed estimation can be performed from the
passive acoustic recordings with an accuracy of 2 m s21, using a rather simple multiple linear model.

1. Introduction
1In the frequency band from a few tens of a hertz up to
50 kHz, the dominant sources of ambient noise in the
ocean can be broadly divided into sounds resulting from
geophony (i.e., sounds from natural physical processes,
e.g., wind-driven waves, rainfall, seismicity, breaking
waves, current), biophony (i.e., sounds from biological
activities, e.g., whale vocalizations, snapping shrimp
beds), and anthropophony (i.e., man-made sounds, e.g.,
commercial shipping, sonar, seismic prospecting, oil
and gas surveys) (Knudsen et al. 1948; Wenz 1962). All
these sources contribute conjointly to the noise spectrum characteristics (e.g., pressure level, spectral slope)
in varying degrees, depending on their strength and
conditions prevailing at the measurement location. Thus,
the underwater ambient sound field contains quantifiable
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information about the physical and biological marine
environment. To extract this information, passive acoustic
systems have been used for monitoring, recording, and
interpreting in a continuous and autonomous way the
underwater acoustic signal, facilitating an all-weather and
all-season ocean monitoring.
The study of ocean ambient noise plays a growing role in
many different research fields. In biodiversity, it helps in
preserving marine animal ecosystems by better understanding the impacts of human activities on their ecology
(Sirovic et al. 2013). In meteorology, global climate models
and local weather forecasts rely on field information about
weather across oceans. Observations of rain and wind
phenomena from underwater noise allow for better study
of air–sea interactions, and increase greatly the spatiotemporal resolution provided by satellite (Vagle et al.
1990; Nystuen and Selsor 1997; Ma and Nystuen 2005;
Pensieri et al. 2015). In cryogenics, the noise generated by
glaciers allows for quantification of melting processes in
the Arctic and is a good indicator of rapid climate processes (Urick 1971; Glowacki et al. 2015). In oceanography, measurement and characterization of ambient noise
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are essential to enhance the signal-to-noise ratio of
acoustic-based underwater instruments (Rahmati et al.
2014). The need for better assessment of global change and
its consequences have drawn attention and highlighted the
need for an intense monitoring of underwater noise level
and, consequently, for the development of innovative
sensors and networks (Duennebier et al. 2002; Johnson
and Tyack 2003; Aguzzi et al. 2011; Favali 2013) able to
collect and analyze long-term underwater sound data.
Ambient noise studies mostly take place in the northeastern Pacific (Chapman and Price 2011) and Atlantic
Oceans (Nieukirk et al. 2004). Previous studies in the Indian Ocean have focused on the northwestern (Wagstaff
2005) and the tropical regions of the Indian Ocean
(Miksis-Olds et al. 2013; Hawkins et al. 2014; Tsang-HinSun et al. 2015). Tournadre (2014) showed that the ship
traffic has had a global increase in the Indian Ocean in the
last two decades. In the Southern Ocean, a recent study
highlighted the predominant role of icebergs in the
Southern Hemisphere soundscape (Matsumoto et al.
2014). Miksis-Olds et al. (2013) reported that the observed
sound floor increases are consistent with concurrent increases in shipping, wind speed, wave height, and blue
whale abundance in the Indian Ocean. Nair et al. (2015)
developed a semiempirical model to predict surface
ambient sound spectra in 1–50 kHz for rainfall rates in
2–200 mm h21 and wind speeds within 2–14 m s21.
Most often, hydrophones used for marine soundscape
studies are bottom mounted, shore terminated, and
fixed at a certain depth. Other studies have also used
mobile hydrophones, either dragged behind a drifting
buoy or boat (Nystuen and Selsor 1997), or attached to
vertical profiler float (Ward et al. 2011; Küsel et al. 2011;
Barclay and Buckingham 2013). More recently, with the
development of miniaturized electronic devices, hydrophones have been embedded in underwater gliders
(Baumgartner et al. 2008; Matsumoto et al. 2011; Klinck
et al. 2012). These gliders can survey a large area by
autonomously navigating the defined area (Rogers et al.
2004; Rudnick et al. 2004), and they have shown great
promise in monitoring marine mammals (Baumgartner
et al. 2008; Klinck et al. 2012), oceanographic phenomena (Matsumoto et al. 2011), and meteorological surface
conditions (Cauchy et al. 2015).
In the same line of technological innovation, the use of
animalborne autonomous recording tags, called biologging, is becoming widespread (Ropert-Coudert and
Wilson 2005), and allows for the acquisition of huge
quantitative datasets for inferences on movement,
ecology, physiology, and behavior of animals moving
freely in their natural environment. Multichannel dataloggers are used, and data are sampled at high resolution
over large temporal and spatial ranges, including
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geographical areas uncovered by satellite data. In addition to providing parameters related to the animal
biological processes, environmental parameters (e.g.,
temperature, salinity, light, fluorescence) can also be
continuously recorded.
In this project, southern elephant seals (SES) of the
Kerguelen Islands are used as acoustic gliders of opportunity. SES are wide-ranging animals during their
postbreeding and postmoulting migrations. Adult females (Mirounga leonina) from the Kerguelen Islands
(4982000 S, 7082000 E) forage mainly in oceanic waters of
the Antarctic and polar frontal zones (below 608S) from
October to February (Bailleul et al. 2010). Among top
marine predators, air-breathing diving species such as
SES are particularly well suited for biologging because
their large size allows them to carry electronic devices
with minimal disturbance. These devices are stuck on
SES while they are on land in their breeding colonies. The
strong east–west current speeds and the thick ice surface
layers in this part of the austral ocean make the use of
regular gliders very complicated, while these harsh environmental conditions are not a problem for SES.
So far, these biologged SES have been used to collect
measurements of physical (Charrassin et al. 2008; Costa
et al. 2008; Roquet et al. 2009) and biological (Guinet
et al. 2013) oceanographic parameters, in often inaccessible regions. The SES and their closed-loop migratory route also provide the opportunity for using
Acousondes1 (Acoustimetrics, Greeneridge Sciences, Inc.,
Felton, California) that can be retrieved at the end of
their migration. Acoustic data have already been recorded and used to investigate behavioral and ecophysiological (breathing rate) parameters (Genin et al.
2015). While at sea, SES dive repeatedly to mesopelagic
depths (300–500 m up to 2000 m) and tend to follow the
diel vertical migration of their mesopelagic prey, diving
generally deeper during the day (Guinet et al. 2014).
SES regularly perform dives during which they spend a
large proportion of time descending passively through
the water column (Richard et al. 2014). In the following,
this type of dive will be referred to as drift dives.
The main objective of this current study is to demonstrate that marine soundscape can be measured with
biologged SES used as acoustic gliders of opportunity.
However, the SES movements (e.g., depth/speed variations) impact the measured sound spectra. It is thus
first required to identify, characterize, and if possible
remove the acoustic noise produced by SES movements
that corrupts the measured soundscape. Under the

1
Acousondes are miniature, self-contained, autonomous
acoustic recorder designed for underwater applications.
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assumption that different sound sources have unique
acoustic signatures, passive acoustics can be used to
make a classification of the ambient sound field. In this
paper, a multivariate acoustic response in a multivariate
multiple linear regression (MMLR) framework is used
to decompose the measured ambient noise into different
acoustic sources (acting as predictors) related either to
the environment or to the SES. The ambient noise is
modeled as a multivariate response of spectral parameters, namely, sound pressure levels (SPLs) and spectral
slopes (SS), in various frequency bands. These acoustic
features have been widely used in studies on marine
soundscape and acoustical meteorology (Nystuen and
Selsor 1997; Ma and Nystuen 2005; Pensieri et al. 2015).
Ancillary datasets on wind speed and on SES diving
behavior are used to define the predictors. Once we have
fully characterized the acoustic noise induced by the
SES displacements, we present results on the measured
soundscape, and we focus on the effect of wind speed on
the ambient noise level. These measures are compared
with those made in other ocean environments at comparable depths, and also with theoretical models.
This paper is organized as follows. Section 1 provides
details on acoustic measurements and on the different
variables used in the regression framework. Section 2
presents exploratory and qualitative results, with an
emphasis on the differences between spectra measured
during the drift and active swimming phases of the SES.
Then, more quantitative results are presented, in particular to evaluate the accuracy of estimating wind speed
from our passive acoustic recordings. Section 3 proposes
two general discussions on the relations between the
external influence variables and the measured spectra,
and on the marine soundscape resulting from our
acoustic glider of opportunity.

2. Methods
a. Materials
In the austral winter of 2012, five different postbreeding
female SES of similar body conditions were captured and
equipped with dataloggers on the Kerguelen Islands.
These loggers included an Acousonde 3A device (already
used in similar research studies; e.g., Burgess et al. 1998;
Burgess 2000) glued on the back of the seal on the longitudinal axis, 10 cm behind the scapula. The Acousonde
3A recorded sound at a sampling frequency Fs of 12.2 kHz
with an acoustic sampling resolution of 16 bits, using a
built-in low-frequency hydrophone. It also has a high-pass
filter at 22 Hz (to remove powerful low-frequency flow
noise) and an antialias (low pass) filter at 4640 Hz. The
hydrophone response is flat in this band so that overall the

TABLE 1. Global overview of the passive acoustic recording
database, with C as the cumulated duration. Each recording lasts
approximately 4 h.
Acousonde

No. of recordings

Period

C (h)

A626019
A626020
A626021
A626022
A626040

20
13
4
5
24

30 Oct–18 Nov 2012
22 Sep–10 Nov 2012
30 Oct–2 Nov 2012
30 Oct–3 Nov 2012
31 Oct–23 Nov 2012

76.4
51.2
16
18.6
95.4

useable bandwidth is 22–4640 Hz (more details can be
found at http://acousonde.com/faqtechnical.html). Total
storage capacity is 64 GB. The unamplified raw sensitivity
of the hydrophone is 2201 dB (low-power-channel hydrophone) ref 1 V (mPa)21, that is, 0.089 mV Pa21. There
is no onboard signal processing embedded into the
Acousonde. The Acousonde’s raw data have been converted to pressure data using a MATLAB (MathWorks,
Natick, Massachusetts) program provided by Greeneridge Sciences, Inc. (the Acousonde manufacturer). The
Acousonde also continuously recorded depth (pressure)
and triaxial acceleration with a sampling frequency
of 5 Hz.

b. Acoustic database
Table 1 provides a global overview of the sound database. The five Acousondes deployed were activated on
the field almost at the same time, making their recordings
overlap in time. The smaller number of recordings in
Acousondes A626021 and A626022 was caused by technological deficiency. To save onboard storage space, a
duty cycle was set up in each Acousonde that automatically turned it on for 4 h every 24 h. Each 4-h recording
was segmented into 10-s time windows (except for the
long-term averaged spectrogram, where we used 30-s time
windows), using non-overlapping Hamming windows. We
removed all the sound files for which the SES depth was
less than 10 m, which includes phases when the SES is on
land and phases when the SES is at the surface at sea. All
data processing and analysis were conducted using
MATLAB. A total of 184.2 h of audio recordings have
eventually been used, providing 66 296 observations of
10 s long.
Figure 1 represents the migratory routes followed
by the SES during which the Acousondes were active.
The spatiotemporal coverage provided by SES routes
ranges from 718 to 878 in longitude and from 2468 to
2528 in latitude.

c. Identification of drift phases
As already done in Dragon et al. (2012), pressure
data were used to split the ascent and descent dive phases
into two different categories based on diving behavior,
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FIG. 1. Migratory routes of five different SES plotted on a map zoomed in on the Kerguelen
Islands (4982000 S, 7082000 E), in the Indian Ocean. Details of individual SES are given in Table 1.
These trajectories are based on GPS data from an Argos GPS satellite tag fixed on each SES. Only
the segments of routes during which the Acousondes were active are drawn.

namely, drift dives and active swimming dives. In our
study, drift dives are important, as they are expected to
offer the cleanest acoustic measures. Drift dive identification was processed in two steps. First, we used first the
complete time–depth recorder (TDR), which allowed us
to (i) identify drift dives and (ii) isolate the passive drift
phases during those dives (Dragon et al. 2012). For each
drift dive, a drift rate was determined as the slope coefficient of a linear regression between depth and time
(Bailleul et al. 2010; Mitani et al. 2010). In the second step,
we used accelerometer data to exclude phases of active
swimming during drift phases assessed by the TDR-only
data. Active swimming was considered to take place when
lateral acceleration exceeded the 20.2 to 0.2 m s22 range.
It is noteworthy that a more detailed taxonomy could
have been used [e.g., Richard et al. (2014) subdivided the
active swimming dives into exploratory dives, shallow
active dives, and deep active dives], but in this paper
diving characteristics of the SES will be limited to this
two-class behavior, for the sake of clarity and conciseness
with our acoustical meteorology application.
Table 2 provides statistical information on three different dive phases of SES, namely, surface, drifting, and
active swimming phases. The R package Biologging
tools2 were used to estimate automatically the drift
phases of SES. Drift phases have an average duration of
2 min. Overall, they cover only 6% of the total recording

2

Developed by Yves le Bras (CEBC-CNRS-UMR 7372 Université de La Rochelle, Chizé, France) and available at https://
github.com/SESman/rbl.

period, with a higher presence of more active swimming
dives (83%). These estimated drift phases have already
been used in previous biological studies (VacquiéGarcia et al. 2012; Guinet et al. 2014; Richard et al. 2014;
Genin et al. 2015).

d. Regression variables
Table 3 presents details on the different variables used
in the regression analysis. They are detailed in the
following.

1) ACOUSTIC VARIABLES
Each 10-s time series has been fast Fourier transformed (FFT) to obtain a 512-point power spectrum.
Each spectrum is integrated on one-third octave frequency bands. The SPLs averaged over the one-third
octave subband centered around fc kHz, and the SS
between the frequencies f1 and f2 , have been extracted
from the measured spectra; they are labeled SPL( fc ) and
SS( f1 -f2 ), respectively. SPL measures are computed as
2
(m )

SPL( fc )

1
5 10 log10 4 2
pref

3
P(m) ( f )5
,
å
B
f 5flower

f 5fupper

(1)

TABLE 2. Statistics on dive phases, with D as the mean phase
duration, C as the cumulated duration, and Ptot as the percentage
over total acoustic recordings.
Dive phases

D (min)

C (h)

Ptot (%)

Surface
Drift phases
Active phases

2.5
2
3

42.5
22.9
311.8

11
6
83
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TABLE 3. Details of variables used in the regression analysis, classified into four categories: acoustics, SES displacements, SES status dive,
and environment. All center frequencies fc in the SPL descriptors have been rounded to a multiple of 10 for clarity in the notation.
Variable categories

Variable description

Variable labels

Acoustics

Sound pressure levels

SPL(0.05), SPL(0.2), SPL(0.5), SPL(1), SPL(1.6), SPL(2.5),
SPL(3.2), SPL(4)
SS(1–2.5), SS(2.5–4)
V
ax , ay , az
d
W

Spectral slope
Speed
Triaxial acceleration
Depth
Wind speed

SES displacements

Environment

where flower 5 fc 101/20 and fupper 5 fc 10(21)/20, pref 5 1 mPa,
and B is the noise power bandwidth of the window
function (B 5 1.36 for a Hamming window). The power
spectrum P(m) ( f ) is defined as
 (m) 2
X ( f )
 ,
P(m) ( f ) 5 2
N 

(2)

where X (m) ( f ) is the FFT of the mth segment, given by
N21

X (m ) ( f ) 5

å

n50

xwin [n]e(2i2pfn)/N ,
(m )

0

2) SES DISPLACEMENTS
The raw triaxial acceleration data from the accelerometer of the Acousonde 3A were used and labeled ax ,
ay , and az (longitudinal, lateral, and vertical axes, respectively). To estimate swimming speed V, we first
need to compute the pitch u of the seal, defined as the
angle u between the SES body direction and the horizontal, that is,

dB f21
m s21
m s22
m
m s21

1

ax
C
B
ﬃA .
u 5 arctan@qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
2
ay 1 az

(4)

As explained in Sato et al. (2003) and Aoki et al. (2011),
the acceleration data used to compute the pitch using
Eq. (4) have been filtered with a low-pass filter at 0.2 Hz in
order to isolate the gravity component of the movement.
Then V was computed by combining information on the
vertical speed and the seal pitch as follows:

(3)

where xwin is a windowed segment of a time series. SS
are calculated using a least squares fit to the SPLs over
the specified frequency band. After correlation analysis,
it appeared that strong correlations exist between different pairs of acoustic features, implying that knowledge of one necessarily implies knowledge of the other.
Then, to reduce the dimension of the acoustic feature
vector, we kept only the SPL( fc ) measures per octave
and the two slopes that maximize the Pearson correlation coefficient with the regression variables SES and
Environment presented in sections 2d(2) and 2d(3),
respectively. The acoustic descriptors resulting from
this process, listed in Table 3, form a ten-dimensional
feature vector over all the observations consisting
of the following descriptors: fSPL(0.05), SPL(0.2),
SPL(0.5), SPL(1), SPL(1.6), SPL(2.5), SPL(3.2), SPL
(4), SS(1–2.5), SS(2.5–5)g. In the following, all fc values
have been rounded to a multiple of 10 for clarity in the
notation, and all sound pressure levels are given in dB
ref mPa2.

Units
dB

V5

Uvert
,
sin(u)

(5)

where Uvert corresponds to the vertical speed (as determined from the depth recorder) of the SES, and V
corresponds to the vertical speed corrected by the orientation of the SES given by its pitch. As already reported in
past studies (Miller et al. 2004; Richard et al. 2014; Genin
et al. 2015), this method is reliable only for steeper body
angles (with an absolute body pitch over 308). As a result,
we use this proxy for deep descents and ascents, that is,
ending and starting below 400 m deep, respectively, and
with an absolute pitch over 308. Eventually, the variable
depth d is directly read from the TDR, with negative
values below the ocean surface. Figures 2a–c represent
the histograms of speed, acceleration, and depth data,
respectively, matched with the analyzed passive acoustic
recordings. As expected, higher extrema values of speed
and rms acceleration (labeled rms 2 a) are obtained
for active swimming periods (going from a range of
[0.15–2] m s21 and [0–6] m s22 to [0.7–3] m s21 and
[0–10] m s22, respectively, for the drift and active swimming phases, respectively), while depth and wind speed
are reasonably well balanced between the two categories.

3) ENVIRONMENT
The dataset on wind speed was extracted from the
Advanced Scatterometer (ASCAT) retrievals3 and

3
Available at ftp://ftp.ifremer.fr/ifremer/cersat/products/gridded/
MWF/L3/ASCAT/Daily/Netcdf/.
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FIG. 2. Histograms of (a) SES swimming speed, (b) acceleration, (c) depth, and (d) wind speed data matched with
the analyzed passive acoustic recordings. Each histogram has been individually unitary normalized. Each observation is labeled either as a drift phase (blue) or an active swimming phase (red).

provided gridded daily-averaged wind and wind stress
fields over global oceans (Bentamy and Croize-Fillon
2012). The calculation of daily estimates uses ascending
and descending available and valid retrievals. The objective method aims to provide daily-averaged gridded
wind speed, zonal component, meridional component,
wind stress, and the corresponding components at global
scale. The error associated with each parameter, related
to the sampling impact and wind space and time variability, is provided too. When compared with buoy
measurements, this error for wind speed is below 2 m s21
(Bentamy and Fillon 2015). More details about data, the
objective method, and computation algorithm can be
found in Bentamy and Croize-Fillon (2012). The European
Centre for Medium-Range Weather Forecasts (ECMWF)
analyses have been used as a temporal interpolation
basis of ASCAT retrievals. The resulting fields are 10 m
high above the ocean surface, and have spatial resolutions of 0.258 in longitude and latitude, and a 3-h temporal resolution.
An acoustic measurement is a spatially integrated
measure, with an area of measurement at the ocean
surface (also called the listening area in literature) that
depends on the hydrophone depth and on the beam
pattern of the ambient noise field. The listening area of a
500-m-depth hydrophone is around 8 km2 (Nystuen
et al. 2015), which is well included in the satellite pixel
resolution (around 30 km2 at the SES latitudes).
Figure 2d represents the histogram of wind speed data
matched with the analyzed passive acoustic recordings.

From operational point of view, it is more significant to
provide the correct classification of wind speed class
than wind speed estimates. We thus identified from
these data four different classes of wind speeds, labeled
W1 (below 7.5 m s21 ), W2 (between 7.5 and 12.5 m s21 ),
W3 (between 12.5 and 17.5 m s21 ), and W4 (higher than
17.5 m s21 ). Each class corresponds to an average increase of 5 m s21 in wind speed, except for classes W2
and W3 . These classes correspond roughly to the sea
states of the Beaufort scale from 2 to 5 (light wind) for
W1 , from 6 to 7 (high wind) for W2 and W3 , and from 8 to
9 (gale wind) for W4 (Knudsen et al. 1948). Sea state 1
has not been used, as noise produced by weak wind
speed is too low to be detected (Pensieri et al. 2013).

e. Multivariate multiple linear regression
1) MODEL FORMULATION
MMLR is a common statistical tool that informs about
the linear relationship between dependent variables
(i.e., the response) and independent variables (i.e., the
predictors). With multiple response variables available,
as in our case, the standard approach to modeling them
is to regress each response variable separately on the
same set of explanatory variables. However, although
it is simple and popular, this univariate response approach may not be optimal, since they do not utilize the
joint information among response variables. To solve
this multiresponse regression problem, Breiman and
Friedman (1997) proposed a method, called the curd
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and whey, that uses the relationship among response
variables to improve predictive accuracy. They showed
that their method can outperform separate univariate
regression approaches when there are correlations
among the response variables. The multivariate general
linear model is
b 1 E ,
Y 5 X
|{z} |{z}
|{z}
|{z}
(n,r)

(n,p11) ( p11,r)

(6)

(n,r)

where Y is a matrix of n observations on r response
variables. The X is a model matrix with columns for p
regressors, including an initial column of ones for the
regression constant, also called intercept. The b is a matrix of regression coefficients, one column for each response variable. The E is a matrix of errors that follows
a Gaussian law N(0, s2 ). Each response (dependent
variable) gets its own linear equation of the form
P
Yr ; b0p 1 åp51 brp Xp 1 En,r , conjointly estimated along
with the other responses, and depending only on the
predictors (independent variables), whose contributions
are weighted by the regression coefficients brp (Breiman
and Friedman 1997).
Parametric nonlinear models also exist, and represent
the relationship between a continuous response variable
and one or more continuous predictor variables in the
form Y 5 f (X, b) 1 E, where f is any function of X and b
that evaluates each row of X along with the vector b to
compute the prediction for the corresponding row of Y.
In regression analysis terms, two noncorrelated predictors used in combination would predict unique variance in a response, while two more correlated predictors
tend to predict shared variance, and so are less efficient.
Prior to MMLR, a principal components analysis (PCA)
can then be used to decorrelate predictors. PCA is a
dimension reduction method that constructs independent new variables that are linear combinations of
the original variables, by reducing redundancy (i.e., increasing standard deviation) between all variable dimensions. PCA was performed to see how our different
SES and environmental variables were structured within
the dataset, and whether the acoustic variables were
responding to this structure. PCA also avoids multicollinearity problems in regression analysis (Zhang
et al. 2006). Such problems make regression coefficients
become unstable when highly correlated predictors
are present. This further justifies the use of PCA in
our study.
In this project, two different setups of the MMLR
method were used. We first studied the contributions of
SES and environment variables (i.e., the predictors X,
with p 5 6) in the multivariate acoustic response characterizing the measured spectra (i.e., the responses Y,

with r 5 10) over all 10-s observations (n 5 66 296).
Here, predictors are the different physical processes
contributing independently to the distribution of
acoustic energy in the measured spectra. In the second
application, we evaluated the classification accuracy of
an MMLR on PCA-processed acoustic measures ( p 5
10) in predicting wind speed (r 5 1).
Also, all variables were standardized (i.e., zero mean
and unitary variance), which allows a better comparison
of regression weights between each predictor (especially
with variables having different range values, as for depth
and wind speed in our study), as the unstandardized
weights are a function of the variance of the predictor
variables. Standardization removes most of the correlation between linear and higher-order terms, which
reduces the chance of adding these terms unnecessarily.

2) EVALUATION METRICS
To assess quantitatively the quality of our regression
analysis and estimation, we provided as evaluation
metrics the p value and the multiple correlation coefficient squared [ordinary R2 (%)], also called the coefficient of determination. To further evaluate the
impacts of each predictor in the MMLR model, we
performed a sequential significance testing of each dependent variable through the metric DR2a , defined as
DR2a 5

jR2a 2 R2a (2p)j
,
R2a

(7)

where R2a refers to the adjusted R2 metric, and R2a (2p)
refers to the adjusted R2 metric obtained with an
MMLR performed without the predictor p. This amount
of change in R2 is a measure of the increase in predictive
power of a particular dependent variable, given the dependent variable or variables already in the model. In
other words, this metric allows for performing significance testing to determine whether the addition of
another dependent variable to the regression model
significantly increases the value of R2 . Also, the ordinary
R2 value systematically increases with the addition of
terms to the regression model; consequently, in order to
compare models with different numbers of predictors,
we use the adjusted R2 metric.

3. Results
a. Exploratory data analysis
Figure 3 shows a typical long-term spectral average
computed over four acoustic recordings (i.e., a total of
16 h of recordings from four different days) from the
SES individual A626019. SES variables and wind speed
values are superimposed onto this spectrogram. It can
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FIG. 3. Long-term spectrogram averaged over four acoustic recordings (i.e., a total of 16 h
of recordings from four different days) from SES A626019. It was generated using 2048-point
FFTs, Hamming windows, and no overlap, and averaged every 30 s. The four variables V,
rms 2 a, d, and W are superimposed onto the spectrogram with relative linear scales ranging
from 0.3 to 2.7 m s21 , 0.2 to 10 m s22 , 2150 to 600 m, and 4 to 18 m s21 , respectively.

be seen that the drift and active swimming phases are
clearly identified through the acoustic energy in lowfrequency bands that correlate well with the SES speed.
Also, acoustic energy in higher-frequency bands appear
to be reinforced with higher wind speed, independently
from other SES-related variables. In other words, two
frequency regions of the spectra are mainly impacted,
showing first strong evidence of correlations: a first region in frequency subbands below 2.5 kHz, modulated
accordingly to SES speed, and a second region above
this frequency that is more dominated by wind speed.

To provide more details on the shape of spectra
measured during drift phases, Fig. 4 represents an averaged spectrum computed during temporal phases with
values of SES speed and acceleration belonging to their
5th percentiles. In the following, these phases will be
referred to as extreme drift phases. Also, this averaged
spectrum will be associated with our measured soundscape. Regarding median levels across this acoustic dataset, they ranged between 47 and 70 dB ref 1 mPa2 Hz21.
The spectrum slope falls off quickly from its highest
level at 50 Hz at a rate of about 25 dB per octave up to

FIG. 4. Averaged spectrum computed during extreme drift phases, i.e., with values of SES
speed and acceleration belonging to their 5th percentile. Two representative theoretical SS
(dB per octave) are superimposed onto the spectrum. The approximate signs mean that these
slopes are only locally correct in frequency (i.e., the first slope is a decrease of 25 dB within
the octave 500–1000 Hz, and the second slope is a decrease of 22 dB within the octave 2500–
5000 Hz).
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FIG. 5. Differences between averaged logarithmic PSD with values of SES speed and acceleration belonging to
their 20th, 60th, and 95th percentiles (dot-plus-circle, dashed–dotted, and solid lines, respectively), and their 5th
percentile. (a) The full spectrum, (b) a zoomed-in view of the frequency range [10; 2000] Hz and level range [28; 8]
dB.

2 kHz, where it becomes flatter up to 5000 Hz, assuming a
slope of 25 dB per octave.
We then quantified the averaged deformation of
spectra due to SES displacements relative to this extreme drifting behavior. In Fig. 5, we computed the
differences between averaged logarithmic power spectral density (PSD) with values of SES speed and acceleration belonging to their 20th, 60th, 95th percentiles
(dot-plus-circle, dashed–dotted, and solid lines, respectively), and their 5th percentile. From Fig. 5a, we
can observe that SES speed strongly impacts the
acoustic data for frequencies lower than 2000 Hz, with
variations that can reach 40 dB. The three acceleration
components contribute to an increase in the measured
noise below 800 Hz, with gains from 230 to 210 dB.
From Fig. 5b, it can be observed from the dashed–dotted
curves that the acoustic distortions from our marine
soundscape spectrum above (see Fig. 4) are quite minimal, that is, in the order of magnitude of 5 dB with the
SES speed and less than 1 dB with the acceleration
variables. Also, we did not find any significant influences
of depth on the acoustic features (see Fig. A1).

the bottom-right half-space, while the higher-frequency
SPL observations are in the top-right half-space. We can
now see how SES and wind speed variables distribute on
the fan of SPL values. SES speed V is among lowfrequency SPLs with a high score on the first PCA axis
and a negative score on the second axis (PCA1 5 0.3;
PCA2 5 20.1), while wind speed W contributes much
more to the second PCA axis (PCA1 5 20.02;
PCA2 5 0.48). The discriminative power over wind
speeds with this PCA analysis is revealed by color
mapping different classes of wind speed, W1 to W4 (defined in section 3) in Fig. 6. This plot illustrates the

b. Correlation analysis
To provide a more global insight into the correlation
structure of our variables, we performed a PCA on the
complete variable dataset. Figure 6 shows both the orthonormal principal component coefficients of each
variable on the first two principal axes and the principal
component scores for each observation (i.e., the coordinates of the original data in the new coordinate
system defined by the principal components). In the
space of the principal components of the acoustic/SES/
environmental variables, the first two principal components distinctly separate the different acoustic features.
Indeed, these features move from the first to the second
principal axis as their center frequencies increase. In
other words, low-frequency SPL observations remain in

FIG. 6. Orthonormal PCA for each variable (blue lines), and the
principal component scores for each observation resulting from the
PCA in the first two PCA axes. For the sake of clarity, all the SPL
acoustic features are located at their respective black bullet in increasing order, as illustrated by the black arrow. Also, observations
are classified into four different classes of wind speeds, W1 –W4 ,
with different colors.
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TABLE 4. Results of the MMLR model for the multivariate acoustic response. SES and environmental variables are taken as predictors.
Results are reported in terms of regression coefficients, p values, ordinary R2 , and DR2a , as described in section 2. All numerical values have
been rounded to the closest hundredth. Most significant regression results are in bold, and their P values are labeled with superscript letters.
Regression coefficients

SPL(0.05)
SPL(0.2)
SPL(0.5)
SPL(1)
SPL(1.6)
SPL(2.5)
SPL(3.2)
SPL(4)
SS(1–2.5)
SS(2.5–4)

b0

V

ax

ay

az

d

W

Ordinary R2 (%)
All

0.1
0.13
0.04
0.21
0.36
0.3
0.74
0.8
0.42
0.21

0.33a
0.35a
0.37a
0.24c
0.17c
0.05
0.04
0.03
0.06
0.05

0.09
0.1
0.09
20.03
0.02
0.03
0.04
0.01
0.01
0.02

0.11
0.13
0.05
0.07
0.03
0.01
0.04
0.02
0.05
0.04

0.07
0.08
0.04
0.04
0.05
0.01
0.02
0.01
0.04
0.01

20.02
0.04
0.03
0.07
0.04
20.01
0.02
20.01
0.07
0.04

20.01
0.03
0.04
0.05
0.07
0.08
0.15c
0.16a
0.08
0.11c

88
83
76
54
51
45
37
41
63
45

DR2a
V

ax

ay

az

d

W

0.76b
0.74b
0.88b
0.66b
0.54b
0.37
0.23
0.19
0.34
0.26

0.12
0.06
0.04
0.04
0.01
0.09
0.04
0.1
0.11
,0.01

0.1
0.03
0.02
0
,0.01
,0.01
,0.01
,0.01
0.07
0.04

0.11
0.08
0.06
0.05
0.02
,0.01
,0.01
,0.01
0.05
0.03

,0.01
,0.01
,0.01
0.01
0.08
0.1
,0.01
0.02
0.07
0.01

,0.01
,0.01
,0.01
0.1
0.26
0.41b
0.78b
0.84b
0.54
0.72

P , 0.01.
P . 0.05.
c
P , 0.05.
a

b

positive correlation of wind speed over the second PCA
axis. These first two principal components explained
80% (first component, 60%; second component, 20%)
of the total variable variance.
These correlation tendencies were already highlighted through individual pairwise correlations between the acoustic, SES, and environmental features
(see appendix B). To further compare the contributions
of SES and environmental variables to the measured
spectra, a multivariate regression analysis was eventually conducted. Previous correlation analysis (section 1)
showed that our acoustic responses are at least moderately correlated, which is necessary for the multivariate
regression analysis to make sense. Also, our acoustic
database is assumed to be large enough so this analysis
is reliable. We then modeled the multivariate tendimensional acoustic response with an MMLR model,
and used SES and environment parameters as independent predictors. Table 4 shows the details of this
analysis, with the regression coefficients b set up in the
multivariate regression equations of the model displayed in the first column, and the evaluation metrics
ordinary R2 and DR2a in the other two columns. The
same results as in the previous analysis are reached,
with this clear duality between the variables SES and
wind speeds in explaining acoustic feature variations,
largely dominating the other variables of SES depth and
acceleration.
SES speed has coefficients at least around 10 times as
superior as the other predictors in the response from
SPL(0.05) to SPL(0.2). Wind speed becomes prevalent in the higher-frequency SPL responses, which is
consistent with the correlation analysis results above.
Above SPL(3.2), the coefficients of wind speed are at
least around 4 times as superior as the other variables,

and as high as 10 times for SPL(4). The acoustic response
SPL(4) is predicted by the equation SPL(4) 5 0:8 1 0:03 3
V 1 0:01ax 1 0:02ay 1 0:01az 2 0:01 3 d 1 0:16 3 W. Also,
41% of the variance in the measure of SPL(4) can be explained by measures of all predictors, with a relative contribution of the wind speed equal to 0.84. Observing the R2
values, it can be stated that the model better fits the lowfrequency data through the SES speed. Regarding depth and
acceleration, their contributions remain quite constant in the
different acoustic responses and are largely dominated by
either the SES speed or the wind speed.

c. Wind dependence of ambient noise
1) QUALITATIVE OBSERVATIONS
In Fig. 7, passive acoustic recording spectra have been
median averaged on the basis of our four wind speed
classes, W1 –W4 , for the drift (Fig. 7a) and active swimming (Fig. 7b) phases. We superimposed onto these
spectra the Wenz curves (Wenz 1962), expressed by
SPL( f , U) 5 a 2 5 log2 ( f ) 1 5 log2 (U) ,

(8)

where we used the median of each wind speed class for
the value of U, and arbitrarily set a so the first curve fits
the first class W1 . Note that because of a, Eq. (8) does not
depict exactly Wenz curves. Adding an offset is necessary, probably because the global ambient noise level is
site specific. The Wenz curves state that doubling frequency reduces the noise level by 5 dB, and that doubling
wind speed (in kt; 1 kt 5 0.51 m s21) increases the noise
level by 5 dB. In Fig. 7, we can see that the averaged
measured spectra follow the Wenz predictions. This is
particularly true for frequencies above 2.5 kHz, both in
terms of noise level (i.e., SPL increases of 15, 3, and
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FIG. 7. Representation of four averaged ambient noise spectra corresponding to the different wind speed classes,
W1 –W4 , for the (a) drift and (b) active swimming phases. The superimposed black dotted curves correspond to the
Wenz curves, computed with the center wind speed value of each interval.

2.5 dB between our four classes at a given frequency) and
in terms of spectral slope (for a given wind speed). Differences can also be observed between the measured
spectra of the drift and active swimming phases, with a
better fit to the Wenz curves for the drift phases. But
still a strong discrimination is noticeable between the
spectra of the different wind speed classes for both active
swimming and drifting behavior.

2) QUANTITATIVE VALIDATION
In a further experiment, a sample fitting verification
was performed to testify the effectiveness of different
regression classifiers to predict wind speed. These classifiers were tested on a drift-only dataset and on the complete dataset. A fivefold cross validation with a stratified
procedure has been applied to each dataset, meaning that
each fold contains roughly the same proportions of observations from the different wind speed classes.
As listed in the first column of Table 5, we first tested a
simple linear regression model, using the SPL(4) as the
single predictor. This descriptor was the most correlated
acoustic feature with wind speed (r 5 0.67, P , 0.001,
from Fig. B1). We also tested a multiple linear model
and a nonlinear regression model, using as predictors
the first three principal axes of a PCA performed on the
ten-dimensional acoustic vector, labeled PCA1 , PCA2 ,
and PCA3 , respectively.
As an evaluation metric, we use the rms difference «ws
between the ground truth and the estimated wind speed.

The average error «ws was then computed on the resulting errors in each fold. We also report the median
absolute deviation on these tests to assess the statistical
significance of our experiments.
An example of wind speed prediction is represented in
Fig. 8a using the multiple linear regression model superimposed onto the ground truth. Figure 8b represents
the fitting plot of the adjusted model, showing that the
model as a whole is significant (i.e., a horizontal line
does not fit between the confidence bounds). The slope
of this line is the slope of a fit to the predictors projected
onto their best-fitting direction—in other words, the
norm of the coefficient vector. Wind speed values are
displayed in unstandardized (natural) units.
Table 5 displays for each regression model the average error «ws and coefficient R2 , differentiating the
drift and active swimming phases. The regression equations (with their standard deviation over the folds) set
during training and used for prediction are 4:74(60:02)1
_
0:6(60:03)SPL(5)
and 9:6(60:002)10:01(60:002)PCA11
0:51(60:006)PCA2 2 0:42(60:001)PCA3 for the simple
linear model and the PCA-based multiple linear regression
model, respectively. Globally, the classification performance
with our models was very satisfactory, with «ws ranging from
1.9 to 3.4 m s21. The best-performing model for the drift
phases was the PCA-based multiple linear regression
model, although no major improvement was brought by
any of our classifiers regarding the simple linear regression model. Indeed, taking the complete ten-dimensional

TABLE 5. Performance of different regression classifiers to estimate wind speed. Performance is reported in terms of the wind speed
estimation error «ws (m s21), with its standard deviation.
Classifiers
Simple linear regression
PCA-based multiple linear regression
PCA-based nonlinear regression

Drift phases

Active swimming phases

«ws (6std dev) (m s21)

Ordinary R2

«ws (6std dev) (m s21)

Ordinary R2

2.2 6 0.6
1.9 6 0.3
2.1 6 0.4

54
63
58

3.4 6 0.8
2.7 6 0.3
2.6 6 0.5

74
81
65
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FIG. 8. Predictions of wind speeds obtained with an MMLR model, taking acoustic features as predictors. (a) The
ground truth (blue) and the rms error of the model (orange) are superimposed. (b) The fitting plot of the adjusted
model is represented.

acoustic feature vector instead of one single SPL feature
only reduces «ws from 2.2 to 1.921 m s21. Similarly, the increase in model complexity with the nonlinear model did
not induce noticeable performance improvement, reducing
«ws from 2.2 to 2.121 m s21. For the active swimming phases,
the use of more complex models brought more significant
improvement, reducing the average error «ws from 3.4 to
2.721 m s21 and 3.4 to 2.621 m s21 for the multiple linear and
nonlinear regression models, respectively, in reference to the
simple linear regression model. For these phases, the multiple linear model includes a more complete modeling of the
full spectrum that is beneficial to wind speed estimation.
Also, we can note that the PCA-processed acoustic features
stabilize wind speed predictions between the different folds.

4. Discussion
Our correlation and regression analysis allowed us to
detail the acoustic contributions of different explanatory
variables in the overall measured spectra. These variables depend on either the SES (displacements and dive
types) or the environment. Our results show that the
variables of SES swimming speed and acceleration impacted mostly low-frequency SPLs, with regression coefficients decreasing with the increase of SPL center
frequencies (see Table 3). These high low-frequency
SPL values most likely result from the turbulent flow
noise generated by the SES body when moving in the
fluid. Indeed, the turbulence of a flow is characterized by
its Reynolds number, which mainly depends on a representative dimension of solid-fluid contact, and the
speed of the solid. For the SES, the solid dimension Dh is
taken as the dimension of the head, that is, 0.2 m, and
with V between 1 and 3 m s21. The Reynolds number can
then be computed as
R5

rVDh
’ 4 3 105
m

(9)

with r 5 1000 kg m–3 as the water density (rough approximation of the depth-dependent density of ocean
water that is denser) and m 5 1 cP is the water viscosity.
For Reynolds numbers higher than 16 000, a fully developed turbulent flow field is generated around the
hydrophone, since the pressure fluctuations in the surrounding fluid are in direct contact with the active area
of the hydrophone. As shown in specialized literature
(Tennekes and Lumley 1972; Van Dyke 1982), for frequencies in the inertial subrange, the energy spectrum of
turbulence is expected to scale with frequency as f 25/3,
which is equivalent to a spectral slope of 217 dB decade–1.
To fully validate the hypothesis of a turbulent flowgenerated noise, a comparison of the averaged spectra
slope during active swimming phases and the theoretical
slope of a chaotic flow noise, following a frequency decrease in f25/3, was performed over the band frequency
ranging from 10 to 1000 Hz. A Pearson correlation of r 5
0.86 (P , 0.0001) was found and then showed good
agreement with turbulent self-noise. The effect of flow
turbulence on the acoustic recordings has already been
studied in previous studies. Barclay and Buckingham
(2013) proposed a postprocessing method to remove
from the computation of spatial coherence the contributions of pseudosound, while Burgess et al. (1998)
showed that flow noise could be used as a proxy for the
hydrophone carrier speed.
As SES speed and acceleration are highly reduced
during drift phases (a strong negative correlation coefficient between drift phases and V, r 5 20.95, P ,
0.0001), the self-noise due to pressure fluctuations
around the hydrophone is also reduced (Burgess et al.
1998). This tendency has already been documented in
different moving hydrophone situations, like with vertical profilers (Barclay and Buckingham 2013). These
drift phases then provide clean experimental conditions
for acoustic analysis, with a domination of environmentrelated acoustic events over SES variables.
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The SES depth d was seen to have much minor effects on
the measured spectra, with regression coefficients inferior
to 0.4 (P , 0.0001) over the different acoustic descriptors.
This result can be explained easily. Indeed, the SES explanatory variables impacting the spectra are directly
linked to the SES, and so independent from its depth. Also,
our main explanatory variable for the environment, the
wind speed, is assumed to be a uniformly distributed surface sound source, with an underwater propagation that is
at near-vertical angle, as for most geophysical sound
sources (wind/rain/drizzle). Refraction by the sound speed
profile of the associated acoustic energy is then negligible,
and is consequently independent of depth if absorption is
neglected. In our data, absorption effects were not significant in comparison to the other explanatory variables of
SES speed and wind speed. This property of depth independence has also been studied by Barclay and
Buckingham (2013), validating experimentally Cron and
Sherman’s (1962) theory that predicts a constant (vertical)
directional density function for wind-driven sources.
Our results from the marine soundscape part will be the
focus now. To capture a marine soundscape, a full noncorrupted measured spectrum (typically from 10 to
10000 Hz) is needed. According to our correlation analysis, the most corrupted frequency bands are below
1 kHz, with major contributions from V. This ensures us
that for low V values, corruption from nonenvironmental
sources should be canceled out for these SPL responses.
Following this idea, we performed a measure of our
marine soundscape using only on the 5th percentile
values of the SES speed and acceleration (see Fig. 4),
referring to these dives as extreme drifts, when the SES is
very slow. These V values range from 0.2 to 0.6 m s21 and
induce variations strictly inferior to 5 dB in the SPL(0.05)
(from Fig. 5), which are negligible regarding SPL variations in the same frequency band from classical acoustic
sources present in a marine soundscape [e.g., Tsang-HinSun et al. (2015) reported, for the same geographical area,
daily variations in the sound pressure level in the order of
20 dB at 10 Hz and 15 dB at 50 Hz, which are associated
with tectonic and shipping noise, respectively]. The
spectrum shape obtained during these drift phases is quite
similar from standard deep-ocean ambient noise spectra.
The deep-water Atlantic curve falls off rapidly from its
highest level at 50 Hz at a rate of about 28 dB per octave.
It is flat from 200 to 400 Hz and then assumes a slope
of 24 dB to 1000 Hz (Perrone 1969; Marshall 2005). Our
spectrum shape can also be well approximated by the
standard Knudsen–Alford–Emling curves, which are
straight lines of constant negative slope of 5 dB per octave
over the full frequency range (Knudsen et al. 1948).
Considering the median levels of our averaged spectrum,
in the Kerguelen Islands region, they were the same order
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of magnitude as those recently reported in the Indian
Ocean by Tsang-Hin-Sun et al. (2015). For example, our
SPLs ranged generally from 65 to 75 dB ref 1 mPa2 Hz21
in the frequency band [50–100] Hz, whereas levels across
the sites studied in Tsang-Hin-Sun et al. (2015) have been
reported to be 75–85 dB ref and 65–70 dB ref 1 mPa2 Hz21
(with the hydrophone WKER1, moored at 500 m below
the sea surface) at 50 and 100 Hz, respectively. These
levels are quite coherent with a measure done above the
sound fixing and ranging (SOFAR) channel.
Regarding the measurement of wind speed, studies in
acoustical meteorology (Vagle et al. 1990; Nystuen and
Selsor 1997; Ma and Nystuen 2005; Pensieri et al. 2015)
have shown that surface wind speed impacts the linearly
ocean ambient noise level in such a way that relatively
simple computational approaches (typically a constant
threshold set to a one-third octave subband-averaged
SPL) are sufficient to predict wind speed from underwater acoustics. Selecting the proper frequency
bands is often the critical issue in such studies. It is
known that SPL spectra associated with wind result from
resonant acoustic radiation from bubbles generated by
breaking waves (Medwin and Beaky 1989). The population size distribution of the bubbles defines the shape
of the SPL spectra, and this shape of distribution is invariant with wind speed. However, as wind speed increases, the total bubble concentration increases
because the fractional area coverage of breaking waves
increases. The increase in bubble concentration leads
to a concomitant increase in the SPL across all frequencies. This uniform increase as a function of frequency allows the SPL at a single frequency to be used to
estimate wind speed. For example, the wind speed algorithm Wind Observations Through Ambient Noise
(WOTAN) from Vagle et al. (1990) is based on the SPL
at 8 kHz. More recently, Cauchy et al. (2015) applied the
WOTAN algorithm to acoustic passive recordings from
an underwater glider, with an error of 2 m s21 in wind
speed estimates. In this paper, we first observed a uniform increase of sound levels with an increasing wind
speed over a range of approximately 15 dB (from Fig. 7)
that was observed in other studies for similar wind speed
values (e.g., Pensieri et al. 2015). We also tested the use
of different regression models to predict the wind speed
from the acoustic descriptors detailed in Table 4. Our
simplest model consists of a linear regression using the
acoustic feature SPL(4) as predictor, in a very similar
way as the WOTAN algorithm. The classification performance of this simple model was satisfactory, with an
accuracy of 2.1 m s21 that validates the possibility of
predicting wind speed from our spectra using similar
methods as those found in literature (although the 8-kHz
sample frequency could not be used in our study due to
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technological limitations). Our numerical experiments
also tested more complex models, such as a multiple linear
regression model, using PCA-based acoustic features as
predictors and a multiple nonlinear regression model.
Using a higher number of acoustic predictors and nonlinear fitting models did not induce significant performance enhancement, leading to the conclusion that the
SES passive acoustic recordings do not increase the processing complexity in the task of extracting wind speed
information from a measured spectra.
Another interesting finding of our study is that wind
speed estimation can be performed quite independently
of SES diving behavior. Indeed, the error estimations
between the drift and active swimming phases do not
show discrepancies statistically significant, with average
errors of «ws 5 1.9 6 0.2 m s21 and «ws 5 2.7 6 0.3 m s21
for the multilinear regression model. This result can be
explained as follows. Noise spectra for hydrophones in
the deep ocean show little dependence on wind at frequencies below 400 Hz (Piggott 1964). Most ‘‘meteo
bands’’ used in studies are between 2 and 10 kHz, which
fit well with the frequency subbands identified in our
study to extract wind speeds. This result shows great
promise in using SES as an acoustic glider for wind speed
estimation. Because so few passive drift dives are performed daily (Dragon et al. 2012), wind speed measures
would become difficult to assess at a fine temporal scale
using only these dives. In contrast, our ability to measure
wind speed accurately over all dive phases provides a
high-frequency time series, with SES performing approximately 60–70 dives daily (Dragon et al. 2012).

5. Conclusions
Measuring and interpreting marine soundscape require passive acoustic recordings that are free from
nonenvironmental noise. This current study explored
the possibility of measuring soundscape with recordings from biologged southern elephant seals (SES).
This technological approach offers valuable advantages, such as a high temporal resolution in acoustic
measurements (in comparison to satellite-based measures). Also, SES allow the exploration of regions that
are inaccessible to other technologies (e.g., underwater
gliders). Indeed, the strong east–west current speeds
and the rough sea state in the Southern Ocean make the
use of regular gliders very complicated, while these
harsh environmental conditions are not a problem
for SES.
In this study, a multivariate multiple linear regression
framework was essentially used to discriminate the
acoustic contributions between the processes related to
SES and the ocean environment. Our results showed
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that with passive acoustic recordings from a tagged freeranging SES, minimal sound corruption from the SES
could be obtained during extreme drift phases, allowing
for the analysis of marine soundscape. Also, in frequency bands higher than 2.5 kHz, wind speed could be
estimated using simple classification approaches (such
as linear regression models), independently from the
SES biological processes.
Future studies should use a more complete recording
dataset, including additional environmental (e.g., rain,
current, aquatic seisms), anthropological (e.g., ship
traffic), and biological (e.g., whale vocalizations) variables that were not significantly present in our current
dataset. This will be needed to fully validate our system
as an operational measuring system to measure marine
soundscape and to explain its characteristics with a full
set of acoustic sources. Also, the ability to associate
mobile acoustic data with estimates of surface weather
conditions allows for a novel approach to studying
air–sea interactions, which will need to be tested at a
larger scale, that is, using different types of mobile
platforms (e.g., gliders, profiling floats), in different
ocean environments.
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APPENDIX A
Influence of Depth on the Acoustic Features
Figure A1 shows the effect of depth on the SPL descriptors. We computed the differences between the SPLs
above 100 m and at successive depths down to 800 m,
averaged over 200 descending dives of the SES. We made
the assumption that during the duration of these dives, the
ocean ambient noise does not vary significantly. We can
observe that the two lowest-frequency SPLs, SPL(0:05)
and SPL(0:5), vary accordingly with the SES swimming
speed V (represented by the black dashed curve) rather
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FIG. A1. Effects of depth on the SPL descriptors. The SES speed has also been superimposed
onto these curves. Median values have been computed every 100 m in depth d.

than with depth, and remain nearly parallel from one
depth measure point to another. On the contrary, the two
highest-frequency SPLs, SPL(3:2) and SPL(4), have a
lower decreasing rate that seems to be more decorrelated
to V and could traduce some attenuation effects due to
absorption or geometrical dispersion. Overall, depth induces some minor acoustic modifications that remain
globally inferior to 2 dB above 500 m.

APPENDIX B
Pairwise Correlation and Scattering Plot of Variables
The pairwise correlation between the acoustic, SES,
and environmental features was performed using standardized values. Resulting correlation coefficients are
provided in Fig. B1 along with scattering plots. Strong

FIG. B1. Scattering plots and pairwise correlations between acoustic variables and SES and environment variables, using standardized
values. Pearson correlation coefficients higher than 0.4, and with a P value below 0.001 (red).
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correlation relations appear between specific parameters, such as SES speed with SPL(0.05), SPL(0.2), and
SPL(0.5) (r . 0:9, P , 0:001), and wind speed with
SPL(3.7) and SPL(4) (r of 0.59 and 0.67 with P , 0:001,
respectively). Other variables, such as SES depth and
acceleration, did not show significant correlation with
any acoustic features, with coefficients remaining below
0.2 (P , 0:001). An analysis of pairwise correlations
between SES and environment variables also informed
us that they were relatively low (r , 0.2, with an average
P value , 0.001). Also, we can observe that globally
SPL descriptors explain better data variability than SS
descriptors.
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