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SPECIAL ISSUE ON AUTONOMOUS AND LAGRANGIAN PLATFORMS AND SENSORS (ALPS)

Do Southern Elephant Seals
Behave Like Weather Buoys?
By Dorian Cazau, Cédric Pradalier, Julien Bonnel, and Christophe Guinet

ABSTRACT. Biologging using Kerguelen Islands’ southern elephant seals (SES;
Mirounga leonina) has been widely used to collect environmental parameters of the
Southern Ocean. This study evaluates whether raw accelerometer and magnetometer
data from biologging of SES can be used to predict above-surface wind conditions and
wave period and height. From these sensors, SES behavior during post-dive surfacing
time has been modeled with the Euler angles pitch, roll, and yaw. Environmental
variables (i.e., wind orientation, wind speed, significant wave height, and mean wave
period) have been extracted from the European Centre for Medium-Range Weather
Forecasts (ECMWF) database, which assimilates satellite images into models to provide
high-resolution environmental data. SES behavioral and environmental variables are
analyzed together to test two hypotheses: (1) SES behavior is constrained by wind
speed and/or direction, and (2) SES can be used as weather buoys to estimate wave
parameters. Significant pair-wise correlation relations were observed, for example,
between SES heading (i.e., yaw) and wind direction. SES vertical displacement was
sufficient to estimate the mean wave period with a root-mean-square error below 2 s.
Overall, biologged SES tend to orient their heads with the prevailing wind behind them,
and are good ocean surface followers, showing great promise for the use of biologged
SES as a proxy to collect reliable information on wind and wave conditions. Conversely,
this study also suggests that SES respond to environmental conditions to optimize their
energy recovery during post-dive surfacing time.
INTRODUCTION
The use of animal-borne autonomous
recording tags (i.e., biologging) is becoming widespread (Ropert-Coudert and
Wilson, 2005; Rutz and Hays, 2009), and
allows the acquisition of large environmental data sets (e.g., temperature, salinity, light, fluorescence). Such biologged
animals move freely in their natural
environment, sampling the water column at high resolution over large temporal and spatial scales. Among top marine
predators, air-breathing diving species
such as southern elephant seals (SES)
(Mirounga leonina) of the Kerguelen
Islands (49.54°S, 70.21°E) are appealing
animals to use for biologging because of
140
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their broad migrations and large size that
allows them to carry electronic devices
with minimal disturbance. Post-breeding
adult females from Kerguelen forage
mainly in oceanic waters of the Antarctic
and polar frontal zones (below 60°S) from
October to January (Bailleul et al., 2010).
The biologging devices are glued to SES
while they are on land in their breeding colonies. Their closed-loop migratory routes also provide the opportunity to use Acoustimetrics Acousondes™
(miniature, self-contained, autonomous
acoustic recorders designed for underwater use) that can be retrieved at the end
of the migration.
While strong east-west current speeds

and the presence of sea ice off the Antarctic
continent make the use of regular oceanographic instruments challenging, these
harsh environmental conditions are not
a problem for SES. Similar to underwater
gliders, SES follow an up-and-down,
sawtooth-like profile through the water
column. SES dive to mesopelagic depths
(300−500 m, up to 2,000 m), and spend
up to 90% of their time at sea diving, with
dives lasting on average between 20 and
30 minutes, resulting in surface intervals
of approximately two to three minutes
(Hindell, 1991).
SES are efficient, cost-effective, autonomous samplers of Southern Ocean environmental parameters. They have been
widely recruited to fill a “blind spot” in
Southern Ocean sampling coverage, having collected 90% of the oceanographic
data (mainly vertical profiles of temperature and salinity) available south of 60°S
since 2004 (Charrassin et al., 2008; Guinet
et al., 2013). Classical weather buoys,
for example, those that send data to the
US National Oceanic and Atmospheric
Administration’s National Data Buoy
Center (http://www.ndbc.noaa.gov) are
very scarce south of 40°S. Various research
programs such as the Marine Mammals
Exploring the Oceans Pole to Pole
(MEOP) consortium (http://meop.net;
see also Treasure et al., 2017, in this
issue) and the French Mammifère marin
Echantillonneur du Milieu Océanique
(MEMO; in English, “Mammals as
Samplers of the Ocean Environment”)
observatory and SO-MEMO ensure the

FIGURE 1. Photo of a biologged female southern elephant seal (SES). The red 22 cm instrument is
the Acousonde™ 3A.

maintenance of this innovative and invaluable observation tool in the Southern
Ocean. These research programs have
already provided considerable biological
information (e.g., on SES behavior and
physiology and/or oceanographic information (e.g., physical and biogeochemical
data on the marine environment).
On the biological side, Guinet et al.
(2014) investigated SES foraging behavior, relating seal diving depth and prey
encounter events to water temperature
at 200 m depth as well as to light level at
the surface and at depth. Richard et al.
(2014) studied swimming effort and
speed to monitor density variations of
SES throughout their foraging excursions. More recently, acoustic data have
been used to investigate behavioral and
ecophysiological (breathing rate) parameters (Génin et al., 2015; Day et al., 2017).
On the oceanographic side, MEOP and
MEMO/SO-MEMO are responsible for
collection of considerable conductivity-
temperature-depth (CTD) and timedepth recorder (TDR) data from the
Southern Ocean. The quality-controlled
MEOP- CTD and MEOP-TDR databases
are publicly available to the scientific and
operational oceanographic communities. Through such data collection, new

insights into water masses, oceanographic
processes, and global ocean climate have
been gained (Roquet et al., 2014). In particular, the seals have provided a marked
increase in the number of hydrographic
profiles from the sea ice zone, allowing
mapping of major fronts south of 60°S
and inference of sea ice formation rates
from changes in upper-ocean salinity
(Charrassin et al., 2008). Seals were also
used to quantify phytoplankton concentration (Guinet et al., 2013) and to collect data for the first complete assessment of dense shelf water formation in
Prydz Bay, which improved understanding of the production of globally important Antarctic Bottom Water (Williams
et al., 2016). SES were also used as acoustic gliders of opportunity to estimate
above-surface meteorological conditions
from ocean ambient noise, with promising results obtained for wind speed estimation by Cazau et al. (2017), with an
accuracy error of 2 m s–1. The full list of
papers using MEOP data, categorized into
oceanography and biology, is available
from: http://meop.net/publications.html.
This current study is intended to
provide proof-of-concept for measurements of ocean environmental parameters that have not been explored in past

research on biologged SES, in particular,
above-surface wind conditions and wave
period and height. These parameters are
routinely monitored by classical weather
buoys that collect weather and ocean
data across the world ocean (Gilhousen,
2007). These buoys can be either moored
or free drifting, with sensor packages that
generally each include a tilt-compensated
triaxial accelerometer and magnetometer
to measure wave parameters as well as a
wind sensor (Daniault et al., 1985). The
biologging tags on the SES also include a
triaxial accelerometer and magnetometer.
The main objective of this current
study is to explore whether ocean environmental parameters influence SES
behavior during post-dive surfacing time,
and whether the raw data can be converted into proxies to reliably estimate
wind and wave parameters. The full threedimensional dynamical behavior of SES
at the ocean surface has been modeled
with the well-known Euler angles pitch,
roll, and yaw, as well as with the horizontally projected vertical acceleration, which
can be double-integrated to extract vertical displacement. The ocean environmental parameters selected for this study
are wind direction and speed (measured
10 m above sea surface), significant wave
height, and mean wave period. They have
been extracted from the European Centre
for Medium-Range Weather Forecasts
(ECMWF) database, and will be used here
to ground truth these parameters.

MATERIAL AND METHODS
Material
During the austral springs of 2011 and
2012, four different post-breeding female
SES with similar body characteristics were
captured and equipped with data loggers
on Kerguelen Island (Figure 1). These
loggers included an Acousonde 3A device
glued to the back of a seal on the longitudinal axis 10 cm behind the scapula;
these devices have been used in previous
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Acousonde
ID Number

Time Period (date)

Average
Surface Phase
Duration

A031

October 27, 2011–November 9, 2011

1541/61.9 h

2.1 min

A032

October 28, 2011–November 10, 2011

1632/64.3 h

3.6 min

626019

October 30, 2012–November 18, 2012

1359/65.7 h

2.8 min

626040

October 31, 2012– November 23, 2012

1746/75.6 h

3.9 min

research studies with marine mammals
(e.g., Burgess et al., 1998, and Burgess,
2000). Care is taken to minimize the differences of tag alignment and positioning between one animal and the other.
Besides passive acoustic data, which are
not presented here, the Acousonde continuously recorded depth (via pressure),
triaxial acceleration, and triaxial magnetometer data with a sampling frequency
of 5 Hz. The three-axis compass onboard
all Acousonde units is a Honeywell
HMC1043. The Acousonde supports
it with automatic hardware degaussing
every time sampling starts. Table 1 provides details on the Acousondes and time
periods used for analysis. Acousondes
A031 and A032 were deployed during
the austral spring of 2011 and were activated in the field at the same time so that
their recording times overlapped. To save
onboard storage space, a duty cycle was
set up in each Acousonde that automatically turned it on for three hours of every
12-hour cycle. These two Acousondes
recorded for approximately two weeks.
Acousondes 626019 and 626040 were
deployed in 2012 with the same setups,
and recorded over three weeks using a
duty cycle of four hours every 24 hours.
Each SES was also equipped with a headmounted Fast Loc GPS tag (Wildlife
Computers) that provided GPS positions
and ARGOS locations.
Our analysis uses only post-dive surface intervals. The R package Biologging
tools developed by Yves le Bras of the
Université de La Rochelle (available at
https://github.com/SESman/rbl) are used
to automatically detect the post-dive surface intervals of SES, based on pressure-
derived depth and acceleration data. Ten
142
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percent of the surface interval duration
has been trimmed from the beginning
and end of each phase to avoid any transient signals related to the SES raising
their head above water or diving. Also,
surface intervals shorter than 60 s were
removed. All data processing and analyses were conducted using MATLAB. The
record of total post-dive surface intervals
was 37.4 hours long.
Figure 2 indicates the migratory routes
followed by the SES during the time the
Acousondes were active. The spatiotemporal coverage provided by these routes
ranges from 71°E to 87°E and from 46°S
to 52°S. SES provide local point measurements (like weather buoys) that are
roughly uniformly distributed over these
routes, with a sampling rate corresponding to their surfacing time (i.e., approximately every 25–30 minutes).

ENVIRONMENTAL DATA

Environmental data were extracted from
the ERA-Interim data set. Provided
by ECMWF, ERA-Interim performs
a reanalysis of the global atmosphere
covering the data-rich period since
1979 (Dee et al., 2011). The atmospheric model is coupled to an oceanwave model that resolves 30 wave frequencies and 24 wave directions at the
nodes of its reduced 1.0° × 1.0° latitude/
longitude grid. Gridded data products
include a large variety of three-hourly
surface parameters that describe weather
as well as ocean-wave and land-surface
conditions, and six-hourly upper-air
parameters that cover the troposphere
and stratosphere. Berrisford et al. (2011)
provide a detailed description of the
ERA-Interim product archive.
Using a spatial resolution of 0.25°
in longitude and latitude and a threehour temporal resolution, we extracted
the following variables from the ERA-
Interim data set:
u10: The zonal wind component
(m s–1) 10 m above the sea surface
v10: The meridional wind component
(m s–1) 10 m above the sea surface
swh: The significant wave height,
defined as four times the square root

•
•
•

0

44°S

–1,000

46°S

–2,000

48°S

–3,000
50°S

626040_5Hz
A031_5Hz

52°S

A032_5Hz

626019_5Hz

–4,000

Elevation (m)

TABLE 1. Global information on the Acousonde data and time periods used for analysis.

–5,000
54°S
–6,000
56°S

65°E
70°E
75°E
80°E
85°E
90°E
FIGURE 2. Migratory routes of the four different SES near the Kerguelen Islands (49.54°S, 70.21°E) in
the Southern Ocean. See Table 1 for information on the Acousondes attached to the SES individuals.

TABLE 2. List of all variables used for analysis and their ranges of values (as obtained after analyzing the corresponding data).
Environment
Variable
Definition
Ranges and
Unities

•

Southern Elephant Seals’ Behavior

ψW

φW

swh

mwp

Pitch

Roll

Yaw

azh

Wind
Direction

Wind Speed

Significant
Wave Height

Mean Wave
Period

Rotation
Around
Lateral Axis

Rotation
Around
Longitudinal
Axis

Rotation
Around
Normal Axis

Vertical
Acceleration

[−2.8; 2.9] rad

[2; 28] m s–1

[1; 11] m

[4; 17] s

[−1.3; 1.4] rad

[−1.1; 0.9] rad

[−1.5; 1.5] rad

[−3.2; 4.1] m s–2

of the integral over all directions and
all frequencies of the two-dimensional
wave spectrum
mwp: The spectral mean wave
period(s), obtained using the reciprocal integral moment of the frequency
wave spectrum, which is obtained by
integrating the two-dimensional wave
spectrum over all directions

Basic quality control of the data sets
was performed to remove invalid data
(e.g., wind speeds greater than 60 m s–1).
To allow comparison between wind components and the heading of the SES, we
computed the angle ψW = atan2(v10, u10)
with atan2 the arctangent function with
two arguments1, and the root-meansquare (RMS) norm of the wind speed
vector φW = √(u102 + v102). Table 2 lists
these environmental variables, as well as
their ranges of values. Stopa and Cheung
(2014) observed a consistent level of
accuracy between the ECMWF reanalysis interim and reference values from
Bullwinkle platforms, with RMS errors
less than 0.25 m for significant wave
height and 1.7 m s–1 for 10 m wind speed.

It is computed from raw magnetometer
data M = (mx , my , mz ) and accelerometer data A = (ax , ay , az ) that are classically
used to characterize aircraft principal axes
(Rajeswari and Suresh, 2015). Following
the standard convention from aeronautics, we assume that a frame attached to
the body is set such that x is pointing forward, z up, and y is to the animal’s left.
Then, the body rotation is defined by first
applying a rotation around z (yaw), then
a rotation around the resulting y (pitch),
and finally a rotation around the resulting x (roll) (Rajeswari and Suresh, 2015).
Put into equations, after normalization of
accelerometer data A = A / ||A||, which
assumes that the system mostly measures
the acceleration due to gravity, we have
Pitch = –arcsin(ax )
Roll = arcsin

1 For any real number (e.g., floating point) arguments x
and y not both equal to zero, atan2(y, x) is the angle in
radians between the positive x-axis of a plane and the
point given by the coordinates ( x, y ).

cos (Pitch)

)

.

a

Oh =

(
(

cos(–Pitch) 0 sin(–Pitch)
0
1
0
–sin(–Pitch) 0 cos(–Pitch)

)

1
0
0
. 0 cos(–Roll) –sin(–Roll)
0 sin(–Roll) cos(–Roll)

These rotated magnetometer and
acceleration data are written as
M h = O h . M = (mxh, myh, mzh ) and
Ah = O h . A = (axh, ayh, azh ), respectively,
where a hz is the vertical acceleration projected horizontally. M h is used to compute the yaw variable as follows:

x

Figure 3 presents a cartoon of the environmental and behavioral variables and
how they relate to each other. For example, in the absolute coordinate system (in
purple), the variables yaw and z h (vertical

b
N
z

swh

)

Yaw = atan2(myh, mxh)

When the tag is not aligned perfectly,
the compass data must be integrated with
the accelerometer data; sometimes called
“tilt compensation,” this is a standard feature of hand-held compasses (Rajeswari

SES BEHAVIORAL VARIABLES

During post-dive surfacing time, SES rise
to the ocean surface in order to breathe,
remaining continuously close to vertical with only their heads out of the water
(Génin et al., 2015). This behavior has
been modeled with the Euler angles pitch,
roll, and yaw (the yaw variable is also
referred to as heading in the literature).

(

ax

and Suresh, 2015). The Acousonde 3A
does not offer built-in tilt compensation,
but knowing the roll and pitch angle, the
following operator is used to rotate the
magnetometer and acceleration variables
back to the horizontal plane:

Wind
Vector

x Roll

E

zh

Pitch

y

Yaw

FIGURE 3. Cartoon explanation of environmental and SES behavioral variables with (a) side and
(b) top views. Red plots indicate variables and coordinate systems relative to the SES frame, and
purple those that are relative to the absolute coordinate system.
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displacement projected horizontally)
can be directly compared to wind direction and significant wave height (swh).
Variables pitch, roll, and yaw used in the
following analysis are composed of successive post-dive surface intervals concatenated over time.

Methods for Hypothesis (1)
To test our first hypothesis, that SES
behavior is constrained by wind speed
and/or direction, pair-wise scattering
plots and Pearson correlation coefficients
were computed between all possible pairs
of SES (i.e., pitch, roll, yaw) and environmental variables (i.e., ψW , φW, swh). Prior
to analysis, all of these variables were
median averaged every 10 s and standardized (i.e., zero mean and unitary
variance). Linear regression fitting models were then applied to each variable pair
using environmental variables to explain
SES behavioral variables. Outliers to
these models were identified as the model
values with a Cook’s distance exceeding three times the mean of this distance.

a

2.5
2.0

0.59

1.0
Roll

0.5

–1.0
–1.5
–2

–1

0

ψW

1

c

2

3

–2

–0.56
2

–1

0

1

ψW

2

d

3

4

–0.68

1
Pitch

2
1
0

0

–1

–1

–2

–2
–5

0

φW

5

–2

–1

0

1
swh

2

3

4

FIGURE 4. Pair-wise scattering plots and Pearson correlation coefficients (in red) resulting from
robust linear fitting models between the following variable pairs: (a) yaw/ψW , (b) roll /ψW , (c) pitch/φW ,
and (d) pitch/swh, for the SES individual equipped with Acousonde A031 instruments. Note that the
x-axes are not similar in the different columns due to outlier removals in the robust linear fitting models. All these variables are standardized (i.e., zero mean and unitary variance).
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periods longer than 20 seconds2 (as is the
case for most oceanic waves). As a result,
this cutoff frequency for high-pass filtering reduced the low-frequency noise
problem without removing wave information for statistical estimates of dominant wave period. Note that such a cutoff
frequency has already been used in literature (e.g., Irish et al., 2002; Lin et al.,
2017). Then, wave spectra (also called
displacement spectra) were obtained
by dividing acceleration PSDs by the
angular frequency to the fourth power
(Hashimoto and Konbune, 1988). Zerocrossing periods were eventually calculated from wave spectra based on the
method given by Earle (1996, p. 12). This
wave period, commonly called mean
wave period, is defined by the whole
ensemble of wave components.
To help interpret our results, we
designed a simple factor Q that quantifies the degree of monochromaticity of
wave spectra. A spectrum is monochromatic when it exhibits one salient spectral peak over its frequency range. Also,
multiple peaks in our wave spectra come
from SES behavior and/or multiple ocean
wave components, and we will not try
within this study to reconcile the ambiguities between these two contributions.
This Q factor is defined as
Q = findpeaks (Np , SNR),

0.0
–0.5

3
Pitch

b

1.5

–3

4

Methods for Hypothesis (2)
To test our second hypothesis, that SES
can be used as weather buoys to estimate wave parameters, we followed classical methods of wave statistics applied
to weather buoy sensor data (e.g., Earle,
1996). We first computed the one-sided
power spectral density (PSD) of the raw
accelerometer data azh. PSDs were then
high-pass filtered with a frequency cutoff at 20 s in order to reduce the low-
frequency “noise” effects that are out
of the expected wave band. The choice
of this cutoff frequency was justified as
follows. After scanning the mean wave
period (from the variable mwp, ECMWF
ERA-Interim) of the Southern Ocean
from October to December 2011 and
2012, we observed that the waves in our
recording area were not expected to have

–0.80

Yaw

2.5
2.0
1.5
1.0
0.5
0.0
–0.5
–1.0
–1.5
–2.0

Then, after removal of these outliers, a
second linear regression model is applied
to the data, and the Pearson correlation
coefficient P and the p-value statistical
hypothesis testing were computed.

where Q is computed using the built-in
MATLAB function findpeaks, with custom parameters Np that measure the
number of spectrum peaks above a certain threshold, and SNR that measures
the salience of each peak.

RESULTS
Analysis of Hypothesis (1)
Regarding
the
first
hypothesis,
Figure 4 shows the first four most-
correlated variables for the SES individual associated with Acousonde A031:
(a) yaw /ψW , (b) roll /ψW , (c) pitch /φW ,
and (d) pitch /swh. No significant rela2 Actually, the mwp variable provided by ECMWF did
not exceed 17 s.

tionships emerged from other variable
pairs. Wind direction ψW is an efficient
explanatory variable for the SES yaw,
with P = −0.80 (p-value < 0.001), and
to a lesser extent, for the SES pitch variable, with P = −0.59 (p-value < 0.005).
The wind speed norm φW was an efficient
explanatory variable for SES pitch, with
P = −0.56 (p-value < 0.001). Significant
wave height swh was an efficient explanatory variable for SES pitch, with
P = −0.68 (p-value = 0.003). In fact,
all analyzed environmental variables
have a strong correlation (i.e., |P| > 0.55,
p-value <0.001), with at least one behavioral response of the SES. Furthermore,
we note that in regression models, outliers should follow a normal distribution
with matched variance for the model to
be valid. This condition is well respected
across our different models.
We also performed an in-depth analysis of the outliers (see section Methods
for Hypothesis (1) for their definition)
resulting from these linear regression
models. Table 3 characterizes the outliers resulting from the two regression
models yaw ~ ψW and pitch~ φW , where
ψW and φW are the explanatory (i.e., environmental) variables of these models,
respectively. In particular, we were interested in the value intervals of the different environmental variables where these
outliers mainly fall. In the Table 3 columns below “Environmental Variables,”
their 90th percentile intervals are displayed. When compared to the full environmental range of values, we note that it
is globally the low values of wind speed
that tend to reject the linear regression
fitting models. As an illustrative example,
the 90th percentile of outliers from the
model yaw ~ ψW is composed of φW values inferior to 8 m s–1 (in regards to its
full range of [2; 28] m s–1). For the model
pitch~φW, this interval is slightly larger,
[2; 13] m s–1. A similar comment can be
made for the values of outliers within
the variable swh, which also has low values. On the contrary, the range intervals of these outliers within the ψW variable almost overlap with the full range of

values (i.e., [−2.8; 2.9] rad, see Table 2).
Figure 5 provides correlation diagrams, where each pair-wise Pearson correlation coefficient is displayed in each
cell and shaded according to its value
(from white to dark, 0 to 1). The different panels a–d correspond to the four
different SES individuals equipped with
Acousondes. Among these diagrams, the
previously highlighted pair-wise correlation relations are well preserved, with
inter-individual variations in p-values
that on average remain below 0.2.

Analysis of Hypothesis (2)
Regarding the second hypothesis,
Figure 6 provides two examples of the
variable azh during two post-dive surface
intervals of the SES individual equipped

with Acousonde A626019. The upper
panels are raw time series plots. At the
bottom, power spectral densities of vertical displacements, computed from
the acceleration time series, are plotted
against a wave period (in s) vector ranging from 2 s to 20 s. We superimposed in
red to this spectrum the reference values for mean wave period. Example (a)
exhibits a high monochromaticity factor Q of 0.95, with the presence of a clear
and salient wave period peak that fits very
well the mean wave period value. In contrast, a monochromaticity factor Q of
0.13 has been computed for example (b),
as its spectrum exhibits multiple peaks
and a non-monochromatic content.
Figure 7 provides a large-scale result
over all post-dive surface intervals for the

TABLE 3. Analysis of the outliers resulting from the linear regression models
displayed in Figure 4. The left column shows the different regression models,
formatted as yaw /ψW and pitch/φW , where ψW and φW represent the response
(i.e., behavioral) and explanatory (i.e., environmental) variables, respectively.
The 90th interval values of their outliers are shown within the different environmental variables.
Regression
Model

Percentage
of Outliers

Yaw ~ ψW
Pitch ~ φW

Pitch

a

Environmental Variables
ψW

φW

swh

11

[−2.1; 2.2]

[2; 8]

[1; 5]

16

[−2.4; 2.8]

[2; 13]

[1; 6]

−0.09

−0.56

−0.68

Roll

0.59

0.28

−0.27

Yaw

−0.80

0.13

0.01

b−0.19

−0.63

−0.74

0.48

0.19

−0.22

−0.20

−0.76

0.08

−0.12

0.18

0.58

−0.05

0.11

0.62

−0.28

−0.71

−0.81

−0.61

−0.74

Roll

0.51

0.12

−0.24

0.32

0.21

−0.11

Yaw

−0.83

0.01

−0.24

−0.79

0.07

−0.16

a hz

−0.13

0.04

0.54

−0.08

0.11

0.68

ψW

φW

swh

ψW

φW

swh

a hz

Pitch

c

d−0.15

FIGURE 5. Correlation diagrams for the four SES individuals equipped with
Acousondes: (a) A031, (b) A032, (c) 626019, and (d) 626040. Each pair-wise
Pearson correlation coefficient is displayed in each cell and shaded according its
absolute value (from white to dark, 0 to 1).
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SES individual equipped with Acousonde
626019. On graph (a), we superimposed
all estimates (in blue) with the reference
values provided by the variable mwp (in
red). On graph (b), the monochromaticity factor Q associated with each estimate
is plotted. Globally, it shows high variability. Interestingly, around the dates of
November 3, 2012, to November 6, 2012,
and November 17, 2012, to November 20,
2012, slight increases in the value offset
are seen. On graph (c), we superimposed
mwp values and the mean wave period
estimations with a Q higher to their 90th
percentile. We observe that estimates
associated with a high Q value fit the
mwp values well through the entire duration of data recording, especially during
the two time periods mentioned above.

Interestingly, these time periods also correspond to higher mwp values, which
themselves correspond to higher values
of swh (a Pearson correlation of P = 0.91,
p-value < 0.001, has been computed
between the two variables).
Figure 8 provides histograms of the
error εmwp , computed as the absolute difference between the estimation and the
reference values of mean wave period.
The different histograms a to d correspond to the four different SES individuals. Filtering of mwp estimates through
the Q factor (i.e., the Q-filtered estimations) allowed us to maintain estimation
errors below 2 s, except for a few marginal
estimations. The different SES individuals
show great consistency, exhibiting very
similar error distribution patterns.
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FIGURE 6. Two examples of azh (upper panels in a and b) and power spectral densities (PSD) of their
vertical displacements (lower panels). The vertical red lines in the spectral densities correspond to
the mean wave period (mwp), considered as the reference value for this parameter. These graphs
also display the monochromaticity factors Q. Example (a) corresponds to a highly monochromatic
wave spectrum (with Q = 0.95), and (b) to a low one (with Q = 0.13).
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DISCUSSION
There are two main limitations to this
study. First, because we did not use a reference magnetic field for Kerguelen Island
to define magnetic north, we assume the
magnetic field to be locally constant. The
consequence of this uncertainty is that
there is a constant offset between the
measured compass angle and true magnetic north; however, we are still able
to correlate wind headings and the animals’ preferred orientations, taking into
account this offset. Precise magnetic field
referencing would be required to define
the value of the preferred SES alignment
with respect to the wind. Furthermore,
both accelerometer and magnetometer data lack in situ calibration with
local environmental parameters and SES
behavior. Taken altogether, these material
limitations restrict our analysis to relative
variations. Second, measurements with
satellite imaging are not exempt from
errors, and error checking procedures
are not reliable either, as no ground truth
data exist to validate them, especially in
open ocean areas (Berrisford et al., 2011).
Regardless, this study clearly reveals
that sea state and above-surface meteorological conditions constrain some
long-term trends in SES surface behavior. Studying such trends can potentially
provide scientists with valuable information about the ocean environment. Linear
fitting models and a Pearson correlation analysis were performed to investigate the relationship between SES behavior at the surface (i.e., pitch, roll, yaw)
and above-surface environmental conditions (i.e., ψW : wind direction, φW : wind
speed norm and significant wave height).
Our analysis reveals that for four different SES individuals recorded in two successive years, there are strong consistent
correlations between certain pairs of variables. In particular, wind direction ψW
was sufficiently predicted by the SES yaw
and roll, and wind speed norm φW by the
SES azh and pitch. Significant wave height
was an efficient explanatory variable for
the SES azh and pitch. Outliers to these
linear regression models correspond

behavior of SES gets stronger with higher
wave periods, and also with higher wave
heights. Consequently, our estimates
of mean wave period seem to improve
for higher wave height values. Also, as
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discussed above, these estimates are well
preserved from one individual to another
(Figure 8). This unified SES behavior in
response to environmental parameters
supports the possibility that they could
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globally to low values of explanatory variables (e.g., 90th percentile of the outliers
from the linear regression yaw ~ ψW have
wind speed norm values below 8 m s–1). In
other words, SES behavior at the surface
is less constrained by the environment
for low values of wind speed. We interpret this result as an indication that under
high wind conditions, SES mostly orient
their heads at the surface, along with their
bodies, to avoid ocean spray by facing
away from the wind and wind-generated
waves, which could inhibit breathing. This
behavior tends to disappear with decreasing wind strength, with the SES exhibiting more erratic orientation. It should be
added that these tendencies seem to be
preserved from one individual to another
(Figure 5). It is also noteworthy that the
pitch variable appears to correlate well
with both wind speed and significant
wave height, providing a possible insight
into the known relation between local
wind speed and significant wave height
(Lin et al., 2017). We acknowledge that
the correlation analysis could have been
optimized using more complex methods
(e.g., nonlinear regression), but our goal
in this study was mainly to illustrate that
a basic analysis (i.e., a linear regression)
is enough to extract useful information
within our experiments.
Mean wave period was estimated
based on wave spectra computed from
SES vertical acceleration during SES time
at the surface. We paid special attention to monochromatic wave spectra
(i.e., with only one salient spectral peak),
which were filtered using a Q factor (see
computation details in the section on
Methods for Hypothesis [2]). Keeping
only estimates with a Q higher than the
90th percentile of Q, our results on mean
wave period exhibit errors below 2 s. In
short, when an SES exhibits a strong vertical periodic oscillation, that time period
corresponds well to the period of a single ocean swell. This would suggest that
SES drift along ocean swells, most likely
to maximize their comfort, stability, and
energy recovery while at the surface. We
also observed that the surface-following

FIGURE 7. Estimate of the mean wave period, following procedure detailed in the text section on
Methods for Hypothesis (2). In (a), all estimates (in blue) and reference values (i.e., mwp, in red)
of mean wave period are computed for all phase surfaces of the SES individual equipped with
Acousonde 626019. In (b), Q (monochromaticity factor) values of each estimate are superimposed
on the 90th percentile of this factor (red line). In (c), estimation values of mean wave period with a
Q higher than the 90th percentile of this factor (in green circles) are shown with reference values
(i.e., mwp, in red) of mean wave period.
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be used as proxies to measure wind direction and wave period. When considering
the full set of wave spectra, independent
from the monochromaticity factor values,
our estimated mean wave periods span a
larger error range (up to 9 s), which corresponds to non-
monochromatic signals that may result from more complex
SES behavior and/or ocean wave patterns. We also tested a higher cutoff frequency for the high-pass filter for the
mean wave period estimation, passing
from 20 to 30 s. In doing so, we take into
account a lower frequency part of the sea
swell band. We observed that this modification only marginally affected the
Q-filtered estimations.
To put in perspective the obtained
average error of mean wave period, we
note that Anctil et al. (1993) and Earle
and Borgman (1999) compared National
Data Buoy Center wave heights and periods with those obtained from a wave
staff and a biaxial current meter fixed to
nearby Bullwinkle platforms. Ninety-five
percent of significant wave heights agree
within 0.2 m, and 95% of dominant wave
periods agree within 0.7 s. These excellent results would not have been possible
without the use of a sea-state-dependent
variable for noise corrections. In our estimates of wave parameters, we did not
apply such a noise correction filter, nor

120
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80

CONCLUSION
In this study, we used accelerometer
and magnetometer data from biologged
southern elephant seals to evaluate
whether ocean environmental parameters influence their behavior during postdive surfacing time. Our results showed
that long-term trends of SES behavior at
the surface, modeled with Euler angles
characterizing its three-
dimensional
dynamics, are constrained by wind
direction, significant wave height, and
mean wave period.
This study demonstrates that biologged
SES can provide valuable field-based auxiliary data for monitoring the global ocean
environment. The high-resolution temporal sampling acquired with biologged
SES complements large-scale satellite
imaging. We demonstrated that biologged
SES could be used as oceanographic samplers to estimate wind direction and
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did we use optimization operations to
better fit our estimates to the groundtruth values. In addition, our error estimation procedure cannot be as accurate
as that computed for weather buoys (in
particular, due to the intrinsic error of
satellite imaging). Despite these experimental limitations, our preliminary
results are satisfying and promising for
future research in this direction.
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wave period. The biologging technology
(including Acousonde 3A) used on the
SES also offers a multimodal acquisition
capability, transforming SES into integrative measurement platforms capable of
collecting important in situ environmental information. For example, current estimations on mean wave parameters could
be combined with acoustic-based wind
speed estimation (Cazau et al., 2017).
Despite the accomplishments of our
study, many questions remain open regarding the more general aspects of the relationship between SES biology and environmental forcing. Additional research is
needed to explore these questions.
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