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Narwhals in the Arctic are increasingly exposed to human activities that
can temporarily or permanently threaten their survival by modifying their
behavior. We examine GPS data from a population of narwhals exposed to
ship and seismic airgun noise during a controlled experiment in 2018 in the
Scoresby Sound fjord system in Southeast Greenland. The fjord system has
a complex shore line, restricting the behavioral response options for the nar-
whals to escape the threats. We propose a new continuous-time correlated
velocity model with varying coefficients that includes spatial constraints on
movement. To assess the sound exposure effect we compare a baseline model
for the movement before exposure to a response model for the movement
during exposure. Our model, applied to the narwhal data, suggests increased
tortuosity of the trajectories as a consequence of the spatial constraints, and
further indicates that sound exposure can disturb narwhal motion up to a cou-
ple of tens of kilometers. Specifically, we found an increase in velocity and a
decrease in the movement persistence.

1. Introduction. There is a large variety of sources of anthropogenic underwater noise
in the Arctic region, including sonars, ice breakers, vessel traffic, drilling and seismic airguns
used for oil and gas exploration (Halliday, Pine and Insley, 2020). A better understanding
of the impact of these noises on marine life is critical for conservation policies. Marine
mammals, whose vital functions highly depend on sound perception for communication and
orientation, are particularly vulnerable. Besides causing physical harm, anthropogenic noise
can also disturb their behavior and interrupt their natural foraging habits. However, there is
still no clear criteria for measuring behavioral disturbances due to the multiplicity of con-
textual variables that can influence a behavioral reaction, and the variety of these reactions
(Southall et al., 2008, 2019). Comprehensive behavioral studies are thus essential.

Several surveys of behavioral responses have been conducted on beaked whales, which
have been regularly involved in stranding events following sonar exercises (Tyack et al.,
2011; Cioffi et al., 2022). Studies have also been conducted on belugas (Martin et al., 2023),
sperm whales (Madsen et al., 2006), blue whales (Friedlaender et al., 2016), and narwhals
(Heide-Jgrgensen et al., 2021; Tervo et al., 2021, 2023). The most critical behavioral re-
sponses - those potentially altering a population’s capacity to survive, reproduce or forage -
include changes in movement speed and direction, avoidance reactions as well as modified
dive profiles or vocalizations (Southall et al., 2008). Studies have shown that narwhals can
exhibit some of these critical behavioral responses to sound exposure, such as avoidance
reactions or changes of direction to move towards the shore (Heide-Jgrgensen et al., 2021).
A significant decrease in their buzzing rate has also been assessed as far as 40 km away
from the sound source (Tervo et al., 2021). These results are based on controlled exposure
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2 1 INTRODUCTION

experiments conducted in 2017 and 2018 in a pristine area in South-East Greenland, still
largely unaffected by noise pollution, and which is home to a declining population of nar-
whals (Garde et al., 2022). Our study is based on these data collected in 2018.

This paper concentrates on the horizontal motion of narwhals. Previous analysis showed
that the probabilities of the narwhals being close to the shore or moving towards the shore
increase with exposure to the sound. However, these analyses were based on discrete-time
discrete-space Markov chains, despite the continuous nature of narwhals movement in both
time and space. To address this, we employ a continuous-time continuous-state model to
analyze GPS positions, aiming to quantify the effects of sound exposure on the speed and
heading of the narwhals. This modeling approach offers multiple advantages: it avoids the
need for positional interpolation at regular intervals, eliminates manual state labeling, in-
corporates GPS measurement errors, and allows to precisely quantify the magnitude of the
changes in the movement depending on the distance to the sound source.

We specifically focus on continuous-time models defined as a solution of a stochastic
differential equation (SDE) with time-varying coefficients. One widely known model in
this context is the continuous-time correlated random walk, also known as the integrated
Ornstein-Uhlenbeck or correlated velocity model (CVM) (Johnson et al., 2008). It can be
viewed as a special case of velocity potential models, where the potential is a second degree
polynomial (Preisler, Ager and Wisdom, 2013). Varieties of CVMs have been applied to birds
(Janaswamy, Loring and McLaren, 2018), marine algae (Gurarie, Griinbaum and Nishizaki,
2011), ants (Russell et al., 2018), seals (Johnson et al., 2008; Albertsen, 2018), bowhead
whales (Gurarie, Griinbaum and Nishizaki, 2011) and sea lion motion (Hanks, Johnson and
Hooten, 2017).

In our case study, the narwhals move in a restricted domain that consists in a complex
system of fjords in Scoresby Sound (South-East Greenland), the largest fjord system in the
world, known to be the summer residence for an isolated population of narwhals. Thus, the
modeling process must include shoreline boundaries through movement constraints. Most ex-
isting CVMs for animal movement do not account for such constraints (Johnson et al., 2008;
Michelot et al., 2021; Gurarie et al., 2017). Examples models including landscape bound-
aries are constrained SDEs (Hanks, Johnson and Hooten, 2017) in which a reflected version
of the CVM is considered to study sea lion telemetry data, and SDEs with drift described by
a potential function (Russell et al., 2018) where a repulsive potential function constrains ants
movement within a box. (Brillinger, 2003) also illustrates different methods of simulation
for constrained animal movement, and emphasizes that the way to model motion near the
boundary of the domain should be species-specific and account for the particular behaviors
and spatial use of the studied animal. Narwhals have a proclivity to rotate to avoid or align
with the shoreline without reaching the boundary. A reflected SDE as in (Hanks, Johnson
and Hooten, 2017) does not allow this type of behavior. In addition, a simple exponential
potential function is suitable only with basic boundaries, such as the rectangular box in (Rus-
sell et al., 2018), but would break down for a complex boundary such as Scoresby Sound
fjords. As a consequence, there is a need to develop new models adapted to such spatial
constraints and behaviors. Reflected SDEs have certain limitations. On the one hand, it is not
a modelling of shoreline avoidance behaviour. The model only uses a projection operator to
ensure that the process remains within the domain. On the other hand, the transition density
of these models is not known, which complicates the statistical inference of the parameters.
We therefore propose to work with the second class of model, SDEs whose drift constraints
movement within the system of fjords.
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The novelty of this paper consists in extending the rotational CVM defined in (Gurarie
et al., 2017) with a rotation parameter expressed as a smooth function of the distance to the
boundary and the angle between the animal’s heading and the boundary normal vector. This
makes the drift in the velocity equation dependent on the location process and the boundary
of the domain, and allows the velocity to rotate as the narwhal approaches the shore. We
show that the rotational parameter can be estimated as a function of the two covariates in
the framework of the R package smoot hSDE (Michelot et al., 2021). To make this possible,
we derive explicit formulas for the transition density of the location and velocity process
and formulate a linear Gaussian state-space model from the discretisation of these formulas.
Maximum likelihood estimation based on the Kalman filter is then performed as for any other
model in smoothSDE. The estimation procedure exploits the capabilities of the R package
TMB to get approximate likelihood using Laplace’s approximation (Kristensen et al., 2016;
Albertsen et al., 2015). It is considerably less computationally intensive than an estimation
procedure based on Markov Chain Monte Carlo posterior samples as done in (Hanks, John-
son and Hooten, 2017; Russell et al., 2018).

In this general framework, sound exposure is introduced in the model through smooth
functions of a covariate defined as the inverse of the distance to the sound source. This
choice is motivated by (Heide-Jgrgensen et al., 2021; Tervo et al., 2021, 2023). We estimate
the effect of the exposure variables on both the velocity and the persistence parameters of
the diffusion process. A response model is compared to a baseline model for the narwhal
movement before exposure to the disturbance, that is, under normal conditions (Michelot
et al., 2022). The effect of sound exposure is assessed as a deviation in the response model
parameters when compared to the baseline model parameters.

To summarize, the main contributions of this paper are:

* Definition of a constrained version of the CVM, where deviation angles from shoreline
and distance to shore are used to constrain the movement within a polygon, and align the
velocity with the boundary of the domain.

* Derivation of explicit formulas for the transition density of the rotational CVM defined
in (Gurarie et al., 2017), and addition of this model in the framework of the R package
smoothSDE, to enable the use of smooth parameters depending on external covariates,
and estimation from noisy observations irregularly spaced in time.

* Analysis of narwhal data to assess a behavioural response using the exposure covariate
defined as the inverse of the distance to the sound source.

In Section 2, we give an overview of the narwhal data available for the analysis. The
diffusion models are then discussed in Section 3. Section 4 is dedicated to the statistical model
used to infer the shore constraint and the sound exposure effects. Results of a simulation study
are shown in Section 5. Finally, our models are applied to analyse the behavioral response of
the narwhals in Section 6.

2. Movement data of six narwals in South-East Greenland.

2.1. Description of the controlled exposure experiments. The dataset analysed in this
paper has been subject of several studies, focusing mainly on vocalizations and avoidance re-
actions (Heide-Jgrgensen et al., 2021; Tervo et al., 2021, 2023). Here we briefly describe the
data, for more details see (Heide-Jgrgensen et al., 2021). Six male narwhals were equipped
with FastLoc GPS receivers in August 2018 in Scoresby Sound in South-East Greenland by
biologists from the Greenland Institute of Natural Ressources, with the help of local Inuit
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hunters. An offshore patrol vessel military ship was sailed to shoot airguns underwater be-
tween August 25 and September 1. It was equipped with two airguns at 6m depth and moved
at a speed of 4.5 knots. The guns were fired synchronously every 80 s, while the GPS navi-
gation system recorded the location of every shot. The data include latitude and longitude of
the narwhal positions, distance relative to the ship in metres, GPS time, and distance to the
shore in metres. GPS positions are known only at times when the narwhals are at the surface.
The median time step between two GPS measurements in the data is about 5 minutes and
only 0.3% of the time steps reach more than two hours, with a maximum at more than 4
hours. While the statistical analysis in (Heide-Jgrgensen et al., 2021) relied on augmented
data with positions linearly interpolated at each second, here we only consider the actual GPS
measurements with irregular time steps.

For each narwhal, the entire track is split into two periods: a period before exposure defined
as the period before the narwhal gets in line of sight with the ship for the first time, and the
period of exposure starting after exposure onset. We discard the GPS measurements from
the first 12 hours after tagging, to avoid any tagging effects on the behavior. Measurements
that result in a velocity higher than 20 km/h were also discarded (only 2 data points for the
same narwhal track). Overall, 4815 GPS positions are kept for the analysis. The splitting
between data before and after exposure results in 1558 measurements before exposure and
3257 measurements after exposure.

2.2. Notation and definition of covariates. For each narwhali € {1,..., N} with N =6,
we denote n; the total number of observations, decomposed as n; = n; pre + N post Where
n; pre 18 the number of observations before exposure, and n; s 1S the number of observa-
tions after exposure onset. The positions are observed at discrete times ;1,%2, - - ,tin, and
for j € {1,--- ,n;}, we denote y;; = (yij1 yijQ)T the observed GPS position at time ¢;;, pro-
jected in UTM zone 26 North coordinates with the R package rgdal. These points are noisy
observations of the underlying unobserved true positions.

The land geometry for the specific region in South-East Greenland is gathered from the
OpenStreetMap database. The land polygons define the boundaries of the domain D in which
the narwhals can move. For each narwhal ¢ € {1,... N} and each time j € {1,...,n;}, the
closest point on the shoreline to the observed GPS position y;; is denoted p;;. Due to GPS
measurement errors, the distance Df;wre = d(yij;, pij) is an approximation of the actual dis-
tance to the boundary. About 9% of the GPS measurements in the dataset turned out to be
on land. This was due to inaccuracies in the shoreline maps rather than errors in GPS mea-
surements. We therefore used a satellite image of Sentinel-2 with 10 metres resolution down-
loaded from Google Earth Engine API to improve the accuracy of the land polygons. After
adjustement of the polygon data using ggi s software, approximately 1% of the observations
remain on land. We kept these positions for the analysis. Distance to shore values range from
0 to 7.6 km. The shapefile defining the adjusted shoreline is made available in Supplementary
materials. We define a new covariate 7°"°"® based on the inverse of the distance to the shore
in kilometres with the following formula

Ishore =0 if D3¢ > Dy,
) 1397 = b if Digwy < D37 < Dy
ij
shore __ _ 1 : shore
Iz’j =B if Dij < Djow

where the reference thresholds are D;,,, = 73 m, which is the 5% quantile of the observed
distances, and D,,;, = 3 km, assuming narwhals are influenced by the shore within a 3 km
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5

range. The angle ©;; between the narwhal’s heading and the shoreline is defined as the angle
between the observed empirical velocity 9;; = #*3—#*, where A;j = t;;41 — t;;, and the
vector 7i;; = y;j — Pij, as illustrated in Figure 1. A value ©;; = 7 indicates a movement
parallel to the shore, while ©;; € | 5, 7] U [—m, —7 | indicates movement towards the shore.

Land

Py

oD

Fig 1: Example of nearest point on the shore and angle ©. 0D represents the boundary of the
domain, y;; is the observed GPS position of narwhal ¢ at time ¢;;.

The distance to the ship D*"P (km) is defined as the distance between observed GPS
locations of the ship and the narwhal. The values are comprised between 2.68 and 63.8 km.

Exposure to the ship for narwhal 7 at time ¢;;, denoted Efjhip , is defined as the inverse of the

distance to the ship (in km) (Heide-Jgrgensen et al., 2021). The covariate F*"P is meant to
be a proxy for sound exposure levels received by the narwhals. Reasonably, the closer the
narwhal is to the ship, the louder is the sound, and thus the exposure is larger. D*"? is only
defined when the narwhal is in line of sight with the ship and exposures are set to 0 when
this is not this case. This implies that in the statistical model, the ship noise is only allowed
to affect the narwhal when the ship is in line of sight, though it is likely that narwhals can
perceive the disturbance even when they are not in line of sight with the sound source. This
provides a conservative estimate of the effect of the noise exposure. Levels of the covariates
Is"ore and E*"P for each narwhal are displayed in Figure 2.

3. Movement models within a constrained landscape. The dynamics of the true posi-
tions of the narwhals is modelled by an SDE. First, we recall the standard rotational CVM,
and then we extend it to include the effect of the distance to shore on the movement and
constrain the position within a polygon.

3.1. Standard Rotational Advective correlated velocity model (RACVM). Let A =
1 _
(T fJ) and define

w L

T

2 {dX (t) =V (t)dt

dV(t) = —A(V(t) — p)dt + Z=dW (t)

T™T

where V() is the horizontal two-dimensional velocity at time ¢, X (¢) is the two-dimensional
horizontal position, typically in longitude and latitude or in UTM coordinates, W (t) is a
two-dimensional brownian motion. Parameter 7 is an autocorrelation time scale, v controls
the norm of the velocity and drives the random variability, p = (,u1 ,ug)T is the long term
velocity, and w is an angular velocity that controls how fast the velocity vector rotates. The
case w = 0 corresponds to a standard CVM. In most applications, this standard model is
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Fig 2: Covariates of exposure and distance to shore over time for each narwhal. Time 0
corresponds to 12 hours after tagging for each individual whale. (a) Exposure to the ship (in
Em~1). (b) Inverse of the distance to the shore (in km™1).

satisfactory, but in case of tortuous movement, a non-zero value of w is sometimes needed
(Gurarie et al., 2017; Alt, Hoffmann and Levin, 1990; Albertsen, 2018). Moreover, whether
or not to include a non-zero mean velocity parameter 1 depends on the specific context of
the study. Typically, it makes sense to have p # (0,0) when examining migratory patterns
or avoidance reactions from a fixed sound source. We refer to (2) as "Rotational Correlated
Velocity Model" (RCVM) when p = (0,0), and "Rotational Advective Correlated Velocity
Model" (RACVM) when p # (0,0).

In this section, we derive the explicit transition density for the process U = (X V)T.
Though this model is considered in several papers, we found no mention of the closed form
formulas derived here. In Gurarie et al. (2017), only the process V is exhaustively studied,
and the classical distributional results about this process are used for estimation and simula-
tion purposes. A more general formulation is considered by Albertsen (2018) in which the
diffusion matrix is lower triangular with positive diagonal elements and two distinct auto-
correlation parameters are considered in each direction allowing for anisotropic movement.
In this case, Albertsen (2018) derives the Gaussian transition density of the velocity process,
where the covariance matrix is expressed using a Kronecker sum. However, the formulas
for the process X are not provided, and the Euler scheme is employed to approximate the
transition densities of X. This approach is generally sufficient when the animal’s positions
are recorded at high frequency. Yet, for marine mammals such as narwhals that dive to great
depths, GPS measurements are usually taken at irregular intervals, typically of several min-
utes, which can render the Euler scheme unsuitable. Additionally, incorporating covariates
into the parameters of the SDE often requires approximating the transition density by assum-
ing the covariates remain constant during each time step (Michelot et al., 2021). This results
in two layers of approximation, possibly leading to unreliable estimation.

Here, we show that under the hypothesis of isotropic movement, with diagonal diffusion
matrix as in (2), not only the velocity but also the position process has a closed form formula.
This is stated in the following proposition.
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PROPOSITION 3.1. Let U(t) = (X (t) V(t))Tfor t > 0 be the solution to (2). Then the
exact transition density of the Markov process U is given by
B) Ut+A)UG) =u~N(T(A)u+ B(A)u,Q(A)) forall A>0and u € R

where

I, A7Y(I; —exp(—AA)) Al — A7Y(I5 — exp(—AA))
@ T(A)= (02 QQXP(_EA) >’ B(A) = ( i I — e)<2p(—ApA) )

and the covariance block matrix is given by

(A)x T(A)
5) Q(A) = (QE(A)TZ qQ(A)IQ>

with

o? wsin(wA) — L cos(wA) ( A> (w3 ( 2A>
ql(A)—C<A—2 8 exp | —— +§ c —exp|——

I'(A) = < g 72)

-2 7

where

o2 2A A
"= 55 X (1 + exp (—T> — 2exp <—T> cos(wA))

g = (2’2 X (exp (—é) sin(wA) — % <1 —exp <—2é>>>

2v

and we denoted C = % +w?ando = NG

The formulas derived in (Johnson et al., 2008) are a corollary of Proposition 3.1, obtained
with w = 0. The proof of this proposition is detailed in Appendix.
Equation (5) shows that the two components of the location and velocity processes are

. _ -a [ cos(wA) sin(wA)
independent. Note that exp(—AA) = e~ (—sin(w A) cos(wA)
matrix of angle —wA. Intuitively, (3) means that the next velocity V(¢ + A) is a weighted

mean of the long term mean velocity p and the previous velocity V' (¢) rotated by an angle
—wA.

) is a weighted rotation

For locomotion under spatial constraints, we hypothesize that an increase in tortuosity is a
sign of avoiding the boundary and adapting the heading to the spatial constraint. We use this
to define a constrained version of the standard RCVM.

3.2. Constrained rotational correlated velocity model. We propose a new RCVM that
relies on the tortuosity parameter, or angular velocity w, to describe how the animals turn in
reaction to the shore. To do so, we consider w as a smooth function both of the distance to the
shore D*"°r¢ and the angle between the velocity vector and the shore normal vector ©. We
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write D C R? for the polygon defining the domain of the process X . The new formulation of
the equation is

dX(t) =V (t)dt
© {dV(t> =—A(X(1), V)V (t)dt + ZdW (1)
with
N —W
(1) A0, V(1) = ( v (x@.v)

where w(X (t),V (t)) = f.(D*"r¢(t),0(t)) with f,, a smooth function from Rt x [, 7]
to R. In the sequel, such models will be refered to as Constrained Rotational Correlated Ve-
locity Models (CRCVM).

To induce a rotation when the animal is close to the boundary and heading in the direction
of the shore, the following assumptions must guide the shape of f,;:

1) for a distance to the shore lower than some threshold, f,,(D*"°¢,.) should be positive
and increasing on | 7, 7|,

2) for a distance to shore lower than some threshold, f.,(D*"°"¢, ) should be negative and
decreasing on | — 7, — 3|,

3) as distance to shore decreases, the magnitude of the functions f,,(D*"°¢ .) on |
| = m,—%[ should increase.

us

5, 7| and

We start by proposing a parametric model for the function f,, and then discuss a non-
parametric representation. For © € [—n, 7] and D*""¢ > 0, we define f,, as follows

®)

shore 2
fu(©, Dshorey = “o (tanh(A(© + 6%)) + tanh(A(© — 67)))) x exp <—/€ X (D ' ) )
2 Dy

for some Dy > 0, k> 0, wg € R, A\ >0, 8* € [0, 7r]. The parameter wy controls the magnitude
of the angular velocity, Dy controls the distance at which the velocity starts to rotate to avoid
the boundary, A and « control the steepness of the curves in each dimension, and * is chosen
so that the rotation starts when the angle © gets close to 5 or —7.

This parametrization of w is motivated by the observations above, and do not pretend to
be optimal. Any smooth function, including (8), could be approximated by a finite number of
weighted spline basis functions of the form

L
fw(ea Dshore) — Zwkwk(gv Dshm"e)
k=1

The 1,k =1,...,L can be constructed in several ways based on thin plate regression
splines, or on the tensor product of any univariate spline basis. The coefficients wy con-
trol the contribution of each basis function to the final shape of the smooth function (Wood,
2017). Figure 3a shows function (8) in the top, along with a smooth function f,, obtained as
a combination of L =9 cubic spline basis functions approximating (8) in the bottom plots.

Model (6) is flexible, and different species-specific behaviours can be described. Function
fw controls at which distance the animal will turn away from the shore, and how fast it will
turn. Specific constraints on the smooth function f,, can be set from biological knowledge
about the species in question.
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Parametric function Parametric function T

Distance to shore

Weighted splines

Distance to shore (€]

(a) (b)

Fig 3: (a) Examples of smooth functions f,. Angular velocity w increases as © ap-
proaches +7, and decreases with increasing distance to the shore. Top: Two views of the
smooth function f,, defined by (8) with values Dy = 0.3 km, K = 0.2, A =2, wp = 5
rad/min. Bottom: Two views of a smooth function f, obtained by combining nine bi-
variate cubic spline basis functions approximating (8). (b) Example of a smooth param-
eter 7 to get persistent trajectories along the shore. The function used is 79 + =57 X
(tanh(%ﬁf/z“) - tanh(®++/2_5) + tanh(e_ﬂT/Ha) - tanh(e_ﬂTﬂ_E)) for some param-
eters 7g, 71, €, Q.

The tendency of an animal to move along the boundary of its spatial domain can be cap-
tured by the parameter 7, as more persistent movement when the angle 6 is close to +7 would
induce such behavior. More precisely, to model persistent movement along the shoreline, we
modify (7) by expressing 7 as a smooth function:

T(X(t), V(1) = f-(6(1))

with f. : [-m, 7] — R. The function f. is defined such that it reaches local maximas in
© = +7, which represents movement along the boundary of the domain. An example of
such a function is given in Figure 3b. However, for simplicity we will assume 7 constant in
our analysis of the data.

Solving explicitly (6) is out of reach due to the non-linearity induced by the distance to
the shore and the angle ©. But it is possible to get an approximate solution. We choose a
time step A and approximate D*"°"¢ and © by piecewise constant functions on each time
step. We then use the formulas of Section 3.1 to simulate the process and get the next posi-
tion from the approximate transition densities. Sampled trajectories obtained within circular,
rectangular and fjord domains for different smooth functions f,, and f; are shown in Fig-
ure 4. Depending on the smooth functions f,, and f;, the trajectories near the boundary have
different characteristics. The trajectories labelled "persistent" tend to keep the same direction
along the boundary, while the trajectories labelled standard turn whenever they are about to
hit the boundary, and behave like an unconstrained CVM with w = 0 otherwise. The trajecto-
ries labelled "tortuous" also turn when going toward the shore, but keep turning when leaving
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the shore.

Standard CRCVM Tortuous CRCVM Persistent CRCVM

7840 o 7840 o 7840
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7785 7785 7785

7780 7780 7780

7775 7775 7775

7770 7770 7770
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7770 7770 . . 7770

Fig 4: Five days trajectories with time step A = 5 min within circular (bottom), rectangular
(middle) and fjords (top) domains. Plots labelled "Persistent CRCVM" and "Standard CR-
CVM" have the same smooth parameter w defined by (8), whereas the persistent trajectory
has a smooth varying parameter 7 as in Figure 3b. The standard trajectory has a constant
7 = 1h. Trajectories labelled "tortuous" are obtained from a constant 7 = 1h and a smooth
parameter w defined with spline basis functions as in Figures 3a. All trajectories have con-
stant velocity parameter v = 4km/h.

While we have not established formal theoretical conditions for the function f,, to guar-
antee constrained motion, illustrative examples demonstrate how smooth, interpretable func-
tions can produce constrained trajectories for the process X. A critical parameter in this
model is the spatial scale of the rotational movement, defined as p = I%I’ representing the di-

ameter of rotation. To prevent the animal from hitting the boundary, p should remain smaller
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than Dshm'e

We will use the CRCVM (6) allowing w to vary to analyze narwhals trajectories while
considering spatial constraints, whereas we keep 7 fixed. In section 5, we show that a smooth
function f,, depending on D*"°"¢ and © can be estimated from discrete time obsevations of
the process X.

4. Inference of the sound exposure effect. To analyse potential perturbations in the
locomotion of the narwhals due to sound exposure, we formulate a statistical mixed effect
model for the parameters of the CRCVM, and discretise (3) to get an approximate state space
model for inference with the Kalman filter.

4.1. Mixed effect CRCVM model for shore influence and sound exposure. First a base-
line model is fitted only on the data before exposure, to get an estimate of natural behavior,
when the narwhals are not exposed to the ship and airgun sounds. Then, a response model is
fitted on the data during exposure to test whether the estimated smooth parameters deviate
significantly from the baseline values. We present here the baseline and response models.

For the baseline model, only the effect of the shore is included through the covariates
I#hore and ©. For each narwhal i € {1,---, N} and each time j € {1, ,n; pre}, ¥ij is an
observation with measurement error of position Xj;:

9 Vij = Xij +€ij  Eij ”@dN(Oﬂgbs)

The standard deviation o,y represents GPS measurement errors variability. The assump-
tion of i.i.d. Gaussian measurement errors is a simplified model of actual GPS measurement
errors. In practice, the accuracy of GPS positions is influenced by the number of satellites
processing the GPS signal—more satellites generally result in more accurate positions. Fur-
thermore, the error can differ between the x and y directions. For a comprehensive study
on Fastloc-GPS measurement errors, we refer to (Wensveen, Thomas and Miller, 2015). It
is often more appropriate to use a distribution with heavier tails, such as the Student’s ¢-
distribution, to model measurement error. However, this introduces additional complexity to
the inference process, as a standard linear Kalman filter cannot be directly applied in such
cases. Since the Student’s ¢-distribution approaches a Gaussian distribution as its degrees
of freedom increase, the Gaussian distribution is considered a reasonable trade-off between
simplicity and suitability.

The latent processes X; and V; solve

dX;(t) = Vi(t)dt

1 .
(10) AVi(t) = — (wf&t) _“’f(t)> Vi(t)dt + 2 dvy (1)

where 7;, v; are individual parameters to account for variability between narwhals:
log(n)) (10g(70)> <b7—2> . (sz> ( (0'2 0 >)
11 = ’ th o~ 0, 7
an <10g(Vz‘) log (o) + by e bui/ iid N0, 0 o2

Since 7 and v are positive, a log link function is used for these parameters. The coefficients
log (7o), log(1) are population intercepts and b, ;, b, ; are the individual random effects.
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Finally, as discussed in Section 3.2, the angular velocity function of individual ¢, w;, is
expressed as a smooth function of © and I*"°™¢ through splines:

L
(12) wilt) =wo + > withi (I3 (¢), ©4(t))

k=1

Since the two covariates are not on the same scale (one is in rad while the other is in
km~1), tensor splines are more appropriate than thin plate regression splines. The functions
1t in equation (12) are the bivariate basis functions constructed from univariate cubic spline
basis functions. We refer to (Wood, 2017) section 4.1.8 for the construction of tensor splines
basis functions. The splines degree of freedom is L = qr X qg and the number of knots in
the splines are g — 1 and gg — 1 for the covariates /¢, and O, respectively.

The response model is then designed to assess a deviation from the baseline model due to
exposure to the ship. The observations are supposed to have the same measurement errors as
the baseline. Fori € {1,..., N} and j € {n; pre + 1, -+, 1 post }, We have

(13) Yij = Xij +eij,  €ij ﬁdN(O’ Tops)
Then we add a dependency on the covariate Fp;;, in the parameters 7; and v;:

log(r;(t)) = log(r0) + a7 B (t) + b

i

log(vi(t)) =log (1) + a, ESM™P () + b, ;

%

(14)

The intercepts log (7o), log(vp) and the smooth w from the baseline model enter as offsets
in the response model. Thus, only the coefficients a.; and «, are estimated from the data
during exposure. These parameters control the deviation of 7; and 1; from their baseline
values 79 and 1 as a function of the distance to the ship. Coefficients c; and «, significantly
deviating from 0 indicate an effect of the sound exposure on the narwhals horizontal motion.

4.2. Linear Gaussian state-space model. 1In the baseline statistical model (10), we make
the approximation suggested in (Michelot et al., 2021) that the function w; is constant on
each time step [¢;;,%; j+1], equal to its value at time ¢;;, that is

L
VEE [tij tiga), wilt) 2 w(tiy) =wo+ > wrtk(T577¢, O4).
k=1

1
. = —Wij T
We write Wij = w(tij), Aij = ((; 1”) and Uij = (Xij,l XZ']'72 V;J'J ‘/ijyg) . We use

) Ti
the exact formulas from Proposition 3.1 to obtain the state-space matrix equations for ¢ €

{1,...,N},and j € {1,...,n pre}:

yij:ZUij +€ij,  Eij 'A’JdN(O’O-Q )

obs
1.7.
Uijv1 =Ty Uij + i, nij ~N(0,Q45)

where Z = (Ig 02,2), the link matrix 7;; is computed according to (4) and the covariance
matrix ();; is computed according to (5).

A linear Gaussian state-space model is obtained similarly for the response model. Estimation
with smoothSDE relies on this state-space formulation. The complete likelihood is com-
puted from the observations y;; as a by-product of the Kalman filter algorithm (Michelot

(15)
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et al., 2021). Laplace’s approximation of the integral of this complete likelihood over the
random effects is computed using the R package TMB and optimization is performed via the
optim function in R with the BFGS gradient method, with the gradient being calculated
by automatic differenciation. We refer to (Kristensen et al., 2016) for more details about the
derivation of the multidimensional Laplace’s approximation and the gradient computations.
We refer to (Wood, 2017, section 6.6) for the specification of the mixed effect model and the
regularization terms that are based on a wiggliness measure involving Gaussian priors for the
spline coefficients wy, k € {1,---, L}.

This method is already implemented for the CVM (w = 0) in smoothSDE. Here, we extend
this inference method to the more general model (6) and use it for estimation of the baseline
and the response models.

5. Simulation study for the baseline model. To test the estimator of the constrained
model for our application, we simulate CRCVM trajectories in the Scoresby Sound fjord
system. We consider observations of a baseline model as described in Section 4.1. We set
L =9 degrees of freedom for the bivariate splines in the parameter w and we place the knots
evenly between —m and 7 for the covariate ©, and between 1 and 5 km for Dshore The
values of the spline coefficients are chosen to get a process that turns fast enough to meet the
spatial constraints. We fix 79 = 1.5 h and vy = 4 km/h. The random effects standard devia-
tions for the parameters 7 and v are set to o = 0.2 and ¢, = 0.1. Initial velocities are set to
(0,0) and initial positions are uniformly sampled at least 1 km away from the shore in the
fjord system.

Two setups are considered: high frequency data with short trajectories and low frequency
data with longer trajectories. For each setup, we simulate M = 100 batches of N individ-
ual trajectories with N € {6,12}. In the high frequency framework, the time step between
consecutive observations is A = 1 min, the overall observation time is 12h and measurement
error is Gaussian with standard deviation o5 = 5 m. This amounts to 7; ;. = 720 obser-
vations for each individual ¢ € {1,---, N}. In the low frequency framework, the trajectories
are simulated with one minute time steps and then subsampled to a time step A = 5 min.
The overall observation time is 2.5 days and measurement error is Gaussian with standard
deviation o5 = 25 m. This also amounts to n; ,.. = 720 observations for each individual
ie{l,---,N}

For the estimation, we only keep the trajectories whose observed distances to the shore
in km include the interval [1, 5] for consistency with the fixed knots used to define the true
smooth function w. The reason is that if a trajectory happens to be confined at a few hundreds
metres from the shore in a corner of the fjords there is no sense in trying to estimate its
movement 5 km from the shore, and conversely, if the trajectories occur in open sea far from
the shore, there is no sense in trying to estimate the movement characteristics 1 km from the
shore.

For the smooth function w, 9 coefficients, including the intercept, are to be estimated,
plus the two parameters log(7p) and log(vy), and the random effects standard deviations o,
and o,. The measurement error o, is supposed to be known, usually given by the known
GPS precision. We fix initial parameter values to o =1 h, vy =1 km/h, 0, =1, 0, =1 and

wy =0 forall k € {0,---, L} in the optimization. For each batch of N trajectories, we ob-
(k) ——— (k)
tain estimates log(7y) , log(vy) d;l(k),l e{0,---,L}, &% and 67, k € {1,---,M} and

compute the mean and the standard error of the estimates. Simulation and optimization of
the log-likelihood for one single batch of trajectories are performed on 16 CPU cores within
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less than 2 h. Parallelization within R is used to simulate the trajectories since it can be time
consuming due to the calculation of the nearest shore point for each new sampled position.

The results are summarized in Table 1. We show the mean and the standard error of the
estimates for each coefficient in the high frequency and low frequency cases.

Estimation of the spline coefficients has overall less than 20% bias in the high frequency
framework, and becomes more precise as IV increases. The variances of the random effects
are the most challenging parameters to estimate. At least one of the standard deviations o,
and o, is often estimated close to 0. This tendency is clear for N = 6 and N = 12 individu-
als, though it seems to attenuate as IV increases. This is expected, since N is the number of
independent observations used for estimating these standard deviations. Regarding the inter-
cepts, we obtain better estimates for the velocity parameter log () than for the persistence
parameter log(7p). The biases are about 4% and 15%, respectively, and the standard error is
lower for log(vyp).

Estimation is more difficult in the low frequency framework with higher measurement
errors. Indeed, as the measurement error grows, the covariates are becoming less accurate,
which clearly makes estimation less precise. In particular, we are unable to estimate the
intercept log(7p), as it remains close to the initial value. However, in practice this can be
solved step by step by trying several initial values to find the coefficients giving the highest
log-likelihood value. Some of the spline coefficients cannot be estimated as well. Perhaps
surprisingly, the estimates of the random effects standard deviations seem slightly better in
the low-frequency framework.

In practice, confidence intervals are often derived using the observed Fisher information
matrix, which is done in Section 6. It requires the Hessian matrix of the log-likelihood at
the estimated coefficients to be positive definite. If this is not the case, this may indicate
numerical errors or improper convergence.
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6. Application to narwhal data. In this section, we apply our CRCVM diffusion model
to analyse the behavioral response of the narwhals to ship and seismic airgun exposure. The
baseline model is fitted on the tracks before exposure to capture normal behavior. Deviations
from the baseline is then assessed by fitting a model with covariate F*"P on the tracks after
exposure with the offsets estimated at baseline.

6.1. Baseline estimation. We estimate the baseline model as described in Section 4.1 on
the data before exposure. We set the degree of freedom of the marginal splines to 5 leading
to a total number of 25 degrees of freedom, fix the smoothing penalties of the tensor splines
to 1, and initialize the random effects standard deviations to o, = o, = 1, and the spline
coefficients wy, k € {1,---,L} to 0. The measurement error standard deviation is fixed to
oops = D0 m based on the measurement errors of Fastloc-GPS found in (Wensveen, Thomas
and Miller, 2015).

Estimation and confidence intervals on the parameter scale are shown in Table 2. The
persistence is estimated to 7o = 1.35 h. In comparison, harbour seal in Alaska were shown
to exhibit slightly more persistent motion 7 = 1.51 h with 95% CI ; 1.30 — 1.75 (Johnson
et al., 2008) while bowhead whales in Greenland showed much less persistence 7 = 0.17 h
with 95% CI ; 0.14 — 0.20 (Gurarie et al., 2017). The intercept value for v is estimated to
vy = 4.60 km/h which is of the order of magnitude of the average of the observed velocities.

Coefficient | Estimate 95% CI
70 () 1.36 [1.06; 1.71]
v (km/h) 4.60 [4.12; 5.12]
wp (rad/h) | —0.00 | [~0.14;0.13)]
O'T7pre 0.21 [0057 056]
O']/7p7‘e 0.09 [0027 024]
TABLE 2

Baseline estimations

Figure 5 shows the estimated smooth w as a function of © for different values of the
distance to shore. Movement towards the shoreline matches values of © such that [©| > 7.
At 250 m away from the shore, there is a clear rotation of the velocity estimated to be +2.5
rad/h as © approaches +7. As distance increases, the magnitude of the angular velocity
decreases, which means that the movement becomes less tortuous. This indicates that the
spatial constraints influence the tortuosity of the movement by forcing the narwhal’s velocity
to rotate when they are close to the shoreline.

Fixing a high standard deviation for the measurement error tends to increase the estimate of
the parameter 7. Intuitively, for a low value of the measurement error, a tortuous trajectory can
only be caused by less persistent movement, whereas if the measurement error is high, a part
of the tortuosity can be attributed to the measurement errors, and therefore a higher estimate
of the persistence parameter. We fixed the measurement errors o, at different values and
found that the highest log-likelihood value was obtained for a standard deviation o5 close
to 50m. More details can be found in Appendix.

6.2. Response estimation. The baseline estimates of the spline coefficients wy, the inter-
cepts log(7), log(vp) and the standard deviations o, o, are used as offsets in the response
model. Only the sound exposure effects on 7 and v are estimated from the data after expo-
sure. Estimates and 95% confidence intervals are shown in Table 3. As the coefficients c,
and o, significatively deviate from zero, this suggests that sound exposure influences both
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Category
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== Far
Medium

-5.0 -m/2 /2
<]

Fig 5: Estimated smooth w as a function of the angle © for fixed distances to the shore: 250
metres for close, 1.41 km for medium, and 3 km or more for far (no effect of the shore).

Coefficient | Estimate 95% CI
ar (h) —3.43 [—4.77; —2.04]
ay (km/h) | 0.74 [0.23;1.25]
TABLE 3

Estimate of the parameters in the log-linear response model

the persistence and the velocity of the movement.

The estimated 7 and v are shown in Figure 6 as a function of the distance to the sound
source. The value of v increases with increased exposure to the sound. This should not come
as a surprise since, for instance, the average empirical velocity norm when the narwhals are
less than 5 km away from the ship is 5.7 km/h, which is more than 1 km/h higher than the
average empirical velocity norm before exposure.

We draw special attention to the parameter 7, which decreases with increased exposure
to the ship, implying lower persistence and lower autocorrelation in the velocity of the nar-
whals. This had been hinted at in (Heide-Jgrgensen et al., 2021), where it was shown that the
narwhals have more tendency to change direction and move towards the shore in presence of
the ship. This can be interpreted as a drop in persistence due to the appearance of the ship.
Our analysis suggests that the magnitude of this drop might be alarming: for most of the nar-
whals, at distance less than 5 km from the ship, the persistence is half the baseline value. This
is evidence of a strong shift in the behavior of the whales, which might have consequences
on their capacity to rest and forage at short term.

The distances to the ship D" (p) and D3"P(p) for which a percentage p of deviation
from the population baseline values 7y and 1 are reached are given by

ship _ CQr ship o ay

Table 4 shows these values for different proportions p. For 7, 90% of the baseline value

is recovered at a distance about 32 km. For v, 110% of the baseline value is reached at a

distance about 7 km. This indicates that sound exposure can be perceived and can disturb the
narwhals motion up to tens of kilometres.

We want to point out that the standard errors for these recovery distances are likely to be

underestimated, due to the uncertainty in the baseline estimates, and the dependence between
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Fig 6: Estimated effect of ship exposure on the parameters. The horizontal dashed lines rep-
resent the baseline values for each individual. The values on the x-axis are in kilometres. (a)
Persistence parameter 7. Values on the y-axis are in hour. (b) Velocity parameter v. Values
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on the y-axis are in km/h.

the measurement error and the estimates of the persistence parameters. However, the gen-
eral take-away remains valid: there is evidence of a decrease in persistence and an increase
in velocity up to a couple of tens of kilometers from the sound source. Along with other
studies, we believe it can serve as a guideline for mitigation measures towards the effects of

anthropogenic noise on the narwhals behavior.
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Percentage of deviation from baseline

Recovery distance (km)

D;Is_hip Dls/hip
50 49+1.0 1.84+0.4
10 325+6.7| 7.8+2.9

Estimated recovery distances of the baseline values within a 50% and 10% range with standard errors.

TABLE 4
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7. Conclusion and perspectives. We introduced a new method to constrain a stochastic
differential equation for animal movement in a bounded region of R2. Our approach relies
on modeling the angular velocity as a function of the distance to the boundary and the angle
between the velocity and the boundary normal vector. The additional term that constrains
the motion is included in the drift, and, for this reason, acts as a confining potential. We
demonstrated how to simulate such diffusions and how to model different behaviors close to
the boundary.

This new SDEs with smooth parameters depending on covariates was used to estimate the
movement of the narwhals in the fjords. We managed to show an increased tortuosity of the
trajectories when approaching the shore. More importantly, we showed that noise exposure
has a significant effect on some parameters that drive the motion by comparing a baseline
and a response model. We believe this method can be used as a basis for the assessment of
behavioral responses in many contexts, and hope it will help understanding better the effects
of anthropogenic noise on marine mammals movement.

We emphasize that, even if we were able to estimate quite reliably the smooth parameters
of the SDE, a part of uncertainty still remains. First, the log-likelihood function that we rely
on for the estimation is approximate, based on piecewise constant parameter values on each
time step. Given that observations are relatively high frequency (5 min between consecutive
observations in median), the error introduced is expected to be low, though we don’t have
theoretical bounds for it. Moreover, the constant covariate value that is used on each time
step is computed from the GPS observations, even though these observations come with GPS
measurement error. We don’t integrate the measurement error in the covariates ©, E*"? and
Ishore that we are considering. Since GPS measurement error are pretty low (a few tens of
metres) compared to ARGOS for instance, this may not introduce significant error in the
estimations. Eventually, Laplace approximation is used to approach the integral of likelihood
over the random effects. We did not discuss the error that may be introduced by this approx-
imation, but the simulation study show that despite all the approximations made along the
way, we are indeed able to get reliable estimates even for pretty complex models.

In the future, studying theoretical properties of the SDE models we used here might be of
significant interest. For instance, we did not prove any result or exhibit clear assumptions that
would guarantee that the process is effectively constrained. We noticed that in the literature
of animal movement modeling, whether that would be with SDEs, HMM or step-selection
functions, spatial constraints are rarely considered. We hint that better considerations of the
spatial constraints can give new insights into the interactions between marine mammals and
their environment.

Funding. The authors would like to thank the CNRS and IRN Madef for funding A.
Delporte, and MIAI - ANR-19-P31A-0003 for the funding of A Samson.

SUPPLEMENTARY MATERIAL

Shapefile for land geometry
Shapefile based on OpenStreetMap data for the land polygons in Scoresby Sound fjords
system. We used high resolution satellite images to improve it with ggis software
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