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Abstract

Buoy data in the form of multivariate time series are routinely recorded at many locations in the world’s oceans.
Such data can help characterise the ocean wavefield by modelling the frequency-direction spectrum. State-of-
the-art methods for estimating the parameters of such models do not make use of the full spatiotemporal
content of the buoy observations due to unnecessary assumptions and smoothing. We explain how the
multivariate debiased Whittle likelihood can be used to jointly estimate all parameters of such frequency-
direction spectra directly from recorded time series. We apply the method to North Sea buoy data and
discuss challenging practical issues.
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1 Introduction

Applications of multivariate time series and spatiotemporal statistics are ubiquitous, for example
using the affordable and widespread availability of GPS and accelerometer technology to track in-
dividuals and objects in three spatial dimensions over time. Applications include clinical studies of
human rest/activity cycles (actigraphy) (Geraci, 2019), player activity in sports (Tierney et al.,
2016), motor vehicle tracking (telematics) (Verbelen et al., 2018), animal and wildlife tracking
(Rivest et al., 2016), the tracking of large-scale currents and drifting objects in oceanography
(O’Malley et al., 2021; Sykulski et al., 2016), as well as measuring ocean surface waves using
buoys—the final of which is the focus of this paper. The raw time series obtained from such devices
are high frequency, but often noisy, and current practices throw away or over-smooth data with-
out utilising their full potential. In this paper, we present a likelihood-based stochastic modelling
approach that can meaningfully extract and estimate more spatiotemporal features from ocean
wave observations than current methods—but we present our methodology in such a way that
it can be applied more broadly to spatiotemporal data, including handling model misspecification,
anisotropy, high- and low-frequency noise, aliasing, non-stationarity, and uncertainty
quantification.
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Wind-generated surface gravity waves are an important feature of the ocean environment.
Understanding the behaviour of such waves is of great scientific and engineering interest, with ap-
plications ranging from the design of ships and marine structures to modelling coastal flood risk.
As such, large quantities of high-frequency time series data are routinely recorded in order to help
improve our understanding of the waves, generating a variety of statistical challenges.
Characterisation of the wave environment needs to reflect the evolving nature of multiple weather
systems, and the presence of measurement uncertainty.

From a modelling perspective, we typically seek to model the vertical displacement of the ocean
surface over two-dimensional horizontal space and time. The second-order characteristics of this
spatiotemporal process are usually summarised by the frequency-direction spectrum, which ‘is the
fundamental quantity of wave modelling and the quantity that allows us to calculate the conse-
quences of interactions between waves and other matter’ (Barstow et al., 2005). Heuristically,
the frequency-direction spectrum quantifies the contribution to the variance of the wave process
from multiple sinusoidal components with different frequencies travelling in different directions.
This description assumes that the wave process is stationary; however, in reality this is not gener-
ally the case. To address this, wave records are usually partitioned into shorter intervals of time
series (referred to as sea states), each of which can be treated as stationary (Holthuijsen, 2007).

High-resolution measurements of the ocean surface in space and time are rarely available.
However, recordings of the vertical displacement of the ocean’s surface at a single location
(e.g., using a wave staff or downward-facing radar) or of the motions of floating devices (e.g.,
buoys) are common (Jensen et al., 2011). In particular, modern buoy measurements provide
time series of the buoy’s full three-dimensional displacement. Such measurements are then used
to estimate the frequency-direction spectrum, though in general this estimation is not trivial to
perform.

Parametric estimation of the frequency-direction spectrum usually uses either a method-of-
moments or least-squares approach. In general, neither approach is optimal statistically.
Furthermore, these techniques rely on non-parametric estimates of the frequency-direction spec-
trum, which exhibit substantial bias. As a result, these approaches perform poorly and can only
reliably estimate simple location parameters such as the peak frequency or mean direction of
the observed wave process. We propose using likelihood inference directly on the buoy data,
avoiding both the poor performance of method-of-moments and least squares; and the issues gen-
erated by the non-parametric estimation. Ideally, parametric inference would be made using
maximum-likelihood estimation with the full sample likelihood; however, the full likelihood is ex-
pensive to compute. Fortunately, adoption of the Whittle likelihood (Whittle, 1953) provides a
computationally efficient alternative to full maximum-likelihood inference, which produces con-
sistent parameter estimates and is optimally convergent. Furthermore, debiased Whittle likelihood
inference (Sykulski et al., 2019) removes the finite sample bias present in Whittle likelihood infer-
ence, without compromising standard error or computational efficiency.

Grainger et al. (2021) demonstrated in a univariate setting that debiased Whittle likelihood in-
ference yields significant improvements over competitors, when estimating parameters of the spec-
tral density function of ocean waves recorded only over time. The paper we present here seeks to
generalise this methodology to incorporate directional characteristics of the wavefield. However,
this extension is nontrivial, since the full spatiotemporal process, which constitutes the wavefield,
is not recorded, and hence the spatial debiased Whittle likelihood of Guillaumin et al. (2022) can-
not be applied directly. Instead we describe computationally efficient parametric estimation of a
frequency-direction spectrum fitted directly to multivariate time series buoy data. Using a multi-
variate extension of the debiased Whittle likelihood we are able to obtain parameter estimates
with lower bias and variance than competitor techniques. Our real-world data analysis reveals ro-
bust parameter estimates and captures their evolution over time during a storm; in contrast, such
an analysis using existing techniques results in estimates that evolve erratically over time.

The structure of the paper is as follows. Section 2 gives some background on ocean waves, in-
troduces an example data set and describes a model for the frequency-direction spectrum of wind-
sea waves. Section 3 describes the debiased Whittle likelihood inference, and demonstrates its
performance by simulation. In Section 4, we then apply the debiased Whittle inference to the

See Appendix for a more formal definition.
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example data set introduced in Section 2.2, discussing a number of important practicalities of the
analysis. Finally, Section 5 provides a discussion and conclusions.

2 Background

2.1 Ocean waves and frequency-direction spectra

Much of the interest in ocean waves relates to the surface displacement of the water over space and
time, which is treated as a stochastic random field.

Usually, the waves are assumed to be stationary and mean-zero within a given time window
(often 30 min), referred to as a sea state. The covariance structure of the random field for this
sea state is then described by the frequency-direction spectrum, S(w, ¢), the frequency-domain
equivalent of the spatiotemporal autocovariance (see Appendix A.1 for more details).

Examples of frequency-direction spectra are shown in Figure 1, corresponding to: left, wind-sea
only; middle, wind sea and swell; and right, wind sea with two swells. Heuristically, if we think
about the spectral representation of a process as decomposing that process into a ‘sum of sinus-
oids’, then S(w, ¢) can be thought of as describing the contribution to the variance from a wave
of a given angular frequency, @ (measured in rad Hz), travelling from a given direction, ¢ (meas-
ured in radians). For example, the left-hand panel of Figure 1 describes a process where most of the
variance is generated by sinusoids travelling from a southwards direction (z radians) with angular
frequencies around 0.8 rad Hz. In contrast, the right-hand example describes a process with major
contributions to the variance from sinusoids with three different directions and frequencies.
Notice that the direction is measured clockwise from North in radians and is the direction a
wave is travelling from and not towards.”

Direct characterisation of the wavefield would require measurements of surface displacement
over space and time. Outside of laboratory wave tanks (Forristall, 2015; Schubert et al., 2020),
shallow lakes (Young et al., 1996), or coastal regions (Eastoe et al., 2013; Long &
Oltman-Shay, 1991), this is very difficult to achieve with current technology. However, it is rela-
tively straightforward to measure some characteristics of the wavefield, and to use these measure-
ments to infer properties of the latent spatiotemporal process. For example, we can use
measurements of the motion of a floating buoy to approximate the Lagrangian motion of a particle
on the water’s surface, recording time series Z(¢), X(¢), and Y(z), of the vertical, northwards and
eastwards displacements of the buoy, respectively.

We may also describe the covariance structure of the vector-valued stochastic process P(t) =
[Z(2), X(t), Y(#)]T (which is assumed to be stationary and mean-zero) by the spectral density ma-
trix function

fzz(w) fzx(w) fzy(w) 1 ]
f(CU) = fxz(w) fxx(w) fxy(CU) ZZTI_OO C(T) et dT, (21)
fyz(w) fyx(w) fyy(w)

provided certain technical conditions are satisfied (see Brockwell & Davis, 2006, for example),

where ¢(7) = [E[P(T)P(O)T]. Under linear wave theory (see Holthuijsen, 2007, for example), there

is a transfer function G(w, ¢) =[1, icos ¢, ising]” for w >0, which is conjugate symmetric and
zero at w = 0 (Isobe et al., 1984), such that

flo)=1" Glo, $)Glo, $)"S(e, $) dg, (2.2)

where A denotes the conjugate transpose of a matrix A. This directly relates the frequency-
direction spectrum, S(m, @), to the spectral density matrix function, f(w), which is a feature we
shall exploit to perform inference. From (2.2), we can immediately see that, for all w € R, f(w)
is non-negative definite for any non-negative choice of S(w, ¢) (and indeed for any choice of

2 Both conventions are used in the literature (Barstow et al., 2005); however, we favour direction from as it means

that the relation to the autocovariance is the same as the one used in the statistics literature (see Appendix A) and is the
same as the convention for wind direction, making comparisons easier.

€202 aunp gz uo 1sanb Aq 8720V | L/¥S/€/Z.L/o191HE/0SSSI/W09"dNO"01WapED.//:Sd)lY WOy papeojumod



J R Stat Soc Series C: Applied Statistics, 2023, Vol. 72, No. 3 547

S s S

Figure 1. Example frequency-direction spectra. The left-hand panel shows the frequency-direction spectra
corresponding to a single wind-sea, the middle shows a wind sea and single swell and the right shows a wind sea
and two swells. Direction here is the direction the waves are travelling from. The polar plots have direction from
north (rad) on the angular axis and angular frequency (rad Hz) on the radial axis.
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Figure 2. The effect of varying the mean direction of a wind-sea model on both the frequency-direction spectrum
(S(w, ¢), left) and the corresponding spectral density matrix function (f(w), right). The elements of f(w) are shown as
a ‘matrix of functions’, plotting the real part in the lower triangle and imaginary part in the upper triangle. Due to the
conjugate symmetry of f(w), this representation contains all of the information present.

G(w, ¢), which may be required for other measurement systems, such as a heave-pitch-roll buoy).
Therefore, if we specify a model for S(w, ¢) then we can obtain a model for f(w). However, the
relation in (2.2) is not invertible in general.

Figure 2 shows an example of the relationship between S(w, ¢) and f(w) for four different sea
states, differing only by mean direction (indicated by the four colours). The difference in mean dir-
ection is obvious in S(w, ¢) in the left-hand panel, and can still be identified from f(w) in the right-
hand panel, even though f(®) does not provide a complete description of S(w, ¢).

2.2 Example data

For the purpose of illustration, we consider a z, x,y time series recorded using a Datawell
Waverider MKIII buoy (Datawell, 2006) in the southern North Sea, at a sampling rate of
1.28 Hz. This particular five-day period is chosen to provide an illustration of various physical
phenomena often present in the ocean. Within the period, 30-min sea states (assumed stationary)
range from being straightforward to being difficult to model, allowing us to explore the practical
applicability of the technique we propose.

Figure 3 shows a summary of the five-day period in question. The first panel of Figure 3 shows

significant wave height, H, = 4,/ var(Z(t)), for each of the sea states, quantifying the roughness of
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Figure 3. Summary of the storm data, showing significant wave height, wind speed, a spectrogram on the decibel
scale, mean wave direction over time and frequency (direction the waves are travelling from, in radians clockwise
from North) and the wind direction over time (direction the wind is travelling from, in radians clockwise from North)
recorded at a nearby platform. The x-axis labels are at the start of the day, e.g., day 1 denotes the start of day 1.

the ocean’s surface. The second panel shows wind speed recorded at a nearby platform. The third
panel shows a spectrogram plotted on the decibel scale, computed using multitapering (Thomson,
1982) with half overlapped 30-min windows (with NW =4 and K = 7 Slepian tapers), describing
the time-frequency characteristics of the record. The fourth panel shows the mean direction of the
waves at different frequencies over time, as defined by Kuik et al. (1988), again computed using
half overlapped 30-min windows. The final panel shows the wind direction over time at a nearby
platform.

The record is made up of a variety of component weather systems, which are most easily iden-
tified from the mean wave direction (fourth panel). At the start of the record there are two com-
ponents present, a high-frequency wind sea and lower-frequency swell. These components fade
out throughout day 0, as can be seen from H, (first panel). A new high-frequency wind sea devel-
ops from the start of day 1, with a clear change in mean wave direction (fourth panel). Throughout
day 1, this new component increases in magnitude and transitions to lower frequencies (see third
panel), peaking at the start of day 2. Half way through day 2, the wind drops off and then increases
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(second panel) and changes direction (fifth panel). In response, we see another wind-sea compo-
nent develop with a different direction to the previous component (fourth panel). Towards the
end of day 3, a similar event occurs (though to a lesser degree) and we again see a change in dir-
ection. Meanwhile, the swell persists in a low-frequency band throughout (third and fourth pan-
els), though it is small in magnitude and narrow-banded in frequency compared to the wind sea (as
can be seen from the spectrogram).

2.3 Models for wind sea
When modelling the frequency-direction spectrum, the spectrum is decomposed as

S(w, ¢) = f(w)D(w, ¢) (2.3)

where f(w) is the marginal spectral density function of the vertical displacement and D(w, ¢) is the
so-called spreading function. The marginal spectral density function, f(w), can be thought of as
describing the contribution to the variance from waves of a given frequency regardless of direction,
whereas the spreading function, D(w, ¢), describes the distribution of wave variance for waves of a

given frequency over direction. The spreading function satisfies féﬂ D(w, ¢)dp =1 and D(w, 0) =
D(w, 2x) for all w € R. Figure 4 shows an example of the decomposition given in (2.3) for the
model described in the remainder of this section.

For the purpose of this paper, we use the JONSWAP spectral density function first described by
Hasselmann et al. (1973), which we denote f(w; 6), where 6 is the vector of parameters. The
JONSWARP spectral density function is widely used for modelling the univariate vertical surface
displacement resulting from wind-sea waves. Based on physical observations, Hasselmann et al.
(1973) developed the JONSWAP spectral density function with an asymmetric peak and a poly-
nomial decay in the high-frequency tail. There is debate about the rate of this tail decay (e.g.,
Hasselmann et al., 1973; Hwang et al., 2017; Phillips, 1985; Toba, 1973), and so we treat the
tail decay index as a free parameter in our analysis. The form of the JONSWAP spectral density
function for ocean surface gravity waves can also be motivated from basic physical considerations.
Wind waves are generated by the wind blowing over the ocean’s surface, through a combination of
three physical processes. Wind field turbulence disturbs the water’s surface, creating high-
frequency surface water waves. Then, wind-wave interaction causes these surface waves to
grow in amplitude. Thereafter, wave—wave interactions propagate wave energy from higher to
lower frequencies. This produces a wave spectral density function with a single spectral peak
and long high-frequency tail, with peak frequency evolving from higher to lower frequency during
an ocean storm of limited duration.

Various models have been proposed for the directional spreading of wind-sea waves. A large
number of experimental studies (e.g., Ewans, 1998; Wang & Hwang, 2001; Young et al.,
1995) indicate that the spreading function is bimodal with direction, for frequencies exceeding
the peak frequency. This finding is supported by theoretical arguments involving directional en-
ergy transfer through wave-wave interactions (Banner & Young, 1994; Toffoli et al., 2010;

6 |l 2.0 2.0 6

5 = 5 1.00
c 18 g, 15 .
s4 |a g g 4 075
pr} o° 1.0 =]
9 3 1.0 r i 93
= ? = = 0.50
e 0.5 g 05 =2

. (= Rk
1 & 1 0.25
o W4 0.0 0.0 0
0 1 2 3 0 1 2 3 0 1 2 3
angular frequency angular frequency angular frequency

Figure 4. Example of the decomposition of a frequency-direction spectrum, showing the frequency-direction
spectrum (left), marginal spectral density function (middle) and spreading function (right). Plots are given using
Cartesian coordinates as this makes the arms of the spreading function easier to visualise.
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Young et al., 1995). For this reason, we adopt the bimodal wrapped Gaussian model of Ewans
(1998) in this work. At each frequency, the spreading function over direction is assumed to be
a bimodal wrapped Gaussian with means ¢,,;(®; 0) and ¢,,,(w; 0), but the same standard devi-
ation® o(w; 6). In other words,

. 1 (¢4l 0) - 2zk
Diw, ¢;0)=> wamZZexp{ ( oD )} (2.4)

k=—c0 i=1

Table 1 gives a description of the parameters of the model, as well as the equations to which they
relate. A more complete description of the model is given in Appendix A. Note that the inference
approach described in this paper is applicable for other models, but the model described here has
been chosen for definiteness.

3 Modelling process

We aim to jointly estimate all the parameters of Table 1, both marginal and spreading, given a
sample of three-dimensional displacement. In this section, we describe the proposed inference
technique, and demonstrate in simulations that it yields significant improvements in performance
over the existing least-squares and moments-matching approaches, described in Appendix B. For
brevity, we shall refer to such techniques as competitor techniques for the remainder of this paper.
In contrast to competitor techniques, we convert the model for the frequency-direction spectrum
to a model for the spectral density matrix function of the data we actually observe, and then fit the
model directly to the data. This is statistically more appealing as we fully exploit the degrees of
freedom in the observational data, rather than performing unnecessary smoothing transforma-
tions before model fitting, and is the key reason our method performs better.

3.1 Model fitting

Due to the quantity of available data, computationally efficient inference techniques are desirable.
For a Gaussian process, full maximum likelihood would require the inversion of a 37 X 37 matrix.
This is expensive when 7 = 2304 as in our case, especially given that we have a different time series
every half an hour. Furthermore, we may wish to only model a certain frequency range (see e.g.,
Section 4.1 for our application study), which is hard to achieve with full maximum likelihood.
Frequency-domain psuedo-likelihoods such as the debiased Whittle likelihood (Sykulski et al.,
2019) provide a nice alternative to full maximum-likelihood inference. Debiased Whittle likeli-
hood inference has been shown to perform well in a variety of applications, including for planetary
topography (Guillaumin et al., 2022), ocean drifters (Sykulski et al., 2016) and univariate record-
ings of ocean waves (Grainger et al., 2021). For these reasons, we use a multivariate extension of
the debiased Whittle likelihood due to Guillaumin et al. (2022).

Let P;5 = P(¢tA) for t € Z be the discrete-time process arising from sampling {P(¢)} every A sec-
onds. Assume we have a sample of length 7, the periodogram, I,,(w), is defined as

n—1
=)@ where J,(w)= /%;pm emitho

usually evaluated at the Fourier frequencies Q,, = {2zj/n | j € { - [n/2]1 + 1, ..., |n/2]}} using the
Fast Fourier Transform (Cooley & Tukey, 1965). The multivariate Whittle likelihood (Whittle,
1953), in its discrete form, is given by

- Z log |f (w3 O)| + tr{L,(0)f (w3 6)7"), (3.1)
w€EQ
where Q C Q,, and f(w; 0) denotes a parametric spectral density matrix function with parameter

3 The standard deviation is referred to as angular width by Ewans (1998).
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Table 1. Parameter descriptions and relevant equations

Parameter Description Parameter space Equation
a scaling parameter (0, )
) peak frequency (0, o) flw; 0) = aw™ exp{ —4( % )~ H)yle:0)
y peak enhancement factor [1, o)
r spectral tail decay index (1, c0) S(w; ) =exp{— m(‘;—"p‘ -1
B mean direction [0, 27)
B limiting peak separation [0, 27) )
. b1 (@; 0) =4, +Bexp{—v-min(w,/lwl, 1)}/2

v peak separation shape [0, o) .

o . G2 (@; 0) =4, — Bexp{—v-min(w,/|wl, 1)}/2
g limiting angular width [0, o)
o, angular width shape [0, o0) o(w; 0) = o1 — % {4( “:—j‘ )2 — (% )%

Note. . The first four rows describe the parameters for f(w; 6) whilst the others describe the parameters for D(w, ¢; 6) as
described in (2.4).

vector 6. The multivariate Whittle likelihood suffers from finite sample bias, especially as the di-
mension grows, so a debiased version may be used to improve estimates, accounting for sampling
effects such as aliasing and blurring. Aliasing results from regular discrete sampling of a
continuous-time process. Blurring results from sampling a time series for finite duration.
Specifically, the finite sample results in a convolution in the frequency domain which causes spec-
tral density estimates to ‘blur’ or ‘leak’ across frequencies. In the case of 1.28Hz wave data re-
corded for 30 min, the blurring is minor; however, for shorter records this is not the case, and
using the debiased Whittle likelihood is beneficial.
The multivariate debiased Whittle likelihood (Guillaumin et al., 2022) is

p(0) ==Y log [E[T,(@); 0| + tr{L,()E[L,(); 6]}, (3.2)

w€eQ

where the expected periodogram can be efficiently computed using the relation

A E ,
E[l(w); 6] =5, Z (1 = |dl/n)c(z; 6) e,
=—n+1

In our case, the autocovariance, c(z; ), is not known analytically, and instead must be approxi-
mated numerically from the spectral density matrix function. Since models are specified for the
continuous-time process, the most efficient way to approximate the autocovariance is to first ap-
proximate the spectral density of the discrete-time process, then approximate the autocovariance
(Grainger et al., 2021). The first step requires aliasing the spectral density of the continuous-time
process by wrapping in contributions from infinitely many frequencies above the Nyquist fre-
quency, 1.e., computing

fal@)= )" flo+2zk/A). (3.3)

k=—00

To do this numerically, we have to use a truncated version of the sum in (3.3). In practice, the in-
strument may not respond to waves with frequencies above a certain threshold, or the data may
have been filtered in preprocessing (Datawell, 2006). Therefore, the recorded process may not
be aliased to the same extent as the theoretical sampled process. In our case, we treat the buoys
as if no aliasing has occurred (i.e., retaining only the £ = 0 term in (3.3)) due to the observed drop-
off in the spectral density at the highest frequencies, as can be seen from panel 3 of Figure 3.
However, we note that this technique is able to account for aliasing, should it be felt that aliasing
is present.
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In both (3.1) and (3.2), summation is over a set Q. Usually Q = Q,; however, we may wish to
remove some frequencies to avoid model misspecification (see Section 4.1) or because at some fre-
quencies in the periodogram the ordinates can be highly correlated for finite samples, which harms
Whittle estimation. We then maximise this likelihood function using numerical methods, detailed
further in Appendix C.

3.2 Simulation study

We now present a simulation study comparing the debiased Whittle likelihood inference proposed
in Section 3.1 with the least-squares and moments-matching techniques described in Appendix B.
We have chosen three different scenarios that represent possible conditions seen in practice, in-
cluding cases where certain parameters are on the boundary of the parameter space (as this is likely
to cause problems for estimation techniques). The parameters for each scenario are given in
Table 2, and the corresponding frequency-direction spectra are given in Figure 5.

Scenario 1 is a classic example of a fetch-limited wind sea, with directional shape parameters
fixed to the standard values from Ewans (1998), and y=3.3 from Hasselmann et al. (1973).
Scenario 2 is almost identical, except that o, is set to 0, meaning that o(w; 6) is constant over fre-
quency. Heuristically, this corresponds to a frequency-direction spectrum where the width of each
arm in the spreading function is constant over frequency (see Figure 4 for the notion of an arm).
This scenario is included because we often see this parameter tending towards the boundary of the
parameter space in practice (as in Section 4.2), and it is useful to explore the effect of this on other
parameter estimates (though we cannot say anything about the impact of model misspecification
from this). Finally, scenario 3 is a Pierson—-Moskowitz spectrum for a fully developed sea (Pierson
& Moskowitz, 1964), also using the standard spreading parameters from Ewans (1998). This is a
special case of the JONSWAP spectrum with y = 1, and so is of particular interest as it lies on the
boundary of the parameter space.

We simulate 1000 time series from each of the scenarios and estimate the model parameters us-
ing each of the techniques from Appendix B alongside the debiased Whittle likelihood inference
from Section 3.1.* In particular, we use the least-squares technique described in Appendix B.1
with both MLM- and MEM-based estimation of frequency-direction spectrum and the moments-
matching approach described in Appendix B.2. Whilst there are three different methods from the
existing literature in our comparison, they all use the same technique to estimate the parameters of
the marginal spectral density function. As such, Figure 6 shows the marginal parameters estimated

Table 2. Table showing the parameters for each scenario in the simulation study

a ) y r (- B v o oy
Scenario 1 0.7 0.8 3.3 N /2 4 2.7 0.55 0.26
Scenario 2 0.7 1.1 3.3 N /2 4 2.7 0.55 0.00
Scenario 3 0.7 1.0 1.0 N /2 4 2.7 0.55 0.26

S S

Figure 5. Frequency-direction spectra for Scenario 1 (left), Scenario 2 (middle), and Scenario 3 (right), as defined in
Table 2.
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Figure 6. Boxplots of the parameter estimates from the simulation study for parameters of the marginal spectral
density function, with the true values indicated by dashed lines. Marginal parameters estimated using least squares
(LS), univariate debiased Whittle (DW uni), and full multivariate debiased Whittle (DW) are shown.

using least squares (the marginal technique for the competitor techniques), univariate debiased
Whittle on only the vertical displacement, and multivariate debiased Whittle on all three time ser-
ies. Figure 7 shows the spreading parameters where the least-squares technique is now split into
the three directional variants: least squares with MLM, least squares with MEM, and the
moments-matching approach; and the univariate debiased Whittle is not included (as it cannot
be used to estimate the spreading parameters).

From Figure 6, we see a clear improvement in the debiased Whittle when comparing to least
squares, especially in terms of variance, as has already been reported by Grainger et al. (2021).
Additionally to the results already seen in Grainger et al. (2021), there is also a benefit to estimat-
ing the parameters of the marginal spectral density function from all three series (as opposed to
from the vertical displacement alone). Traditionally, estimating the marginal parameters has
been treated as a separate problem from estimating the spreading parameters, with only the ver-
tical displacements used to estimate the marginal parameters. However, this clearly throws away
useful information about the marginal parameters which is present in the x and y time series.
Furthermore, in Scenario 3, debiased Whittle likelihood recovers all of the parameters well, despite
the true value of y being on the boundary of the parameter space (though clearly the estimates of y
are not normally distributed).

Similarly, Figure 7 demonstrates a stark difference between competitor techniques and debiased
Whittle likelihood inference. Other than the mean direction ¢,,, we see substantial bias in all the
other parameter estimates from each of the three existing techniques which is not present in the

4 In Scenario 2, for nine of the replications, the least squares with MEM optimisation did not converge. For this rea-

son, in the results for Scenario 2 we include only the 991 replications for which the optimisation of all objective functions
converged.

€202 dunf gz uo 1sanb AQ 820V | 2/¥S/€/Z L/2101HE/0SSSI /W09 dNO"D1WaPED.//:SA)Y WO PapEOjuMOd



554 Grainger et al.

Scenario 1 Scenario 2 Scenario 3
1.70 170 170
1.65 ry 1.65 1.65
1.60 -5~ 160 -~ 160 -
£ z il s ___$‘ sl 2= ___$. = £5 ___.$.
155 - 155 % het-1.58 % % -
1.50 e 1.50 ) 1.50 r
145 @ . 1.45 1.45
LSmim LS mem moment DW LS mim LS mem moment bW LSmim LSmem moment DW
6 T ® 6 ! g 6
5 5 l 5
Lt SEEEEE B 4 -—zbroeee B R 4--
[
| 3 3
2 2 2
1 = 1 1 -
0 V] 0
LSmim LS mem moment DwW LS mim LS mem moment DW LS mim LS mem moment DW
9 9 9
6 5] 6
> % 2
S L LLCTTE EEeEe % 3 —i ————— % 3 ——i —————————————————————— = =S
L] el

LS mim LS mem moment DwW 0 LS mim LS mem moment Dw 0 LS mim LS mem moment Dw

15 15 15
» —t— +

iz = ; ___________ o B8 :: b ARSE EREEESS - :Z -?q:- """""""" i

0.5
0.0 0.0 0.0
LS mim LS mem moment DwW LS mim LS mem moment DwW LSmim LS mem moment DwW
0.9 1.2
1.0
0.6 0.8
03 * 0.6 %
04 é L
0.0 Ai _____ .______i____-ﬂ-_. ______________________ ﬁ
0.2 » = =
0.0
LS mim LS mem moment DwW LS mim LS mem moment DwW LSmim LS mem moment DwW

Figure 7. Boxplots of parameter estimates from the simulation study for parameters of the spreading function, with
the true values indicated by dashed lines. Spreading parameters estimated using least squares with MLM (LS mim),
least squares with MEM (LS mem), the moments-matching approach (moment), and multivariate debiased Whittle
(DW) are shown.

debiased Whittle likelihood estimates. We also see that the debiased Whittle estimates exhibit sig-
nificantly less variance across all parameters and scenarios. From Scenario 2, we see that debiased
Whittle likelihood inference still performs well when g, is on the boundary of the parameter space
(though again estimates are not normally distributed). Additionally, when estimating B, we see
that least squares with MLM in scenario 1 and moments-matching in Scenarios 2 and 3 the ma-
jority of the estimates are on the upper boundary of the parameter space, an issue which debiased
Whittle likelihood inference does not have.

4 Modelling the example data set

We now apply debiased Whittle inference for S(w, ¢; 6) (Table 1) to the data set introduced in
Section 2.2. Both wind sea and swell are present in our example record. However, we have chosen
to model only the wind sea as the purpose of this paper is to introduce a new inference technique, and
this is easiest to illustrate and scrutinise with a simple wind-sea only model. The debiased Whittle
procedure could naturally be used on a swell-only model (or indeed a joint wind-sea and swell mod-
el) should the swell characteristics be of further interest, but this is reserved for future work.
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Due to issues with the measurement device and other contaminating processes, certain fre-
quency regions do not reflect the process we are interested in modelling. Therefore, careful selec-
tion of the frequencies included in the objective function must be performed prior to inference.
Selecting these frequencies is difficult, but there are principled ways to choose them. In particular,
the buoy data do not accurately represent the data which we are interested in modelling at the low-
est and highest frequencies (van Essen et al., 2018). As such, we select a low- and high-frequency
thresholds and use only the frequency interval between the thresholds in our analysis, as we shall
now detail in Section 4.1.

4.1 Specification of low- and high-frequency thresholds for inference

Model misspecification presents a significant challenge for the fitting techniques discussed in this
paper. Such misspecification can be generated in a variety of ways. Firstly, other component wea-
ther systems that we do not want to (or cannot) model may be present. Secondly, there may be
noise due to the buoy not following the true motion of a particle on the water’s surface.
Finally, the approximations made by linear wave theory that justify the transfer function in
(2.2) may not be valid. All of the aforementioned problems affect some frequencies more than
others. Therefore, we shall remove frequencies that are heavily contaminated before fitting models
to the data. Because we are using a frequency-domain pseudo-likelihood, this is easy to do, and
essentially just involves omitting the appropriate Fourier frequencies from the likelihood (as dis-
cussed in Section 3.1).

However, choosing which frequencies to remove is not trivial. One useful guide comes from
(2.2), which implies that f..(®) = fxx(®) + fyy(®) under linear wave theory. Motivated by this,
we define the error function R(w) = log (fix(@) + fyy(®)) — log (f:(®)).” An estimate, R(w), of the
error function can be obtained by first estimating the spectral density functions, then plugging
them into the above formula for R(w). Clearly, we would expect R(w) ~ 0 for all w € [0, 7/A],
so deviations from zero may indicate that there is a problem with a certain frequency range.
Figure 8 shows a plot of R(w) for each half hour period from our example data set introduced
in Section 2.2 using multitapering (again with NW =4 and K = 7 Slepian tapers).

From Figure 8, we see a blue band in the very lowest frequency range with a red band sitting in
the frequency range just above this, where the absolute value of the error function is significantly
larger than zero. Therefore, in low frequencies the transfer function mentioned above is not valid,
and as a result these frequencies are removed when fitting the model. Additionally, R(w) is slightly
negative in the highest frequencies. In other words, the spectral density of the {X(#)} and {Y(?)}
processes decays more rapidly than that of the {Z(#)} process in the high-frequency tail. This is pos-
sibly because the accelerometers for measuring the horizontal displacement of the buoy are
mounted in a different way to the accelerometer measuring the vertical displacement, though
more investigation is needed to ascertain the source of this discrepancy. Regardless, it is the general
consensus that these instruments are more reliable for the middle of the frequency range than they
are at the highest and lowest frequencies, and standard quality control of buoy data include checks
for excessive level of low- and high-frequency spectral density (Christou & Ewans, 2014, for
example).

Additionally, an old wind sea and a swell are present in the early sea states with the swell per-
sisting, albeit with little energy, for most of the record. Since models for such conditions are be-
yond the scope of this paper, we only begin modelling when the new wind sea has become
dominant, and remove frequencies in which the swell is large or R is sufficiently far from zero.
In particular, for each half hour period, we pick the cut-off frequency to be the largest frequency
below the peak frequency which either has an average R larger than some threshold® or has a mean
direction sufficiently far from the average of the wind-sea mean direction. For more details, see the
code provided on GitHub (Grainger, 2022a). Additionally, frequencies beyond 3.8 rad Hz are also
removed due to the observed drop-off in spectral density. Figure 9 shows this choice of modelling

Note that this relation is for the deep water case. The finite water depth version is slightly different and given in
Appendix A.4. The finite water depth version is used in Figure 8, though for simplicity we state the deep water version
here. The quantity R(w) is related to the check ratio often used in quality control for buoy data ((2019), U.S.).

By average here we mean the average R in some window centred on the frequency in question, and we use a thresh-
old of 2.
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Figure 8. Heatmap of Rlc) for each half hour period in the example data set, computed using multitapering.
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Figure 9. Spectrogram of the example data set on the decibel scale, with the period used in the fitting delimited by
solid vertical lines, and the choice of frequency range over the period of interest shown by the dotted lines.

period and low-frequency threshold with the modelling period delimited by dashed vertical lines
and the threshold shown by dotted lines, indicating that only frequencies between these lines are
included.”

4.2 Parameter estimates

Here we estimate model parameters for S(w, ¢; 0) using debiased Whittle inference, for the fre-
quency intervals specified in Section 4.1. Most of the parameters are initialised from standard val-
ues, with the only exceptions being w;, and ¢,, which are initialised by picking the frequency
corresponding to the maximum of a non-parametric estimate of the marginal spectral density
function, and the mean direction corresponding to this frequency respectively.

Figure 10 shows the parameter estimates, with 95% approximate confidence intervals, calcu-
lated using the expected Hessian matrix and assuming parameters are Gaussian distributed.
The location parameters w, (the peak frequency) and ¢,, (the mean direction) behave as expected,
following the spectral mode and reacting to changes in wind direction respectively. They also
evolve smoothly in time, despite fits being performed independently on non-overlapping sea states.
The shape parameters for the marginal spectral density function (y and ), clearly have time-
varying behaviour. The peak enhancement factor, y, increases as each component wind sea
evolves, then decreases as the component wind sea dies out. Similarly, from the estimates for 7,
the tail decay becomes less steep between components. It is likely that this is due to model misspe-
cification, as we really have two wind-seas present, but are only modelling one of them.
Furthermore, the shape parameters for the directional spreading (8, v, g; and a,) also show anom-
alous behaviour during these overlaps. In particular, we see large values of f (hitting the upper
bound of the parameter space). Large values of B correspond to a wide spreading over direction,
which likely occurs because there is another component present with different directional proper-
ties. However, outside these overlap periods we see stability in the parameters estimates, which is
encouraging. Additionally, some of the estimates of o, drop-off to zero, because the low-frequency

Some of the highest frequencies are also removed from the objective function. This is because the response of the
buoy falls off rapidly at the highest frequency, which is likely a result of the instrument’s inability to respond to the waves
and the use of digital filters during post processing, details of which can be found in Datawell (2006).
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Figure 10. Parameter estimates using debiased Whittle likelihood inference over the period in question with
approximate 95% confidence intervals. The two panels in the second row also include the spectrogram and wind
direction for context. In order left to right then down, the panels show: Hs; é; &, over the spectrogram on the decibel
scale; ¢,, and wind direction; 7; # and ¥; 7; and &, and &, with approximate 95% confidence intervals.

threshold can make o, unidentifiable as much of the information about o, resides in frequencies
below the peak frequency. As a result, we have an identifiability-bias trade off as lowering the
threshold frequency introduces more of the noise processes, which tends to result in biasing of ,
but raising the threshold makes o, unidentifiable. This is a difficult problem and is an important
area of further research which we discuss more thoroughly in Section 5.

In summary, the parameter estimates converge to sensible values in the majority of sea states
where a single wind-sea is present. Furthermore, looking at sea states where parameter estimates
go to boundaries or unrealistic values helps to extract time periods of interest where the model fails
and separate investigation is warranted.

5 Discussion and conclusions

This paper describes estimation of the parameters of frequency-direction spectra for ocean surface
gravity waves from three-dimensional buoy displacement time series, using debiased Whittle like-
lihood inference. In simulation studies, debiased Whittle inference is shown to outperform infer-
ence using competitor techniques. Debiased Whittle inference for a sequence of sea states provides
a means to characterise the joint evolution of spectral parameters in time, and allows uncertainties
in parameter estimates to be quantified in a principled manner. The observed smooth nature of
parameter evolution estimated from North Sea data, and the dependencies evident between pa-
rameters, are consistent with physical intuition.

Typically, the wave environment at a location is the product of different physical drivers, includ-
ing swell and local wind forcing. In the current work, we focus on sea states corresponding to
wind-sea conditions only, for clarity of description. More generally, debiased Whittle inference
for mixed seas consisting of wind-sea and one or more swells is possible; in simulation studies
of data for mixed seas (not shown), debiased Whittle inference again performs well. In simulation
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studies on samples of 30-min records corresponding to wind-sea conditions, the debiasing proced-
ure makes a small but marginal improvement over standard multivariate Whittle estimation.
However, when fitting the joint wind-sea and swell model to mixed sea states, estimates using
standard Whittle inference exhibit substantially greater bias than those from debiased Whittle
inference.

In-situ measurement of the ocean environment is invariably problematic. In the present study,
buoy displacement time series are contaminated by additional low-frequency processes, leading to
spurious low-frequency spectral features not represented in the assumed parametric spectral form
to be estimated. At very high frequencies, buoy displacement time series are further subject to on-
board low-pass filtering effects not represented in the assumed spectral form. We adjust the infer-
ence procedure for these sources of model misspecification by only considering a central band of
frequencies in the likelihood, set using low- and high-frequency thresholds. In general, the low-
frequency threshold in particular should be chosen carefully, to achieve a good balance between
model misspecification (when the threshold is too low) and identifiability (when the threshold is
set so high that aspects of the spectral form cannot be resolved). We have explored extending
the spectral form to accommodate an additional low-frequency noise feature, but found that
achieving this reliably required a large number of extra parameters, and resulted in greater loss
of efficiency in estimating the wind-sea (and swell) components of interest compared with fre-
quency thresholding.

Spectral estimates in the current work are based on data for the ocean’s surface displacement
only. In general, it would be advantageous to incorporate the effects of covariates such as the
evolving wind field on the spectral form, particularly for characterisation of mixed seas. For ex-
ample, the direction associated with a wind-sea component at a location is dependent on local
wind speed and direction, whereas the characteristics of a swell component do not vary substan-
tially with the local wind field. These covariate dependencies are often exploited by physical ocean-
ographers to partition the frequency-direction domain into sub-domains corresponding to
wind-sea and swell components (Hanson & Phillips, 2001, for example).

The spectral characteristics of ocean waves evolve smoothly in time. In this paper, as is com-
mon practice, we accommodate temporal non-stationarity by partitioning time series into con-
secutive 30-min sea states which are considered stationary for purposes of spectral inference.
Improved bias-variance properties of parameter estimates from debiased Whittle inference sug-
gest that spectral estimation using sea states of shorter duration is feasible for more-rapidly
evolving ocean environments; initial simulation studies (not shown) support this finding.
More generally, simultaneous spectral estimation for a sequence of consecutive sea states ex-
ploiting smooth time-varying basis representations for spectral parameters (e.g., using splines),
or adaptive estimation of evolving spectral forms (e.g., using dynamic linear models) are obvious
research avenues.

The methodology for spectral inference described in this paper is generally applicable, pro-
vided that an appropriate model for the spectral density matrix function can be obtained by
applying a suitable transfer function to the model for the frequency-direction spectrum.
Thus, in addition to three-dimensional buoy displacement time series, debiased Whittle infer-
ence is applicable to heave-pitch-roll buoy data, for example. A collection of useful transfer
functions for commonly used oceanographic devices is given by Benoit et al. (1997). The meth-
odology can be modified for similar applications involving observations of a process viewed as
a linear time-invariant filter of some latent process of interest. Practical issues encountered in
the current work, relating to time series aliasing, unusual sources of measurement noise and
complex likelihood functions are common across many applications (e.g., involving acceler-
ometers and GPS tracking). Hence, we hope that the methodology presented and the ideas it
incorporates will prove useful to the practising oceanographer, ocean engineer, and applied
statistician.
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Appendix A. The frequency-direction spectrum

A.1 Definition and relation to autocovariance

We are interested in modelling the spatiotemporal process {5(x, v, D}y 1er®s which constitutes
the surface displacement of the water over time and space. Let 7 be the temporal lag, and
I=[l,1I,] be a vector of spatial lags. Then, assuming stationarity, c,(l, 7)=E[n(L, L, 1)
7(0, 0, 0)] is defined to be the autocovariance of the spatiotemporal process. Denote the angular
frequency by w and wave-vector by x = [k, ky]. The spectral density function of the spatiotemporal
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Figure A.1. The effect of varying different parameters on different components of the model. One parameter is
varied while the others are held constant. The parameters being varied are as follows. Top row: the effect of a, wp, y
on the marginal spectral density function, f(w). Middle row: the effect of r on 10log;, f(w); ¢,,, f on the mean
functions, ¢,,,(w) and ¢, (w). Bottom row: the effect of v on the mean functions; o, o, on the standard deviation
function, a(w). Parameters are held constant with the values a=0.7, w, =0.8,y=3.3,r=5,¢,, =7 f=4,v=2.7,
0;=0.55,and g, = 0.26. Lines become progressively more solid as the value of the parameter increases, and we use
values: a €{0.4, 0.6, 0.8, 1.0}, w, €{0.8, 0.9, 1.0, 1.1}, y €{1, 2.5, 4, 5.5}, r € {4, 4.5, 5, 5.5};

¢, €1{n/2, 57/6, 77/6, 3r/2}; f€1{3,4,5,6}; ve(l, 2,3, 4}, 0, €{0.45, 0.5, 0.55, 0.6}; o, € {0.15, 0.2, 0.25, 0.3}.

€202 aunp gz uo 1sanb Aq 8720V | L/¥S/€/Z.L/o191HE/0SSSI/W09"dNO"01WapED.//:Sd)lY WOy papeojumod



560 Grainger et al.

process is then

1 —i(wt+k-
Tk, w)=WIRJRz ¢, (1, ) e @™l dl de

Note that this is different to the definition given in some oceanography texts (e.g. Barstow et al.
(2005)), this is because the angle ¢ = arg(ky + ik,) is defined as the direction the wave is coming
from, and so we need wt + « - I as opposed to wt — « - | in the exponential function (which is present
in definitions when the author wants direction to be the direction the waves are propagating to-
wards). Of course, this is only a convention, but it is worth noting the difference when applying these
techniques.

Now, whilst in general a process such as {(x, y, t)}, , yer® requires a spatial spectral density
function expressed in terms of a frequency and two wavenumbers (a wave-vector), under a simpli-
fication of the governing equations for wave dynamics known as linear wave theory, the absolute
value of the wave-vector is specified uniquely by the absolute value of the frequency, using a dis-
persion relation. For this reason, the covariance structure of the process is usually specified by a
frequency-direction spectrum, which we denote S(w, ¢), with the relation

kf([k cos (9), ksin (4)], @) = S(e, $)d(w* — kg tanh(kh))

where b denotes the water depth when the water is still (which is assumed constant). More details
can be found in Barstow et al. (2005) and references therein, for example.

A.2 Models for a wind-sea frequency-direction spectrum

One of the most widely used spectral density functions for modelling the univariate vertical surface
displacement resulting from wind-sea waves is the JONSWAP (Hasselmann et al., 1973) spectral
density function, given by

- r(lol - Hlwls0)
7 _r(le 0§
(w3 0) aw exp{ (wp> ]y or |w| >0,

0 for w=0.

where

1 ® 2 0.07 for w < wp,
d(w; 6) —eXP{—W <w—p— 1) } olw; 0) = { 0.09 for @ > ay,

with parameters a, w,, y, 7.
For the spreading function, we use the bimodal wrapped Gaussian model proposed by Ewans
(1998). The bimodal wrapped Gaussian spreading function is defined as

P BT O I | ¢—¢m1<w;0>—2nk>l
D(w, ¢; 0)_26(60; H)mk;meXp{ 2( o(w; 0) ]

1(§=p,nlom; 0) = 2k\*
+eXp[‘z< o(ws 0) )]

for o € R and ¢ € [0, 2x]; where ¢,,;(w; 0) and ¢,,,(w; 6) are the mean direction functions and
o(w; 0) is the angular width function. These functions are themselves parameterised. Ewans
(1998) gives a parameterisation with fixed values based on observed data, with a single location
parameter to determine the mean direction. We shall use a less restrictive description by adding
parameters for the shape and scale of the spreading (a similar parametrisation was used by
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van Zutphen et al. (2008), but we use slightly fewer parameters as some of the parameters in
van Zutphen et al. (2008) have little effect on the frequency-direction spectrum). In particular,
we write

¢ml( s )=¢m+¢sw9 )/
¢m2( )=¢ ¢ w9

(
(
¢s(w;9)={ﬂexp( va/|w|) for o] > wp,
Bexp (-

oy op\* (0,\°
a5 ) -)

This adds an additional five parameters, namely ¢,,, 8, v, g/, 6;.

Figure A.1 shows the effect of varying these parameters on the relevant functions. Parameter
names indicate parameter behaviour in a general sense, but some parameters have secondary ef-
fects. In particular, w,, y and r all change the variance (the area under the spectral density) as
well as determining the peak frequency, peak enhancement and tail decay. Whilst a, w,, ¢,, effect
the whole-frequency range, y only changes the behaviour in a narrow window around the peak
frequency. Similarly, 7, 8, 6 and o, only modify the behaviour for the high-frequency tail.

V) otherwise,

A.3 Corresponding models for particle displacement

From (2.2), we can see that the corresponding model for the spectral density matrix function of the
displacement of a particle in a wind-sea is

1 ~ Wy (w; 0) _wyz(w§ 0)
flo3 0) = (@3 0)| wse(@50)  wxsl@3;6)  10yx(5 0) (A1)
wyz(a)5 0) wyx(w§ 0) Wyy(w; 0)
where
rels 0) = 3 (14 €08 (26,,)cos (6,03 00) € 27),  wiclws 0) = icos 4,,) cos 4, o3 0)/2) 012
(5 0) = 3 (1 = c0s (24,,) os (w3 0) e 0),  wuyeles 0) = sin (4, cos 9, 0)/2) &2,
el 0) = 3 sin (2, c0s 9,5 0) €27,

A.4 Finite water depth correction

The relation given in (2.2) is for waves in deep water. For finite water depths a slightly different
relation is required. In particular, we have

G(w, ¢) = [1, icos$/tanh(kh), isin¢/tanh(kh)]”
where b is the water depth (in metres)® and w? = k tanh(kh). Consequently, we have

fz(@) = (fex( +fyy tanh(kb)

8 In our case, b ~ 40.
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meaning that the correct definition for R(w) is
R(w) = log (fxx(@) + fyy(@)) + 2 log (tanh(kh)) — log (fz.(w))
It is this definition for R(w) we use in Figure 8.

Appendix B. Alternate inference techniques

In this appendix, we describe competitor techniques for estimating the parameters of model
frequency-direction spectrum from observed buoy data. Typically, a two stage approach is taken.
Firstly, the parameters of the spectral density function of the vertical displacement are estimated
using least squares’ and then the parameters of the spreading function are estimated separately.
The latter is usually done in one of two ways: a moments-matching approach (e.g. Ewans
(1998)); or by producing a non-parametric estimate of the spreading function, then fitting using
least squares. Both of these techniques start from writing the spreading function as a Fourier series
(which is possible from the periodicity of the spreading function):

D(w, ——<—+Zan cosn¢)+b()sin(n¢)).

From (2.2) we can see that

fzz(w)

fxx(w) _fyy(w)
fzz(w) ’

foy(w
fzz(w)

fzz(w) bl(w) N

ai(w) = az(w) = by(w) =

The remaining coefficients cannot be obtained from the cross-spectra in general. The approach to
solving this problem has typically been to guess at the remaining Fourier frequencies either based
on the Fourier coefficients of a model or by making some other assumptions about the behaviour
of the spreading function. Of course, this assumes we know the cross-spectra, but we must esti-
mate them. This distinction is not trivial.

B.1 Least-squares fitting to estimates of the spreading function

A commonly used technique involves fitting the model spreading function to a non-parametric es-
timate of the spreading function using least squares. In other words, given D(w, ¢), an estimate of
the spreading function,'? the parameters are obtained by solving

argmln Z Z (e, ¢35 0) D(w, ;b))2

weQ ped

The problem with this is that such a technique assumes that the estimator used for the spreading
function is unbiased, normally distributed, homoscedastic and that at different pairs of frequency
and direction estimates are uncorrelated; however, none of these are satisfied in practice. In par-
ticular, correlation across frequency is high for both MLM and MEM methods, and bias is sub-
stantial. As a result, estimation of anything other than location parameters using this technique
performs poorly.

B.2 Moments-matching approach

Early approaches to fitting parametric spreading functions to data from buoys, such as Mitsuyasu
et al. (1975), tended to match the Fourier coefficients estimated from the buoy to the theoretical
Fourier coefficients from the model (under the relevant transfer function). These approaches

°  which has been shown to perform poorly for many parameters of interest (Ewans & McConochie, 2018; Grainger

et al., 2021).

10 using techniques such as MLM (Isobe et al., 1984) and MEM (Lygre & Krogstad, 1986). See Benoit et al. (1997)
for a summary of these.
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actually work by first estimating the parameters of the spreading function at each frequency
(which are different from the model parameters), and then essentially doing regression analysis
to work out the parameters of the model for the behaviour of the spreading function over fre-
quency. In our case, following Ewans (1998), at each frequency estimate 6, =[4,,;(®),

P2 (@), o(®)] using

0., = argmin |c1(w; 0,)¢1 (@) + |c2(w; 0,)E2 (@)
6,

where ¢j(w; 0) = aj(w; 0) + ibj(w; 6) and ¢; is an estimate for ¢;(w; 6) obtained by plugging in esti-
mates for the relevant cross-spectra (typically estimated using some variation on Welch’s Method),
forj=1, 2.

The parameters of interest (8, v, g/, 0,) are then estimated by

0= argmin D G (@360) = ,1 (@) + (B,,2(@; 0) = §,2(0)* + (@ 0) — 6())*.

[01=19]

Such a technique is usually not applied to a single sea state, but instead is applied to multiple sea
states with the view to fixing the parameters of the spreading function (bar the mean direction).
You can apply this to a single sea state but, as we show in Section 3.2, this performs poorly.
However, it should be remembered that this technique can still be useful for getting a general
idea of the shape different aspects of the spreading function can take, but it is not useful for esti-
mating the parameters of a single sea state.

Appendix C. Optimisation and gradient calculation

Parameters are estimated jointly by optimising the debiased Whittle likelihood using the interior
point Newton method as implemented in Optim.jl (Mogensen & Riseth, 2018). We use Fisher
scoring as the expected Hessian of the debiased Whittle likelihood can be computed analytically
from the first derivatives of the autocovariance (whilst the Hessian would require the second de-
rivatives as well). This results in very fast optimisation compared to other approaches. For further
details, see the Julia package WhittleLikelihoodInference.jl (Grainger, 2022b).

References

Banner M. L., & Young L. R. (1994). Modeling spectral dissipation in the evolution of wind waves. Part I:
Assessment of existing model performance. Journal of Physical Oceanography, 24(7), 1550-1571. https:/
doi.org/10.1175/1520-0485(1994)024;1550:MSDITE¢2.0.CO;2

Barstow S. F., Bidlot J. -R., Caires S., Donelan M. A., Drennan W. M., Dupuis H., Graber H. C., Green J. J.,
Gronlie O., & Guérin C., et al. (2005). Measuring and analysing the directional spectrum of ocean waves.
COST Office.

Benoit M., Frigaard P., & Schiffer H. (1997). Analyzing multidirectional wave spectra: A tentative classification
of available methods. In Proceedings of the IAHR Seminar on Multidirectional Waves and their Interactions
with Structures (pp. 131-158). International Assembly of Hydraulic Research.

Brockwell P. J., & Davis R. A. (2006). Time series: Theory and methods (2nd ed.). Springer.

Christou M., & Ewans K. (2014). Field measurements of rogue water waves. Journal of Physical Oceanography,
44(9), 2317-2335. https:/doi.org/10.1175/JPO-D-13-0199.1

Cooley J. W., & Tukey J. W. (1965). An algorithm for the machine calculation of complex Fourier series.
Mathematics of Computation, 19(90), 297-301. https:/doi.org/10.1090/S0025-5718-1965-0178586-1

Datawell B. (2006). Datawell waverider reference manual. Datawell BV, Zomerluststraat 4, 2012 LM Haarlem,
The Netherlands.

Eastoe E., Koukoulas S., & Jonathan P. (2013). Statistical measures of extremal dependence illustrated using
measured sea surface elevations from a neighbourhood of coastal locations. Ocean Engineering, 62,
68-77. https:/doi.org/10.1016/j.0ceaneng.2013.01.002

Ewans K., & McConochie J. (2018). OMAE2018-78386: On the uncertainties of estimating JONSWAP spec-
trum peak parameters. In Proceedings of the International Conference on Offshore Mechanics and Arctic
Engineering (Vol. 3). American Society of Mechanical Engineers (ASME).

Ewans K. C. (1998). Observations of the directional spectrum of fetch-limited waves. Journal of Physical
Oceanography, 28(3), 495-512. https://doi.org/10.1175/1520-0485(1998)028;0495:00TDS0O¢2.0.CO;2

€202 aunp gz uo 1sanb Aq 8720V | L/¥S/€/Z.L/o191HE/0SSSI/W09"dNO"01WapED.//:Sd)lY WOy papeojumod


https://doi.org/10.1175/1520-0485(1994)024&iexcl;1550:MSDITE&iquest;2.0.CO;2
https://doi.org/10.1175/1520-0485(1994)024&iexcl;1550:MSDITE&iquest;2.0.CO;2
https://doi.org/10.1175/JPO-D-13-0199.1
https://doi.org/10.1090/S0025-5718-1965-0178586-1
https://doi.org/10.1016/j.oceaneng.2013.01.002
https://doi.org/10.1175/1520-0485(1998)028&iexcl;0495:OOTDSO&iquest;2.0.CO;2

564 Grainger et al.

Forristall G. Z. (2015). Maximum crest heights over an area: Laboratory measurements compared to theory. In
International Conference on Offshore Mechanics and Arctic Engineering (Vol. 56499, pp. VO03T02A044).
American Society of Mechanical Engineers.

Geraci M. (2019). Additive quantile regression for clustered data with an application to children’s physical activ-
ity. Journal of the Royal Statistical Society: Series C (Applied Statistics), 68(4), 1071-1089. https://doi.org/10.
1111/rssc.12333

Grainger J. P. (2022a). JakeGrainger/NorthSeaBuoyDisplacementAnalysis: v1.0.0. https:/doi.org/10.5281/
zen0do.6922892

Grainger J. P. (2022b). JakeGrainger/WhittleLikelihoodInference.jl: v0.3.0. https:/doi.org/10.5281/zenodo.
6922101

Grainger J. P., Sykulski A. M., Jonathan P., & Ewans K. (2021). Estimating the parameters of ocean wave spectra.
Ocean Engineering, 229, 108934. https:/doi.org/10.1016/j.0ceaneng.2021.108934

Guillaumin A. P., Sykulski A. M., Olhede S. C., & Simons F. ]J. (2022). The debiased spatial whittle likelihood.
Journal of the Royal Statistical Society Series B: Statistical Methodology, 84(4), 1526-1557. https://doi.org/
10.1111/rssb.12539

Hanson J. L., & Phillips O. M. (2001). Automated analysis of ocean surface directional wave spectra. Journal of
Atmospbheric and Oceanic Technology, 18(2), 277-293. https:/doi.org/10.1175/1520-0426(2001)018;0277:
AAOOSD¢2.0.CO;2

Hasselmann K., Barnett T., Bouws E., Carlson H., Cartwright D., Enke K., Ewing J., Gienapp H., Hasselmann D.,
Kruseman P., Meerburg A., Miiller P., Olbers D., Richter K., Sell W., & Walden H. (1973). Measurements of
wind-wave growth and swell decay during the Joint North Sea Wave Project (JONSWARP). Erginzungsheft
8-12.

Holthuijsen L. H. (2007). Waves in oceanic and coastal waters. Cambridge University Press.

HwangP. A.,Fan Y., Ocampo-Torres F. J., & Garcia-Nava H. (2017). Ocean surface wave spectra inside tropical
cyclones. Journal of Physical Oceanography, 47(10), 2393-2417. https:/doi.org/10.1175/JPO-D-17-0066.1

Integrated Ocean Observing System (U.S.) (2019). Manual for real-time quality control of in-situ surface wave
data version 2.1 : A guide to quality control and quality assurance of in-situ surface wave observations.
Manuals & Handbooks.

Isobe M., Kondo K., & Horikawa K. (1984). Extension of MLM for estimating directional wave spectrum. In
Proceedings of Symposia on Description and Modeling of Directional Seas (pp. 1-15). DHI and MMI.

Jensen R., Swail V., Lee B., & O’Reilly W. (2011). Wave measurement evaluation and testing. In Proceedings of
the 12th International Workshop on Wave Hindcasting and Forecasting (Kobala Coast, Hawaii). JCOMM.

Kuik A. J., van Vledder G. P., & Holthuijsen L. H. (1988). A method for the routine analysis of pitch-and-roll
buoy wave data. Journal of Physical Oceanography, 18(7), 1020-1034. https:/doi.org/10.1175/1520-
0485(1988)018;1020:AMFTRA;2.0.CO;2

Long C. E., & Oltman-Shay J. M. (1991). Directional characteristics of waves in shallow water (Technical
Report). Coastal Engineering Research Center, Vicksburg, MS.

Lygre A., & Krogstad H. E. (1986). Maximum entropy estimation of the directional distribution in ocean wave
spectra. Journal of Physical Oceanography, 16(12), 2052-2060. https:/doi.org/10.1175/1520-0485(1986)
016j2052:MEEOTD¢2.0.CO;2

Mitsuyasu H., Tasai F., Suhara T., Mizuno S., Ohkusu M., Honda T., & Rikiishi K. (1975). Observations of the
directional spectrum of ocean waves using a cloverleaf buoy. Journal of Physical Oceanography, 5(4),
750-760. https:/doi.org/10.1175/1520-0485(1975)005;0750:00TDS0O¢2.0.CO;2

Mogensen P. K., & Riseth A. N. (2018). Optim: A mathematical optimization package for Julia. Journal of Open
Source Software, 3(24), 615. https://doi.org/10.21105/joss.00615

O’Malley M., Sykulski A. M., Laso-Jadart R., & Madoui M.-A. (2021). Estimating the travel time and the most
likely path from Lagrangian drifters. Journal of Atmospheric and Oceanic Technology, 38(5), 1059-1073.
https://doi.org/10.1175/TECH-D-20-0134.1

Phillips O. M. (1985). Spectral and statistical properties of the equilibrium range in wind-generated gravity
waves. Journal of Fluid Mechanics, 156(1), 505-531. https:/doi.org/10.1017/50022112085002221

Pierson W. J., & Moskowitz L. (1964). A proposed spectral form for fully developed wind seas based on the simi-
larity theory of S. A. Kitaigorodskii. Journal of Geophysical Research, 69(24), 5181-5190. https:/doi.org/10.
1029/]20691024p05181

Rivest L.-P., Duchesne T., Nicosia A., & Fortin D. (2016). A general angular regression model for the analysis of
data on animal movement in ecology. Journal of the Royal Statistical Society: Series C (Applied Statistics),
65(3), 445-463. https://doi.org/10.1111/rssc.12124

Schubert M., Wu Y., Tychsen J., Dixen M., Faber M. H., Sarensen J. D., & Jonathan P. (2020). On the distribu-
tion of maximum crest and wave height at intermediate water depths. Ocean Engineering, 217, 107485.
https:/doi.org/10.1016/j.0ceaneng.2020.107485

Sykulski A. M., Olhede S. C., Guillaumin A. P., Lilly J. M., & Early J. J. (2019). The debiased Whittle likelihood.
Biometrika, 106(2), 251-266. https:/doi.org/10.1093/biomet/asy071

€202 aunp gz uo 1sanb Aq 8720V | L/¥S/€/Z.L/o191HE/0SSSI/W09"dNO"01WapED.//:Sd)lY WOy papeojumod


https://doi.org/10.1111/rssc.12333
https://doi.org/10.1111/rssc.12333
https://doi.org/10.5281/zenodo.6922892
https://doi.org/10.5281/zenodo.6922892
https://doi.org/10.5281/zenodo.6922101
https://doi.org/10.5281/zenodo.6922101
https://doi.org/10.1016/j.oceaneng.2021.108934
https://doi.org/10.1111/rssb.12539
https://doi.org/10.1111/rssb.12539
https://doi.org/10.1175/1520-0426(2001)018&iexcl;0277:AAOOSD&iquest;2.0.CO;2
https://doi.org/10.1175/1520-0426(2001)018&iexcl;0277:AAOOSD&iquest;2.0.CO;2
https://doi.org/10.1175/JPO-D-17-0066.1
https://doi.org/10.1175/1520-0485(1988)018&iexcl;1020:AMFTRA&iquest;2.0.CO;2
https://doi.org/10.1175/1520-0485(1988)018&iexcl;1020:AMFTRA&iquest;2.0.CO;2
https://doi.org/10.1175/1520-0485(1986)016&iexcl;2052:MEEOTD&iquest;2.0.CO;2
https://doi.org/10.1175/1520-0485(1986)016&iexcl;2052:MEEOTD&iquest;2.0.CO;2
https://doi.org/10.1175/1520-0485(1975)005&iexcl;0750:OOTDSO&iquest;2.0.CO;2
https://doi.org/10.21105/joss.00615
https://doi.org/10.1175/JTECH-D-20-0134.1
https://doi.org/10.1017/S0022112085002221
https://doi.org/10.1029/JZ069i024p05181
https://doi.org/10.1029/JZ069i024p05181
https://doi.org/10.1111/rssc.12124
https://doi.org/10.1016/j.oceaneng.2020.107485
https://doi.org/10.1093/biomet/asy071

J R Stat Soc Series C: Applied Statistics, 2023, Vol. 72, No. 3 565

Sykulski A. M., Olhede S. C., Lilly J. M., & Danioux E. (2016). Lagrangian time series models for ocean surface
drifter trajectories. Journal of the Royal Statistical Society. Series C: Applied Statistics, 65(1), 29-50. https:/
doi.org/10.1111/rssc.12112

Thomson D. J. (1982). Spectrum estimation and harmonic analysis. Proceedings of the IEEE, 70(9), 1055-1096.
https:/doi.org/10.1109/PROC.1982.12433

Tierney P. J., Young A., Clarke N. D., & Duncan M. J. (2016). Match play demands of 11 versus 11 professional
football using global positioning system tracking: Variations across common playing formations. Human
Movement Science, 49, 1-8. https:/doi.org/10.1016/j.humov.2016.05.007

Toba Y. (1973). Local balance in the air-sea boundary processes. Journal of the Oceanographical Society of
Japan, 29(5), 209-220. https:/doi.org/10.1007/BF02108528

Toffoli A., Onorato M., Bitner-Gregersen E., & Monbaliu J. (2010). Development of a bimodal structure in ocean
wave spectra. Journal of Geophysical Research: Oceans, 115(C3), C03006. https:/doi.org/10.1029/
2009]JC005495

van Essen S., Ewans K., & McConochie J. (2018). Wave buoy performance in short and long waves, evaluated
using tests on a hexapod. In International Conference on Offshore Mechanics and Arctic Engineering (Vol.
51272, pp. VO7BT06A001). American Society of Mechanical Engineers.

van Zutphen H. J., Jonathan P., & Ewans K. C. (2008). A generic method to model frequency-direction wave
spectra for FPSO motions. In International Conference on Offshore Mechanics and Arctic Engineering
(Vol. 1, pp. 463-473). Offshore Technology.

Verbelen R., Antonio K., & Claeskens G. (2018). Unravelling the predictive power of telematics data in car in-
surance pricing. Journal of the Royal Statistical Society: Series C (Applied Statistics), 67(5), 1275-1304.
https://doi.org/10.1111/rssc.12283

Wang D. W., & Hwang P. A. (2001). Evolution of the bimodal directional distribution of ocean waves. Journal of
Physical ~ Oceanography, 31(5), 1200-1221.  https:/doi.org/10.1175/1520-0485(2001)031;1200:
EOTBDD¢2.0.CO;2

Whittle P. (1953). The analysis of multiple stationary time series. Journal of the Royal Statistical Society: Series B
(Methodological), 15(1), 125-139. https://doi.org/10.1111/j.2517-6161.1953.tb00131.x

YoungI. R., Verhagen L. A., & Banner M. L. (1995). A note on the bimodal directional spreading of fetch-limited
wind waves. Journal of Geophysical Research, 100(C1), 773-778. https:/doi.org/10.1029/94]JC02218

Young L. R., Verhagen L. A., & Khatri S. K. (1996). The growth of fetch limited waves in water of finite depth.
Part 3. Directional spectra. Coastal Engineering, 29(1-2), 101-121. https:/doi.org/10.1016/S0378-3839(96)
00026-9

€202 dunf gz uo 1sanb AQ 820V | 2/¥S/€/Z L/2101HE/0SSSI /W09 dNO"D1WaPED.//:SA)Y WO PapEOjuMOd


https://doi.org/10.1111/rssc.12112
https://doi.org/10.1111/rssc.12112
https://doi.org/10.1109/PROC.1982.12433
https://doi.org/10.1016/j.humov.2016.05.007
https://doi.org/10.1007/BF02108528
https://doi.org/10.1029/2009JC005495
https://doi.org/10.1029/2009JC005495
https://doi.org/10.1111/rssc.12283
https://doi.org/10.1175/1520-0485(2001)031&iexcl;1200:EOTBDD&iquest;2.0.CO;2
https://doi.org/10.1175/1520-0485(2001)031&iexcl;1200:EOTBDD&iquest;2.0.CO;2
https://doi.org/10.1111/j.2517-6161.1953.tb00131.x
https://doi.org/10.1029/94JC02218
https://doi.org/10.1016/S0378-3839(96)00026-9
https://doi.org/10.1016/S0378-3839(96)00026-9

	A multivariate pseudo-likelihood approach to estimating directional ocean wave models
	1 Introduction
	2 Background
	2.1 Ocean waves and frequency-direction spectra
	2.2 Example data
	2.3 Models for wind sea

	3 Modelling process
	3.1 Model fitting
	3.2 Simulation study

	4 Modelling the example data set
	4.1 Specification of low- and high-frequency thresholds for inference
	4.2 Parameter estimates

	5 Discussion and conclusions
	Acknowledgments
	Conflict of interest
	Funding
	Data availability
	The frequency-direction spectrum
	A.1 Definition and relation to autocovariance
	A.2 Models for a wind-sea frequency-direction spectrum
	A.3 Corresponding models for particle displacement
	A.4 Finite water depth correction

	Alternate inference techniques
	B.1 Least-squares fitting to estimates of the spreading function
	B.2 Moments-matching approach

	Optimisation and gradient calculation
	References




