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Abstract This chapter focuses on the analysis and measurement of sea waves. 
After a brief review about the generation and propagation of ocean waves, the most 
common wave spectra are briefly described. Subsequently, the spectral analysis of 
sea waves is discussed focusing on the most promising techniques that allow obtain-
ing the sea state parameters starting from the wave elevation time history. Finally, 
two techniques useful to measure the sea wave parameters are outlined. The former 
is based on the reverse analysis of the motions a ship advancing at a constant speed 
in a seaway, and the latter focuses on the employment of coastal high- frequency radars.
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7.1  Modelling and Measuring of Sea Waves

7.1.1  Ocean Waves: A Brief Review

Ocean waves are generated by the interaction of wind and the water surface, based 
on two main physical processes, namely the friction between air and water and the 
local pressure field associated with the wind blowing over the wave surface [1]. In 
this respect, even if the mechanism that is on the basis of the energy transfer from 
wind to sea is not completely satisfactory, it is reasonable to assume that a storm 
wave system is the sum of many local interactions between wind and water distrib-
uted over space and time. Hence, during a storm, ocean waves grow with time 
depending on two main parameters, namely the fetch and duration. The former is 
the reference dimension of the storm area where the wind speed is steady, while the 
latter is the time interval between the storm inception and decay. Subsequently, 
ocean waves propagate from the storm area with a given celerity, depending on the 
water depth and the wavelength, namely the distance between two consecutive 
crests of the ocean wave. Indeed, if the wave amplitudes are small, if compared with 
the wavelength, the principle of linear superposition can be applied for the propaga-
tion and dispersion of the wave systems outside the storm area. In this respect, if 
wind speed is steady for a sufficiently long period and the fetch length is wide, 
ocean waves take on a stable structure, which is named fully developed sea state 
condition. On the contrary, if the fetch length or the storm duration is not sufficient 
to achieve a stable wave generation, the sea state condition is partly developed. The 
ocean waves inside the storm area are obtained by the superposition of a very large 
number of separate random and independent contributions, with different celerity 
and wavelength, that resemble a short-crested sea state condition. Anyway, as previ-
ously said, ocean waves propagate outside the storm area at different velocities, as 
longer waves travel faster than the shorter ones, producing at a great distance from 
the storm area a long-crested sea state condition, generally named swell.

In the last decades, a variety of theories have been developed to properly describe 
the wave kinematics [2]. The simplest and most applied wave model is the Airy 
theory, according to which the wave has the form of a sine curve and the free surface 
profile, representing the elevation as regards the undisturbed sea water level, is writ-
ten in the following form:

 
� �t k x v tc� � � �� ��� ��0 cos  

(7.1)

where ς0 is the wave amplitude, k is the wave number, connected to the wave celer-
ity vc by the equation v g kc

2 = /  valid for the deepwater condition, and x is the dis-
tance of the measurement point, as regards a given reference system. The wave 
number and celerity are also connected to the wave circular frequency ω by the 
condition ω = kvc valid for deepwater. Further details about the Airy wave theory are 
available in Ref. [1, 2].
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7.1.2  Wave Spectra

Ocean waves are irregular and random in shape, height, length, and speed of propa-
gation, so as they need to be described by random models based on frequency- 
dependent wave spectra, with given significant wave height, peak period, and shape 
function [3]. In this respect, real sea state conditions are generally obtained by the 
superposition of wind sea and swell components. The former is generated by local 
wind, while the latter has no relationship with the in situ met-ocean conditions and 
comes from areas located far from the measurement point.

The first pioneering studies on wave spectra were performed in the  50s by 
Neumann [4], Roll and Fisher [5], and Darbyshire [6] that developed the first 
frequency- dependent analytical formulations for single-peaked wave spectra. 
Nevertheless, these theoretical formulations are nowadays substantially unused as 
more refined wave spectra were developed for both fully and partly developed sea 
state conditions. Particularly, in 1964, Pierson-Moskowitz [7] provided a new ana-
lytical wave spectrum for fully developed wind seas, based on the analysis of a large 
amount of data collected in the Atlantic Ocean. The Pierson–Moskowitz (PM) wave 
spectrum SPM is currently embodied for the design of ships and offshores structures, 
located in sea areas where fully developed sea state conditions are expected to occur 
as follows:
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having denoted by ω the circular wave frequency, by ωp = 2π/Tp the spectral peak 
frequency depending, in turn, by the wave peak period Tp, and by Hs the significant 
wave height. In the subsequent years, an extensive wave measurement programme, 
also known as Joint North Sea Wave Project (JONSWAP), was carried out in the 
North Sea to derive a new analytical formulation, representative of wind-generated 
seas with limited fetch conditions. The JONSWAP spectrum SJ is currently formu-
lated as a modification of the PM spectrum for a developing sea state in a fetch 
limited condition (7.3):
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where γ is the nondimensional peak shape parameter, Aγ = 1 − 0.287 ln (γ) is the 
normalizing factor, and σ is the spectral width parameter, generally assumed equal 
to 0.07 and 0.09 if ω ≤ ωp and ω > ωp, respectively. The peak shape parameter 
mainly depends on the fetch length, and it is generally taken equal to 3.3 for the 
North Sea area. Besides, the condition γ = 1 resembles the fully developed sea state, 
corresponding to the PM wave spectrum. Fig. 7.1a reports a typical example of PM 
and JONSWAP spectra with Hs =4.0 m and Tp = 8.0 s.

7 Measurement of Sea Waves
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In the same years, further studies were performed in order to develop theoretical 
models suitable for double-peaked wave spectra, obtained by combining wind sea 
and swell components. In this respect, in the 70s, Ochi and Hubble [8] provided a 
general spectral formulation, obtained as the sum of two gamma distributions, each 
one with the same three parameters of the JONWAP spectrum. Nevertheless, a sim-
plified approach can be embodied, so as the double-peaked wave spectrum is 
regarded as the sum of two uncorrelated single-peaked wave spectra, representative 
of the wind sea Swind and swell Sswell components, respectively, as follows:

 
S S S� � �� � � � � � � �wind swell  

(7.4)

In Eq. (7.4), the wind sea spectrum is generally described by Eq. (7.2 and 7.3), 
while the swell component can be described by either a generalized JONSWAP 
spectrum or a normal function [9]. Figure  7.1b provides an example of double- 
peaked wave spectrum. The wind sea component has the same values as the fully 
developed PM spectrum depicted in Fig. 7.1a, while the swell spectrum is character-
ized by the following values: Hs =3.0 m and Tp = 16.0 s and γ = 5.0. By Fig. 7.1b, it 
is gathered that the swell component is generally much more peaked if compared 
with the wind sea one, as it is representative of past storm conditions, located quite 
far from the measurement point. Assuming a specific spectrum, sea wave observa-
tion can be simulated by generating times series in agreement with assumed spec-
trum, according to:
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Fig. 7.1 Example of single-peak (a) and double-peak (b) spectra
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after partitioning the theoretical wave spectrum into a discrete set of compo-
nents. In Eq. (7.5), ς denotes the wave amplitude, while fi is the ith wave frequency 
component, with uniform random phase φi in the interval [0,2π]. Example of simu-
lated time series, corresponding to the spectra depicted in Fig.  7.1, is shown in 
Fig. 7.2. In the case of Fig. 7.2b, the presence of low-frequency components, related 
to the swell phenomenon, can be noted.

7.1.3  Sea Wave Monitoring Techniques

Different sea wave monitoring techniques are available to measure the wave eleva-
tion and monitor the sea state condition. The most applied method involves the wave 
buoys that are generally connected in a network, whose working principle has been 
discussed in Chap. 2. Besides, different techniques are available to measure the sea 
state condition. Particularly, the two different techniques are discussed, in 
Subsections 7.3 and 7.4, respectively. The former is based on a reverse analysis 
technique of the motion of a floating buoy, namely a ship, which advances at a con-
stant speed in a seaway. The latter instead involves one of more high-frequency 
wave radars, generally located along the coastline or, in some cases, being part of 
the measurement system installed onboard a ship.

Fig. 7.2 Simulated sea wave elevation for the spectra of Fig. 7.1a, b

7 Measurement of Sea Waves
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7.2  Spectral Analysis of Sea Waves

7.2.1  Spectrum Estimation

Once an elevation record has been obtained, for example, by an inertial sensor 
mounted on a wave buoy, the useful information is best expressed by the estimated 
wave spectrum or by the estimated sea state parameters. Since the latter are typi-
cally obtained by the spectrum, spectrum estimation plays a key role in wave 
monitoring.

Along the years, several estimation methods have been proposed that can be 
parsed in two main groups, namely nonparametrical and parametrical [10]. The 
seminal idea under the first group was Schuster’s “periodogram” [11], that is, the 
square of the Fourier transform (FT) of the series of observations, normalized in 
respect of the observation duration, T0. Originally proposed for identified hidden 
periodicities in noisy signals, the periodogram constitutes a rough estimate of the 
power spectral density (PSD), since it is both biased and it has a large variance that 
does not decrease even by increasing the observation time. Yet, the basic periodo-
gram can be improved both to reduce bias, which is usually accomplished by data 
tapering or prewhitening, and by reducing variance, by averaging in the time domain 
or smoothing in the frequency domain. An important method that moves along these 
lines was proposed by Welch [12] that will be discussed in the following.

Another important method was proposed by Thomson [13], whose basic idea 
was to taper the data with an orthonormal series of tapers, each of which highlight-
ing different and complementary aspects of the signal, hence denomination of mul-
titaper method (MTM).

Lastly, an approach alternative to the above nonparametrical methods is called 
parametrical and consists of considering parametrical models of the observed time 
series, such as the autoregressive (AR) or the autoregressive-moving average 
(ARMA) ones [14]. Once such a model has been fitted to the observations, the PSD 
can be obtained analytically. For brevity, we will not deal with these methods here.

Let us now discuss Welch’s method in greater detail. The first step of the analysis 
procedure consists in parsing the overall data record, having an observation duration 
T, in n smaller segments of duration T0, with partial overlap, typically from 20% to 
50%. Each segment is pretreated by multiplying it by a smooth observation window, 
to limit the edge effect due to the cutting of the time series at the edges of the seg-
ment. (Such effect consists, in the spectral domain, in some spectral leakage. This 
effect can be simply described as follows. Consider a discrete spectrum: in conse-
quence of the sharp truncation of the signal at the edges of the considered segment, 
part of the energy associated with each spectral component spreads around that 
component, causing not only an inexact estimation of the energy associated with it, 
but also some smearing of the components close to it, which is even more annoying. 
For a continuous spectrum, the effect is similar. Since this is an edge effect, it is 
intuitive that tapering can reduce it since it weights decreasingly data as long as they 
approach the edges.) Then, for each segment, the (modified) periodogram is 
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calculated and the spectrum is finally obtained by averaging over such periodo-
grams. Therefore, spectral leakage is reduced by tapering and variance is reduced 
by averaging. Let us now consider the procedure in greater detail. Let us then denote 
the series of measurements by xi = x(i∆t), where ∆t is the sampling interval, and 
i = 1, …N, with T = N∆t, and T0 = N0∆t. Let w wN1 0

, ,…  be a data taper, then the 
modified periodogram for the l th segment is as follows:
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where j is the imaginary unit. The spectral estimator is then:
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where n is the number of segments and m is an integer-valued shift factor, satisfying 
0 < m ≤ N0 and m(n − 1) = N − N0.

To apply the method, a proper choice of the analysis features is required. The 
total observation time, T, is typically fixed by general experimentation constraint. 
The remaining features include the kind of taper, the degree of overlap, and the 
duration of individual segments, T0. The goal is to optimize the main “metrological” 
characteristics of the method, namely its spectral resolution and its variance, or 
standard deviation. The spectral resolution can be understood as the capability of 
properly representing spectral components, i.e., peaks or, more generally, local 
maxima, in terms of localization of the peak/maximum and of restitution of its 
bandwidth. Spectral resolution is (inversely) related to the effective bandwidth, in 
that a large effective bandwidth implies a poor spectral resolution. Variance instead 
is a measure of statistical (in)stability. More practical a high variance results in a 
“noisy” spectrum. For example, in the spectrum of Fig. 7.2, there are two peaks, 
physically corresponding to the two superimposed sea states, the swell peak is nar-
rowband, and the wind one is broadband. Spectral resolution will be more critical 
for the former, variance for the latter. Coming back to Welch’s method, the choice 
of the degree of overlap is related to the kind of taper adopted, in that the smoother 
the taper is, the higher the degree of overlap can be adopted, which results in a larger 
number of segments, with a reduction of the variance. On the other hand, the 
smoother the window is, the larger its bandwidth is and, consequently, the worse its 
spectral resolution results. Welch suggested that a 50% overlap, with  a cosine 
(Hanning) window, should be adopted, as it is carried out in current analysis. 
Concerning the effective bandwidth, for Welch’s method, it can be expressed as 
� � �f Te w� 0

1  where αw is a factor that depends upon the kind of the selected taper 
and on the way bandwidth is defined. In the case of the Hanning window and con-
sidering a half-power bandwidth, we obtain αw = 1.44. Concerning the variance of 
the estimator, with a 50% overlap, a relative standard uncertainty (standard devia-

tion) u f S f N NS � � � � � � � �/ /11 18 0
1  can be assumed, where S(f) is the PSD and 
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uS(f) is the absolute standard uncertainty. An example of the application of design of 
the estimator will be provided in the next subsection.

Let us now briefly consider Thomson’s multitaper approach. Basically, this 
method generalizes the tapering issue by adopting multiple orthogonal tapers, with 
the aim of recovering information that may be lost when using a single taper. The 
estimator is the average of K direct spectral estimators, each acting on the whole 
data record (rather than on a signal segment, as happens in Welch method) and 
applying a different taper. Each (partial) estimator is defined by:
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where hi, k is the k th data taper, usually chosen as the k th discrete prolate spheroidal 
sequence with parameter W, where 2W is the normalized bandwidth of the tapers, 
i.e., the bandwidth for ∆t = 1 s. The final estimator is thus:
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where K is typically chosen to be equal to 2NW − 1. The metrological characteris-
tics of the procedure can be kept under control by assuming an effective bandwidth 
∆fe = 2W/∆t (Hz) and considering that the estimator is approximately equal in dis-
tribution to S f KK� � �2

2 2/ , which yields a relative standard uncertainty equal to 

K
−
1

2 . Therefore, with respect to Welch method, there is here much less arbitrari-
ness, since, for a fixed observation time, T, the only parameter to be chosen is the 
half-bandwidth W, which influences both spectral resolution and relative standard 
uncertainty. Again, examples of application will be provided in the next section.

7.2.2  Spectral Analysis of Simulated Sea Wave 
Measurement Data

The performance of different methods of spectrum estimation can be compared by 
simulating observations, i.e., signals, from a given PSD, and applying to them and 
comparing the results, keeping the assumed spectrum as the reference one. Form a 
metrological standpoint, spectrum measurement can be seen as a kind of indirect 
dynamic measurement, developed in two steps: the measurement of the time history 
of the phenomenon and the processing of the acquired signal by a spectrum estima-
tion procedure [15]. Dynamic calibration of the overall measurement process is 
often quite difficult. Therefore, it makes sense to calibrate the two parts separately. 
In this perspective, assessing the performance of the spectrum estimator by simu-
lated signals of the same kind as those that are likely to be encountered in actual 
application may be seen as a (partial) dynamic calibration.

V. Piscopo et al.
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To illustrate this procedure, signals from both the single-peak spectrum of 
Fig. 7.1a [16] and the double-peak spectrum of Fig. 7.1b, were generated, assuming 
a sampling rate of fs = 2.0 Hz [17], and a total duration T = 3600 s, and both Welch’s 
and Thomson’s spectra were calculated. For doing that, the design considerations 
presented above must be applied. In the case of the single-peak spectrum, an opti-
mum trade-off between spectral resolution and relative uncertainty of the spectrum 
estimate was reached by assuming a duration of the observation window, 
T0 = 120 s = 2 min, which corresponds to an effective bandwidth ∆fe = 0.012 Hz and 
to a relative standard uncertainty uS(f)/S(f) = 0.14. The resulting spectrum is pre-
sented in Fig. 7.3a. For applying the Thomson method, the same effective band-
width was selected, which yielded a design parameter NW = 21.6, corresponding to 
a relative standard uncertainty uS(f)/S(f)  =  0.15. The corresponding spectrum is 
reported in Fig. Fig. 7.3b.

In the case of the double-peak spectrum, a better spectral resolution is required, 
for the presence of peaky swell component. Therefore, with Welch’s method, a 
larger observation duration was selected, namely T0 = 360 s = 6 min, corresponding 
to an effective bandwidth ∆fe  =  0.0o4  Hz and to a relative standard uncertainty 
uS(f)/S(f) = 0.25. The result is shown Fig. 7.1a.

Again, for the multitaper approach, the same effective bandwidth was selected, 
resulting in a design parameter NW  =  7.2, corresponding to a relative standard 
uncertainty uS(f)/S(f) = 0.27. The corresponding spectrum is reported in Fig. 7.4b.

It appears that both methods provide a consistent estimation of the spectra, yet 
Thomson method, despite its “noisy” appearance, provides a better reconstruction 
of the “shape” of the spectrum, which is what really matters. This is reflected also 
by the recovering of the sea state parameters, as it will be briefly outlined in the next 
subsection.

Fig. 7.3 Spectrum estimation of a signal generated from the spectrum of Fig. 7.1a: (a) Welch 
method, (b) Thomson method

7 Measurement of Sea Waves
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7.2.3  Estimation of Sea State Parameters 
from Estimated Spectra

The sea state parameters, namely the significant wave height Hs, the wave peak 
period Tp, and the peak enhancement factor γ, are determined by the nonlinear least 
square method (NLSM), embodied by Rossi et al. [16] and generalized [17] to fit 
double-peak wave spectra, obtained by combined wind sea and swell components. 
In the general, bimodal case, the fitted wave spectrum is assessed by a two-step 
procedure. Firstly, the peak frequencies, corresponding to the swell and wind wave 
components, are preliminarily detected, as they correspond to the relative maxima 
of the smoothed estimated spectrum. Then, the remaining spectral parameters, 
namely the significant wave height and the peak enhancement factor of the two 
components, are obtained by the NLSM, based on the iterative trust-region- reflective 
algorithm and the interior-reflective Newton method [18]. Particularly, it allows 
detecting the unknown parameters by iteratively solving a large set of linear equa-
tions by the method of the preconditioned conjugate gradients.

The application of this method to the spectra presented in the previous subsec-
tion is presented in Tables 7.1 and 7.2.

It can be noted that both methods yield consistent estimations, yet Thomson 
methods prove to be more accurate, especially for the estimation of the peak 
enhancement factor of the swell component.

Fig. 7.4 Spectrum estimation of a signal generated from the spectrum of Fig. 7.1b: (a) Welch 
method, (b) Thomson method

V. Piscopo et al.
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7.3  Sea Wave Monitoring Based on Ship Motion 
Measurement and Analysis

7.3.1  A Brief Theoretical Review

A possible way to reliably monitor the sea waves is based on the measurement and 
analysis of ship motions in a seaway. This topic was widely investigated since 
the  70s when Takekuma and Takahashi [19] developed the first reverse analysis 
technique to detect the wave spectrum parameters based on the analysis of ship 
motions without forward speed. Subsequently, a variety of attempts were performed 
to include the ship speed and, consequently, the Doppler shift, for vessels advancing 
in head and bow seas [20, 21] and more recently in quartering and following seas 
[22]. Based on these pioneering works, in the last two decades, the interest of the 
scientific community on this research topic grew fast, as proved by the variety of 
research activities carried out throughout the world [23–26].

The wave spectrum resembling procedures are generally based on the 
frequency- domain analysis of ship motions, based on the following main assump-
tions [27]: (1) the ship motions are linear with the incident wave amplitude; (2) 
the incoming waves resemble an ergodic random process [28], so as all sea state 
parameters are stationary, in a stochastic sense, in a short time interval; and (3) the 
ship speed and course are kept constant during the ship motion measurements. 
Hence, the wave spectrum is subsequently detected by parametric or nonparamet-
ric modelling techniques. In the first case, the main sea states parameters are 
obtained assuming a priori a certain analytical formulation of the wave spectrum 
in order to subsequently detect the best-fit parameters. In the latter case, instead, 
the spectral shape is not specified a priori, and the wave spectrum is detected by 
the energy equivalence principle, so equating the 0th-order spectral moments of 

Table 7.1 Assessment of sea state parameters through the two spectrum estimation methods 
(JONSWAP)

Parameter Input wave spectrum
Method
Welch Thomson

Hs (m) 4.00 3.99 4.01
Tp (s) 8.00 8.00 7.94
γ 1.00 1.00 1.00

Table 7.2 Assessment of sea state parameters through the two spectrum estimation methods 
(bimodal)

Parameter
Input wave spectrum Welch Thomson
Wind wave Swell Wind wave Swell Wind wave Swell

Hs (m) 4.00 3.00 4.01 2.99 4.01 2.95
Tp (s) 8.00 16.00 8.00 15.65 8.22 16.06
γ 1.00 5.00 1.00 4.00 1.00 4.77

7 Measurement of Sea Waves
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the measured and resembled wave spectra. Only few attempts have been per-
formed to detect the sea state parameters by time-domain techniques mainly based 
on Kalman filtering [29, 30], mainly due to the high numerical effort required to 
detect the unknown sea state parameters. In this case, in fact, the ship motion 
measurements are converted into the wave elevation time history, based on the 
ship response amplitude operators (RAOs) that, in any case, need to be prelimi-
narily assessed in the frequency domain.

As concerns the selection of the ship motions embodied in the wave spectrum 
resembling procedure, different attempts and selections were embodied in the 
past, combining single and multiple motions with different weighting factors, in 
order to apply a robust sea state measuring procedure. Based on the main out-
comes of past research activities, heave and pitch motions seem to be the most 
promising selection to detect the sea state parameters, eventually combined with 
sway [31] or roll [32] motions if the prevailing wave direction is not known a 
priori. In the following, the parametric procedure, recently developed by Piscopo 
et al. [28], is briefly discussed.

7.3.2  Assessment of Sea State Parameters

The sea state assessment procedure outlined in [28] is based on two subsequent 
steps. At the first step of the procedure, the wave peak period and the peak shape 
parameter are determined by an iterative procedure that allows detecting the best-fit 
parameters of the JONSWAP spectrum, as depicted in Fig. 7.5.

Particularly, at the first step the heave Sξ3
 and pitch motion Sξ5

 motion spectra 
are preliminarily assessed in the encounter frequency domain ωe by spectral analy-
sis of ship motions recorded by the onboard measuring equipment. In this respect, 
the heading angle between the vessel route and the prevailing sea waves is obtained 
by independent systems, such as wave radars. Hence, the unknown wave spectrum 
parameters, namely the wave peak period and the peak shape parameter, are itera-
tively varied to maximize the following parameter:

Fig. 7.5 Flow chart of the two-step iterative procedure [28], reprinted by permission

V. Piscopo et al.
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having denoted by ρ the Pearson correlation coefficient and by Hk the complex ship 
motion transfer function for heave (3) and pitch (5) motions. At the second step of 
the procedure, the significant wave height is assessed based on single or combined 
heave and pitch motion:
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having denoted by e the ship kinetic parameter:
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In Eq. (7.12), ∆ (I55) denotes the ship displacement (pitch moment of inertia), A33, ∞ 
(A55, ∞) is the heave (pitch) added mass at infinite frequency and ξ3,s  ( ξ5,s ) is the 
heave (pitch) motion significant velocity, as obtained by the onboard 
measurements.

7.3.3  Assessment of Sea State Parameters

The procedure outlined in Subsect. 7.3.2 allows efficiently measuring the sea state 
parameters of single peaked wave spectra, as proved by the numerical investigation 
reported in the benchmark study performed by Piscopo et al. [28] with reference to 
the well-known S175 containership [33, 34]. Particularly, the heave and pitch 
motion time histories, obtained by time-domain simulations after solving the rele-
vant coupled nonlinear equations, were subsequently embodied as input for the two- 
step procedure. In this respect, Figs.  7.4 and 7.5 report a comparative analysis 
between the input and resembled parameters for a fully developed sea with 3.0 m 
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wave height and 12.0 s peak period, at different vessel speeds corresponding to a 
Froude number (Fn) ranging from 0 up to 0.25. The green area represents the set of 
values with a percentage error, as regards the reference one, less than 5%, while the 
yellow and red areas refer to percentage errors up to and beyond 10%, respectively. 
As it can be gathered from Figs. 7.6 and 7.7, the resembled values of the wave peak 
period and significant wave height almost always lie in the green area, so proving 
the effectiveness of the proposed procedure.

7.4  Sea Wave Monitoring by Coastal HF Radars

Over the last decades, HF (high-frequency) radars (3–50 MHz) have been increas-
ingly used for monitoring the surface current field in coastal areas, with a wide 
spectrum of applications ranging from maritime safety to coastal zone management, 
including operational purposes such as oil spill response and pollution assessment 
[35]. The functioning principles of coastal HF radars are very briefly described in 
chap. 9 of this same volume [36]. As explained in [36], HF radar signals are back-
scattered by the sea surface roughness induced by the presence of gravity waves 
[37]. In presence of Bragg scattering, the backscattered signal yields a Doppler shift 
owing to the underlying currents [38]; these are the strongest signals reflected by the 

Fig. 7.6 Assessment of the wave peak period [28], reprinted by permission

V. Piscopo et al.
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sea surface, the first-order echoes, which provide information on the surface current 
field. Nonlinear wave interactions and double scattering processes [39], on the other 
hand, give rise to second-order echo spectra, the source of information on surface 
waves (see Fig. 7.8) [41–44]. identified a relationship between the HF backscattered 
Doppler spectrum and the ocean wave directional spectrum, thus enabling to derive 
wave height and dominant wave period from HF radar data. Stemming from this 
result, several techniques have been developed to reconstruct the wave directional 
spectrum from HF data (see [45] for a review of early reconstruction methods; [46] 
for a recent summary of inversion techniques).

Thus, HF radars have the potential of measuring the surface wave field by proper 
analysis of the second-order echoes. This peculiarity makes them ideal platforms 
for the study of a wide range of processes in coastal areas, including year-long 
monitoring of coastal basins [46, 47], sea storms [48], or tsunamis [49]. It is worth 
underlining that, differently from other systems that give single-point information 
(e.g., wave buoys, ADCPs), HF radars provide measurements of surface gravity 
waves over larger areas of the basin of interest, thus allowing for a more accurate 
description of the development of the wave field.

Despite such a great potential, wave retrieval from HF radars has received less 
attention compared to surface current measurements [46]. This is mostly due to 
inherent technical limitations. Second-order spectra are much less straightforward 
to handle than first-order ones, as they are typically much weaker and often dis-
turbed, at least partly, by the measurement noise. This occurs, in particular, in the 

Fig. 7.7 Assessment of the significant wave height [28], reprinted by permission
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case of intense surface currents: in this case, the first-order peaks may mask at least 
in part the second-order ones. Moreover, limits to the minimum and maximum 
detectable wave heights exist. The former is due to the low signal-to-noise ratio in 
case of low sea state conditions; the latter is due to the fact that the maximum detect-
able wave height depends on the radar frequency as follows [39, 50–52]:

 
h

k
msat � � �2

0  
(7.13)

where k0 is the radar wavenumber, yielding an underestimation or overestimation of 
wave heights above hsat. It is worth noticing that this upper limit decreases in shal-
low water conditions.

However, even though in the awareness of the above caveats, the use of HF radars 
to estimate surface wave parameters is becoming more and more widespread as this 
kind of instruments has started to be clustered in  local and larger-scale networks 
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Fig. 7.8 Example of a typical low sea state Doppler spectrum measured by a coastal HF radar. 
Dark grey: first-order Bragg peaks, used for surface current estimation (theoretical positions shown 
with dotted lines); medium grey: second-order spectrum used for significant wave height and 
directional spectrum estimation; light grey: additional part of the second-order spectrum used in 
mean period estimation. From [40], reprinted by permission
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[36], even though we are still far from being able to deliver HF radar-derived wave 
data on an operational basis (even though steps are being taken in this direction: see 
[53, 54]). Such measurements have been carried out so far in various coastal areas 
of the world ocean, spanning from California to New Jersey, from northwestern 
Spain to the British and Irish coasts, to Norway, and in the Mediterranean in the 
Malta–Sicily Channel and in the Gulf of Naples [55–64]. On the northern coast of 
Cornwall, UK, a specific HF radar site has been installed expressly to measure 
waves in a test site for offshore renewable energy studies (the Wave Hub, [39]).

Obviously, in order to provide reliable data, measurements must be validated; 
this is always true, but assumes a special importance in the case of remotely sensed 
data. This is routinely carried out for all HF radar installations. In particular, for 
wave observations, this has been done by comparing HF radar data with wave buoy 
measurements, ADCPs and/or with wave model outputs [39, 52, 61, 64].

HF radars can be roughly divided into two categories: direction-finding and 
beam-forming (or phased array, for a recent assessment of the performance of both 
kinds of systems see [65]). In order to exemplify the potential of a coastal HF radar 
for measuring waves, we will look at results obtained with systems belonging to the 
first group, and in particular with SeaSonde ones, manufactured by CODAR Ocean 
Sensors (where CODAR originally stands for Coastal Ocean Dynamics Applications 
Radar [66]), which are compact radars that compare phases and amplitudes of back-
transmitted signals using direction-finding inversion algorithms. In such systems, as 
explained, e.g., by [52], wave spectra are derived from HF radar data fitting them to 
a locally optimized Pierson–Moskowitz spectrum (see above, Sect. 7.1.2). This 
allows to indirectly derive directional and nondirectional wave parameters such as 
significant wave height, centroid period, and direction. In SeaSonde radars, these 
parameters are averaged along evenly distributed annuli (range cells, RCs) centred 
on the antenna. RCs spacing depends on the operating frequency of the radars, rang-
ing from 5 km for long-range systems (5 MHz) [52] to 1 km for short-range ones 
(25  MHz) [46]. This feature allows the reconstruction of the wave field along a 
radial transect, permitting the evaluation of the coast-offshore changes in the param-
eters. In the following, the characterization of the wave field in two different envi-
ronments is illustrated, with the aim of highlighting the potentialities of these 
systems and their possibilities of improvement.

The Gulf of Naples (Tyrrhenian Sea) is site to the oldest, presently running 
European HF radar network, managed by the Department of Science and Technology 
of the Parthenope University [67]. Over the years, this system has been exploited to 
reconstruct seasonal circulation patterns and transport dynamics [68–71]. In recent 
times, its potential use in wave retrieval has been investigated as well [40, 46, 53, 
64]. The HF radar-derived measurements have been compared with historical data 
from the Gulf of Naples [46] and with model results [64], returning good consis-
tency among the different platforms. Annual [46, 53] and interannual [47] investiga-
tions allowed the identification of specific seasonal patterns, linking the wave field 
characteristics to the prevailing meteorological forcing acting over the area, as well 
as illustrating specific directional prevalence in different subsectors of the basin. 
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This can be seen in Fig.  7.9, where seasonal rose diagrams of significant wave 
height for the whole year 2010 are shown along with in situ wave buoy measure-
ments collected off the Island of Capri. The radar system was composed of three 
short-range 25  MHz transceiving stations, whose measurements showed a site- 
dependent pattern: provenance recorded at RC 5 (5 km from the station) was fairly 
constant for each site (including the wave buoy location) but different from one site 
to another, thus underlining the ability of the HF radar observations to resolve the 
spatial variability of the wave field over even such a small basin.

Another example of utilization of wave data from HF radars in the framework of 
a synoptic multiplatform wave regime observation network is shown in Fig. 7.10. 
The map displays wave and wind observations gathered along the Galician coast 
(NW Spain) over approximately 16  months (January 2014–April 2015). Waves 
were measured at RC 2 (10 km from the stations) by two long-range HF systems 
transmitting at 5 MHz approximately (SILL and VILA on the map), two wave buoys 
(SB and VB on the map), estimated in three points with a model (SO2, S20 and S24 
on the map), while wind data were collected by two weather stations (CW on land, 
VBW on the VB buoy). Also in this case, the results returned robust validations and 
the HF radar-derived measurements improved the knowledge of the wave field 
dynamics in a particularly energetic area of the coastal eastern Atlantic Ocean.

Fig. 7.9 Seasonal rose diagrams of significant wave heights for the year 2010 measured in the 
Gulf of Naples by three HF radar stations (Portici, Castellamare, and Sorrento, from north to 
south) and by a wave buoy off the island of Capri (farthest south): (a) winter, (b) spring, (c) sum-
mer, (d) autumn. From [46], redrawn by permission

V. Piscopo et al.
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7.5  Future Developments

The applied advanced sea spectrum reconstruction methods seem to be promising 
for future developments, mainly related to: (1) reduce the time duration of the wave 
history, without penalizing the effectiveness of the sea spectrum reconstruction 
method, and (2) extend the above-mentioned techniques to the sea spectrum recon-
struction methods, based on onboard ship motion measurement and analysis. 
Finally, the positive results gathered over the last years have demonstrated that HF 
radars can realistically retrieve surface wave parameters in different environments. 
As discussed in [46], the functioning and performance of these systems need some 
future improvement and refinement, such as standardization of QA/QC protocols, 
and optimization of inversion methods and of wave retrieval algorithms. Nonetheless, 
HF radars can potentially qualify as effective operational tools [72], supporting and 
integrating already existing observation networks.

Fig. 7.10 Rose diagrams of significant wave heights for the period January 2014–April 2015 
measured off the northwestern coast of Galicia by two HF radar stations (VILA  =  Vilàn and 
SILL = Silleiro), two wave buoys (VB and SB), estimated in three sites by a numerical model (S24, 
S20 and S02), along with wind roses measured by two weather stations (CW on land, VBW on the 
VB buoy). From [52], reprinted by permission
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